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Abstract

In the securities industry, the processing and analysis of user data are critical technologies that significantly impact
business decision-making and risk control. However, the vast scale and complexity of user data securities companies led
to significant Shuffle operations and data skew issues in big data computations. Existing optimization methods either
relied on hardware upgrades or were limited by domain-specific constraints, failing to address the problem effectively.
To resolve this, a multi-group merging algorithm (MGMA) based on user relationships was proposed, which improved
computational efficiency and reduces resource consumption through effective grouping and optimization strategies.
Experimental results showed that, compared to the no optimized (NO) control group, MGMA algorithm achieved a 20%
data skew rate, 72% memory usage, and 61% computation time. All three indicators surpass those of the other four

comparison optimization methods.
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