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Abstract

Although recent machine learning-based approaches have shown promise in predicting SQL query
performance, most studies primarily focus on improving prediction accuracy, leaving the interpretability of
black-box models largely unaddressed. To address this limitation, this study proposes an explainable
Al-based SQL query performance optimization recommendation framework that integrates performance
prediction with post-hoc explanation techniques. The proposed framework was evaluated in a PostgreSQL
environment using the 22 standard TPC-H benchmark queries. Experimental results demonstrated strong
prediction performance on the test set, achieving a MAE of 359.846 ms, an RMSE of 466.056 ms, and an
R? score of 0.9563. Furthermore, SHAP analysis revealed that statistical features of execution time and
structural features of the execution plan were the major factors affecting performance, while LIME
analysis demonstrated that the prediction results could be explained at the level of individual SQL queries.
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Table 3. Performance Prediction Result

Metric Training Set Test Set
MAE (ms) 0.013 ms 359.846 ms
RMSE (ms) 0.025 ms 466.056 ms
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LIME Feature Importance with Quantitative Values
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SHAP vs LIME Feature Importance Comparison
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Fig. 5. SHAP vs LIME Feature Importance Comparison
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Table 4. Frequency by Recommendation Type

Recommendation Type Frequency Rate
Index Recommendation 22 100.0%
Memory Tuning 22 100.0%
Recommendation
Sort/Aggregatlpn 17 77 3%
Recommendation
Query Slmpllflcqtlon 14 63.6%
Recommendation
Statistics Recommendation 4 18.2%
Join Rewrite o
Recommendation 2 9.1%
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Table 5. Recommendation Type for Query Q05

Query Q05 RecomTrcsgdatlon Priority
select n_name,
, sum(l_extendedprice * Index high
(1-I_discount)) as revenug Recommendation
from customer, orders
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