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Introduction
Current LLMs struggle to accurately 
grade student SQL queries, often 
failing to account for logically 
equivalent solutions. This study 
examines the conditions under which 
LLMs can most reliably evaluate SQL 
submissions, comparing their 
assessments against human grader 
benchmarks to identify the most 
effective approach.

Results

Materials & Methods

ConclusionFuture Work 

Four commercial LLMs were evaluated: Gemini 
Flash, GPT-4.1-mini, GPT-o4-mini, and Claude 
Sonnet 4.6. Strategies applied iteratively 
included: (1) deductions-only rubric formatting, 
(2) few-shot calibration examples, (3) strictness 
calibration notes, (4) anti-double-penalization 
rules, and (5) grade curving. A median ensemble 
combined scores across all models. All systems 
were benchmarked against 139 student SQL 
submissions from a midterm exam.

• Utilize an agentic framework for further grading improvement
• Combine grading pipeline with LLM-generated practice problems

Prompt engineering, particularly strictness calibration and anti-double-penalization rules, reduced 
Gemini's mean grade difference from −7.9 to −0.8 points. GPT-o4-mini achieved the highest overall 
agreement at 27.0%. The median ensemble provided the most consistent question-level performance. 
These results demonstrate LLMs can serve as viable grading supplements when carefully calibrated.

Iterative prompt 
engineering significantly 
improved LLM grading 
accuracy across all models. 
The table visual compares 
each major strategy 
against the human grading 
baseline (mean = 43.4, SD 
= 6.8).
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