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Aggregation is widely used to extract useful information from large volumes of data. In-memory databases are rising in popularity due to the demands of big data analytics applications.
Many different algorithms and data structures can be used for in-memory aggregation, but their relative performance characteristics are inadequately studied. Prior studies in aggregation
primarily focused on small selections of query workloads and data structures. We undertook a comprehensive analysis of in-memory aggregation that encompasses 20 popular and state-of-
the-art algorithms and data structures. Insights gained from theoretical and empirical evaluation are used to identify the trade-offs of each algorithm, with the goal of offering insights to

practitioners. Our results allowed us to identify the best approach in different situations, based on specific characteristics of the query workload and dataset.
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