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Abstract. A defect database is a structured collection of information about software bugs, errors, and their resolutions
throughout the development lifecycle. These databases have valuable information for improving software quality, but
their growing volume and complexity make manual analysis inefficient and error-prone. This paper presents an empirical
study using real-world data investigating the feasibility of Retrieval-Augmented Generation (RAG) to support interactive
exploration of software defect repositories. The study is structured with reference to selected phases of the CRISP-DM
framework, which was used as an organizational guideline. Using a real-world software defect database as the empirical
basis, the approach automates insight extraction from defect repositories, aiming to improve decision-making in quality
assurance and software development by enabling scalable and intelligent exploration of software failures.
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1 Introduction
Software testing consists of a systematic process to verify that
a program operates according to specifications and doesn’t
exhibit unintended behaviors, as defined by Badgett et al.
[2012]. The practice also encompasses the identification of
bugs, errors, or missing requirements in the developed system
or software, according to Jamil et al. [2016].

The testing phase crucially involves generating and log-
ging bug reports. As defined by Al-Batlaa et al. [2019], a bug
report is "a software document that describes software bugs,
which is submitted by a developer, a tester, or an end-user".
These reports document the failures encountered during test-
ing and provide information about identified issues, allowing
development teams to understand software deficiencies and
apply fixes. Moreover, the history of recorded defects repre-
sents a valuable source of knowledge for system evolution,
enabling retrospective analyses of the most problematic ar-
eas and supporting strategic decisions for future software
versions.

The application of data mining techniques in software
testing has gained significant attention due to its potential
to automate the induction of functional requirements from
execution data, recover incomplete specifications, and design
efficient regression tests. Last et al. [2003] highlight that by
leveraging algorithms, data mining enables the creation of
models capable of distinguishing between correct and faulty
software versions, thus reducing reliance on manual testing
and improving overall testing efficiency.

To efficiently manage software development and main-
tenance, project management systems such as Jira and sim-
ilar tools are widely used, as highlighted by Milojević et al.
[2023]. These systems facilitate structured storage of infor-
mation, including detailed descriptions of functionalities, a

change history, and defect reports. Based on these records,
it is possible to build databases composed exclusively of re-
ported bugs, which can be explored to identify patterns and
trends in the development process. However, manually an-
alyzing defect databases can be time-consuming and prone
to inconsistencies, as it relies on human effort to categorize,
filter, and interpret large volumes of defect reports.

In this context, the application of knowledge extraction
techniques is of great importance. The relevance of using
these techniques lies in their ability to enable non-trivial dis-
coveries and the creation of hypotheses that, before the sta-
tistical approach, could not be made. Knowledge reduction
therefore becomes a tool to support decision-making, as noted
by Sousa et al. [2022]. It enables the identification of patterns,
trends, and hidden relationships within large datasets, sup-
porting informed decision-making across various domains. In
this context, structured knowledge extraction processes play
an important role in supporting systematic analysis. Among
them, the Cross Industry Standard Process for Data Mining
(CRISP-DM) is widely recognized as a cyclical framework
that organizes data mining activities into six phases, guiding
projects from business understanding to deployment PÁDUA
and SOUSA [2018]. In this study, CRISP-DM is used only as
a high-level organizational reference to structure data-related
activities, rather than as a fully implemented methodological
contribution.

Additionally, the recent popularization of Large Lan-
guage Models (LLMs) and Artificial Intelligence (AI)
paradigms such as Retrieval-Augmented Generation (RAG)
has transformed the landscape of data analysis and knowledge
extraction. LLMs, with their ability to understand and gener-
ate natural language, enable a more intuitive and interactive
exploration of complex datasets. In this context, Retrieval-
Augmented Generation (RAG) has emerged as one of the most
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popular paradigms enabling LLMs to access external data. It
serves as a grounding mechanism to mitigate the phenomenon
of hallucinations, as pointed out by Lewis et al. [2020].

In this context, this article presents an empirical study
investigating the viability of Retrieval-Augmented Genera-
tion (RAG) to support interactive exploration of software
defect repositories. Rather than proposing a new data mining
methodology, the study evaluates how a RAG-based solution
can be implemented and assessed in a real-world industrial
setting.

To guide this investigation, and aiming to assess the ap-
proach, we formulated the following research question (RQ):
Is Retrieval-Augmented Generation a viable approach to sup-
port interactive exploration of software defect data in a real-
world industrial dataset? Exploring this question enables a
deeper understanding of how AI techniques, such as LLMs,
can enhance defect mining processes by providing context-
aware insights. It also highlights the potential of integrating
LLMs with well-structured knowledge extraction frameworks.

The remainder of this paper is organized as follows: Sec-
tion 3 discusses the related work; Section 4 presents the RAG-
based solution structured according to selected CRISP-DM
phases; Section 5 describes the results from the empirical
study; Section 6 outlines the limitations and threats to valid-
ity; and finally, Section 7 concludes the paper and discusses
future work.

2 Background
The Cross-Industry Standard Process for Data Mining (CRISP-
DM) is a widely used methodology that provides a systematic
and iterative framework for structuring data mining projects.
In this study, selected CRISP-DM phases were used as an
organizational reference to guide the data-related activities
supporting the RAG-based solution. CRISP-DM was consid-
ered suitable due to its iterative structure, which aligns with
the exploratory nature of configuring retrieval strategies and
refining prompt interactions. However, the framework was
not fully implemented in its entirety, as the primary objective
of this work is to assess the viability of RAG for defect data
exploration rather than to execute a complete data mining
lifecycle. While other knowledge extraction techniques, such
as KDD (Knowledge Discovery in Databases), a structured
process for discovering meaningful patterns and insights from
large datasets, focus primarily on sequential extraction of pat-
terns from data, CRISP-DM emphasizes a cyclical approach.
This iterative structure is particularly advantageous in our con-
text, where insights derived from RAG often require frequent
refinement of both the retrieval process and query strategies.

The CRISP-DM process consists of six key phases: (1)
Business Understanding, which aligns project objectives
with strategic goals; (2) Data Understanding, involving
data collection, exploration, and quality assurance; (3) Data
Preparation, where data is cleaned, transformed, and struc-
tured for usability; (4) Modeling, which applies techniques
to extract meaningful patterns (In this study, the Modeling
phase served as a conceptual reference for implementing the
Retrieval-Augmented Generation pipeline, rather than apply-
ing traditional statistical or machine learning techniques); (5)
Evaluation, assessing model performance and reliability; and

(6) Deployment, integrating the solution into real-world appli-
cations for decision-making. CRISP-DM is highly adaptable
and iterative, allowing continuous refinement as new data
becomes available or project requirements evolve.

Retrieval-Augmented Generation (RAG) enhances the
capabilities of Large Language Models (LLMs) by incorpo-
rating an external knowledge retrieval mechanism. Unlike
traditional models that rely solely on pre-trained knowledge,
RAG dynamically retrieves relevant documents or data chunks
before generating responses. This two-stage process involves
Retrieval, where the system searches a structured database
or repository for contextually accurate information, and Gen-
eration, where the LLM combines its pre-trained knowledge
with the retrieved data to produce precise and context-aware
responses. This approach improves accuracy, reduces halluci-
nations, and ensures that responses are grounded in up-to-date
information.

3 Related Works
In the literature, there are other studies on defect analysis or
related information aimed at supporting software develop-
ment. The recent related work discussed in this section was
selected based on whether they utilize tools and methodolo-
gies analogous to those presented in this article.

Sousa et al. [2022] used the Knowledge Discovery in
Databases (KDD) methodology to mine defects, in order to
identify problematic areas of the system based on the insights
obtained. The mining process was conducted using values
such as Epics and system versions that exhibited a higher
number of bugs. In contrast, our work focuses on evaluating
a RAG-based approach for interactive exploration of defect
repositories. While CRISP-DM was used as a partial organi-
zational reference to structure data-related activities, the main
contribution of this study lies in assessing the feasibility of
integrating LLM-based retrieval mechanisms into real-world
defect analysis workflows.

Getachew et al. [2024] used CRISP-DM to develop a
defect detection model for steel rebar. The study specifically
focused on overcoming the challenges associated with the
time and cost of manual physical inspection in the steel indus-
try. While their work applies the full lifecycle of CRISP-DM
to a predictive modeling problem, our study uses selected
CRISP-DM phases only as structural guidance. Our focus is
not on predictive modeling, but on evaluating how Retrieval-
Augmented Generation can support insight retrieval and in-
teractive analysis of software defect repositories.

Edström [2024] aimed to use RAG for a data extraction
pipeline specified for second-life batteries. By predefining
the prompts, the user may only provide the documents that are
wished to be analyzed; this is to ensure that the answers are in
the correct format for further data processing. In comparison,
our work applies RAG within a process structured according
to selected CRISP-DM phases, specifically tailored to support
interactive defect analysis in software systems.

Compared to these related works, this study con-
tributes by empirically evaluating the viability of Retrieval-
Augmented Generation for interactive exploration of industrial
software defect repositories. While CRISP-DM was used as
a partial structuring reference, the primary contribution lies
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in demonstrating how LLM-based retrieval can automate and
accelerate the extraction of meaningful insights from defect
data.

4 METHODOLOGY
For this research, we used a defect database from the X soft-
ware1, obtained through JIRA. The reports that generated the
defect database were created by the developers and QAs who
worked on the project. The data were collected using JIRA’s
search tool with the query: “project = BR AND issuetype in
(Bug, ‘Dev Bug’) ORDER BY created DESC".

The query used on JIRA’s search tool retrieved all in-
cidents associated with the project, ensuring comprehensive
coverage of reported defects. The extracted data was then ex-
ported in CSV (Comma-Separated Values) format, resulting
in a dataset containing 1,047 defect reports recorded between
2018 and 2021.

To preserve confidentiality and prevent disclosure of sen-
sitive industrial information, a fictitious defect dataset was
constructed based on the structural and semantic characteris-
tics of the original industrial dataset. The fictitious version
preserves the statistical distribution and structure necessary
for evaluation, while anonymizing identifiers and modifying
potentially sensitive content.

The analyzed system, referred to in this study as Hos-
pitalCare, represents a hospital infrastructure management
and clinical monitoring platform. The domain of the sys-
tem involves critical infrastructure management and medical
telemetry.

The dataset contains 1,047 defect records stored in CSV
format, organized into eleven primary attributes: Issue Type,
Key, Summary, Status, Created, Linked Issues, Development
metadata, Epic Link, Reporter, Epic Name, and Sprint. The
Summary field varies between approximately 30 and 200
characters and typically follows a structured technical pattern
combining system identifier and concise error description.

Representative defect examples include failures in drop-
down rendering, unknown error messages during group cre-
ation, and status problems with WardTerminal. The dataset
provides sufficient semantic variability and structured meta-
data to support evaluation of retrieval performance.

To extract valuable insights from the raw dataset, we
structured our activities according to selected phases of the
CRISP-DM framework. Its iterative perspective supported
incremental refinements in data preparation and retrieval con-
figuration.

The cleaned dataset was then integrated into the RAG
pipeline. This approach was chosen because RAG can com-
bine the data retrieved with the inference power of the LLM.
In that sense, the system not only recovers defect records, but
also infers patterns and potential risk areas in the software.

4.1 Process Overview Based on Selected
CRISP-DM Phases

This section presents the integrated process in which CRISP-
DM is adopted as a structured methodological reference to
organize and guide the development of the RAG pipeline.

1The actual name and characteristics of the software were omitted due
to confidentiality agreements.

Figure 1 illustrates the proposed RAG pipeline structured ac-
cording to the CRISP-DM methodology. The diagram makes
explicit which CRISP-DM phases were partially implemented
in this study (highlighted in yellow) and which components
are specifically related to the RAG pipeline (highlighted in
red). The yellow elements represent the adapted and par-
tially executed CRISP-DM phases that provide the structural
foundation of the research, while the red elements denote the
stages exclusively associated with the design and operation
of the RAG-based modeling approach.

1. Business Understanding: As shown in Figure 1, the
first phase of our process involved defining the target
audience as project developers and testers. The objective
of the project is to ensure an easy and quick way to
associate software bugs with possible problem areas.

2. Data Understanding: Understanding the data types,
structures, and meanings is a crucial step in the CRISP-
DM methodology (Figure 1: Phase 2). In this case, we
are dealing with a CSV file containing a software defect
database from System X. The CSV columns represent
categories of data associated with each report, such as
Issue Type, Linked Issues, Reporter, etc.

3. Data Preparation: As depicted in Figure 1: Phase 3,
the data preparation phase involved cleaning the dataset
by removing duplicates, filling missing values, and as-
signing specific IDs to each CSV row. These steps were
necessary because tokenization and ID assignment are
essential for populating the vector database. The vector
database stores document embeddings in which each vec-
tor is mapped to the textual bug description from its cor-
responding CSV row. All other columns are converted
into structured metadata associated with their respective
embeddings.

4. Modeling: In this phase, illustrated in Figure 1: Phase
4, the query is first processed by the embedding model,
which converts it into a vector representation. This vec-
tor is then used to perform a semantic search in the vector
database, retrieving the most relevant stored embeddings.
The retrieved context is then provided to the LLM, which
generates the final response based on both the query and
the retrieved information. The LLM selected was Mis-
tral 7B, as it represented the best open-source option in
terms of cost-benefit available through Ollama. Mod-
els requiring more than 4 GB of RAM were difficult to
test due to the computational limitations of the available
hardware. Similarly, the embedding model BAAI-large
HF, obtained cost-free via Hugging Face, was chosen
for comparable reasons, offering a practical balance be-
tween performance and resource efficiency within these
constraints.

5. Evaluation: To assess the quality and accuracy of re-
sponses, we followed the evaluation process as out-
lined in Figure 1: Phase 5, which is part of the CRISP-
DM methodology. We used evaluation metrics from
sklearn.metrics:

(a) Mean Reciprocal Rank (MRR): Measures how
early the first relevant document appears in the rank-
ing. It is computed as the reciprocal of the rank
position of the first relevant document. Higher val-

https://scikit-learn.org/stable/api/sklearn.metrics.html
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Figure 1. Adaptation of the CRISP-DM Process Model for RAG-Based Data Mining Workflow

ues indicate that relevant information is retrieved
at top positions.

(b) Normalized Discounted Cumulative Gain
(NDCG): Evaluates the overall ranking quality
by considering both the position and graded
relevance of retrieved documents. It assigns higher
importance to relevant documents appearing
earlier in the ranking and normalizes the score to
the interval [0,1].

(c) Hit@1: Verifies whether the top-ranked document
is relevant. This metric directly reflects the sys-
tem’s ability to place the correct document in the
first position.

(d) Average Precision (AP): Summarizes the preci-
sion values across all ranking positions where rele-
vant documents are retrieved. It provides a single
score that reflects both ranking order and retrieval
consistency.

(e) Precision@K: Measures the proportion of relevant
documents among the top-K retrieved results. It
focuses on the immediate usefulness of the highest-

ranked documents presented to the user.

6. Deployment: At this stage, the model is prepared for de-
ployment, enabling its adaptation to different knowledge
bases. The system is designed to be flexible, allowing
organizations to customize the retrieval and inference
process for any domain, extracting valuable insights from
their data sources.

5 RESULTS AND DISCUSSION
This section presents the evaluation results of the proposed
RAG-based solution applied to a fictitious defect database.
The assessment combined objective retrieval metrics with
structured human validation to provide a comprehensive anal-
ysis of system performance.

5.1 Evaluation Protocol
Four analysts were granted full access to the fictitious defect
dataset and instructed to explore its contents. Based exclu-
sively on the available data, each analyst formulated three
domain-related questions reflecting realistic defect investiga-
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tion scenarios, including factual retrieval, metadata inspection,
linked-issue analysis, and inferential reasoning.

All questions were submitted to the RAG pipeline. For
each query, the system retrieved relevant documents and gen-
erated a response using the LLM. To reduce bias, a cross-
evaluation protocol was adopted: the pair (question + LLM-
generated answer) from Analyst 1 was evaluated by Analyst 2;
Analyst 2’s output was evaluated by Analyst 3; and so forth,
forming a sequential validation cycle among the four analysts.

Each evaluator revisited the dataset and assessed the
LLM response using a 1–5 Likert scale considering: (i) factual
correctness, (ii) grounding in the dataset, (iii) coherence, and
(iv) completeness.

In parallel, objective ranking-based metrics were com-
puted to assess the retrieval component:

• Mean Reciprocal Rank (MRR) – evaluates how early
the first relevant document appears in the ranking.

• Normalized Discounted Cumulative Gain (NDCG)
– measures ranking quality considering position and
graded relevance.

• Hit@1 – verifies whether the top-ranked document is
relevant.

• Average Precision (AP) – summarizes ranking precision
across relevant positions.

• Precision@K – proportion of relevant documents within
the top-K results.

This evaluation corresponds to Phase 5 (Evaluation) of
the CRISP-DM process adopted in this study. The result-
ing multi-layer evaluation framework enables assessment of
retrieval performance, semantic adequacy, and practical ap-
plicability.

5.2 Quantitative Results
Table 1 presents the retrieval performance per query and ana-
lyst.

The analysis of the results demonstrates that the effec-
tiveness of the RAG pipeline is directly linked to the nature
of the query. The system achieved superior performance in
structured queries involving explicit metadata (e.g., HMS-
E20Q3R and HMS-EMEVCK), reaching maximum scores
in MRR and Hit@1. These cases were validated with high
coherence (Likert 4 and 5) by the analysts. This confirms that
specific terms in the Summary field facilitate vectorization
and precise retrieval at the first position.

Even when the initial ranking was not perfect, as in the
case of HMS-NTW1Z7 (MRR: 0.5), retrieval within the Top
5 provided sufficient context for the LLM to generate satisfac-
tory responses, receiving a coherence score of 4. However,
the study revealed limitations in inferential queries or complex
relations (e.g., "linked issues"), where retrieval metrics were
null and coherence was low (Likert 1). In these scenarios,
embedding models tend to prioritize generic keywords over
deep semantic connections.

Finally, the "synthesis power" of the LLM (Mistral 7B)
was noted in mitigating retrieval failures. In complex queries
such as HMS-AJEG4X, despite the reduced MRR (0.0588),
the model’s inference capability ensured acceptable coherence
(Likert 3). The data supports that RAG is a viable approach

for exploring defect repositories, especially via metadata, al-
though it requires future improvements such as Re-ranking to
strengthen robustness in relational queries.

The results that presented null values (0.0) in metrics
such as MRR, NDCG, and Hit@1 reveal the critical bound-
aries of the semantic retrieval layer in the context of industrial
data. Cases such as issue HMS-ZTDJ6G, which sought to
identify "linked issues," and HMS-MW4SDM, focused on
sprint associations, completely failed in the initial ranking
process. This lack of retrieval occurs because the embedding
model (BAAI-large HF) prioritizes the lexical similarity of
generic terms present in the Summary over the structural re-
lationships contained in complex metadata. Consequently,
the analyst assigned a score of 1 on the Likert scale for these
interactions, highlighting that, without a strong retrieval sig-
nal, the LLM lacks an external knowledge base to ground a
coherent response.

5.3 Qualitative Cross-Analyst Assessment

The Likert-based cross-evaluation revealed high perceived
correctness in responses to structured queries, especially those
involving metadata filtering or direct attribute retrieval. For
inferential or causality-driven questions, evaluations remained
satisfactory but displayed greater dispersion, indicating that
semantic inference introduces additional uncertainty. Impor-
tantly, the cross-review protocol reduced self-assessment bias
and ensured that each response was independently validated
by a different analyst familiar with the dataset.

Taken together, the quantitative and qualitative findings
suggest that the proposed RAG architecture effectively in-
tegrates structured retrieval and generative synthesis, sup-
porting interactive exploration of defect repositories. While
the previous analysis focused on controlled experimental val-
idation, an additional practitioner-oriented evaluation was
conducted to assess real-world applicability.

In addition to the direct coherence evaluations, the re-
search form collected subjective perceptions regarding the
model’s performance and system efficiency. Participants high-
lighted that, although the LLM faced specific difficulties in
identifying data that merged date and time within the CSV,
performance in other tasks was considered satisfactory and
fulfilled the objectives of interactive exploration. On a scale of
1 to 5, the analysts’ willingness to adopt this technology to fa-
cilitate future analyses was significant, with 75% of responses
concentrated at levels 4 and 5, reinforcing the perception of
the tool’s practical utility in the quality assurance workflow.

Regarding response time, perceptions varied signifi-
cantly, with reports ranging from 3 seconds to 100 seconds
per question.

This temporal variation not only indicate the processing
latency of the RAG system but but also stems from multiple
factors, such as the professional’s level of technical expertise,
the inherent complexity of inferential questions, and eventual
structural inconsistencies in the original CSV, which may
have hindered the immediate location of data points during
the human validation phase.
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Query RAG Metrics Analyst Coherence

What is the summary of issue
HMS-NTW1Z7?

MRR: 0.5
NDCG: 0.6309
Hit@1: 0.0
AP: 0.5
Precision@K: 0.05

1 4

Which issue is associated (linked issues)
with issue HMS-ZTDJ6G?

MRR: 0.0
NDCG: 0.0
Hit@1: 0.0
AP: 0.0
Precision@K: 0.0

1 1

Which issue is epically linked to issue
HMS-SM2XAR?

MRR: 0.0
NDCG: 0.0
Hit@1: 0.0
AP: 0.0
Precision@K: 0.0

1 1

Question 1 - What is the Summary of issue
HMS-I3BFBD?

MRR: 0.125
NDCG: 0.3155
Hit@1: 0.0
AP: 0.125
Precision@K: 0.05

2 5

Question 2 - Which sprint is associated
with key HMS-MW4SDM?

MRR: 0.0
NDCG: 0.0
Hit@1: 0.0
AP: 0.0
Precision@K: 0.0

2 4

Question 3 - Who is the Reporter of Key
HMS-E20Q3R?

MRR: 1.0
NDCG: 1.0
Hit@1: 1.0
AP: 1.0
Precision@K: 0.05

2 4

What is the summary of issue
HMS-45GA1R?

MRR: 0.1667
NDCG: 0.3562
Hit@1: 0.0
AP: 0.1667
Precision@K: 0.05

3 5

Who is the reporter of issue
HMS-EMEVCK?

MRR: 1.0
NDCG: 1.0
Hit@1: 1.0
AP: 1.0
Precision@K: 0.05

3 5

What is the creation time of issue
HMS-GUSWO8?

MRR: 0.3333
NDCG: 0.5
Hit@1: 0.0
AP: 0.3333
Precision@K: 0.05

3 1

Why does issue HMS-AJEG4X signal two
incidents and why is it invalid?

MRR: 0.0588
NDCG: 0.2398
Hit@1: 0.0
AP: 0.0588
Precision@K: 0.05

4 3

Why is issue HMS-L6VPKY blocked?

MRR: 0.0
NDCG: 0.0
Hit@1: 0.0
AP: 0.0
Precision@K: 0.0

4 4

What should be rediscussed in issue
HMS-ZS5BNF?

MRR: 1.0
NDCG: 1.0
Hit@1: 1.0
AP: 1.0
Precision@K: 0.05

4 5

Table 1. RAG Retrieval Performance and Analyst Likert Scale Evaluation
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6 LIMITATIONS AND THREATS TO
VALIDITY

Although the proposed approach demonstrated promising
results, several limitations must be acknowledged.

First, the study relied on open-source models for both
embeddings and response generation. While this choice pro-
motes transparency, reproducibility, and experimental con-
trol, such models may present constraints when compared to
larger proprietary state-of-the-art alternatives, particularly in
terms of semantic depth and contextual representation. Con-
sequently, the observed performance should be interpreted
within the capacity bounds of the selected model architecture.

Second, the experimental environment was subject to
computational constraints that limited the use of larger-scale
models. The available hardware restricted the execution of
models requiring substantial memory resources, which in-
fluenced the selection of efficient open-source alternatives.
Although the available hardware was adequate for this study,
different configurations could potentially yield improved per-
formance outcomes.

Third, the empirical validation was conducted using a
single defect dataset (System X), covering records from 2018
to 2021. While the dataset reflects a real industrial context, the
results may not generalize to repositories with substantially
different structures, volumes, or documentation standards.
Further replication across heterogeneous defect databases
would be necessary to strengthen external validity.

Overall, these limitations do not invalidate the findings
but delineate the scope within which the results should be
interpreted.

7 FINAL REMARKS
This study aimed to address the research question: “Is
Retrieval-Augmented Generation a viable approach to
support interactive exploration of software defect data in
a real-world industrial dataset?”

The findings indicate that Retrieval-Augmented Genera-
tion (RAG) constitutes a viable approach for this purpose. By
combining structured retrieval mechanisms with generative
reasoning, the proposed architecture enables interactive and
context-aware exploration of defect records. The evaluation
demonstrated that the retrieval layer performs consistently
well for structured and metadata-driven queries, while the
generative component supports the interpretation of semanti-
cally complex or relational questions.

The integration of objective ranking metrics with cross-
analyst qualitative assessment provided complementary evi-
dence of both technical effectiveness and perceived practical
usefulness. Although performance varied depending on query
complexity, the overall results suggest that RAG-based sys-
tems can assist practitioners in navigating and interpreting
defect repositories more efficiently than manual search pro-
cesses alone.

Rather than replacing expert judgment, the approach
functions as a decision-support mechanism that enhances ex-
ploratory analysis and facilitates knowledge extraction from
historical defect data. The empirical validation on an in-
dustrial dataset reinforces the practical relevance of the pro-
posed method, while the identified limitations define the scope

within which the results should be interpreted.
For future research, the methodology may be extended

to heterogeneous defect repositories and larger-scale datasets
to assess scalability and generalizability. Additional user-
centered evaluations involving broader practitioner samples
could further validate real-world applicability. Moreover, ex-
perimenting with more advanced language models and adap-
tive retrieval strategies may improve contextual reasoning and
robustness, particularly for complex inferential queries. In
particular, graph-based approaches such as Graph Embed-
dings and GraphRAG could be investigated to better capture
the structural relationships between defect records, addressing
the limited retrieval performance observed for linked-issue
queries.

Overall, this work contributes empirical evidence sup-
porting the feasibility of RAG-based architectures as interac-
tive tools for software defect exploration in industrial contexts.
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