®13% Lo = B
Vol.13 No.6

it 82 M 5 & A
Intelligent Computer and Applications

2023 %6 A
Jun. 2023

XEHS: 2095-2163(2023)06-0072-06 hESES: TP181;C913 MNEERER: A

BT XGBoost WM EHBEXEMERBEL

O
(ZMIFSERRR B 5 KEEFRR, S=PH 550018)

T E. I Y BTSSR R IR AR R RO IR LR A PP T A ARG, BFSE PR ARIR R A BT KR R B R
LIRS B BRI F WL, Bz DUBOE IR S Y F8 R S0 UERIF T o A1 X LA BTl R, A S0k I 4 B AR G Jl) SC BT T &
AT AT AR UG SRR, IO FRAE 7 8 1) 125 , DR S0 UE BT $ 8 X 190 286 B S 55 T 10 8 2 1 57 BT XGBoost 1Y 19 2%
B SCTE TR AR IR | DT S5 B0 X} L5 SCRE TR TR S A T L T AR Y SVML IR SR AR AN Ty ik iR AT S B X
Lo, S5 R UEWT AR AE 4 TP B R bR b 380 8 T A P RS AR | Xof o 2% BeL 55 SC 7 T 25 9 ) o VAR

S PIZKERYY ; FEhR; XGBoost; 1%

The development of early warning model of network public opinion articles
based on XGBoost

FANG Xi

( School of Mathematics and Big Data, Guizhou Normal University, Guiyang 550018, China )

[ Abstract] The existing public opinion early warning model is mainly based on the index system to comprehensively evaluate the
level of early warning. However, in the current research, the establishment and quantification of the indicator system are highly
subjective. The indicators are obtained through expert experience and knowledge, and there is a lack of data—driven indicator
verification research. In view of the above problems, this paper designs a set of comprehensive and quantifiable early warning
indicators for network public opinion news articles, and uses the method of feature screening to verify the importance of the proposed
indicators to the early warning of network public opinion articles. Besides, an early warning model of network public opinion articles
is established based on XGBoost to realize the early warning of public opinion articles. We compare our model with SVM and
decision tree methods for public opinion early warning modeling. The results show that the model performs better than the other two
models in various performance indicators, and the early warning level of network public opinion articles is more accurate.
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Tab. 1 Comments on the change of the inflection situation list
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Tab. 2 Feature list of article pre—selected indicators
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Tab. 3 The correlation between pre—selected feature indicators and

early warning
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Fig. 1 The modeling process of article early warning based on

XGBoost
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Tab. 5 Performance comparison of three models
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Fig. 3 ROC curve of early warning model based on decision tree
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