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Pivot Table
Group-by & aggregation in Spreadsheets

Restaurant data: 20 attributes, 10K Tuples

171 attribute pairs to group by Problem 1: Data-Semantics-unaware Problem 2: Interpretability-unaware Problem 3: Redundancy
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Big pivot tables are hard to interpret Top-K recommendations overlap too much
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Insightfulness Interpretability

Variability in values offer insights Not all attributes are insightful Unexpected trends provide insights Unexpected outliers provide insights Some aggregates don’t Sparse pivot tables Concise tables are

Informativeness Attribute Significance
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Ensuring practical response time: Four scaling methods Empirical results: Ablation and Scalability

Ablation Analysis Scalability Analysis (110 Attributes, 581K Tuples)
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Proxy shows the strongest speed up Linear with #tuples. Exponential with #attributes.

SAGE ensures diversity

Utility Distance heatmap between pivot tables

Real users prefer SAGE over LLM & Excel

“SAGE seems to tell us more e o
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meaningful and helpful queries
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SAGE strikes the best balance
between response time and utility




