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MOTIVATION

LLM

Large Language Models (LLMs) are data-driven techniques, so “Garbage in, 
garbage out” (GIGO) remains actual.
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RQ1

What are the known data 
smells for code-related 

tasks and the strategies 
adopted to remove

them?
?
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RQ3

How frequent is the use 
of strategies to remove 

data smells among 
different coding tasks ?
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SUMMARY: FIXING


