341 (77 DO NEE S Vol.34 No.l
2020 4F 1 H Journal of Hunan University of Technology Jan. 2020

do0i:10.3969/j.issn.1673-9833.2020.01.012

He FRERLARBR I S PRSI 7 10 58 L s

% OB, BRE', R’
(1 WIRE Tolk K2 HElEpe, IS Ml 412007; 2. hRGRS: Hhiba=bs, WIr Kb 410083)

W OE. AWAARKEP L FF RS @, AERH . AERGFHRRG, ATEHBREE, &4
FEALAAR T R a4 .8, RAT ¥ X587 kAT AR I, FFaP i Rk AT T3+ 5L, @it FAAG M, £4F
I T B VA TR P S R e R SRR Bk e P AT A R AR, 4R 69 A T REAUAR AR SR
Pl B . B R RAR R T R, e i AL AR B At T KR

KB FF AR RAALARM; FARRIG; Fo- KR, dReRadR

FESES: TP39I XEFRERG: A XEHS: 1673-9833(2020)01-0070-07

Blxxt&: ¥ &, BFE, BAri . A FHEALARG T FER4ENFEMRS L0 [J]. Hd ki
S, 2020, 34(1): 70-76.

Research and Implementation of Abnormal Mail Detection Method Based on

Random Forest Algorithm
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Abstract: Currently, such deflects as misjudgment and inefficiency can be found in the technology of filtering
Chinese abnormal mails. In order to efficiently solve this problem, this paper combines the advantages of random forest
algorithm, adopts Chinese word segmentation method to extract features, and calculates the weight of word frequency.
Based on a singular value degradation, this new approach performs better in filling in the algorithm to complete the
detection of Chinese abnormal mail. Compared with the detection results of various algorithms, the experimental results
show that the performance of the proposed random forest anomaly email detector is superior to other algorithms in
accuracy, recall rate and time efficiency.
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