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Abstract

Big data is a research hotspot emerging in the computer field in recent years. Clustering can solve
problems in the field of big data, such as data mining, machine learning, and text processing. Aim-
ing at the problems that parameters of traditional DBSCAN algorithm need to be set manually and
the algorithm speed cannot adapt to the application of big data, a DBSCAN optimization algorithm
was proposed. The KD tree was used to speed up the search for neighborhood objects, significantly
reducing the running time of the algorithm; at the same time, the density threshold (Minpts) was
adaptive by calculating the mathematical expectations of all neighborhood objects; then, a text
clustering process was designed, and the weights of feature items were optimized through
SD-TF-IDF to complete the text clustering task; finally, it was applied to the mining and analysis of
big data of computer experimental text in colleges and universities, and good results had been
achieved.
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Figure 1. Text clustering based on DBSCAN optimiza-
tion algorithm
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Table 1. Results of clustering calculation

F 1 BEHELER

A SCRY AR AR RS RAIEHIEL A H% A%
THI 1] ot AR 3 B T SR 44 1 58 36 81.8% 62%
Hd a0 5 5 74 2 96 64 86.4% 66.7%
Hs R PR B SRS 76 2 82 64 84.2% 78%
KRB AR 270 5 290 254 94% 87.6%
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