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Abstract

As software systems grow in size and complexity, ensuring their
dependability becomes a challenging task. Dependability attributes
such as reliability, security, integrity, and maintainability are es-
sential to software projects. However, developers of closed source
projects often struggle to address dependability-related issues ef-
ficiently. Large Language Models (LLMs) have shown promise in
automating tasks like code generation, but their effectiveness in au-
tomatically detecting and addressing dependability issues in closed-
source project settings remains uncertain. It is also unclear how
developers perceive these fixes. In this paper, we introduce a multi-
agent LLM pipeline that automatically identifies and fixes a wide
range of dependability issues. The pipeline is composed of four
distinct stages, each handled by an agent responsible for detection,
validation, fixing, and judgment. To evaluate the approach, we con-
ducted a study with eight experienced developers who reviewed a
quite diverse set of fixes generated for three closed-source indus-
trial Python systems currently in production. The results show a
strong agreement on the relevance of the detected issues, with an
average rating of 4.47 out of 5, and general satisfaction with the pro-
posed fixes, which received an average score of 4.35. A qualitative
analysis of developer feedback revealed that the pipeline is effective
in addressing problems in all dependability attributes. We observed
differences in developers’ evaluations of issue relevance and the
criteria for approval during a code review, reflecting the inherently
subjective nature of dependability assessment in industrial settings.
These results suggest our pipeline shows valuable potential in auto-
matically identifying and repairing dependability issues while: (1)
reinforcing that developer involvement remains essential to resolve
subjective disagreements, and (2) demonstrating that our pipeline
can supplement recent LLM-based work on dependability problem
detection and resolution, which is currently limited to open-source
projects and a narrow set of problem types.
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1 Introduction

Many closed source software projects need to be dependable. Soft-
ware dependability is a non-functional requirement defined as the
ability to deliver service that can justifiably be trusted [2]. Soft-
ware dependability is a non-functional requirement that encom-
passes various attributes like reliability, security, integrity, and
maintainability [2, 11]. Addressing these attributes is a critical
part [21, 24, 26, 28] of closed source software projects, but detecting
and resolving dependability problems based on natural-language
issue reports by developers are challenging [19]. The increasing
complexity of these projects makes the manual detection and reso-
lution of a wide range of dependability issues a resource-intensive
activity [8]. Due to this complexity, recent work has observed that
developers tend to neglect some of these attributes, such as integrity
and reliability [5, 18, 19], when maintaining their software systems.

The advent of Large Language Models (LLMs) has shown signif-
icant promise in automating various development tasks, from ques-
tion answering and code synthesis to automated repair [4, 12, 24].
This has led to the exploration of advanced techniques, such as
LLM-as-a-Judge where models assess the quality and correctness
of generated code, moving beyond traditional metrics that often
fail to capture semantic correctness [22]. However, they are not fo-
cused on addressing various dependability-related issues in closed
source projects. In fact, recent research on LLMs focuses on de-
tecting and resolving specific dependability-related faults, such as
maintainability’s code smells (e.g., [26]) and security vulnerabilities
(e.g., [28, 30, 32]), strictly based on resource-intensive source code
analyses and restricted to open source projects only.

These existing works do not assess how LLMs can depart from
real dependability problems reported upfront as natural-language
issue descriptions by closed-source project developers. Despite ad-
vancements, much of the existing work on dependability [7, 31]
does not fully represent the multifaceted nature of dependability
in complex, industrial software systems. Consequently, there is a
limited understanding of how effective these automated approaches



SBES 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

are in detecting and fixing genuine dependability issues in issue-
driven, real-world contexts and, just as importantly, how developers
perceive and value their outputs. Without human-centered evalua-
tion, it is difficult to assess whether such tools can be meaningfully
integrated into existing development workflows.

In this paper, we aim to fill this gap by proposing and evaluating
a multi-agent LLM pipeline designed to automatically detect and
fix software dependability issues. Our approach employs a pipeline
composed of four sequential stages: Issue Detector, Issue Validator,
Code Fixer, and Code Judger. This pipeline analyzes files in closed
source software repositories to identify problems and generate ac-
tionable fixes. To assess its practical relevance, we conducted a study
involving eight experienced developers from private development
settings in Brazil. These developers evaluated a range of selected
solutions generated by our pipeline for three closed-source, Python
systems currently in production with stringent dependability needs.

Our qualitative analysis reveals that the pipeline is capable of
detecting issues across all dependability dimensions based on issue
reports by developers. However, it performs particularly strongly in
integrity, reliability, and maintainability, the three most frequently
detected dimensions. Some examples of detection include missing
serializer-level validation, improper error handling, unlocalized ex-
ception messages, design-level vulnerabilities and domain-specific
smells. In particular, an intriguing finding was that security and
confidentiality concerns, such as exposed tokens and personally
identifiable information leaks, were also identified, though less fre-
quently, it may reflect the inherent difficulty of detecting context-
dependent vulnerabilities through code-level static analysis alone.

The quantitative results indicate a positive perception among
developers, who acknowledged both the relevance of the identified
issues (mean Likert score of 4.47 out of 5) and the effectiveness
of the proposed fixes (mean Likert score of 4.35 out of 5) in the
analyzed closed source projects. The patch approval dimension also
received favorable ratings (4.16), indicating that most fixes were
considered acceptable for merging through standard code review
practices. Regarding developer feedback, positive assessments were
associated with categories such as fix effectiveness and reliability, as
well as bug recognition and relevance, indicating a strong alignment
between the pipeline’s outputs and established development prac-
tices. When disagreements occurred, they typically stemmed from
differing assessments of issue severity, contextual misalignment
between the proposed fix and system-specific design decisions, or
uncertainty about the necessity of certain validation checks — pat-
terns captured under the Incomplete or misaligned fixes, low severity
issue, and uncertain parameter validation categories.

These findings reinforce that, while the pipeline demonstrates
strong potential for automatically identifying and repairing de-
pendability issues, human oversight remains essential to resolve
subjective disagreements and ensure that automated recommenda-
tions align with the architectural and operational context of each
system. In summary, the main contributions of this paper are:

(i) the design and implementation of a novel, multi-agent pipeline
that leverages multiple LLMs to automatically detect and re-
solve software dependability issues in closed source projects;

(if) a comprehensive, human-centered evaluation of the pipeline’s

effectiveness and relevance, conducted with professional de-
velopers on three real-world industrial systems;
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(iii) a mixed-method analysis of developer perceptions, combin-
ing quantitative ratings and qualitative feedback to identify
the factors influencing the acceptance of automatically gen-
erated fixes;

(iv) a characterization of the dependability dimensions that the

pipeline most effectively addresses, offering insights into the

current strengths and limitations of such a solution; and,

a set of empirical findings suggesting that our pipeline can

complement recently proposed LLM-based approaches [7,

26, 28, 30-32], strictly assessed in open-source projects and

which focus only on a narrow set of dependability faults

based on source code analyses.

=

2 Related Work

In this section, we discuss related work across three main subsec-
tions: the use of LLMs for code tasks and as judges, the benchmarks
developed to evaluate such capabilities, and the application of LLMs
to dependability problems.

2.1 LLM for Code and LLM-as-a-judge

Large Language Models (LLMs) have recently been employed across
several software engineering tasks, including code synthesis, pro-
gram repair, and test generation, and more recently as judges to
automatically evaluate the correctness and quality of generated
outputs. The Standard evaluation metrics for such activities, such as
CodeBLEU [22], rely on human-written references to compute sim-
ilarity and often fail to capture semantic correctness. To overcome
these limitations, researchers have explored the LLM-as-a-Judge
paradigm, where models assess responses directly based on quality
and correctness [29].

The LLM-as-a-Judge paradigm has been explored in the last
years. Tripathi et al. [25] investigate prompting strategies for this
paradigm, comparing pairwise evaluation — where the judge se-
lects the better of two responses — against pointwise evaluation —
where each response is scored independently. Their findings show
that pairwise protocols are more vulnerable to manipulation via
distractor features, with preferences flipping in approximately 35%
of cases compared to only 9% for pointwise scoring, suggesting that
the choice of feedback protocol should be guided by evaluation ob-
jectives and dataset characteristics. Complementarily, McAleese et
al. [16] incorporated structured critiques into the judgment process
to surface and mitigate biases that arise when LLMs evaluate their
own or peers’ outputs.

2.2 Benchmarks to Evaluate LLMs for Code

Despite recent advances, a key limitation remains in the bench-
marks used to evaluate LLMs on coding tasks and as judges. Most
available benchmarks suffer from limited diversity, questionable
quality, and insufficient scale. Widely adopted datasets such as Hu-
manEval [3, 20] and the Mostly Basic Python Problems Dataset [1, 9],
while broadly used, fall short of capturing the complexity of real-
world software engineering scenarios. Du et al. [7] reinforce this
concern by evaluating LLMs on code generation at the class level,
highlighting the need for more realistic and complex assessments.
Efforts to address this gap have led to more challenging bench-
marks. Jimenez et al. [13] introduced SWE-bench, encompassing
real-world GitHub issues for assessing LLM capabilities beyond
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simple code generation. However, Ramos et al. [21] underscore the
need for careful benchmark selection and robust evaluation metrics
to reliably assess LLM capabilities in automated program repair, as
models may exhibit significant memorization of widely used bench-
marks, while newer models show more limited leakage. Finally,
such benchmarks remain restricted to open-source repositories and
rely exclusively on unit test approval for correctness verification,
leaving questions of industrial applicability.

A parallel line of work focuses specifically on benchmarks for the
LLM-as-a-Judge paradigm. Specialized approaches such as LLM4-
PatchCorrect [31] and CriticGPT [16] attempt to tailor models for
code judging, but remain constrained in coverage and robustness.
Jiang et al. [12] substantially extend prior work by introducing
CodeJudgeBench, a large-scale benchmark covering three funda-
mental coding tasks: code generation, code repair, and unit test gener-
ation. Nevertheless, these benchmarks share the same fundamental
limitation: they evaluate LLM capabilities in isolation from real de-
velopment workflows, leaving the question of how well such judges
perform in industrial, dependability-critical settings unanswered.

2.3 LLM for Dependability Problems

Previous studies have investigated the use of LLMs for depend-
ability problems. Using automated program repair (APR), Soba-
nia et al. [24] showed that ChatGPT’s bug-fixing performance is
competitive with deep learning-based approaches, outperforming
traditional repair techniques. Meng et al. [17] systematically ana-
lyzed the strengths and weaknesses of complex LLM-based agent
systems on SWE-bench Verified, evidencing that reasoning ability,
symbol-level fault localization, and patch verification are the key
differentiators among top performers. On the other hand, Xia et
al. [27] challenge the assumption that such complexity is neces-
sary, showing that a simple three-phase pipeline (localize, repair,
and validate) without complex tooling can match or outperform
sophisticated agents on SWE-bench Lite at a fraction of the cost.
Regarding maintainability, Wu et al. [26] combine LLMs with
static analysis tools (e.g., iSMELL) to improve code-smell detection
and refactoring. For reliability and robustness, Wu et al. [14] propose
XRFix, an LLM-based repair framework that targets performance
bugs in Extended Reality (XR) applications, combining static anal-
ysis for detection with prompt-based LLM repair across different
granularity levels, achieving a fix rate of 67.3% on a curated dataset
of 104 real-world bugs from 23 open-source XR projects. Zhang
et al. [28] propose Seeker, a multi-agent framework that targets
exception safety by locating weak exception paths and suggesting
repairs. In security, Zhou et al. [30] survey rapid progress in vulner-
ability detection and patching, and Zibaeirad et al. [32] introduce
VulnLLMEwal to probe model limits on real-world repositories.
These advances push dependability detection and fixing forward,
although most evaluations still rely on open-source benchmarks
rather than being embedded in industrial closed-source workflows.
We address this gap by targeting real industrial closed source sys-
tems and treating dependability as the core, all-encompassing ob-
jective. Our agent pipeline goes beyond judging code: it detects,
validates, and fixes dependability issues, with developers review-
ing the outcomes. We also employ an LLM-as-a-Judge to auto-
matically evaluate fixes’ quality, what is an approach well-studied
for general code correctness but still uncommon in dependability
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pipelines [12, 29]. This shifts the focus from isolated benchmark
evaluation to LLM-based support for issue-level detection and reso-
lution in real development practices. In particular, because we do
not evaluate on public benchmark datasets, we mitigate the threat
of data contamination and memorization that recalling benchmark
answers as highlighted by Ramos et al. [21]. The goal is not only to
assess LLM capability, but also to demonstrate the feasibility of an
all-encompassing and deployable pipeline that proactively detects
and repairs dependability problems based on issue descriptions.

3 Study Design

In this section, we describe the study design. We begin by intro-
ducing the proposed pipeline designed to automatically detect and
address dependability issues in software systems. Next, we out-
line our research questions that will guide the evaluation of the
pipeline’s effectiveness and relevance. We then explain the data col-
lection process, the manual assessments performed by developers,
and finally, the methods used for data analysis.

3.1 Architecture for Automatic Detection and
Resolution of Dependability Issues

We designed and implemented a multi-agent pipeline that takes the
path to a software repository as input and automatically analyzes
it to detect and propose solutions for issues that may compromise
software dependability. The overall architecture of the pipeline is
depicted in Figure 1.

The proposed pipeline, as depicted in Figure 1, consists of four
interconnected agents, each relying on the output of the previous
one. The first agent identifies potential dependability issues in the
source files. The second agent then validates these detected issues,
filtering out false positives and unnecessary noise. Notably, we
employed models from different companies for detection/validation
and fix/judgment in an effort to mitigate bias. The third agent
generates fixes in the target code. Finally, the last agent evaluates
whether the fixes effectively address the identified issues.

One of the primary challenges in developing a pipeline for de-
tecting and proposing code changes is defining the prompts for
each agent. This process involves several iterations of prompt engi-
neering. We applied well-established strategies from the prompt
engineering literature. These strategies included clearly defining
the role of the model, specifying the task, and providing one-shot
examples in the expected JSON output format [10, 15, 23]. These
approaches offer several advantages. By defining the role, we can
focus the model’s perspective, reducing irrelevant or overly cre-
ative responses. Specifying the task clearly enhances clarity and
ensures that the output remains reliable and focused. Additionally,
by providing examples of the expected output, we minimize vari-
ability in the responses, which improves the model’s precision and
machine-readability of the results.

It is important to note that during our architectural design phase,
GPT-5 was released, and we investigated the use of this new model
in our study. This exploration highlighted the importance of em-
ploying effective prompting techniques. Unlike previous models,
the GPT-5 API does not allow for strict output constraints or tem-
perature tuning, which means there is less control at the parameter
level. As a result, strategies such as role specification and providing
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Pipeline for Automatic Detection and Fixing of Dependability Issues

Issue Validator
(GEMINI-2.5-flash-lite)

Issue Detector
‘ | (RAG + GPT-5-mini)

Code Fixer
(RAG + GPT-40-mini)

Code Judger

(GEMINI-2.5-flash-lite) @

Repository

Issues and Code Fixed

Figure 1: Pipeline for automatic detection and resolution of dependability issues.

format examples became essential for effectively guiding the re-
sponses. In the following subsections, we discuss each agent and its
characteristics. The full prompts presented in following subsections
are available in our supplementary material [6].

3.1.1  Issue Detector. The processing begins with a repository folder,
which is the input to the analysis. The first step involves an agent
we call Issue Detector, implemented as a combination of Retrieval-
Augmented Generation (RAG) mechanism and the GPT-5-mini
model. We applied the Cognita framework to implement our RAG
mechanism, locally hosted (Local-RAG). Initially, we created a col-
lection in the Cognita framework. This collection basically consists
of computing the embeddings for a set of documents (all the files in
the analyzed repository) to input as context in queries to LLM mod-
els. Once the collection is created, Cognita enables the execution of
queries to the models through an API, automatically forwarding the
context retrieved from the collection. So, one file in the repository
at a time, we performed queries (i.e., through the Local-Rag) to iden-
tify possible dependability issues. The output of this process is a
set of potential dependability issues with the issue title, description,
file, impact and the affected source code.

The Frame 1 shows the structure used for the prompt at this
stage. In our experiments with various model configurations, we
discovered that GPT-5-mini, although slower in response than GPT-
40-mini, consistently yielded more accurate and comprehensive
detections. The extra time taken during the detection step was
justified by the improvements in the quality of identified issues.

Issue Detector

Role You are a senior Python developer specialized in highly
dependable systems [...]

Task Perform a thorough code review of the code file below,
focused on detect dependability issues [...]
File: {file content}

Output: Return a JSON with:

{"title": "Handle missing config file ...",
"location": "settings.py",

"issue": "Fails if file absent ...",
"impact": "Startup crash"}

Context

{retrieved content}

Frame 1: Issue Detector Prompt Template

3.1.2  Issue Validator. The second stage in our pipeline is the Issue
Validator, which is powered by Gemini-2.5-Flash-Lite. We chose
a model from a different organization to avoid possible biases in
conducting detection and validation with models coming from the
same architecture family. The Issue Validator received as input the
issue title, description, location, and affected code. The Frame 2

presents the prompt structure delivered to the model. Using this
prompt, we asked the model to evaluate whether the issue was
truly related to dependability. The role of the Issue Validator was to
check the Issue Detector’s findings and to filter out false positives.
By doing so, it ensures that only issues with strong evidence and
clear dependability implications progress to the fixing stage.

Issue Validator

Role You are a senior Python developer specialized in highly
dependable systems. [...]

Task Critically evaluate whether a reported issue is a valid de-
pendability issue. Reject style-only concerns [...] or negli-
gible impacts. [...]

Issue: title, description, location and affected code.

Output: Return a JSON with:

{"description": "This issue is a valid...",
"classification": "Confirm"}

Frame 2: Issue Validator Prompt Template

3.1.3 Code Fixer. After the Issue Validator completed double vali-
dation, it passed the identified dependability issues to the Code Fixer.
The information was structured as follows: issue title, description,
and affected code. By using our Local-RAG and the GPT-40-mini
model, we tasked the agent with generating a solution for the spec-
ified problem in the affected code. The prompt design for this stage
is illustrated in Frame 3. We evaluated various configurations, in-
cluding GPT-5-mini, and determined that GPT-40-mini provided
the best balance between latency and quality for this phase. The
objective of the Code Fixer is to minimize "creative" modifications
and to leverage repository context to maintain coding conventions
while enhancing reliability, integrity, and maintainability.

e N\

Code Fixer

Role  You are a senior Python developer specialized in highly
dependable systems [...]

Task Think critically, step by step: evaluate the provided de-
pendability issue and [...] fix the code [...]
Reported Issue: title, description and affected code.

Output: A JSON with two fields [...]

{"description": "The create method ...",
"fixed_code": "def create(self,..."}

Context {retrieved content}

Frame 3: Code Fixer Prompt Template
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3.1.4 Code Judger. The final stage, the Code Judger was also pow-
ered by Gemini-2.5-Flash-Lite. At this point, we already have a
candidate solution for the identified issues, so we instruct the agent
to assess whether this candidate adequately addresses the prob-
lems. The judger evaluates the issue title, description, the affected
code, and the proposed fix, ultimately issuing a final verdict of
either “Confirm” or “Reject,” the solution, accompanied by a brief
rationale that highlights the specific changes made to the code.
A condensed version of the judger’s instructions can be found in
Frame 4. Finally, any issue that successfully passes through all four
stages is considered a recommendation for improving the system’s
dependability, while those that do not are discarded.

Code Judger

Role  You are a senior Python developer specialized in highly
dependable systems. [...]

Task Critically evaluate step by step whether the reported issue
was completely fixed [...]

Reported Issue: title, description and affected code.
Proposed Solution: fixed code.
Output: Return a JSON with:

{"description": "This issue is a valid...",
"classification": "Confirm"}

Frame 4: Code Judger Prompt Template

3.2 Research Questions

To evaluate the proposed pipeline, we defined two research ques-
tions that address both the technical effectiveness of our pipeline
and its practical relevance from the perspective of developers.
RQq: How effective is a multi-agent LLM pipeline at improving
software dependability? In this first research question, we aim to
explore the effectiveness of our multi-agent pipeline in detecting
dependability issues. We measure effectiveness in two dimensions:
the extent to which the detected issues cover the main dependability
aspects, and how experienced developers rate these detected issues.
First, we analyze issues’ descriptions generated by the pipeline
and categorize them according to the nature of the dependability
concerns. Each issue is mapped to attributes such as reliability, main-
tainability, confidentiality, safety, availability, and integrity. This
analysis provides a clearer understanding of the pipeline’s detection
capabilities, highlighting both its strengths and limitations. Next,
we assess effectiveness from the perspective of experienced devel-
opers in three dimensions: relevance, adequacy of the proposed
solution, and acceptance of the suggested code changes. Through
this evaluation, we examine whether the issues highlighted by the
pipeline are perceived as contextually relevant, whether the pro-
posed fixes are seen as effective resolutions to the problems, and
whether the resulting code would be acceptable in a review process.
RQ,: How do developers assess the quality and relevance of issues
and fixes generated by the pipeline? We pose this question to identify
the technical factors that either strengthen or weaken the mergeabil-
ity and actionability of the pipeline’s outputs in practice. Our goal
is to understand developers’ perceptions of these outputs. While
structured evaluations offer a quantitative perspective, they often
do not capture practitioners’ views on the usefulness, adequacy,
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and trustworthiness of identified issues and proposed solutions.
By collecting qualitative feedback from developers who maintain
code, we can gain insights into whether the pipeline’s contributions
align with real-world development practices. This approach can
also highlight situations in which our pipeline’s outputs are more
likely to be integrated into existing workflows.

3.3 Data Collection

Our data collection process begins with the identification of tar-
get projects for dependability analysis (see Figure 2). We prioritize
projects that allow us to validate dependability issues through
expert code evaluation. To accomplish this, we collaborate with
private development organizations based in Brazil. We have identi-
fied and established three dependability-intensive software systems
with these partners. All of these systems are written in Python and
are currently in production for government institutions in Brazil.
Additional information about these systems can be found in Table 1.

Table 1: Target Systems by Type and Domain.

Domain

Back-end for an Advanced Process

Control Tool in industry.

Back-end for a Process Improvement

Tool integrated with a Government System.
Back-end for a Conversational Agent-based
Tool integrated with a Government System.

System Type

S1 REST/API
M REST/API

S3 REST/API

Withing these systems we have a total of 285 code files available
for analysis: 183 files from system S;, 74 files from system S,, and
28 files from system Ss. Given the computational and financial costs
associated with LLM inference, we restricted our evaluation to a
subsample of the available source code files. To ensure this analysis
was representative, we applied random sampling to select a subset
of files from each system. The sample size (n) for each system was
calculated using a 95% confidence level, which allowed us to obtain
a statistically valid subset of files. We sampled 64 files from S,
which is approximately 35% of its total files. From S,, we selected
43 files, representing about 58% of its total. Finally, from S5 we
considered 22 files (78.6%). Altogether, this process resulted in a
sample of 129 files, nearly half (45%) of all available files across the
systems. The second and third columns in Table 2 summarize the
total files in the systems and the sampled ones, respectively.

Table 2: Issue Distribution by System and Pipeline Stage.

Issue Detector Issue Validator Code Fixer Code Judger

System  Files  Sampled Files (o o detected) (# issues validated) (# issues fixed) (# issues validated)

Sy 183 64 107 97 97 70
Sz 74 43 82 79 79 54
Sy 28 22 41 39 39 25

We then executed the pipeline on the sampled files. For Sy, the
pipeline identified 70 issues across 21 of 64 files (~33% of the sampled
files). For S,, it detected 54 issues across 15 of 43 files (~35%), and
for S5, 25 issues across 8 of 22 files (~36%). This stage yielded 149
issues along with their candidate solutions. Table 2 summarizes the
number of issues identified for each system on each pipeline stage.

For our data collection purposes, the pipeline generates a struc-
tured spreadsheet where each row captures the complete details
of an analyzed issue. The columns include: title, location, affected
code, description, impact, label, validator justification, validator clas-
sification, fixed code, fix description, judger justification, and judger
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Data Collection and Validation

Software System 1 (S1)

183 Code Files &

Software System 2 (S2)

74 Code Files

Software System 3 (S3)

64 Randomly [\
Sampled Files
43 Randomly [\
Sampled Files

Dependability: Automatic
Detection and Solution

149 Proposed
Solutions

28 Code Files

22 Randomly [\

40

Double Validated

Instances

led Files

40 Proposed Solutions for

Assessment

Issue: [...]
instances

D2-10 [\
instances

D8-10 [\
instances

Affected Code: [...]
Fixed Code: [...]
Rationale for fix: [...]

(Likert) | understand that the stated problem is relevant and worth addressing.

(Likert) | understand that the fixed code version resolves the stated problem effectively.
(Likert) | would approve this patch in a code review.

(Likert) I am familiar with this code.

(Open) In one sentence, please explain your reasoning.

Figure 2: Data collection and validation.

classification. Together, these fields form a detailed record enabling,
for example, automated pull request generation with actionable,
evidence-based suggestions to improve code reliability, integrity,
and maintainability.

Following, we validate the issues and solutions with the devel-
opers who worked on these systems. To avoid overwhelming them
with the need to manually validate all solutions, we randomly se-
lected a subset of 40 solutions, which constitutes approximately 27%
of the dataset. This selection aimed to strike a balance between com-
prehensive coverage and practicality, ensuring sufficient diversity
while keeping the validation workload manageable.

3.4 Manual Validation Process

As shown in Figure 2, each of the 40 randomly selected solutions was
double-validated by independent developers. We engaged eight de-
velopers, D; to Dg, with each one validating 10 solutions. In practice,
this meant that every solution was reviewed by two different de-
velopers, ensuring cross-checking and reducing individual bias. In
total, this process produced 80 individual evaluations (40 solutions
X 2 reviewers). Table 3 shows more details about the developers’

background.
Table 3: Developers Background.
Developer Education Level Experience  Experience in Languages
(years) Company
D1 Master’s 7 4 Python, Javascript, Java, C#
D2 Master’s 10 2 Python
D3 Undergraduate 5 3 Python, Javascript, C/C++
D4 Undergraduate 2 1 Python, Matlab, C, C++
C, C++, C#, Java, Python,

D5 Undergraduate 6 4 SQL, JavaScript, TypeScript
D6 Undergraduate 1 1 Python
D7 Master’s 15 5 Ruby, JavaScript, Python
D8 Undergraduate 7 1 Python, Javascript

We designed a structured evaluation form. For each proposed
issue and solution, developers were presented with:

(1) Contextual information - including the description of the
identified issue, the affected code fragment, the automatically
generated fixed code, and a brief rationale explaining the fix.
(2) Closed questions - in these four questions, we employed
a Likert scale with five points, ranging from (1) Strongly
Disagree to (5) Strongly Agree. The statements were:

“Tunderstand that the stated problem is relevant and worth
addressing.”
“Tunderstand that the fixed code version resolves the stated
problem effectively”
- “I would approve this patch in a code review””
- “T am familiar with the code and context of this solution.”
(3) An open-ended field (optional) — provided after each is-
sue/solution, where developers were encouraged to justify
their ratings in one sentence.

Each question in the evaluation form was carefully designed to
capture a specific dimension of the developers’ assessment of the
proposed fixes. The first statement, “I understand that the stated
problem is relevant and worth addressing”, aims to assess whether
the evaluator agrees that the identified issue is meaningful and re-
quires attention, thereby validating the significance of the problem
detected by the pipeline. The second statement, “I understand that
the fixed code version resolves the stated problem effectively”, focuses
on the correctness and adequacy of the proposed solution, prompt-
ing reviewers to consider whether the automated fix addresses the
root cause of the problem without introducing regressions. The
third statement, “I would approve this patch in a code review”, serves
as a holistic judgment, integrating multiple aspects such as problem
relevance, fix adequacy, and code quality into a realistic scenario of
code review. Finally, the fourth statement, “I am familiar with the
code and context of this solution”, was included to capture potential
variation in confidence and contextual understanding, enabling us
to interpret the other answers in light of the evaluator’s familiarity
with the underlying codebase. By integrating structured Likert-
scale ratings with open-ended textual justifications, the validation
process captured both quantifiable assessments and contextual in-
sights into developer reasoning, enabling a more comprehensive
understanding of their evaluation criteria.

3.5 Data Analysis

To answer our research questions, we conducted a multi-step anal-
ysis of the issues and fixes produced by the pipeline. We examined
how effectively the pipeline identified and addressed dependability
concerns and how developers assessed the quality and relevance of
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those outputs. We combined quantitative and qualitative analysis
to provide a view of the pipeline’s technical and practical impact.

3.5.1 Quantitative Analysis. We started by converting the Likert
scale evaluations into numerical scores ranging from (1) Strongly
Disagree to (5) Strongly Agree. For each of the 40 solutions, we
aggregated the responses from the two evaluators by calculating
their mean values. This resulted in a single score for each solution
across four evaluation dimensions: relevance of the problem, ef-
fectiveness of the fix, likelihood of approval in a code review, and
familiarity with the code. Aiming at identifying patterns of agree-
ment and disagreement between reviewers, we plotted the data and
visually inspected any divergences. We reviewed cases where the
two evaluators had notable discrepancies in their assessments, as
these instances indicate solutions that received mixed judgments
regarding their dependability or appropriateness.

3.5.2  Qualitative Analysis. Initially, the issue descriptions were
systematically analyzed using an open coding approach. Each de-
scription was carefully examined, and relevant codes were assigned
to capture the nature and impact of the identified problem. Based
on these codes, we further mapped each issue to one dependability
dimension, such as integrity, reliability, maintainability, or security.
In this way, we provide a structured view of the types of concerns
addressed by the pipeline. This process enabled us to assess not
only the technical relevance of the detected issues but also the
range of dependability attributes covered. To further understand
the pipeline’s output characteristics, we computed the frequency
of issues associated with each dimension, offering insight into the
distribution of dependability concerns detected across the systems.

Aditionally, the open-ended justifications provided by devel-
opers were also systematically analyzed using an open coding
approach. Each comment was coded to capture the underlying
rationale supporting or rejecting the pipeline’s proposed issue or
fix. These codes were then grouped into broader categories through
axial coding, distinguishing between positive rationales (support-
ing the relevance and adequacy of the solution) and negative ra-
tionales (highlighting reasons for rejection or criticism). Positive
codes encompassed, for example, explicit mentions of improved
validation, strengthened security, or reliable error handling.
Negative codes often reflected concerns about incomplete fixes,
low-severity issues, or misalignment with project context. By
combining this categorical analysis with the quantitative Likert-
scale ratings, we obtained a more comprehensive view of developer
evaluations, combining measurable agreement levels with nuanced
reasoning behind acceptance or rejection.

4 Results and Discussions

In general, the use of the pipeline to address dependability issues
produced predominantly positive results. In the three closed-source
systems analyzed, the developers recognized the relevance of the
identified problems and the effectiveness of the fixes. The experts
mainly agreed on the recommendations as clear improvements in
security, data integrity, and system reliability. When disagreements
occurred, they were more about contextual assumptions than tech-
nical validity. In general, our findings suggest that the pipeline
offers valuable recommendations based on dependability, although
human oversight and contextual knowledge remains crucial.
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4.1 Effectiveness to Detect Dependability Issues

Improving software dependability is a complex challenge that in-
volves not only generating technically sound and context-aware
solutions, but also identifying critical issues. Our first research
question (RQ;) investigates whether a multi-agent pipeline can
effectively contribute to this goal by automatically identifying prob-
lems that impact key dependability attributes.

To address RQ;, we conducted a qualitative analysis of the pipeline’s
output to understand the dimensions of dependability associated
with the detected issues. As detailed in the Study Design section
(Section 3), we employed an open coding process on the textual
descriptions of the identified issues, followed by a categorization
process that linked each issue to a specific dependability dimension
(e.g., reliability, maintainability). The results of this analysis are pre-
sented in Table 4, which displays the distribution of the identified
issues across dependability dimensions, the number of occurrences
out of 40 issues, with examples from the coding process.

Table 4: Frequency of Detected Dependability Issues

Category #of Issues_Relevant Codes

Integrity 13 missing serializer-level validation; nullable constraint mismatch; conflicting model constraints;

Reliability 10 KeyError due to missing request context; brittle dependency on DRF runtime; no rollback on DB failure;
Maintainability 8 ‘missing language localization in exceptions; undesirable side effects on import; unhandled log level values; ..
Security 5 unauthenticated user assignment risk; refresh token exposed in APT; unsafe filename interpolation; ..
Confidentiality 3 sensitive user fields exposed in nested serializer; log exposes user email; PII risk in API response;
Availability 1 ‘missing DB connection closure; potential connection leak; resource exhaustion over time; ..

The most frequent dependability dimension was integrity, with
13 detected issues, followed by reliability, with 10. This distribution
reflects the pipeline’s strength in identifying problems related to
data consistency, input validation, and predictable system behav-
ior—concerns that are often explicitly manifested in the code. Typi-
cal examples include missing serializer-level checks, constraint mis-
matches, and improper error handling. Maintainability accounted
for 8 issues, such as unlocalized exception messages, log inconsis-
tencies, and side effects, which are generally detectable through
structural or syntactic patterns. Although less common, the pipeline
also flagged security (5 issues) and confidentiality (3 issues) prob-
lems, including exposed tokens and Personal Identification Informa-
tion leaks. Availability was the least represented dimension, with
only one issue identified.

The results indicate that the pipeline has the potential to de-
tect issues that significantly impact all aspects of dependability,
although it identifies fewer problems in some categories. This lower
frequency is expected, as concerns such as security often require
contextual understanding that static code representations may not
fully capture. Additionally, the absence of availability issues likely
reflects the inherent limitations of static analysis in identifying
problems that generally arise under dynamic runtime conditions,
such as resource leaks or concurrency bottlenecks. Overall, the
findings show that the pipeline effectively addresses a wide range
of dependability concerns, especially in the areas of integrity, re-
liability, and maintainability. However, there are opportunities to
improve its coverage of more contextual or runtime dimensions,
such as availability and security.

To further address RQ;, we conducted human-centered evalua-
tions in which expert developers reviewed the pipeline’s outputs.
Table 5 presents the average Likert-scale ratings given by these
evaluators on four dimensions: relevance of the issue, effectiveness
of the fix, approval of the patch, and familiarity with the code. Over-
all, the results indicate a generally positive evaluation, suggesting
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that the pipeline is capable of producing outputs that developers
find meaningful, accurate, and worthy of review.

Table 5: Mean Ratings and Likert Scale Interpretation

Question Mean  Likert Interpretation
T understand that the stated problem is relevant and worth addressing. 447  Agree to Strongly Agree
Tunderstand that the fixed code version resolves the stated problem effectively. 435  Agree to Strongly Agree
Twould approve this patch in a code review. 4.16 Agree
T am familiar with this code. 4.00 Agree

We achieved the highest rating on the relevance of the issue di-
mension, with a mean score of 4.47. This value reflects a response
trend between agree and strongly agree for the statement: “I un-
derstand that the stated problem is relevant and worth addressing”.
Figure 3 shows the individual ratings (R1 and R2) assigned by each
pair of evaluators across the 40 assessed issues, with consistently
high agreement. This result suggests that developers systematically
recognized the issues identified by the pipeline as meaningful and
worthy of attention across the evaluated systems. These findings
highlight the ability of the pipeline to detect dependability concerns
that align with professional judgment and established notions of
relevance in real-world software engineering contexts.
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Figure 3: Relevance Scores for all Issues.

The second-highest mean score, 4.35, corresponds to the effective-
ness of the fix dimension. This indicates a consistent trend toward
agreement or strong agreement with the statement: "I understand
that the version of the fixed code effectively solves the stated problem".
As shown in the scatter plot for this dimension (Figure 4), ratings
were generally favorable across reviewers. These results suggest
that the proposed fixes were perceived as both technically adequate
and contextually appropriate, reflecting the pipeline’s capacity to
generate meaningful improvements.
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Figure 4: Fixing Scores for all Issues.

The statement “I would approve this patch in a code review” re-
ceived a mean score of 4.16, which still falls within a clearly positive
range. This dimension, depicted in the corresponding scatter plot
(Figure 5), shows that most evaluators expressed agreement, indi-
cating a general willingness to endorse the fixes through standard
review practices. These results reflect not only confidence in the
technical correctness of the generated code but also its practical ac-
ceptability from the perspective of experienced developers engaged
in real-world development workflows.
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Figure 5: Approval Scores for all Issues.

Finally, as a control dimension, we assessed the familiarity of
developers with the specific code under review. This dimension
received a mean score of 4.00, which also falls within the agree
range. The scatter plot for this dimension (Figure 6) shows slightly
more variation among individual ratings, likely due to the fact
that, although all evaluators were actively involved in the over-
all project, not all had contributed to the specific modules under
review. Nonetheless, the overall score suggests a sufficient level
of confidence in understanding the code, thereby reinforcing the
credibility and contextual grounding of the evaluators’ assessments
across the other dimensions.

I am familiar with this code.
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Figure 6: Familiarity with Code Scores for all Issues.

The findings indicate that the pipeline generates valuable out-
puts: developers consistently rated the flagged issues as relevant,
the fixes as effective, and the patches as reviewable. However, these
ratings mainly reflect the perceived quality of the identified items,
rather than the overall coverage of the dependability space. In other
words, positive ratings do not determine which types of concerns
the pipeline is most or least sensitive to, nor do they indicate its
recall across various dimensions.

To address this limitation, we analyzed the pipeline’s detection
profile through our coding analysis (see Table 4). This analysis
reveals that the pipeline is more effective at detecting code-local
integrity, reliability, and maintainability issues, while it shows com-
paratively weaker coverage of context- and runtime-dependent
categories, such as availability and security. This distinction high-
lights the strengths and limitations of the pipeline and suggests
opportunities for expanding its coverage to include more contextual
and dynamic behaviors.

4.2 Quality of Generated Fixes

In the second research question (RQ,, we aimed to understand how
expert developers qualitatively assess the fixes generated by the
pipeline. While previous analyses primarily used structured Likert-
scale ratings, this section delves into the open feedback provided by
evaluators, offering deeper insight into their perceptions of the pro-
posed solutions. Table 6 presents the resulting categories, organized
by whether the comments supported (Positive) or rejected (Nega-
tive) the proposed solutions, along with descriptions and examples
of representative codes.
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Table 6: Open Coding Categories Derived from Expert Feedback on Proposed Solutions

Suggestion Acceptance Category Description

Representative Codes

critical security flaw; removes PII from logs;

Positive Fix Security and Privacy Strengthens confidentiality, prevents leaks, and improves overall system security. .
fix ensures password complexity
- . . . . . serializer validation improves feedback; data
Positive Fix Validation and Data Integrity ~ Ensures input correctness, schema consistency, and clearer error feedback. N I - . - .
integrity risk; PositiveIntegerField enforces constraints
. . . - . c i e - simple and effective fix; correct rollback usage;
Positive Fix Effectiveness and Reliability Delivers efficient fixes that solve problems and enhance reliability. Stmp o g
improved observability
5 N . . . . incomplete solution; generic fix criticized;
Negative Incomplete or Misaligned Fixes Represents fixes seen as partial, generic, or contextually unsuitable. P &
fix lacks context
. L. . . . minor issue; not serious issue; issue unlikely due
Negative Low Severity Issue Covers low-priority concerns or fixes adding little practical benefit. . Y
to current design
. . - . valid issue acknowledged; bug acknowledged;
Positive Bug Recognition and Relevance Highlights expert agreement on the existence and relevance of bugs. & 8 8
context-aware bug
. . L . . . L manual validation needed in some cases; parameter
Negative Uncertain Paremeter Validation Questions the necessity or redundancy of certain validation checks. P!
assumed present; unnecessary extra checks
. . . - . . . approval without reservations; approval with
Positive Fix Approval Indicates expert acceptance of fixes, sometimes with conditions. pprova . PP
suggestion; testing needed before approval
Negative Security and Robustness Concerns ~ Points to lingering risks, leaks, or added maintenance burden. exception message removed; requires future maintenance

4.2.1 Agreement on Experts Evaluations. In several cases, experts
consistently recognized both the relevance of the identified issues
and the adequacy of the proposed fixes. These instances illustrate
situations where the pipeline’s suggestions aligned well with estab-
lished development practices and expert expectations.

A representative example was the case of the soft delete mech-
anism (Issue 40). The model contained a deleted_at field, which
implied an intended strategy for soft deletion, but lacked the neces-
sary supporting methods to enforce it. The default delete() opera-
tion still triggered hard deletion, creating the risk of inconsistent
data handling if developers alternated between calling .delete() and
manually setting deleted_at. Experts agreed that this represented a
relevant dependability issue, as it could compromise data retention
policies and introducing inconsistencies in the state of the database.

The proposed fix introduced a soft_delete() method, replacing
the default delete() to prevent hard deletions, and added a Docu-
mentQuerySet with a helper method to filter active records. Experts
consistently evaluated this fix as effective and aligned with ex-
pected practices. The open coding categories most associated with
this consensus were Fix Validation and Data Integrity (ensuring
consistency in how deletions are applied) and Fix Effectiveness and
Reliability (a solution that directly addressed the identified risk).

This pattern of agreement highlights that the pipeline was par-
ticularly successful in cases where the identified problem corre-
sponded to well-understood dependability concerns (e.g., consis-
tency and data integrity) and where the proposed fix provided
a clear, contextually appropriate mechanism. In such cases, ex-
pert evaluations converged, reinforcing the potential of automated
pipelines to deliver fixes that meet developers’ expectations.

4.2.2 Disagreements on Experts Evaluations. Although most of the
evaluations demonstrated convergence between experts in terms
of the relevance of the detected issues and the suitability of the
proposed solutions, several cases revealed disagreements. These
divergences highlight how contextual knowledge, the design of each
system, and differing interpretations shape developers’ judgments.

First, some disagreements arise from contextual misalignment.
For example, in the multilingual exception handling case (Issue
2), one evaluator viewed the lack of structured serialization and
bilingual support as a minor issue, categorizing the fix as an im-
provement in error messages. In contrast, the second expert argued
that the solution failed to understand the original design choice of
using English as the default language, consequently introducing
unnecessary complexity. This situation falls under the category of

“Incomplete or Misaligned Fixes,” where the pipeline’s proposals,
although technically valid, were deemed contextually unsuitable.

Second, disagreements were also linked to different severity as-
sessments. For instance, in serializers, the access to the request
attribute assumes that the attribute exists (Issue 3); one developer
minimized the likelihood of failure in practice, considering it an
edge case. The second insisted that explicitly checking for request
presence is important for defensive programming. Similarly, the
deleted_at field manager (Issue 5) was seen by one expert as un-
likely to cause failures because the field was guaranteed in the
current model. In contrast, the other considered the check a rel-
evant safeguard. These cases align with the “Low Severity Issue”
category, where the same flaw is acknowledged but weighted dif-
ferently depending on the perceived risk.

Other disagreements derived from uncertainties in parameter
validation. In Issue 18, one attribute is not assigned during object
creation, leading to a problem because the attribute is read-only.
One developer emphasized that leaving the attribute unset intro-
duced inconsistencies, while another argued that the context was
missing since the attribute was always populated upstream. Simi-
larly, in Issue 28, related to batch ID validation, opinions diverged
between those who valued stricter upfront checks and those who
considered them redundant or misapplied. These instances illus-
trate the “Uncertain Parameter Validation” category, where experts
questioned whether additional validations were necessary.

Finally, disagreements were also tied to different interpretations
of security and robustness concerns. In the refresh token expo-
sure case (Issue 34), one evaluator endorsed the fix as a necessary
security measure, whereas the other criticized it as incomplete,
since removing the token from the payload did not fully resolve
the underlying vulnerability. Comparable situations appeared in
database-related fixes (Issues 22, 27, 28), where one evaluator fo-
cused on improved reliability through validation or resource man-
agement, while the other emphasized potential side-effects, such
as premature connection pool closure or suppressed errors. These
patterns correspond to the “Security and Robustness Concerns” and
“Incomplete or Misaligned Fixes” categories.

Overall, the disagreements show that expert evaluations were
not simply binary judgments of correctness but were mediated by
trade-offs among security, robustness, contextual relevance, and
practical severity. The open coding results (Table 6) capture this
diversity: positive categories (e.g., Fix Validation and Data Integrity,
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Fix Effectiveness and Reliability) often clashed with negative cate-
gories (e.g., Incomplete or Misaligned Fixes, Low Severity Issue),
depending on how experts weighed contextual constraints and long-
term dependability. These findings underscore that the acceptance
of automated fixes depends not only on their technical soundness
but also on how they align with existing practices, assumptions,
and risk perceptions in the target systems.

5 Threats to Validity

This section discusses potential threats to the validity of our study
and the measures we took to mitigate them.

Internal Validity. Our random sampling strategy for selecting
files from each system may introduce bias if the sampled files are
not representative of the codebase characteristics. To mitigate this
threat, we used statistical sampling with a 95% confidence level,
ensuring a representative subset across all three systems. Addi-
tionally, the developers who evaluated the issues were all from
the same organization and had varying levels of familiarity with
the codebases under analysis. While developers actively work on
the systems they evaluated, they were not necessarily reviewing
code they had personally authored or maintained. This factor could
introduce bias, particularly in how confidently they assessed the is-
sues. To account for this, we included a familiarity dimension in our
evaluation form as a control measure, allowing us to measure the
extent to which each developer felt confident in their experience.

External Validity. The study focused exclusively on Python
systems, which may limit the generalizability of our findings to
other programming languages. The results provide evidence of the
pipeline’s effectiveness within this context. However, additional
validation is needed to determine whether similar results are main-
tained across other technology stacks and scenarios. We validated
40 issues out of 149 (27%). This dataset may not capture the full
spectrum of issues’ characteristics. While this sample size was cho-
sen to balance comprehensiveness with practical constraints, it may
restrict our findings. Also, all evaluated systems came from three
closed-source organizations in Brazil. The organizational culture,
practices, and quality standards may have influenced developer
evaluations in ways that may not apply to other organizations.

Construct Validity. The definition of dependability may not
align with how other researchers or practitioners conceptualize
this construct. We addressed this by grounding our definition in
established literature and mapping detected issues to dependability
dimensions (reliability, security, integrity, maintainability, availabil-
ity, confidentiality). The Likert-scale questions we used to assess
developer perceptions may not fully capture the nuanced judgments
in code review scenarios. We complemented these quantitative mea-
sures with open-ended qualitative feedback to provide insights into
developer reasoning. Moreover, our open coding approach for cate-
gorizing issues into dependability dimensions may have introduced
subjectivity. We mitigated this by having multiple researchers re-
view the coding scheme and ensuring consistency.

Conclusion Validity. With only 40 evaluated solutions and 8
developers, our study may have limited statistical power to detect
small but meaningful differences in developer perceptions. We ad-
dressed this by focusing on effective sizes and confidence intervals
instead of relying on statistical tests. Finally, we conducted multiple
analyses across different dimensions and evaluation criteria, which
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increases the risk of Type I errors. We acknowledge this limitation
and interpret our findings conservatively, focusing on patterns that
are consistent across multiple dimensions.

6 Conclusion

This paper presented a comprehensive evaluation of a multi-agent
LLM pipeline designed to automatically detect and fix software
dependability issues in industrial systems. Through a study involv-
ing eight experienced developers from Brazilian industry settings,
we demonstrated that automated approaches can effectively iden-
tify meaningful dependability concerns and generate actionable
solutions that align with professional development practices.

Our evaluation revealed consistently positive developer percep-
tions across all evaluation dimensions. Developers strongly agreed
that the identified problems were relevant and worth addressing
(mean score of 4.47 out of 5), and they recognized the effective-
ness of the proposed fixes (4.35 out of 5). The high approval rating
for code review scenarios (4.16 out of 5) validates the practical
applicability of the pipeline’s outputs in real-world development
workflows. The qualitative analysis showed that the pipeline is
particularly effective at detecting problems related to integrity, re-
liability, and maintainability, while also identifying security and
confidentiality concerns. While most evaluations of issues and solu-
tions showed agreement, disagreements came from four main areas:
incomplete fixes, low severity issues, uncertain parameter valida-
tion, and security concerns. These disagreements demonstrate that
human oversight and domain knowledge are essential for validating
automated solutions.

Our work makes three key contributions: first, we demonstrated
that a multi-agent LLM pipeline can effectively identify and fix
real dependability issues in industrial systems; second, through a
study with 8 professional developers, we revealed how practitioners
evaluate automated outputs in practice; and third, we showed that
the pipeline performs robustly across all dependability attributes.
These findings carry practical implications, indicating that auto-
mated dependability analysis tools can be integrated into existing
development workflows—particularly for surfacing issues related
to data integrity, system reliability, and code maintainability. Future
work should explore alternative pipeline architectures, evaluate
effectiveness across diverse technology stacks and application do-
mains, and investigate methods to deepen contextual understanding
for more nuanced dependability concerns.
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