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Abstract

Accurate prediction of query execution time remains a critical challenge in modern
database management systems. Traditional query optimizers rely on static cost
models that estimate relative resource usage rather than actual wall-clock execution
time. While these estimates are effective for plan selection, they often correlate
poorly with real execution latency, particularly for complex analytical workloads
involving joins and aggregations [1, 2]. This discrepancy limits the effectiveness of
higher-level database functions such as workload scheduling, resource provisioning,
and service-level agreement (SLA) management.

Recent research efforts in the area of AI for Databases have explored learned
cost models and learned query optimization techniques to address these limitations
[3, 4]. Although these approaches demonstrate promising accuracy, many rely on
deep learning architectures or require invasive modifications to the database engine,
which can hinder adoption in practical and resource-constrained environments.
Consequently, there is an increasing demand for lightweight and interpretable solu-
tions that can complement existing database systems without disrupting their core
functionality [5].

In this paper, we present a practical framework for predicting query execu-
tion time in PostgreSQL using gradient boosting regression trees (GBDT). Un-
like deep learning-based approaches that treat the database system as a black
box, our method exploits interpretable features extracted directly from the stan-
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dard EXPLAIN (FORMAT JSON) output. These features include operator types (e.g.,
Hash Join, Seq Scan), estimated cardinalities, index usage indicators, and struc-
tural characteristics of query execution plans. Importantly, all features are obtained
without modifying the database engine or introducing additional runtime overhead.

We evaluate the proposed approach using the TPC-H decision support bench-
mark under a controlled single-user execution environment in order to isolate
query performance characteristics. Preliminary experimental results indicate that
the proposed lightweight machine learning model consistently outperforms Post-
greSQL’s native cost-based estimates when predicting actual wall-clock execution
time. In particular, the learned model achieves a lower Mean Absolute Error (MAE)
and a higher coefficient of determination (R2) compared to a linear scaling of opti-
mizer costs. Feature importance analysis further reveals that while the optimizer’s
cost estimate remains an informative input, plan-level structural features—such as
the number and type of join operators and specific index access patterns—play a
crucial role in correcting systematic biases of the cost model.

The key contribution of this work is demonstrating that accurate and practi-
cally deployable query execution time prediction can be achieved using lightweight,
interpretable machine learning techniques built on standard database interfaces.
The proposed framework complements traditional optimization mechanisms and
enhances database observability in applied informatics settings.
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