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Abstract

Software developers often use static analysis tools to identify code
warnings related to code quality in general. However, despite the
availability of automated warnings, developers still need to man-
ually interpret and apply the suggested fixes. Recent advances in
Large Language Models (LLMs) have created new opportunities
to support automated refactoring suggestions directly within de-
velopment environments. This paper presents JADE (Java Static
Analysis Repair), a Visual Studio Code plugin that combines static
analysis knowledge with LLM-based refactoring suggestions. JADE
adopts a Retrieval-Augmented Generation (RAG) strategy based on
SonarQube rules, retrieving semantically relevant static analysis
heuristics to enrich structured prompts submitted to local LLMs.
The plugin supports Al-assisted code diagnostics and refactoring
generation integrated into the VSCode workflow. In addition, JADE
incorporates a developer feedback mechanism that allows users
to evaluate the usefulness and relevance of the generated recom-
mendations. An exploratory study involving 50 Java code snippets
suggests that JADE complements traditional static analysis by iden-
tifying additional semantic refactoring opportunities while preserv-
ing the strengths of rule-based analysis for detecting explicit code
quality issues.
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1 Introduction

Developers often use static analysis tools to analyze the source code
without running the program in order to identify potential warnings
such as bugs, coding standards violations, maintainability problems,
and poor design practices [2, 7, 24]. During development, these
tools raise warnings and recommendations, enabling developers
to detect and correct problems early, contributing to improved
software quality and maintainability [14, 17]. Additionally, recent
previous studies have used warnings produced by static analysis
tools as indicators to evaluate code quality attributes [3, 5, 25].
However, identifying code fragments that could potentially be
improved does not guarantee that developers will actually improve
the code. Developers may choose to follow these recommendations,
ignore them, or even lack sufficient guidance on how to properly
address the reported warnings. Previous studies have shown that
only a few warnings reported by static analysis tools are actually
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resolved in practice [6, 17, 20]. Additionally, these tools may also
generate numerous false-positive warnings [1, 15].

As Large Language Models (LLMs) have gained increasing at-
tention from the software engineering community, several studies
have evaluated how to combine them with static analysis tools to
automate the refactoring of such suggestions [9, 13, 18]. LLMs can
understand the context of the code to perform refactoring opera-
tions and provide feedback in natural language [10]. However, they
are not always accurate. They may hallucinate [30], miss simple
errors, or ignore coding standards if not properly guided [13, 27].

Based on this scenario, this article proposes JADE (Java Static
Analysis Repair) [11], a plugin for the Visual Studio Code (VSCode)
IDE [29] designed to support developers in identifying and refac-
toring potential code quality issues using LLMs guided by static
analysis rules. JADE integrates the SonarQube static analysis rules
[26] with locally executed LLMs through a Retrieval-Augmented
Generation (RAG) strategy, retrieving semantically relevant rules
and including them as contextual guidance in the prompts. More
specifically, the plugin combines the source code written by the
developer with semantically relevant static analysis rules retrieved
from the SonarQube catalog, allowing locally executed LLMs such
as DeepSeek-Coder (6.7B) and Qwen2.5-Coder (7B) to provide Al-
assisted code review and Al-assisted refactoring. Unlike cloud-based
assistants, JADE executes LLMs locally through the Ollama infras-
tructure [21], preserving source-code confidentiality and eliminat-
ing API costs. The tool is available publicly as open-source software
[11].

JADE also incorporates a feedback mechanism designed to cap-
ture developers’ perceptions about the usefulness and relevance of
Al-generated recommendations. This mechanism was motivated by
the fact that LLM-generated recommendations, such as traditional
static analysis warnings, can include false-positive or low-relevance
findings in practice [1, 15]. By collecting developer feedback for
each recommendation, JADE aims to support future investigations
on warning acceptance, perceived usefulness, and the practical
relevance of static analysis recommendations during software de-
velopment.

The paper is organized as follows. Section 2 discusses back-
ground concepts and related work on static analysis tools and
static analysis-guided refactoring approaches. Section 3 presents
the architecture and main features of JADE. Section 4 describes the
experimental setup adopted in this work. Section 5 presents and
discusses the results obtained. Section 6 discusses the limitations
and threats to the validity of the proposed approach. Finally, Section
7 concludes the paper and outlines directions for future work.
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2 Background and Related Work

Static Analysis Tools - Static analysis tools analyze source code
without running the program [19], detecting potential warnings
such as logic errors, coding standard violations, and poor design
practices [2]. By raising warnings during development, these tools
support early issue detection and contribute to improved software
quality [14]. One of the most widely adopted tools in this con-
text is SonarQube [28], which supports more than 30 programming
languages and provides over 700 static analysis rules for Java. Sonar-
Qube classifies warnings into maintainability problems, bugs, and
vulnerabilities. Its rules and metrics have also been used in recent
studies, for example, to analyze code smells in code snippets written
by humans and LLM [5], detect readability changes in source code
generated by LLM [25], and measure technical debt pull requests
from GitHub [3]. In JADE, these static analysis warnings are incor-
porated into LLM prompts, allowing the generation of refactoring
suggestions, i.e., modifications intended to improve code quality
without changing the program’s external behavior [8], guided by
SonarQube static analysis rules.

Static Analysis-Guided Code Refactoring - Even before the
emergent use of LLMs, previous works have already proposed to
refactor source code based on static analysis tools recommendations.
The Styler tool [16] is an approach that addresses readability-related
improvements such as code styling. Their method collects warnings
from the Checkstyle tool [4] for each class and trains a neural model
to apply the linter recommendations. The JADE tool has a similar
objective of automatically addressing static analysis warnings but
focuses on SonarQube rules due to their widespread use in industry,
extensive Java rule catalog, and well-documented quality model.
Although the current implementation is limited to SonarQube, the
proposed RAG-based architecture can be extended to incorporate
rules from other static analysis tools (such as Checkstyle [4] and
PMD [22]) in future work.

Recent work proposed a hybrid approach that integrates static
analysis knowledge with LLMs at different stages of the generation
pipeline to improve the relevance and completeness of automated
code review comments [13]. In contrast, JADE focuses on assisting
developers during code improvement by generating refactoring
suggestions from static analysis warnings directly within the IDE.

Another work [9] combines SonarQube with LLMs to automati-
cally improve Java source code by repeatedly analyzing the code
with SonarQube, transforming the reported warnings into prompts,
sending them to LLMs such as GPT-4-mini and Gemini, and rean-
alyzing the generated code over multiple iterations. The results
showed that the approach was capable of significantly reducing
static analysis warnings, achieving average reductions greater than
58% in several scenarios while preserving the original functionality
of the code according to manual evaluation.

Similarly to this approach, JADE also combines LLMs with static
analysis tools. However, instead of automatically applying iterative
refactoring suggestions, JADE keeps developers in the decision
loop by allowing them to decide whether the generated refactoring
suggestions should be applied. This design decision is motivated by
the fact that some static analysis warnings and generated recom-
mendations may not be perceived as useful or relevant in practice.
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Figure 1: JADE VSCode plugin

3 JADE: Architecture and AI-Assisted
Refactoring Workflow

This section presents the architecture of JADE, including its integra-
tion with static analysis tools and LLMs. Furthermore, the plugin’s
usage workflow within the VSCode IDE and its main features are
described.

3.1 Tool Usage and Features

JADE was designed from the beginning as a plugin for the VSCode
IDE [29], as illustrated in Figure 1. The plugin is also publicly avail-
able through the Microsoft Marketplace [11], allowing developers
to install it directly from the VSCode extension menu. The decision
to implement JADE as an IDE plugin was motivated by the goal of
providing developers with direct access to refactoring suggestions
without requiring them to leave the development environment.
This integration also facilitates the collection of developer feedback
on the recommendations generated during programming activities.

3.1.1 External Tools. JADE integrates three external tools to sup-
port static analysis retrieval, vector search, and Al-assisted refac-
toring generation:

e Ollama [21]: LLMs are executed locally through Ollama. By
default, JADE is configured to use the deepseek-coder:6.7b
model for Al-assisted code review and Al-assisted refactor-
ing recommendation tasks.

e SonarQube [26]: JADE uses the static analysis rules provided
by SonarQube as a knowledge base to support Al-assisted
code review and Al-assisted refactoring recommendation
tasks.

e Qdrant [23]: Qdrant is used as a local vector database to store
embeddings generated from SonarQube static analysis rules.

3.1.2  Commands. Figure 2 presents the main commands currently
supported by JADE. The commands are available through the VS-
Code IDE Command Palette, allowing developers to access the
plugin functionalities directly from the development environment.
The current version of JADE provides commands for the execution
of static analysis, the generation of LLM-assisted refactoring, model
comparison, report visualization, and developer feedback collection.
The main commands include:

¢ JADE: Export Feedback opens the external feedback form
used to collect developers’ perceptions regarding the gener-
ated recommendations.
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Figure 2: JADE Commands

o JADE: Generate Fix with Al generates refactoring sugges-
tions based on SonarQube warnings using LLMs integrated
into the plugin.

o JADE: Analyze File executes the static analysis process on
the currently opened Java file and identifies potential code
quality warnings.

e JADE: Compare Models on Open Java File Compares
supported models on the currently open Java file.

¢ JADE: Export Model Comparison Samples Export official
benchmark samples to the workspace.

o JADE: Reset Setup Reset RAG setup state and return to the
embedded heuristics, such as SonarQube access token and
organization input.

e JADE: Run Model Comparison and JADE: Compare
Models on Open Java File support comparative analyses
among different LLMs.

e JADE: Select Ollama Model allows developers to select
the local LLM used during refactoring generation. In this
work, the selected models are JADE deepseek-coder:6.7b and
qwen2.5-coder:7b.

o JADE: Setup Configure the optional Docker, Qdrant, Sonar-
Cloud, and RAG setup.

3.1.3  Al-Assisted Refactoring Workflow. When a developer has a
Java class open in VSCode, JADE can be executed through the JADE :
Analyze File command. The plugin produces a report summariz-
ing the detected warnings and provides contextual explanations
describing the identified warning, as illustrated in Figure 3 (a). In
this example, JADE identifies a code smell related to a swallowed
exception, where an exception is caught but not properly handled.

By selecting the underlined code fragment highlighted in blue
color, the developer is presented with the JADE: Generate Fix
with AI option, as shown in Figure 3 (b). Once selected, JADE sends
the source code and the corresponding static analysis warning to
the configured LLM, which generates a refactoring suggestion to
address the reported warning.

Figure 3 (c) presents the resulting refactored code generated by
the LLM through JADE. In this example, the generated solution
throws an IllegalStateException with the message "Failed to execute
operation” while preserving the original exception instance.
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[AI] Swallowed Exception

Presenta a e.ja Detail: The exception is caught
but not handled. This can lead to undetected failures and make it

difficult to diagnose issues.

catch (IllegalArgumentException ex) {

(a) Warning identified by JADE and presented to the developer
inside VSCode

catch (IllegalArgumentException ex

e fix with Al
(b) JADE offering an Al-assisted refactoring option through the
VSCode Quick Fix interface

try
validateSeed(seed);

catch (IllegalArgumentException ex
throw new IllegalStateException(“Failed to execute operation", ex);

(c) Refactored code generated by JADE using an LLM to address a
static analysis warning

Figure 3: JADE Workflow

3.1.4  Report and Feedback. Figure 4 illustrates the feedback inter-
face provided by JADE to collect developers’ perceptions about the
usefulness and validity of the recommendations generated from the
SonarQube warnings. Through this mechanism, developers can re-
port whether a recommendation is useful, irrelevant, or potentially
false positive.

Previous studies have shown that developers’ perceptions about
code quality recommendations can be highly individual and context-
dependent [6, 20]. However, some categories of recommendations
tend to appear more frequently in practice, such as renaming-
related suggestions. By collecting developers’ feedback, JADE aims
to support future investigations on recommendation acceptance
and continuously refine its recommendation framework based on
developer perceptions and usage patterns.

3.2 Tool Architecture

Figure 5 presents the architecture of JADE, which is divided into
three main stages: RAG setup and preparation, Al-assisted code
review, and Al-assisted refactoring. RAG is a technique that com-
bines information retrieval with LLMs, allowing the model to access
external knowledge sources during code analysis and refactoring
generation. In JADE, the RAG stage is responsible for storing and
retrieving static analysis rules and examples from the SonarQube
ecosystem (SonarQube/SonarCloud), providing them as contex-
tual information to the LLM to guide the analysis and refactoring
process.

3.2.1  RAG Setup and Preparation. The first step represented in Fig-
ure 5 prepares the contextual knowledge base used by JADE. In this
step, the developer executes the JADE: Setup command and pro-
vides the Sonar server URL, which defaults to https://sonarcloud.io.
The plugin then redirects the developer to the platform web inter-
face to authenticate and generate an access token and organizational
key.


https://sonarcloud.io
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Figure 4: Feedback interface provided by JADE to collect
developers’ perceptions of the usefulness and validity of the
recommendations.
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Figure 5: JADE VSCode plugin Architecture

Once authenticated, JADE dynamically retrieves Java static anal-
ysis rules directly from the Sonar web APIs. To enable efficient
semantic retrieval, the tool generates vector embeddings of these
rules and stores them in a local Qdrant vector database. This local
database allows JADE to perform semantic similarity searches over
the Sonar rules later in the pipeline, retrieving the most relevant
coding standards and violation heuristics based on the source code
fragment currently under analysis.

The adoption of a RAG-based approach is motivated by the exten-
sive catalog of rules available in SonarQube. Including the complete
rule set directly into the LLMs prompt would drastically increase
token consumption and degrade prompt efficiency, a constraint that
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is particularly critical for locally executed LLMs operating with lim-
ited input token windows. Instead, JADE queries the local Qdrant
database to fetch only the rules and heuristics directly relevant to
the target code snippet, reducing the prompt size while preserving
contextual relevance.

Furthermore, because JADE dynamically retrieves SonarQube
rules during setup, changes to quality profiles or analysis rules
are automatically propagated by re-running the setup command,
without requiring modifications to the plugin. Consequently, the
LLM is based on dynamically retrieved domain-specific knowledge
rather than relying solely on its parametric knowledge.

3.22 Al-Assisted Code Review. During the review stage (Figure 5,
step 2), the developer executes the JADE: Analyze File command
over a Java source file opened in VSCode. JADE splits the source
file into batches of 50 lines and constructs a structured prompt for
each batch. This prompt is enriched with the specific SonarQube
rules retrieved via RAG that map semantic similarities to the code
batch. Each batch is submitted as an independent request to a
local LLM through the Ollama infrastructure [21]. Finally, JADE
aggregates the results, parses the model output, and converts the
suggestions into native VSCode diagnostics, allowing warnings and
recommendations to be visualized directly inside the IDE editor.

The system prompt follows a structured prompt engineering
strategy composed of five main sections: role (defining the agent’s
expertise), context (the input code and retrieved RAG data), require-
ments (operational constraints), critical (strict output restrictions,
such as valid JSON formatting), and response (the expected JSON
schema).

Due to space constraints, a simplified excerpt of the code review
prompt is presented in the following box. The complete prompt is
available in the replication package [12]. For this stage, the LLM
execution parameters were set to NUM_PREDICT = 4,096, STREAM
= false, FORMAT = json, TIMEOUT = 15 minutes, and TEMPERA-
TURE = 0.15, as lower temperatures favor stability in deterministic
software engineering tasks [10].

Prompt Template Used by JADE for Code Analysis

<role> "You are an agent specialized in Java static code
review, focusing on quality, maintainability, reliability.
<context> "In the following user message, data arrives in-
side <input>; with subtags. Variable parts may be wrapped
in CDATA to preserve special characters in the code...
<requirements>Mandatory rules: 1..14 Applicable editor
<critical>Reply ONLY with valid JSON: the first character
of your message MUST be "" and the last MUST be ""...
<response>Mandatory final format; all human-readable
fields ("summary”, "detail") must be in English

3.2.3  Al-Assisted Refactoring. The third stage (Figure 5 step 3)
corresponds to the automated refactoring workflow. After selecting
a warning generated by JADE, the developer can execute the JADE:
Generate Fix with AI command. In this step, JADE submits a
structured prompt containing the warning information and the
corresponding source code to the LLM. The model then generates
structured fix suggestions, such as line replacements or code range
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modifications, which are converted into VSCode WorkspaceEdit
operations and applied directly to the source code editor.

After a diagnostic is selected by the developer, JADE builds a
fix-generation prompt containing the diagnostic information and
the complete source code with absolute line numbers. The sys-
tem prompt constrains the LLM to generate minimal and safe Java
patches, requiring the response to be returned as a single JSON
object. The model can either suggest replacing a single line, replac-
ing a code range, or return no fix when a safe modification cannot
be inferred. Before applying any generated fix, JADE validates the
suggestion through multiple safety checks, including brace bal-
ance verification, placeholder text rejection, and indentation-aware
range validation. Fixes that fail these checks are discarded and the
developer is notified that no safe fix could be generated. This struc-
tured output allows JADE to convert the generated response into
VSCode edit operations while avoiding free-form textual recom-
mendations. All LLM requests were executed with NUM_PREDICT
= 4,096, STREAM = false, FORMAT = json, TIMEOUT = 15 minutes,
and TEMPERATURE = 0.05.

Prompt Template Used by JADE for Code Refactoring

You generate minimal safe Java patches for VS Code.
Allowed outputs: "fixKind":"replaceLine",'line":1,'newLineTex

non

: "raw Java source line"

"on

"fixKind":"replaceRange", "startLine":1, "startColumn":1,
"endLine":1, "endColumn":1, "newText":"raw Java source"
"fixKind":"none"

Rules: - Replacement text must be raw Java source only. -
Preserve indentation. - Prefer replacing the smallest state-

ment or block.

4 Comparative Study

To provide an initial assessment of JADE, we conducted an ex-
ploratory comparative study aimed at analyzing the code review
recommendations generated by the tool and comparing them with
the warnings previously reported by static analysis in a previous
study [5].

In a previous study, 351 Java classes were collected from Stack
Overflow, a widely known question-and-answer platform for soft-
ware developers [5]. The SonarQube static analysis tool was then
used to extract code warnings from these classes.

JADE provides a feature called JADE: Compare Models in Open
Java File, shown in Figure 6, which enables the comparison of
recommendations generated by two LLMs: deepseek-coder:6.7b and
qwen2.5-coder:7b. Using this feature, we manually analyzed the
recommendations produced by both models for a sample of 50 Java
classes and contrasted them with the warnings previously reported
by SonarQube in the previous study.

Because the goal of this study is exploratory, we intentionally
analyzed a smaller sample of 50 Java classes to allow for a detailed
qualitative comparison between traditional static analysis and LLM-
based recommendations. Although this sample does not support
broad statistical generalizations, it provides useful information on
the complementarity, strengths, and limitations of the proposed
approach.
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Figure 6: JADE comparing deepseek-coder:6.7b and qwen2.5-
coder:7b models for a single Java file.

5 Results

Table 1 summarizes the distribution of warnings identified by the
three approaches evaluated. Overall, the results indicate that the
LLM-based approaches and the traditional static analysis baseline
identify both overlapping and complementary code quality issues,
suggesting that the approaches provide different perspectives dur-
ing code review.

The baseline Previous Study refers to the warnings previously
obtained through the execution of SonarQube on these code snip-
pets in a replication package of a prior study [5]. These results are
compared with the code review recommendations generated by the
deepseek-coder:6.7b and qwen2.5-coder:7b models. Although LLMs
are guided by SonarQube rules through the JADE architecture,
models may still produce different recommendations and identify
distinct code quality issues.

Table 1: Distribution of warnings across the previous study
and LLM-based approaches.

Warning source # Warnings %
Only Previous Study 41 285
Only DeepSeek-Coder 32 222
Only Qwen-Coder 19 132
Previous Study + DeepSeek-Coder 18 125
Previous Study + Qwen-Coder 7 4.9
DeepSeek-Coder + Qwen-Coder 15 104
Reported by all approaches 12 8.3
Total warnings 144 100.0

Most of the warnings (92 out of 144, 63.9%) were reported exclu-
sively by a single approach, while only 12 warnings (8.3%) were
shared by all three approaches. This reinforces that the evaluated
approaches are largely complementary rather than redundant.

Considering the warnings reported exclusively by each approach,
the traditional static analysis approach in the previous study pro-
duced 41 instances of unique warnings, that is, code snippets for
which warnings were reported only by the static analyzer and not
by the evaluated LLMs. Examples include recommendations related
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to transforming loops into lambda expressions and Java naming
and coding conventions.

DeepSeek-Coder produced 32 instances of unique warnings, fre-
quently identifying higher-level semantic refactoring opportunities,
such as long method extraction and code structure refactorings,
that were not reported by the static analysis baseline. The smallest
number of unique warnings was observed for Qwen-Coder.

5.1 Discussion

By qualitatively analyzing the results, we observed that SonarQube
alone tends to focus primarily on predefined static rules, such as
naming conventions, variable declarations, and syntactic patterns.
In contrast, even when guided by static analysis rules through
the RAG context, the studied LLMs tend to perform code reviews
considering more semantic and structural aspects of the source
code. For example, the models frequently identified opportunities
for extracting long methods, simplify nested loops or potential bug
prevention.

An interesting case was observed in a code snippet containing
the statement boolean success = f.delete() ;. While DeepSeek-
Coder identified a potential bug related to the possibility that the
file referenced by variable f might not exist, SonarQube focused
on the fact that the variable success was declared but never used.
In contrast, Qwen did not report any issue for this code fragment.

We also observed instances of false negatives produced by the
LLMs. For example, in one code snippet, two occurrences of catch
(BadLocationException e){} were present. While both Sonar-
Qube and deepseek-coder detected the two occurrences, Qwen iden-
tified only one of them. In another code snippet, both deepseek-coder
and SonarQube detected unnecessary statements, whereas Qwen
did not report any anomalies.

In general, the exploratory study indicates that the LLM-based
recommendations complement, rather than replace, traditional
static analysis. This interpretation is reinforced by the observa-
tion that 63.9% of the reported warnings were unique to a single
approach, while only 8.3% were identified by all three approaches.
Although SonarQube consistently detects predefined rule viola-
tions, the evaluated LLMs frequently identify higher-level semantic
refactoring opportunities that fall outside the scope of rule-based
analyzers. At the same time, LLMs may overlook explicit or repeti-
tive issues that are reliably detected by static analysis.

6 Limitations

During the development of JADE, some limitations and opportuni-
ties for improvement were identified.

e Currently, JADE validates only the structural consistency
of the generated patches. Future versions will automatically
compile the project and execute the available test suites
before presenting refactoring suggestions.

o Currently, the static analysis process must be explicitly trig-
gered by the developer through the plugin commands. Al-
though this approach allows JADE to generate a complete
report regarding the analyzed class, some developers may
prefer a fully automatic analysis process that is executed
continuously during programming activities.

Neres et al.

e JADE currently relies on locally executed LLMs through the
Ollama framework [21]. Although this design avoids API
usage costs and external rate limitations commonly found
in cloud-based LLM services, it also introduces an additional
installation and configuration step for developers before
using the plugin.

e JADE currently relies exclusively on SonarQube [26] as its
static analysis backend. Although SonarQube provides a
large set of rules, future versions of the tool could bene-
fit from integrating additional static analysis tools, such as
Checkstyle [4], in order to expand the variety of supported
recommendations and code quality analyses.

o The current version of JADE is limited to the Java program-
ming language. Although Java is widely adopted in both
industry and academia, static analysis tools for other pro-
gramming languages could also be integrated into the ap-
proach in future work.

7 Conclusion and Future Work

This paper presented JADE, a VSCode plugin that combines static
analysis warnings with LLM-based refactoring suggestions to sup-
port software quality improvement activities. The tool integrates
SonarQube warnings into LLM prompts, allowing developers to
request Al-assisted refactorings directly from the development en-
vironment. In addition, JADE incorporates a feedback mechanism
designed to collect developers’ perceptions regarding the usefulness
and relevance of the generated recommendations.

In future work, one of the main goals is to promote a wider
adoption of JADE in order to collect and analyze a larger volume
of developer feedback. This feedback may support future investiga-
tions involving recommendation acceptance, frequently accepted
improvements, perceived false positives, and recommendations con-
sidered irrelevant in practice. Future work also includes extending
JADE to support additional programming languages, more static
analysis tools, and optional integration with online LLM services
in addition to locally executed models.

Artifact Availability

The artifacts associated with JADE, including the source code and
installation instructions, are archived as a versioned Zenodo record
(DOI: https://doi.org/10.5281/zenodo.22151529)
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