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a1 ELAE A Bt /b 3 T R R 2 f R AU A Bk A
PE72E Ptk Re R 22 0y EE RN BB A
AN PR RSO R AR P R 2 R PR RE R I
A [ AR g i A AR X AR B G 2B A B X
KRN FEA B bR 2 0000 45 2R S 30U A 58 R AR 2
TR 5 2R bl B AR A B 2

%1 JAE-BERT4Com B EWMHKLER

Table 1 Classification results for each theme of JAE -
BERT4Com
F A FEARK  MEFIR FL % HRER

Theme class # Sample Accuracy F1 score Recall

3.3.2 gk

A6 JAE-BERT4Com 5 %5 9 kA5 1 75 fir A
YL VR SCAR A T R B AR PE R . A5 R A A A
LRS- R 25 SR 5% 2 ff R . JAE-BERT4Com
X AT 40 2K AR D PR R bR b By 45 SR AR
B, FERR R FL 4 BOR A 035 5 Dy 0. 842,
0. 855 F1 0. 861, ¥k T HAh /7%, JAE-BERT4Com
LSO B I 19 % EE 7 5 (BERT + Text-CNN 4+ Bil.-
STM—+ multi- headed attention mechanism) f ¥
FLFL Sp BOR A MRS B4 5 T 2.562.3. 01 % F
3.24% ;s lbPEBERS 221 TF-IDF 4 RF J7 5 (0 MERE % |
F1 40 B A A 1m0 36 43 5 48 &5 7 8.23% . 14. 92 % Al
16.67% . A 10l % & & 1 2 A 0753k 4y Bl & JAE -

Administrative supervision 756 0. 838 0.842  0.847
Order management 110 0.719 0.731  0.758 BERT4Com #1 TF-IDF+ SVM + Random Subspace
Security management 911 0.781 0.841 0. 881 jj‘ﬂi s :%‘%B }FIJH% T TF-1DF /f%‘l%\ y :}ii}é EU% }FIJ}EH TF-
omeen SO v IDF (R RATR R R R TR
ecurity complaints . . .
Qualityycomppl)aints 2919 0. 849 0.869  0.878 (DL E"Jﬁ'};@ﬁﬁ;‘. E]’\J‘f&kﬁ'éi’{lﬁljﬂ:%?ﬂliﬁ%ﬁ% }j E]/‘Jﬁj\
Repair complaints 1222 0.852 0.868  0.893 ;Kéjj‘{f °
Service attitude and quality 2 338 0. 834 0.845  0.857
F2 MEXHER
Table 2 Results of comparison experiments
iRz HE ) < F1 /34 4 Jf
Method Accuracy F1 score Recall
Not DL TF-IDF+RF™ 0.778 0. 744 0.738
Word2vee+ XGBoost' " 0.781 0.807 0.811
TF-IDF+ SVM+ Random Subspace"”” 0.805 0.824 0. 841
DL GRW + FastText™ 0. 820 0.828 0.835
BERT+ Text-CNN+ BiLSTM+ multi-headed attention mechanism'*} 0. 821 0. 830 0.834
BERT+joint attention enhancement network""J 0.818 0.831 0. 829
CNBGH? 0. 811 0.810 0. 804
Word Level CNN ] 0.813 0.821 0.824
JAE-BERT4Com(Our method) 0. 842 0. 855 0.861

Note: the best results are in bold.
3.3.3 HEkEk

J TR 5% JAE-BERT4Com FY £ 7 43 % 465 284
AERY R, XF JAE-BERT4Com HEAT T 14 Fill 52 46 (3
3), —A J& JAE-BERT4Com £ T i X il % 4 1y
FEAR B 58AR4r 19 J7 3%, — B 244 JAE-BERT4Com %
Br 7 SMOTE #£ A3 58 38 43 19 J7 5, — AB /& JAE-
BERTA4Com [7] B 25 [ P A FE 2 18 5 36 43 19 7 1%
—C J& JAE-BERT4Com 2 [ 5 8 ia] 14 7 77 4 5% X4
T, —D J& JAE-BERT4Com L0 )2 E N
B SR M 45 5 . — CD J& JAE-BERT4Com [d] i} 25

I VP 0 755 0 4 O 4% 1 7

M 3 7ML 24 JAE-BERT4Com 435I Bk 4
KEER e, KR B & T B, X £H JAE-
BERT4Com f4 45 /4> ¥ 43 % 455 %1 i #5021 1E /8
(#3), 7E JAE-BERT4Com 2 (k¢ AR 184 5 5 W 5
MR R AR I T BR AL 2, 3 U B AR 1 5 0] ASE 28 11
ek E 8K . 7E JAE-BERT4Com 25 % ¢ 8 3] 13
T 5 o 2% s [ B2 I T A D 5 D 4% S,
TP RE IR AR (A X B R R, JC R ] AT R AL
23X 3 WA W 5 1) O B 7 3 3 ) 1 0 SR ek ke 43 2
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Table 3 Results of ablation experiments
Jr ik biES F1 534 A [ %
Method Accuracy F1 score Recall
JAE-BERT4Com 0.842 0. 855 0.861
—A 0.828 0. 845 0.856
—B 0. 829 0. 844 0.853
—AB 0.821 0.838 0. 844
—C 0.832 0. 834 0.831
—D 0.831 0. 843 0. 840
—CD 0. 824 0.828 0. 827

Note:the best results are in bold.
4 Hig

S UER 3 S BVF SUAS AT 4t — R R T
MacBERT G 14 & 7 0o 1 26 1) 9l Ik 55 4% U
XA H B E 85y 2 I % JAE-BERT4Com, JAE-
BERT4Com B\l BV 73 3 [ A0 Ky 22 b5 45 2 > ]
MUK B T T R B 5 SMOTE i R A
HARZE G AR B8 R 0% , 55 F MacBERT 70 2
B 77 Transformers 18 23k & 1 S8 i8] 1 35 ) 14
SRAFIY 2 VR A W R AR IR . SR A R R
B, JAE-BERT4Com o A & 7 ¥ )5 ¥ i 1 g
P MERR R CF1 20 B0 £ 8] 2 5 51 T 48 055 2. 56 %0 —
8.23%.3.01% —14.92% M1 3.24% —16.67%.

& JAE-BERT4Com 1 BE % PLA 4, (H HAE A

TREE 7 IR, LA LA 7 ) DT AR B 2 I
ﬁ“'ﬂ? MIZ AT ] o AR SR — 20 WF 5 M0 A A Y 11

P RE IR L 3d Wl i 55 B R SCAS Y A 3l 328803 26
55 20 0 fift ol ) R IR 2 4
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Classification Method of Property Service Complaints Based on
MacBERT and Joint Attention Enhancement Networks

ZHAN Zhihong' ", QIN Kaixian’ ,PENG Linghua' ,ZHAN Cheng’

(1. Information Center of Housing and Urban-rural Development of Guangxi Zhuang Autonomous Region, Nanning, Guangxi,
530028, China; 2. School of Computer and Information Engineering, Nanning Normal University, Nanning, Guangxi, 530001, Chi-
na;3. Xi'an Jiaotong-Liverpool University, Suzhou, Jiangsu,215028,China)

Abstract: The manual-based classification method of property complaint documents has been unable to meet
the needs of the society,and the existing automatic classification methods related to complaints have insuffi-
cient performance in the classification of property complaints. Therefore, this study proposes a property serv-
ice complaint classification method JAE-BERT4Com based on MacBERT and joint attention enhancement
network. JAE-BERT4Com uses a sample enhancement strategy based on the combination of synonym re-
placement and synthetic minority oversampling technology to solve the problem of class imbalance. And a
multi-attention joint enhancement network based on MacBERT's hierarchical attention, Transformers’ multi-
head attention and keyword attention is designed to perform text feature learning and classification. The ex-
perimental results show that JAE-BERT4Com can obtain higher accuracy,F1 score and recall rate than the
existing models,and has better performance than the existing advanced models.

Key words: property complaints; complaint classification; text categorization; attention enhancement; deep

learning
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