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Optimization of Minimum Spanning Tree and Shortest Path in Large-Scale Complex
Networks

With the proliferation of social networks and Internet infrastructure, fundamental graph optimization problems
such as Minimum Spanning Tree (MST) and Shortest Path face significant computational bottlenecks in large-scale
scenarios. Traditional Prim and Dijkstra algorithms exhibit notable efficiency degradation when processing complex
networks with tens of thousands of nodes, and existing research lacks systematic optimization schemes combining novel
data structures with parallel computing. This paper proposes a generic data structure adaptable to various network
topologies, deeply coupled with parallel computing strategies to support stable acceleration of improved algorithms
in heterogeneous networks. Experimental results on datasets including random graphs, small-world networks, and
scale-free networks demonstrate that at a scale of 10,000 nodes, the improved Prim algorithm achieves an average
runtime of 6.24 seconds, representing an approximately 50% improvement over the traditional method; the improved
Dijkstra algorithm achieves an average runtime of 5.12 seconds, also yielding a 50% performance gain. The proposed
method exhibits robust generalization and computational efficiency across different topology types.
Keywords Complex Networks; Minimum Spanning Tree; Shortest Path; Data Structure Optimization;
Parallel Computing
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