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Abstract—Microblog is one of the largest communication platforms of the Internet in China. The huge data generated
by microblog contains huge commercial value and social value. People try to analyze the huge microblog data to obtain
the required fields or useful information. This paper encodes and implements classifiers such as logistic regression,
naive Bayes, support vector machine(SVM), xgboost and KNN to classify text data in microblog data. And Then, using
several different indicators such as accuracy (ACC), precision (PPV), recall (SEV) and F1 score (F1), the classification
results of different classifiers are evaluated under the microblog corpus set. Finally, through the experimental
comparison, the classification performance of the classifier is compared and analyzed.
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HAHERAIE N 0.80, FHUOZBH[AH 72545 A1 XGhboost
Iy RER, FEWRE AR DU 25, e IR

0.66. 1fXfT ROC HhZk T (AUC), XGboost.
SVM Fl& %R K485 (0.88), ffR & Dint:
Hr (0.72). FrUMEARSCEARET, MEREHLF 152K
#s& XGboost 73288, FINTERERRYE AUC {R150HT,
7E AUC #1504 0.88 [ = A5k XGboost #HE fif % i
=N 0.79288; 25 B EfsE SVM FIIZ A [A] 5 53 S5 28 Al
BEHLARAK, FREIE KNN 2903588, PhAE R 2= 12 A
EL BT, et R
R 2 6T score W4T (ACC) F0 AUC SFEE

Pae R 2 (ACC) AUC
T 0.665671 0.72
SVM 0.783172 0.88
KNN 0.746 0.82
XGboost 0.79288 0.88
EH RS 0.789644 0.88
BEMLAR K 0.794374 0.87

XFT lab 29 1 BIRRR], 6 > AT AN [l
REFRFR U 3R 3 iz X1 lab 7y O BV R, 6 2>
KA A PERESR AR U T 3R 4 T

3= 3 6 Moy AEErT FRIARIAAY M BEFS AR PPV, SEN, F1 Xtk

S PPV SEN F1
-3 0.66 0.58 0.62
SVM 0.89 0.61 0.72
KNN 0.79 0.63 0.70
XGhoost 0.83 0.70 0.76
B A 0.87 0.64 0.74
EHLER AR 0.82 0.72 0.77

MK 3 FIFK 4 ATLAE H, FhE DU o 28 Xt T
lab 4 O FI7E R RIR I LT, 4r 21 fE PPV, SEN. F1
EAMER R . RN FLI8PRSES T HERIIE 578 S1m, A
PATESE RANEE] PPV, SEN Huphii ik, L F1
EARPR LR, s P FLAEIRARME N L Bchn 1, PTLLE
HH SVM. KNN. XGboost. LR. RF 43r3588%}T lab
N0 BIVE R R I EL AN 2R D B e R B8 T g, 402
PERE F1 fEAnSE . MUEASCERIRE T, AMorkas
(NB. SVM. KNN. XGboost. LR. RF) X} T 4%
TR ARG R BRI RIWEL. 275
TH AR 5 AR AR A IR AR TN 45 FR PPV SEN. F1 41k
5 fiR.

4 6 Mo AENTTIHRIAAMEREIEHR PPV, SEN, F1 XJEE

AT PPV SEN F1
T -3 0.67 0.74 0.71
SVM 0.73 0.93 0.82
KNN 0.72 0.85 0.78
XGhoost 0.77 0.88 0.82
AR A 0.75 0.92 0.82
Fifi LA AR 0.78 0.87 0.82
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iHIL LLE 6 4 2RAs 2 T ELL, ATLLE H SVM.
BEHLARAR 4 [E ] XGboost 73 L4 7E fir A $8 b5 1
BRI RAFTERE, KNN AT DT Bk P R AN 2
8, XEME EATAREAE & AR SRR SR T SO
K. XIS S TR A S5 A A e A K —
Ffo

R 5 6 AITANEEMRIEREIEIR PPV. SEN. F1 XEE

KA PPV SEN F1
T 0.665 0.66 0.71
SVM 0.81 0.77 0.82
KNN 0.755 0.74 0.78
XGhoost 0.80 0.79 0.82
#4[n] )5 0.81 0.78 0.82
BEHLAR AR 0.80 0.795 0.82

CHER[ASEER A58 /2. KNNL Xgboost i A3
A5rJE, SVM. LR RIFEE, MkbaE DIt or 2548
fE AUC. PPV PEREVHL RIS RIS, HEEHE
fabs B RIUAEAR o A SCH b 2 AL SCHR[1] 1) BE Al b
SEELE, R T MR AR . AR SCR SRS S b 4
WH TR S A —FE M R G LA R LS

(D SCRRAVESCER SCAR R R fe b, B 2500
A B HIE 150 NRAN . ASCRERRR, R
e tHILAE R R 0T EoRAE, S i) i B SRR AR 1 3
PN GRG0 2 A

R 6 OMNABRERELELIEN K EEBIINEFEN

ST TN TP FN FP SPE SEN
mrtd; | 3165 | 2183 | 1567 | 1119 | 0.7388 | 0.5821
SVM 4008 | 2284 | 1455 | 287 | 0.9332 | 0.6109
KNN 3649 | 2344 | 1406 | 635 | 0.8518 | 0.6251
XGboost | 3760 | 2610 | 1129 | 535 | 0.8754 | 0.6981
i m | 3933 | 2411 | 1328 | 362 | 0.9157 | 0.6448
BEMLARAk | 3733 | 2675 | 1055 | 571 | 0.8673 | 0.7172

(2) HTSEE I SCARBEE A 3 T3 5 e
BT ERFEA, HIEERAKNE SYM. Xgboost.
BEALARMR > S35 B . 1 SCRR[L] s 2 R A K&
5000 2% iEEcE, B TR EREA, (EANE DIt
SRR XU 7B EREAR, AT
AR RARBATE AR SLIG 6 Fhor 288 T 5 15
B IR FERE, F3hit5 SPE Al SEN, 551K 6 ()4
B ME 6 ALIEH, SPE #h%& T SEN, KWt 6
Bl 4y 2648 TG Be 77 U B K 32 3 v AR 1) e A
Fo AR, ARSCHEALLER S SCHR[L] R 9T 4 18 B A —
.

4 ZEFRIE

ARG T T2 0T (LR) « #hZ Ulnt
#H (NB) . Z#FEHNL (SVM) . KNN. XGboost.

7

BENLARFR T V50 50 2548, o 5% TOAL 2 5 Rk e S
AREAREHNAT I, RAMEFRE (ACC) . Fx
(PPV) . [HIH#*% (SEV) . fl-score (F1) . PPV,
SEN %547 AN e bR, 75 H 2B id i i 4 -
XF 6 o3 1 SR FIEAT VAR RS LE A, X
IAETPLIX 6 Fhor R e mtERe . T sLiext bk, wreL
ST AE AU SCAC N SR 4R b, AR SREsEHr A
AT B T B A AN [ 00 FH B RN 43 2R A0 R

& £ 3wk

[1] P. Wang, Y. Yan, Y. Si, et al.Classification of Pr
oactive Personality: Text Mining Based On Weibo T
ext and Short—answer Questions Text[J].IEEE Acces
s, 2020,8: 97370 - 97382

(2] BRI 2%, 5615 80 g 508 SO RO s [T, 15
WIRZE, 2016, (2):1-6

(3] BRELEH, Bai—, T/NS. Bha SRR R E i o o
TR AT [T]. H o5 B4R, 2016,30(4) : 184-192

(4] ZERGIE, *LIk, 8hIm2% . LT X0E ) g (4 s 22 2808 i
JrELT]. TR, 2016, 44 (9) 12068-2073

(5] ¥Rk, skits, BUKLL. S CNN-SVM AN A () B i e 1
T M [T, R T2, 2017,3(3): 77-85

(6] #Rai, 2k, BXHE. BETF SVM 23 [T Tt 13 B e L]
1Z B2 AW, 2017,3(12): 1129-1133

(7] XISk, o] 4. JE T ZUFE RO Mt 72 [T, o
BHL TR, 2017,43(12) :160-164, 172

(8] BT . JET I 2 >0 BB 0 A U RS AR 175 18K 4 BT Tk 7
[D]. M &= ME RS, 2020

(9] ZEfk. TR 2% S MO A SCA S I A s AR 58 [D].
Paz: PR K&, 2020

(10] <8R, BT, Sk, fla 17 AR IE AR BE 2% 2T A4
B AT T 1. BETF K24k (A ARRF#MR) . 2020, 53 (5) 177
- 81,86

(111 BRF, M-FfE, D 20°F. BT oA B A iR B 2 5
AR ], HFENLSEF TR, 2020, 48(7) :1674-1681

(12] WA, S E 1R, JIA. ST HLEE 2 ) BRI e A B4
MriJ] 55 m (B R) . 2020, 32(12) :71-73

[13] H%, XIFEF, XAKE. JETF SVM B ROE RS B s
Spr I, Fer@ sttt . 2020, (1) @111, 117

[14] AN, FHZS. T B A2 N 2% 1) 22 YEA5 A0 s S0 AT %
AT [I). THENL S EE TR, 2020, 48(9) :2244-2247

[15] TEAME. JET AR DU 43 28 S0k i sl SOA 1) 45 8 o
Mgt [J]. hEHEME. 2019, 21(08) :114-115

[16] WZEZE, T, PIE. T Logistic [HIJAMIAL KM iH
BRI A ). THEALSEE TFE. 2018,46(9) @ 18
24- 1829, 1843

(17] FEgRil. KEARIZHE 5N M), Jb5T: JEH R A,
2017

(18] BT &, T LA ) Sk i BE 81 I i Tl 5 L s
WEFEID]. AL WK, 2020.

[19] LAFwE. JL T 905 ST (1 s B M 4 i i 72 (D] i
W EBE TR, 2019.

2325-0208 /© 2021 ISEP





