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Goal and Research Questions

 Research Questions

◼ RQ1: How effective are LLMs in detecting code smells?

◼ RQ2: How do LLMs compare with static analysis tools?

◼ RQ3: How effective is combining LLMs and Tools?
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 Our goal is to investigate the effectiveness of 

LLMs in detecting code smells in Java projects
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Used Dataset

 We analyzed 1,182 classes for code smells from 30 open-

source Java projects

 Nine code smells

◼ Data Class, Dispersed Coupling, Feature Envy, 

Intensive Coupling, Long Method, Large Class, 

Long Parameter List, Refused Bequest, and Shotgun Surgery

 Four LLMs and four static analysis tools

◼ GPT-5 mini, Llama-3.3, DeepSeek-R1, and Qwen2.5-Coder

◼ JDeodorant, JSpIRIT, Organic, and PMD
4



Software Engineering Lab (LabSoft)

https://labsoft-ufmg.github.io/

Study Steps
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Summary of Results
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Some Findings

 LLMs are effective for “easily detectable” code smells, 

such as Data Class, Large Class, and Long Method

 Static analysis tools are better than LLMs in some more 

complex smells, such as Refused Bequest and Shotgun Surgery

 Combining LLMs and static analysis tools has shown 

promising results
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2nd Study: Fixing Code Smells (SANER 2025)
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Goal and Research Questions

 Goal: Understand the strengths and drawbacks 

of LLMs in fixing code issues

◼ Two LLMs  (Copilot and Llama) refactored

127 code issues in 10 open-source Java projects

 Research questions

1. To what extent can LLMs fix maintainability issues?

2. What are the main mistakes made by LLMs when fixing code issues?

3. To what extent do developers find LLM solutions 

more readable?
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Study Steps
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Some Results about the AI Mistakes
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All LLMs make mistakes, such as compilation errors and test failures
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Some Findings

 Fixing rate is low

◼ Few-shot Llama fixed ~45% of the methods, while zero-shot 

Copilot Chat and Llama fixed ~330%

◼ LLMs also include many compilation and testing errors

 LLM refactoring improve code readability

◼ Almost 70% of participants observed readability

improvements
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