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FRAFARE, R )E A A HDBSCAN 4% £ THUCNews #= Sogou # #% & Lt i £ M B £, A 4 ¥ A Doc2Vee &% ,.DV-
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Study on Long Text Topic Clustering Based on Doc2Vec Enhanced Features

CHEN Jie

School of Data Science and Information Technology,China Women’s University,Beijing 100101, China
Abstract Aimed at the difficulties of semantic representation of long news text,an enhanced document feature representation is
constructed based on Doc2Vec embedding and word vector weighting. Enhanced features from the specific parts-of-speech con-
tents on the head and tail of the document are extracted by the method of DV-sim or DV-tfidf. These features are then combined
with doc2vec to form a new global representation. DV-sim uses the similarity between feature words and doc2vec vectors to ob-
tain word weight from the semantic point of view,and DV-tfidf uses term frequency inverse document frequency to obtain word
weight from the word frequency statistics point of view. Then the HDBSCAN algorithm is applied to cluster topics on the Thuc-
news and Sogou datasets. Compared with the Doc2Vec vector, the noise number on the two datasets reduces by 60. 82% and
60. 63 % ,the accuracy improves by 12.14% and 20. 58% ,and the Fl-score increases by 15.61% and 11.58% ,respectively, with
DV-sim. The noise number on the two datasets reduces by 15. 20% and 59. 55% . the accuracy improves by 10. 85% and
17.93% ,and the Fl-score increases by 15. 60% and 9. 21 % , respectively, with DV-tfidf. Experiments show that both DV-sim and
DV-tfidf can improve the performance of topic clustering, and the enhancement feature based on semantics is better than that
based on word frequency. DV-sim has also been effectively applied in topic clustering of excellent female character reports.
Keywords Topic clustering, Text representation, Doc2Vec, Word embedding, HDBSCAN
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Fig. 2 Topic clustering process based on Doc2Vec enhanced features
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F 1 OHIRERNEARR

Table 1 Basic information of data sets
dataset average proportion of samples with proportion of samples with proportion of samples with
length length less than 1000 length of 1000~3000 length greater than 3000
THUCNews 1383.7938 46.80% 46.16% 7.04%
Sogou 1006. 4038 64.73% 31.20% 4.07%
Women 1848.97268 12.54% 77.57% 9.90%
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Table 2 Cluster performance on THUCNews dataset

XHHE  HEEH EAH RFH ACC WF1
DV 12 9 513 0.7856  0.7698

DV-sim 14 10 201 0.8810  0.8900

DV-tfidf 15 10 435 0.8708  0.8899
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Fig. 3 Cluster result using DV vector on THUCNews dataset
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Fig. 4 Cluster result using DV-sim vector on THUCNews dataset
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Fig. 5 Cluster result using DV-tfidf vector on THUCNews dataset
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Table 3 WF1 of DV,DV-sim and DV-tfidf on each class of THUCNews dataset
#HHE K & ®wH B B i s # IR R E
DV 0. 896 - 0.815 0.982 0. 889 0. 886 0.688 0. 88 0.877 0. 827

DV-sim 0.903 0.847 0.795 0.978 0.911 0. 890
DV-tfidf 0.902 0.861 0.807 0.978 0. 895 0.892

0.916 0.923 0.868 0.853
0.932 0. 909 0.871 0. 830
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Table 4 Cluster performance on Sogou dataset

X BE  zm  %F -
mg %o %o wg OC MR
DV 11 10 2586 0.6503 0.7372
DV-sim 12 10 1018 0.7841 0.8226
DV-tfidf 12 10 1046 0.7669 0.8051

1 Sogou U E4E b . DV-sim JiES B R LE FunE 6
FRoR  Hodr 8 59 543 Sl 55 B A £ 52 R0 A= JHLC J A R AH O
AALL DV J5 ik, DV-sim B M A £ 2> 60. 63 % , ACC Fl WF1
35 3R 7 20, 58% Ml 11. 58% ; DV-tfidf Ay Mg 7 % w2
59.55% ,ACC Fl WF1 43 I $&%& 17. 93% Ml 9. 21% ., DV-sim
TR ) i 0 SRR RE T AT

uE THiE EYN
1018 BT ¥ A0 HE PR ¥ HE RK 2R 20

L
s

0 1005 LI HA MR NG BE MF IHh AFH TFE AE &
1 1018 T3 FF EE A W EX) BE RH RE IS ¥
2 o3 mith MR ®W BN BT EF B Lk ti #E B
3 1117 BRH HE KITH BE BE W RE S0t B 2K iz
4 843 A8 BE RR BH T EH TH RE HRAS N ME
5 788 ¥H AF RE R Bh R HE T LHEE RPN AF
6 860 FF F AF W UF =R RS AR B 2l L
7 904 RE BH EE WH BT LR SN 20 AS B e
8 777 A Bk BE B2 KA FA KA HY EE i i
9 158 BA kA B kit 0B AF B Bl ER BR 3
10 150 Fif B3 £% MR Wik 618 &F £ W EX "
11 449 FE RE TU TR RB PR W R FE AF #E

[ 6  Sogous fili il DV-sim 3¢k [] & 1) B8 2 45 J
Fig. 6 Cluster result using DV-sim vector on Sogou dataset

3Ry IR AE AR 1 WL A an sk 5 frdl.,

#5
Table 5

DV.DV-sim il DV-tfidf 7 4% 25 I #) WF1(Sogow
WF1 of DV,DV-sim and DV-tfidf on each class of Sogou
dataset
ME e WK KE OEF KE AF ME FF HKF
DV 0.614 0.560 0.668 0.949 0.924 0.743 0.746 0.651 0.719 0.798

DV-sim 0.794 0.682 0.794 0.976 0.945 0.830 0.845 0.803 0.865 0.692
DV-tfidf 0. 795 0. 629 0.658 0.976 0.950 0.860 0.78 0.806 0.806 0.791

(2)Women $H6 45 11 32 BRI

R[] e 300 4 36 T A o S AN (R 1 R R R N
Big i, B oK HDBSCAN %375 9 min_count Z 50K B N
50, BN A 50 AMREA, JiAh xR AR 4 [ 0 4
A 45 RS 1 A 28 1 A B AR R, T RAAS B R Ry
WAL SR AT T A TR X TR 3 E TR =9 TR,
Ak A 7= Aol 22 BRI R L AR A A Tk R

R — R TANEFER DT A FERTAE RS TECRE
2 ARAT B ) L TAE B LI AN (B RS .
RETE TR RIS H .

A DV AR M HCh 1906, 23 R3S A
DV-sim 3 % /) SR i 5 2R 28, 45 AN 7 BT, RS B0 2>
43.07%. M T 11 S/ 17 5 M, R0 4TH. & 8 fF
RAERBEE TR SN REZHMERXR Ko
BEM1E5.95/M105 .21 5/ 22 SHEE A LB L, NEW
AHOCHEAR & o MR &5 A R 25 I 32 IR R 2 Uk SR 2 I AT LT
R M 356 A 3 1 ERIECH

|8 B E3 0] %3
| -1 1085 BiF A 8BS 1)L LT LE 8% EA Bl TR
| 0 1092 Ml A BR RR R Rk BR R el Rt RipEe=
| 1 76 HR B& B2 2H RE X G B HE HFS RHIHE
| 2 72 3% QBX)LE HR ED DR IM FE MR B B QEBIE
| 3 113 #R B B4 RE TR HAR BA RR #8 /R B RR
| 4 367 Rff EZ® HPA EE AR AR BB X HR AR ERER
j 5 98 #13 K FDIA BB 1T B@E PI FD 28 A% —H%IA
| 6 116 K& KE BRF AR #M FM ARF JIF EA FE B5IHE
| 7 225 HE BR PR EA BS B& AR BE THE 4 #EIME
| 8 230 RE B& AL NE B MEA AR R Rt XF  ARRE
| 9 360 MA BE ER MR EE L 8T FA AE EF EFIHE
| 10 223 75k PHIE ERR BE B OF W& HiE HE #E EFIHE
| 11 53 EP WS RF AP 28 AL %7 Bl BUE AT R&EIHE
12 117 RABA RS B RS &t 8 b5 HH Rk 58 RETHE
13 110 HE YIS RS ZNR TFE 28 XTF #F AR 2w HEER
| 14 162 BB XK &1 FA Y% XX TR BR RR T EBBANIER
| 15 250 AF #A %8 @it If £~ AT 1 78 &l —4#%IA
| 16 56 MEA 15 BA N8 Px BF £& £E §F 8 =E 1=
| 17 55 B8 BT B0 &) B )LE #8) 8F #2 BE LA
| 18 479 FE ER FR BF 8% 8F 8W IF K ¥ BRI
| 19 100 #R AFR AF # A% XRE B AF BR 26 HHIE
| 20 875 W A8 gk AT =2 KR mH S8 £~ HMLT RULEE
| 21 77 A RK EZFL0K BH 72 RR P28 25 RS 8% BLPA
| 22 245 BB FA XX BE A2 TR LT 03 HE 28 EOBA
| 28 191 #if {ER EAR FI BE K2 8IfF RV B ME FIRZ
: 24 167 AH XL B 2K XF &5 AR B Ak X2 XEIfE

[# 7 Women {li il DV-sim SCAY [f] & 19 B 2 45 51

Fig. 7 Cluster result using DV-sim vector on Women dataset

11617181520 111223242 011913 1421223910 56 7 4 8
Bl 8 Women fili H§ DV-sim SC#4 [ & 1 2 IR R E
Fig. 8 Hierarchical cluster diagram on Women dataset
MACEZ 1000~ 3000 YT K P % 10 DM FEA, DV M
DV-sim B R4 R MK 6 5,

%6 DV Hl DV-sim 7F Women 5454535 0 FEAS B 19 RS 45 1

Table 6 Cluster results of DV and DV-sim on some samples of Women dataset

url title DV DV-sim
http://www. women. org. cn/art/2009/2/17/art_24_139836. html FEZCFERAFHLRK —1 Nk
http://www. women. org. cn/art/2017/7/13/art_24_151491. html HWARFR L& EEH R B L —1 E % T
http://www. women. org. cn/art/2009/7/16/art_24_143315. html b M R E AT —1 A A
http://www. women. org. cn/art/2009/6/1/art_24_140132. html MEF . “BEER"EEHAWAL —1 BB E L
http://www. cnwomen. com. ¢n/2021/01/27/99219765. html R LR EREEF R ERE A NP E % T
http://www. women. org. cn/art/2007/12/17/art_24_141245. html RE.FAEBRAL ROAKTH & Tk —% T A
http://www. women. org. cn/art/2008/12/3/art_24_143702. html B2 . EHREFH E B A Kk
http://www. women. org. cn/art/2007/12/14/art_24_141278. html DHET . BELAEEFRZOEEH F HEIE Z 0B A
http://www. women. org. en/art/2011/4/14/art_24_142919. html ME k"L K # X T NEE
http://www. women. org. cn/art/2014/5/27/art_24_145643. html KX LR RM P AT I % IR
GERIE  SUARRAE R R 2 5 32 R RO 1 G B FAE Sy Ul /D SO i W S (9 5% ), AR SR SORS I G R g R

. FIH Doc2Vec # R AT DL B 3R B SCRY 9 22 Js) i

TR A AP 1 N A R R 1 SCR AR IE R . DV-sim JE T
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T SCAHARLEE 3K 45 34 5 19 SCRY457AF , DV-tfid{ 3% T 38 53 35 15
A SCRY AR AR . THUCNews Fl Sogou & W 4~ b 4 B0 96 46
B R 52 A A ) L (A R 2 25 AR R ] DV-sim Al DV-tfidf
WiFh 7 =0T DV 5k, H DV-sim B9 828 PE RE 8 4, W] L)
PEF& X Ay B B AIK ME RE RE A, 4R v 5K R AR M R F1-
Score, ¥ DV-sim 77 % i T 4075 2o A Wy il 1 K45 T 1R
B0 R AR

AN [ B 0 B 1 SR 2 4% 21 3 W R 8 3 09 SCRY R AT TT LA
0 R R L T A R AR A I T R AR A R AR AE AR
Ivi) 5040 4 b o S [] 288 590 SCA 1 52 e AR 3 S T L R Bl il — 2B
T 5 A0 0 oy 0 Tl E — R LABRAS T 4 9 SR 2B MR i
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