$00 % 12 KB =E5BFERFR Vol.22, No.12
2024 4 12 H Journal of Terahertz Science and Electronic Information Technology Dec., 2024

XEHES . 2095-4980(2024)12-1400-07

ETHiHLDAEZFHWENTBARSAX AT EEE
EohF, BAE?, EEA, T8>, FTEH’

(1. FE M ZEE R IARAT, 28 &1 230061; 2. BFHEMARAF, Jb5 100032;
3. Z WA BRA F R E G0, bt 1000325 4. dbat EH MA@ IR AT B HARFRAF, Jbat 100053)

O OE A B ERRESN R R E UK R B AR, B — AT
BENXFZEFELBALDA)EEZW B AR PR A XKLL, BB h B E XKL MK
XEFE#ME, BXTETERALAE, THARAAUREIAXZANRA; I RFEXSNN
B, Rt THHALDAKENE I A PR EX AR XL EHATRE, LHEXH, AEEA XIS
R, FHEREFTHEEE A90.91%F85.03%, EMAT moLE LA ERMES,

H OB A A
KEW . AR, XApE; AN ERMERE; BEKFATE R
FBE DS TP393 XEktRER: A doi: 10.11805/TKYDA2023119

Text classification algorithm of power user consultation based on

improved LDA algorithm

LI Zhuging', HOU Benzhong®, CAO Peixiang', WANG Yirong®, LI Xiangyang®
(1.State Grid Anhui Electric Power Co., Ltd, Hefei Anhui 230061, China; 2.State Grid Corporation of China,
Beijing 100032, China; 3.Big Data Center of State Grid Corporation of China, Beijing 100032, China;
4.Beijing State Grid Accenture Information Technology Co., LTD, Beijing 100053, China)

Abstract: In response to the current issue of low accuracy in sentiment polarity analysis of short
texts in power consulting, this paper proposes an improved Latent Dirichlet Allocation (LDA) algorithm—
based classification algorithm for power user consulting texts. Based on the analysis of the relationship
between power consulting short texts and sentiment, concepts such as sentiment word co-occurrence
bags, topic—specific words, and topic relationship words are defined. To improve the quality of semantic
analysis, an execution process for the improved LDA algorithm for classifying power user consulting texts
is designed. Experiments show that the proposed model demonstrates excellent performance, with an
average precision of 90.91% and an average recall rate of 85.03%. The proposed model can fully leverage
the advantages of multi-model integration, effectively enhancing the model performance.

Keywords: power consulting; text classification; theme analysis; Convolutional Neural Network
(CNN); Latent Dirichlet Allocation
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Fig.1 Power user consultation text classification algorithm based on improved LDA algorithm
A1 6T B0k LDA Bkl Jy P & ) S0AR 3 25k

ST Al T AR TR F D P S R SCAR A NI R4, B S AE LDA U R R AT YIS, 4 e 4 AR AR )
AR RIS, MR T AR bR iR SR R4S, JFSE A R A b BEAR A F AL TR A s 2R HE— 20 R IO
LAY F2 AR T AR, ARAS — 4 E RO AR A 5 RRE 32 R R DR T RO AR 1A Y RN T Word2 Vee 5 FRAH 25 9 2%
(Word2vec Convolutional Neural Network, WCNN)ALH YEATRRIEFE I $24, JET LDA 5 X 42 B R Ak 2 17 41
PRI, A Top30 FMUARERIME . fRJ5, FIH K-means 5 12: 44 Top30 32 145 5k i) 42 41y K-means 52 19 46 58
ey, JFTHIE R R R A 1 BUR R A5 R .
2.1 XARTLLE

XL 7 P I SO T R A A B Sl o P SRk el S B R AT, R, X ITUBUS Y
Bl AT BR s v, MBRT T L iR L SCRIBRARE IR s SRR, SR 0 TR R RS o SO SOR AT 0 B
A LDA =5 UL R 9 A7 K0 P Ak b B R SCAS TR P 50 A PR A A% R ) BN R AT B AR R L W, O A A T R



512 1) EMNEE. ETHHLDAEEWBENBAREOXASEE X 1403

P v A1 B B2 R
22 FRGAHIH

S8 SRR B KR T R S B Y 1) 48 VR AR W O ] P R SOAS R AR T R i AR I, A5 B R
TAS, TG RO PR A B R T R R 1) A R S R OG R A AR AT R IR B RRAE AR R, [E e, TS
REAR DGR Pk, DT A O 4 BBCA T 0 AR o R T ) S B A TRl AR SV AR A T

Bk A S B 1R 4% R

B ROUARIALE S

it TEIEIEAE F(Sy);

I/AAAT i 7

1 ¥1taik

2 for win S; do

3 ifw=agorw=a, or w=,n,,,)

4 R =C(2) 0 (3) H Wi 1

5 DRAT I B Sy

6 end if

7 end for

8 Hi i F(S,)

=R - P N E 7 v b2 T i D S O TN N 1 K 6 2 2 1 I B I 1 21 o) B 1 A 1 B UG A 22
RATIF S A JE BLAS F(Sp) o feZ, Tkt I H;IFFI*
J A SCAS T 1 IR 4% T .

2.3 $5fEREL ] ]

FRAE 42 IO 2 D) B R PR ORI i /IME B, BRI ) 1| — |
125 (A AR R, DT B v SCAS Ah B A B AR . AR SO —
T el ) WCONN A58 2 56 Hi, 1 0 SCAR SR AT R 32 B pooling layer || -

WCNN F 25 F CNN BB Mg & . % A JZ P gl A
Word2Vec W Il 25 i A 40 . AEBFR)Z, (AN [ K/

convolutional layer input layer

Fig.2 Structure of WCNN model

ZNE T IHAT2E S SCARRRE, B 2AE i 2 v A ook 2 WCNN AR 45 Hs
FRAE . &2 2 WONN F5 7 45 4
2.3.1 B AR

NI P OCAERAE , e A28 Word2 Vee Il 254> 17 BRI 42 0 47 2 1 1) i AT 3 98 22 AH VL 09 2 E08R TS
FLAE IR AR ZERE L SRARUCEOR B SCHE RN (NS B R AR o B I 2 TR AR 2 B B mxk
He, Horbom a4 b AR, kg INZRIDIE] 48 SE 1R i A ZERE .

i L 7 SCAS A IR 4% x A 46 n 18], D x 3ROR

X,,=X,®x,®---®x, ®)

K. @ WBEEERAERT; x,(i e[l,n]) M 1B EIA4E YA
232 BHEZE

i B A R R KR /NG 2 8 BB B AT B BUZ 22 2T B SORKRAE ; IR, 3% B 24036 B 4 1 AR U J )
WFRIRP IR, BRI NRENERZ, 20BN hxk, hyxk., hyxke i, kEEH MR A
BIHERL, h(iell,3]) R ¥ sl AR st v sh g i 8k . 8 B A AR AE ¢, PTAR I X (9) 1158

c;=fWexy,,_,+b) )

R, whBHEZRILERE,; x,,, Vi ARERE, kAR PEE ith-1 N0 b RS f—A
LM R %, A SCIEM ReLu pR%. I, A -

c;=max(0,wex;,, +b) (10)

HPHATRERR, f i RRAEs -



1404 KM Z RIS 58T B2 %2 %

C=[ci. ¢y 0y ] (11)
2.3.3 ik )Z
WAL)Z B EEMN T RIS IE R R R R, BRREENGES . ASOKIELME T R FE A & Ktk 1k H T 45
TE L X3k, K e RABLAE S R AIE 1T H R SRR AIE
é=max(C) (12)
P e & Ak 2 R B da H R AE
2.4 XA
B4 B Y H g SO AR A i o K—means 35 55 (BN K 2 AT B 28, PT84 F 4R UG, SORY =2 A By A Bl &
5] 055 A Ay SRR AIF ) 0 22 R A0 AR AR RE [R) 8, AR SC 3k T A 5% AR B PE S BRI 22 (] g AR U B . SEE R E A L,
R AMBIEERFT 2 A M EZ BT MES, MAREBESKE, 24 e
(] F M/, AR . S 2 MR E N a f b, HARRINE R

S(a, b= ——10 V1) (13) G 9
\/xlz+ylz\/x22+yzz w,

S (xy) T @ BB AR AR FIONAR R 5 (v, 3) 0 ]k B 8K A B R A B

AE AR P 8 52 AR S B PR B R S e e, B
g = 0 R ) A5 R ) A S AR R A R SRR (4, B,)
GLAL, Hob A, F08 E RIS, B R M R L AU OB
B3R, Kb —EEE, PRhoMMERN M, X, W mliReE, w,h C)*"C)

RIBGIIEL, 7, R B PR 06030 ik B0 70 0 A0 R 30 35 1 0 S v
ACLDA HEFF BI04 5] Top30 7 % i), I =5 4% ok i) 4 i o 6 56 a5 Knolodae par exation
A T30 A T E AL BT, Top30 T B i HE A Komeans B ¥, £ 4 i S
SRR AR

BT U R A K—means B8 28550 19 BT R IR

k2 HUAA X B K-means 58 25585 1k 1Y $UAT )

BN FREI G T,=(4,, 4y Ay ); BEBK; BRERRET,, s ERZIEZKMe
Fd . K B EURRER R R

AT LR

1 ARG (30 T, BEAT AR AL JBE
2 FEICER T

3 H4E LDA FKHL Top30 H % i)

4 K F R ) R 2

5 S AR

6 TR I bR R E

7 FNr AR SR R

8 W RN A, PATHER2
9 it K B RURRIA IR R K
b, bRUERE RECE SR

E= z > IX-X,p (14)
. X, POFE; C o NRIERZS,
3 (FESSH
3. FESHH

D7 FL I RS 56 0 b B RS H 8 RIS I A e O P s R, B SRR i AR BOEE R
P AR AR e, XU R T WAL B . X SOAREE , BBR T IT R (WNRRER AT ) . ar A L B AR

il

C[H



512 1) EMNEE. ETHHLDAEEWBENBAREOXASEE X 1405

0 A SR B EE BAEUE s X B A SORE B o R 2R R SCAR B S SR 11 606
ANEAE , Hrh IE TR 25 RO 25 3 3 R S5 803 A4, ik 8:2 A I RAE L MAAR .

SEES I R % E AR . B F 4 Intel Core 19-7900X CPU 3.30 GHz. 32 GB RAM #il Ubuntu 18.04 #: 1 &
4t ; kW python3.7 4w, Jf 3 T pytorchl.7 #5 & ¢
TIE$2 B 2% F 1 ARERGGT A

. Tablel Statistics of emotional words in electric power
32 RWiRE

number of positive number of negative

)l% 5 b B B jj {§ 'VEJ b'e ZIS* é& %E % A % ?ﬂz TiEl[: Jing | emotion keywords emotion keywords
P ) N ) . N purchase electricity 15 14
WtAT ISR, IR BURRE M) & o RIE, I FH 3 R package 11 9
BB ) K-means %5 57 2 44 E A7 4030 5 L2460 ey sharing 2 %

N charge

KRR, security 10 1
R BTG 0, EROAEET k. W, B8 clectiity metr 15 14

MR e e BRAE . o, OR[R] 3
BRI B R E R, kS VL B H . WS EA E I RN, A TR S A 1T 2
FEE, WRSE . R AVIEBRAE . BIIE BRI G AS R R 1R

R SR T PR AR AT R, AT BORE BE (mP ) N kSF 3 T (mR ) FE AR, 43 5 B PL AR AR (Random Forest,
RF). 37 §Fm & HL(Support Vector Machines, SVM). LDA . i# I # £ % 2% (Recurrent Neural Network, RNN), K41
B} ic 12 (Long Short Term Memory, LSTM) %5 #x #I iJF 17 X}

. B} : 2 RIFERENER B | 604 S
W, 45 RN 2 R 48R mP, A mR T w2 AR MG L T

Table2 Average prediction results of different models

el on the test dataset
mP, = L >p (15)

q = model mPs, mRy,

RF 0.792 1 0.0535
K g HAWE p R ET KA ITAL 25 R A 5 A OC A bR SVM 0.680 5 03244
[,[: ’W’J BPNN 0.685 3 0.5519
© LDA 0.5814 0.649 5

1< RNN 0.803 5 0.6819

mR,= YR, (16) LSTM 08528 0.780 7

q i3 proposed model 0.909 1 0.8503

U R, AT kARG B Ar A & BUAH 5C H AR A EL ] S
33 Xtk S5 MR

2 9 A TR R R AR I A R 2R B I PR AG AR . R R AT LA, PR B mPy, O 90.91%, mRy, N
85.03%, TEREDLS:, UM St Bl nl 55 70 Ko B 2 W S AL 5, AR TR R RE . Ik Sh, RF I SVM [ mR,, 47
PR A, KRR 2AEBENIN B LA A R AR R A, BB AL NN, SR
o7 > IR R T 3 TR TR 2~ R TG 1 A AR ORI R AE

4 H

AR ICNS HLT  VRLSCAR Gy R AT TR S T, B T — ARG TR AR A D R SO SRR . %
B A e F WONN 2 BUSCAGFAE , I3 F LDA Fll K—means 58 Bl SCAR 43035 0 MR Ry it 7 B 45 170l & J8 43 17—
SE B S
S k-

(1] ek, 8 Fh i p o A5 . rs g i 3 52 6 A g A B v s 199 6 A R O BE B R [D]. WL O &R 48 A 8k, 2022,46(10): 111-120.
(YANG Zhenglin,ZENG Dan, FENG Shuhai, et al. Challenges and key technologies of experiment capability construction for
electricity market[J]. Automation of Electric Power Systems, 2022,46(10):111-120.) doi:10.7500/AEPS20210820001.

(2] P85 A BG4S ETIREG ZAF G 0 552 57 6 SRBEAR BB TE ], ZRARME R 2240 (A AARHA ),
2021,52(4):704-708. (XIANG Dejun,ZHOU Rui,HUANG Zhisheng,et al. Study on key technologies of electricity market trading
platform based on hybrid cloud computing platform[J]. Journal of Shandong Agricultural University(Natural Science Edition),
2021,52(4):704-708.) doi:10.3969/].issn.1000-2324.2021.04.031.

(3] JA IR, ik 5/ . W0 I FL 03 3 AR A RGBT BOHEEER [J]. RGN HALR, 2022,18(1):12-17. (ZHOU Ge XIE



1406 AHZEMEERFERER 522 %

Ni'na, PAN Yuchen. Research on design of power communication operating maintenance architecture system and its key
technology[J]. System Simulation Technology, 2022,18(1):12-17.) doi:10.16812/j.cnki.cn31-1945.2022.01.002.

[4] SCRESE, oK, F0RAE . ST REHLARM 1L 0 fL 8 s 70 AP 5 WFSE ). THRHLECOR 5 % R, 2021,31(6):216-220.
(WEN Yaokuan,WANG Xianjun,WANG Jun,et al. Research on big data analysis platform for electric power measurement based
on random forest algorithm[J]. Computer Technology and Development, 2021,31(6):216-220.) doi: 10.3969/].issn. 1673-629X.
2021.06.038.

[5] B R0 BE A BT 2R A i B B AR I R BT[] == B R 2 4 (AR ), 2022,42(3):37-41.
(ZHONG Jianxu,YU Shaofeng,LIAO Chongyang,et al. Research on power equipment condition monitoring system based on cloud
computing[J]. Journal of Yunan Normal University(Natural Science Edition), 2022, 42(3): 37-41.) doi: 10.7699/j. ynnu. ns—
2022-034.

[6] M NNEE, AHE. TRk A MRIET S 2 Z5E 0] ST, 2019,18(4):1-3,8. (GUAN Jinghua,LIU Xin,DIAO
Jianhua. Research on the topic classification of Weibo rumors based on word embedding[J]. Software Guide, 2019,18(4):1-3, 8.)
doi:10.11907/rjdk.191169.

[7] =, Z=gdrh . o040 =0 A 2k R 5 & 43 B 92 25 34 A2 AL 5 0 L 2021,11(9):200-205. (GUO Yunyan, LI
Jianzhong. A survey of distributed latent Dirichlet allocatlon[J]. Intelhgent Computer and Applications, 2021,11(9):200-205.)
do0i:10.3969/j.i5sn.2095-2163.2021.09.040.

[8]1 FEMIW, 3,72 T 8,5 . LT EHR/R 0 1Ay 24 SCIR B[], HE AL R SR, 2022,31(9):272-279. (KANG Yumeng,
HE Wei, ZHAI Qianhui, et al. Electric power named entity recognition based on topic prompt[J]. Computer Systems &
Applications, 2022,31(9):272-279.) doi:10.15888/j.cnki.csa.008750.

(9] V& JEFh XL A T LDA BB Y o ) SR SOR TR R [J]. 25 R4 (F AR B, 2020,42(S2):26-31. (XU
Rui, LONG Dan,LIU Jia,et al. Identification of hot topics in power complaint text based on LDA model[]J]. Journal of Yunnan
University(Natural Sciences Edition), 2020,42(5S2):26-31.)

[10] X0l ki oc, 7 16, 45 . 3 T A0 JS I S IR ot Bl il I 2 FARRIE 43 T (0] T AL 41, 2018,41(7):1574-1597. (LIU
Dexi, NIE Jianyun, WAN Changxuan, et al. A classification based sentiment words extracting method from microblogs and its
feature engineering[J]. Chinese Journal of Computers, 2018,41(7):1574-1597.) doi:10.11897/SP.J.1016.2018.01574.

[11] oA, R A LR MG, 55 . J T OG5 ia) 2L I 2% 119 3 R R BTG )], B R4 5 & MR+, 2023,20(1):74-80. (ZHANG
Shuwan, WANG Xi,DAI Jipeng, et al. Subject words extraction algorithm based on keyword co—occurrence network[J]. Complex
Systems and Complexity Science, 2023,20(1):74-80.) doi:10.13306/j.1672-3813.2023.01.010.

[12] EhBuRE BRI . B T M R 00 rp SCJ SOA ISR SR BL D). THA ML TR 5 R, 2023,45(1):154-162. (MA Yingchao,
ZHANG Xiaobin. Entity disambiguation of Chinese short text using graph model based on topic relations[J]. Computer
Engineering and Science, 2023,45(1):154-162.) doi:10.3969/j.issn.1007-130X.2023.01.018.

EEE N

EMEFA969-), W, Wi+, BEESHN, EEH EREH984-), W, AR, LTI, EEMR
7 F A BE AL T email: 13722983081@163. 71 BT BRI

com.

F—FWU979-), &, WL, ARPSHTRIF, £
TEAREB1976-), B, AF, WL TR, EZEMHR BRI DT A BT E S AL . B (R B

18 BT AL
ZEEE1991-), B, AE, TR, FRZER T

SR s N4 S A SN



