i E R 4 N H http://www.c-s-a.org.cn 2017 4 264 FH S B

X EIFEIENEERE LY
5K DA
(P ERHEER RS W40, TR0 215123)

WO EE S RS T B 2 AR R O HLB = B fe S a8, Gl TS SimHash. MinHash. Jaccard.
Cosine Similarty £ 8L e BV, PLUCE Wi AR IR FRSvE, DA SRR M EVEHE I, HEXMES Jaccard
F1 SimHash HEAT T et 20 = A2 B ik JE T4 3C 1 Jaccard F1JET- Cosine Distance ] SimHash. £f%) LG
ZRZ IR B R, SR T Sehn) LEALI A LB, SRS R U BRAT B A G, W 2R BN
gelg, IF4iE 3000 BEAEFEASCIGUEY]: okl SimHash HAZSEY) SimHash ﬂﬁ&iawmﬂ@}#%ﬂﬁ@? Brgsail)
Jaccard BAE4E Jaccard, A HIRIZE T 17%, SR E T 50%; MinHash+45 B 4) ﬂﬂl Jaccard+IK Analyzer %
Be o AIE R FERG S = T 96% 451 T, #EA 75%U\J:H’Jm7n7@$ PR MR 3L MinHash 22 T R RS 1
T Jaccard, {HAFAE LUESSIN [A)A 0, £R-A R I U

FKHRIA: BB, REEE; AR ﬁiﬁﬁﬁﬁ%

Neg

Duplicate Removal Algorlthm for Public Opinion
ZHANG Qing-Mei,
(School of Software Engineering, University of Science and Technology of China, Suzhou 215123, China)

Abstract: In big data services, duplicate removal of public opinion information is inevitable, and it lacks theoretical
guidance. There is a research on the classical duplicate removal algorithm such as SimHash, MinHash, Jaccard, Cosine
Similarty, as well as common segmentation algorithm and feature selection algorithm in order to seek excellent
performance of the algorithm. The Jaccard based on short article and the SimHash algorithm based on Cosine Distance
are proposed to improve the traditional algorithms. Aiming at the problem of the low efficiency of gxperiment on many
research subjects, the strategy is adopted that filters out algorithm of obvious advantages by vertical.comparison firstly,
and gets the most appropriate algorithm collocation by horizontal comparison secondly, at last,";nakes a comprehensive
comparison. The experiment of 3000 public opinion samples shows that improved.SimHash has better effect than
traditional SimHash; improved Jaccard increases the recall rate by 17% and improves the efficiency by 50% compared
with traditional Jaccard. Under the condition that the accuracy is higher than 96%, MinHash+Jieba full pattern word
segmentation and Jaccard+IK Analyzer intelligent word segmentation has more than 75% recall rate and good stability.
MinHash is a bit weak than Jaccard'in kthe aspect of removal effect, yet has the best comprehensive performance and
shorter feature comparison time.
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