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Abstract

The prolific explosion of data in today’s digital sphere by
modern Al applications has created new challenges and
opportunities for business industries. This has necessitated
the development of scalable methods for analyzing massive
datasets stored in distributed systems. However, resource-
constrained clusters often struggle to process such datasets
due to memory constraints and the computational overhead
of distributed Al algorithms. This paper proposes efficient
multi-sample approximate computing (EMSAC), a novel ap-
proach designed to enable scalable analysis of massive dis-
tributed datasets on small clusters with limited memory.
EMSAC leverages multiple small random samples, processed
in parallel using sequential algorithms, to approximate the
analysis of the entire dataset. The approach has been imple-
mented in Spark using the LOGO computing framework to
address three key challenges: (1) efficient generation of multi-
ple small random samples from a massive distributed dataset;
(2) conversion of these data block samples to a partial RSP
data model and parallel execution of sequential algorithms on
the partial RSP data model to mine frequent itemsets; and (3)
aggregation of each data block result to produce the approx-
imate set of frequent itemsets of ). To guarantee the qual-
ity of random data block samples, we theoretically provide
a bound on the estimated number of data blocks to be se-
lected from the distributed data file. Empirical evaluations on
synthetic and real-world datasets demonstrate that EMSAC
outperforms traditional distributed and sampling-based ap-
proaches in terms of scalability, accuracy, and computational
efficiency. The findings have shown that EMSAC is suitable
for processing massive distributed data and generating accu-
rate approximate frequent itemsets with constrained clusters.
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