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Abstract

The opinions and feelings expressed by tourists in the comments can intuitively reflect their eval-
uation of the tourist destination, and at the same time, the tone is clear and the emotion is strong.
The resulting huge and dynamic information space needs to be understood and navigated jointly
by consumers and product/service providers. Aiming at the problem of low accuracy of emotion
classification in online comment texts of scenic spots, an improved model based on RoBerta word
vectors and bidirectional gated recurrent units (BiGRU) is proposed. The Roberta model, which
can represent the rich semantic features of texts, is used to represent word vectors. The BiGRU
neural network, which can retain text context information for a long time, improves the classifica-
tion effect of the model. On this basis, an attention mechanism is introduced to highlight the weight
of emotional words in the text that can better express the classification results, and improve the
accuracy of emotion classification. The above models were used to classify and predict emotional
polarity on the comment data of three scenic spots in Shenyang City. The experimental results
show that the model has achieved good performance on each data set. At the same time, combined
with the LDA topic model analysis, the expectations and appeals of tourists’ comments are obtained,
and technical support and future development opinions are provided for the development of Shen-
yang’s tourism industry.
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1. 531§

BaE Web2.0 IR EISk, HNHEARTEIRBEAT I Z N, (138K 2 & Re e TR T &
ERATE TR AR AR P . KEESER . BOLH . AU E 0 R PR B et~ A, R iy
KT —ASEBITT I B IR R 2 PR SCAR AT IR I AT 9T, SRBOIF & A2 ik Ui B 0 b i) 2 545
NI RS R R A R SR IR W AR O E T, AR, B RIIEHEIR S N T b >R T 1R K R X
FR1E 5 AL FEH R (Natural Language Processing, NLP) [ /& fé fd KU BHE 0 B 2 1K 2, IR 5t IXAE
LIRS I T TE PR b AR S FF

HATE B I ais, FMM ke —RETIRES ), EME M EAT BB 2 bre, 8% 2R
FHIE & R L [EAFIAE 2 B0 R . Ak, TRUIZRIGTE R AL (40 Word2Vec. GloVe X Bert
VR Z NI o X SRR NSRS B v A ) B s U], AEASHE ) B s ) B AR LS SR A
BOLER B o XA 7R B T R IR 1E SOCTG, SRR IR, JF P Bl 22 I 28 B 47l 24 it
SCAR BN BB o BT FOTR 2 S B AL M e T B vl i, (ELZmE T ol . il tun, Chatterjee %5 A [1]
FIFH AT I R0 1) B i AR AT B0 12 M 2 P 4% (Long: Short Term Memory Network, LSTM)#4&
WU L AIE SUHAT IS 46100, A AATT AR AL A 2% 18 ) AN A 4 L EEME ) 22 5% . Rezaeinia 58 A\ [2] i
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T R

T IS INGREF I R RN, (B3 B R BT Z AR M) R SO R AR A AN A EEAE R . N
HGEIX LR AEE A R, AR T — B (R 2 S B, AT X PR 1S B i, i 2%
FEAIN R AR R ARk R SCRBiOC R, B A BOR SR S SCAR I B sy, R AR
FIRRAE, o RO S0, ARG, 454 LDA i (Latent Dirichlet Allocation), Xk RH T & 5
X S br = BIBEAT T RETE . B2, ] EE X Python T TEHUNT & 1E & ikl 7 & b kA 15 FI0 B i 5
XMVFie; #4, Rt T REOT MRS, @ s e, SRRSO S FR, 12 SR
SREONF 215 BT ) (AR OGP, g — D ST LDA E R, R SRR 4 B2 15 K, B AR vl ik
RH T 2 St it i . R R e 482 i JR 000 37 1 R i 1 16 % o

2. FHXTIE
2.1, 1B IMR

ST LR W b PP RO LA R R = AR Y SR R, 1 2 SR R B I IR RAE R IR
S BREATRNZIPIRER, CLEVFRTEZ KRR LS ma s o 3 1) SRAERE[3] [4]. H AU T VPG R iF
FEL PRI N A S IR S SRR b, BTEESITIRTE 5 TR I I, Re a2 4 Wniite 215 26 1)
Wbk, skTREDH B

HAT, A5 HT 738 32 B0y T Guvt A A b 7 V2 AN IR B 2 ST s A i v i k8. 3
W, TR 5 S IR IR TR AL B A 2 2 2 ST 1, AUV I 48 AR AR b F SO/ BT R — AN
WA, AT N ChRic iR E, MR 1A G5 T Geut &4 A 77 i) — AN SR v, B
N A 15 i) ST 75 IR TR RN T AR o RIS, A RO R A% Ge i I 43 BT U7 v BB 35808 ST Il

TEARZIRIE M2 257 rh, FEFRPZE M 2% (Recurrent Neural Network, RNN)ZE SCAS &b FEAH S 78 Fh 8y
W[5l EAR RNN &M TV 2 SURTE B, B S5 NS P A E KRS R, e 12 HBLES
JEE T S AR FRNE o T WL ) IR TAZ I 2% (BILS TM) AT AR AT f0 Al e K AR R 55 2, e % B 07 PR 4 B
I B AARR R SRR R R [1]. Cho %8 A [6]3& H 1 114513 5 JG(Gated Recur-rent Unit, GRU), GRU
FHELT LSTM BRI EE M B nfai e, S480E /D, JHEHRKIRGZREE FIE S . RETREME MK
AT BT, AR EATTSAAEAE — A B 2 Ak, A REHER S SCAR M BB 0 [7]. N T XA
v B, VR INLEIRE N T V5 2 HARTE 5 BTSRRI e TR oL i RUEIE 5 N R IR
e BN, B B R E SO T E RSy, ARR) R A, IRk, FETE IR BT
W, AR NSRRI R 8 N 48 485 G (1) 7184652 i . For, Word2Vec A& 8 IR AR, FH T 412 5 A]
Z BT AB AL R DG 2 ol A AR A 22 ) 8 B T AL 8 I R S5 251, P DA 80k 25 2] SUARFALE,
o B AL AT DA i B R RLR . Zhou SR N [S]MIIFE H T —Fhati A ¥ = I ML XL H] LSTM,
DL % B AHRFAE ;s [RIT, Dragoni 58 N[Ot 42 H T —F#i iIIE B i #h & 1m kN 3%, Retg g v UG 7
VA EEER T, R R R T A AR AR O &R, IRTS T S A PR R R I . AN SR A [10]7E 1] ] 1)
Fon ik T Word2vee #7,  FI FH 5 R U4# 2 /1 4% (Convolutional Neural Networks, CNN)AS 2% >] )
RFIE, IF HII 7R IHUE], TR SCAR AT 15 528 . Martin £ A\ 1118 B R AH G IR #EAT X EL
SESS, fEHH CNN FI LSTM AT &M SCA . 278\ T 2018 4E42 tH Bert (Bidirectional Encoder Re-
presentations from Transformer)t<24[12], ‘&R XA 4ufd 45 ~Fl Transformer 2544, EAA BRI SCAR
fERE ). Bert & —FhREE. XUn). TCMBHWTE S RaBAL, nERGH M TIZRE 5 R LA EAL A
R, AT DL G 5 R N 28 TEVE IR B S 4 RS AE AT LSTM JCVEF AT A, PR, Bert ©LCN H
SRIE S AL FRAT 55 I T 4505 S AL 1 1k . 5 L FIIF, RoBerta (Robustly optimized BERT approach){ v Bert
MIARAR[13], ‘e S27E Bert MRt b 3d e B8 R o5 Ak e R0 B8 K A I R TR EA T I 2R 75 21 1), RoBerta f#
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F 7 8 2 f BE AV R 2 VR Transformer #5578, 15 5 OB AR BE /1 N 55 . RoBerta K T34
masking 17 AR TUIZRAR AL, AT Ref S 4 2] B R SUE R, JF Hisid Sudtl 24155, RoBerta 1 LA
TEAF AL PR SCAR T A, 3408 T HOCARERIRAE ST, feim T IERERIL. BT RoBerta fEALFEKSCA T AN
R SCERAR DT SR AN €, T DASE A M S SO S IERE S, R, ASCEH RoBerta TRIZRIE S
TIVENSCARRAE, RIS S5 R 18 5, SHRA 0 GRU W48 5 FE A e 5 RIS SR I 1R ST e
R, XTSRRI 5 TANE I OGHE, M 5 1 K 2 B HERA 2 .

2.2. EBIZIRMR

A 7 A VR SO A P AR R A R DR [14]. HAT, IR AR A K
FRSCA R AU A 48 1 AR AR (15 FIME 2 AU, 4n LDA EfBURSTU[16] [17], RIVERAESKA 50 7 7>
A, Blei 8 A7 2003 4E$2 H1[18], ARG RN F @R SOR ) = 2 G5 A b AT DU e A, et
RN =2 DI SR . BTSSRI, LDA FERL GRS SR I _EOC T 7/ 55 I S T PR [19],  IRAIAERE

SR L AR, LT G RIS SO T RIRFAE[20] . BRI, AT 50 R LDA R BURISR iR ) i
EUES N

3. WLWRESRBEME
3.1 BEREKSTAE

AL Python Fil XPath F ARKAEIERE . ZWR)L. Digss . FURIT. £H. &4 55l 905
SERRIEP G, AR X ISR A FCEGL BT 3 4> 4A b LIS X R 2 PP R 45 B A A SC AT
TG, 3 BIOATLBICE < PR RH e AT B 7 R OR T 5. JE S TC RS 2 B A L, e S
hA—BEGRPFS. BRI, BETIRe. BALT TR REBOANTFREN MRS E R
3o REEPPIR AR AR 200 5 S SCAR T TARE AR, IR N TSR 38 iE R (R
ASCRAE-T-6 Bl S ZPniE, AN TR rh e R SRR, W T RS, HE it
SCAKHRAE A RER, KEREE PR EEE . FRE L CRRAESE, AR EAOOR S . e, A
H1 Python 55 =75 % jiaba 7317 TR M Bedb AT 70 A3, 45 R Ak 1 Pos:

Table 1. Statistics of comment data for each scenic area

1. ERXITREESI

P X & X fRT AR P %
1 ERX TR BE TH 18 14,229
2 IR IX WBHHE 14,973
3 AL X L PH 75 R 10,924

3.2. BAuRROHERE

AW T — PR B TR, RIJET RoBerta 0l 2R 8159 21 1) 35 7] & 11 BiGRU-Attention
AR5 DX PP VR 17 SR ) 7 TR R A ] 1 s, 2R 2 Sy 4 FR - 41, 70708 RoBerta Alik A=« BiIGRU
JZ, FERJIZAN Softmax 73R JZ - AR N A B AL BEAF (AR HEALAE Zeflir B R SO, 2234 RoBerta
TSR R &, R E KB FIHTS BiGRU 2RI L N X2 MG R, #ESaHER I
HAF 2N A A E IR SR B, e Rz 2 1% A Softmax bR AT TS I 2K
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Figure 1. Emotional analysis model based on Roberta-BiGRU-Attention
1. #F RoBerta-BiGRU-Attention &= #TiE A

3.2.1. RoBerta il#z A\ B

RoBerta /& Hi Facebook A T4 BRI 7T B ATF R I I ZRIE 514, B2 T Bert AR R45H, (H
ALFE— L RS O, [ HAE— R A A RIE 5 A BT 5 RN 47 . RoBerta 44 2 45 14 i FF X 7 4w
FREERINS SCARREAT it SR —FUAE S, X EIRS RoBerta W] LA [AIR % RE 45 fE B A A 1 B
NI, DMEEE G IR AR LS SCRIFE A1 R I, BESSRIG BE AT ) | RSB R, IR ASCiE ] RoBerta
IR [ B E R, RoBerta BIALZ A5 H U1 <] 2 s .

——————————————— =

Positional
Encoding

Multi-Head-
Attention

N x

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

~_— e —

Figure 2. Logic structure diagram of RoBerta model
[& 2. RoBerta R B 545 #[E]

3.2.2. BiGRU B

I ¥ EH 5.0 GRU (Gated Recurrent Unit) 2 K EEIHICIZN 4 LSTM (Long Short Term Memory) 1748
i, FLNIBE LEE D> — AT, % T RS BT — B 2010 id 1202 75 7 Ak is s, 1 GRU it
O TSR TR & RSB DR, DRI 2 AR A DR IR X 28 27 = 200 R 1) ) IR A 25 44 SE AN B2, A
PRTINZREE . (HE ] GRU fESREUCA I AR SR B R UE B RIWAE, FULASCR AN K GRU, 4
Sl % Rl — N NN B EA T 1) BRI 17 5 I R BRI 2 IR SCARRRAIE, A4 41 i R — A9 s AR e 58
BT B SUE R . WA GRU AL #n & 3 fis .
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Figure 3. BiGRU model
[ 3. BiGRU 1&&!

BiGRU [f4i A\~ E— 2 RoBerta #A 4 (id ik, Hah th b ZIRT 2 RS h, « Rk
JEIRZS B RS RTI ZIEIN x, =880 9 . GRU MBI St A A i T

z,=0(W,x +U,h_ +b,) 1)
n=o(Wx +Uh_+b) @)
~,=tanh(th,+Uh(r,-h|71)+bh) (3)
h=zh,+(1-z)h @)

Az M AREEHIIMEE T, b AR BEEBEERA; b, A1 h B -1 | I 2Bl 2 45
W R U NALEE; b NE: o 4L Sigmoid 3. BIGRU M 45 TS FE AR an R -

R :GRU<x,,ﬁ|_l) (5)
A =GRU (x.f.) ©)
= F(Weh Wiy +b )

S by iRy 2300 1 2 1 S [ BB IR A s F oA e O AW 23309 | I 2 7 AL 1]
Bl Z RS IR ; by A2 | I 2 B2 RS 1 B

3.2.3. ARNIHIE

N T SRR SO B 5N JIHU 2 SR R B o< &, 3@ BIGRU JZ g H 4 i
ANE RS HERCE , 7R RAERN A5 B TR L IE, #h— DI E R R . R,
AT SCAR R RC B B R N R, RRAEACE AN, 5INEE = AL AT DL 7 b2 SR AR R
et B EEYC R OGRS A O A PR SR DG R SO B B sy, LA DR 2R
AL . TR NLHARYE S B EE M AMA G E A ESL, FONEEE. EE s E
B e S NS B RVER 1 A R, X472 A —/NEE 115977 (Attention Score) ki %, 485 {1 Softmax
RO 1Z R BT A — A BB e, 15 B FEARYEAUE REGEATIOBCRAT . e A idvd, 4= AL
BAMNG REENY, F0FZE B R&4H I ine, BRE AT
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u, =v' tanh(Wh, +Uh,) 8)
_ exp(u,) 9

" exn () ©

\Y, =Zta1hm (10)

s h, . b AIZ M.t BIGRU MM, h, MRS, h AR BB, W
U. v RSHE, i Softmax BEGHATIA— ARTE . K55 A6 T4 B 1 T A AL 2 Ry 1 M
5T, ENGE BT RIORE, BRI MG BT, RTS8
BAME V.

3.2.4. Softmax 53 E
BJE, AL HEELE R ZRHE R & h BEATREYE, X —BERA T REFIR ORI RE, [
REA R EEARHE . 22Tk, RATEIFHERZENML, IR el — g%z, X261
PR SCARA R MR 2R, FFAE BCE BE BPE RIS UK R . e, FAME Softmax B&#ok
PGV SO BARE MR, TR A N:
y= Softmax(Wf -V +bf) (12)

3.3. &7 LDA FEiss

LDA LAY, A0y —Fh SR U BB, R I 5 15 kAR 5C Y Dirichlet S5 38Kk A2 BOCA
FRBOR P RN Z Ep AT BB, 4 D RSO, KRR EEA G Hrp R S0r D Al
—MEANADRERFES], Hdw, 3R D % n AN, 2, R D E n I 6, ~ Dir(a)
RRRMGEZHON o 1) Dirichlet 127347, B, ~ Dir () FaIRMESHON 1 1) Dirichlet #1701 . LDA
PRI ) B 3 M3 20 BB BN A (12) s«

p(ﬂﬂ,z,w)=[ﬁp(0d|a)lﬂ[p(zd,n

n-1

%Hﬁd%mﬂwamU@ﬁMAwﬂ (12)

HI T VA EIRRAS LDA LR HCE, A TIS 2 1 A5 SCRR 22 T 32 RO ALURE AN R s B2 PP A 48 b i
E Rl LDA R 7%, BUE ERBUETE R, 20], 5 2% (Perplexity) #ife, 5 430N
(13)s (AR, ZEE — BT AL TR 1 N S DU IR AR, I BUE R, 1% T R Y A

e 7Bk
: _Z(’:’I:llog(p(wd))
Perplexity (D) =exp v (13)
( ) { Zd:lNd
p(w, )= p(k) p(wlz g) (14)

Fop MORERHE R, N 30K D BYSCA O, KON, w oA SCRE, o IR 2R S Ay
Ao BORE AR, p(w, )

RS A2H Python HHCH T ALK £ Matplotlib 211 25 ke A B 5 3 AU 7 P, s M 47
4R PR B R O R ML o SR 142 By LDA R R B4 A7 ROV . AT DA
B R A MR 40, TSP BT 450 R OB 0 SCRFAE, SR 3 A TR 88 49420
R R P %
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34. IWEBHKRE

ASCAEFH Python 4wFEiE 5 HEAT ML, Hid RoBerta-BiGRU-Attention 57 3 /3fd FH v & 2 =) HE 242
Pytorch HHATHAI#5 4, LDA TR AL F] Python )55 = J7 £ scikit-learn BHAT &R, BARHSEINE 2.

Table 2. Experimental parameters
*2. KWEH

SHAR ZHUE
epochs 100
batch_size 64
SR le=5
dropout 0.9
GRU [ )= 4 fZ 768
1 2 B AL Cross-Entropy
Ak a4 BertAdam
LDA i K FE 4 20
LDA f KIEAIRE 100
Learning_method batch

3.5. SERTHEARAE

A SCAE MRS R AT VAL, B 3 MNP Fadr:  IBURS#E % (Weighted Precision, WP).
TR A 7] 2 (Weighted Recall, WR)FTIIEL F1 & (Weighted F1, WF1). fB5 TP, 3 B2 FRINSE 8 i A 1k ()
A BCSERFR N i AR ME RO, PP R TR LR A | B I R ECSEPF R AN i AR, PN, 3%
NECEEVPR A | AR PR R TR A AR PR R, f ARSR I ARPERIRCE, Fod i I g B AR
1, RzR0. BARSE@ARDF:

TP, +FP, TR+FP, ) | f,+ 1,
wro| _foTR , HTR (1 (16)
TP, +FN, TR+FN, )| f,+f,
W= 2 WP-WR (17)
WP +WR

4. SWMERS TR
4.1. BAEALIE

ASCAEH Python FEALIHEUEEN 5t X % 8000 2% 7E Bk 1AL HE 3 43 75 21 bR AL T8 SCAR B AF it
FAT G, Horpb 5000 250 dE 48 8:1:1 1 Eugl il o3 M I 2R 4k BRE4E A48 , /E 4 RoBerta-BiGRU-Attention
WA (I 500, 42 119 3000 2 Edm i3k 47175 2 it [ra) T 00
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4.2. RBESHRBIGR

ASCAENZREE EINGREEAL, [l NS BE AT Pl . ASSIEA SOR AR A1 IR R UR, #F
W HEAT 5 HoA I £ AR AL (1 % B S2 6

1) RoBerta #:%¢: ffiH] RoBerta ZRHUHA Al &, B HZIEIT AE4E 2 (FR 970 282 ) A7 15 @it Tl

2) RoBerta-BiGRU #5214 : §7f RoBerta 3kHUid] [ &, @it BIGRU X SCAKHIEFATHEEL, 2851815
82 AT AR S ] T

N PRAEAR B S0 R 2 A TEME , EXT L S BR i 5 FH (0 50 SR 40 2 5 St IX PR R TP, HSEi 24
TREF—E0, =PI (15 B ) SE BG4 SR 5% 3. 3% 4 AR 5 B

Table 3. Experimental results of Shenyang World Expo Park Scenic Area comment data
2 3. LPAtHEE R XIS IR R

FAL A WP (%) WR (%) WF1 (%)
RoBerta 89.90 89.87 89.89
RoBerta-BiGRU 91.37 91.00 91.13
RoBerta-BiGRU-Attention 92.03 92.13 92.06

Table 4. Experimental results of Mukden Palace Scenic Area comment data

F 4. P E REITE BRI LS

A ST WP (%) WR (%) WF1 (%)
RoBerta 90.61 90.64 90.63
RoBerta-BiGRU 92.97 92.79 92.30
RoBerta-BiGRU-Attention 94.94 94.92 94.93

Table 5. Experimental results of Shenyang Fantawild Happy World Scenic Area comment data
= 5. PR R R R XTI BRI SR

AT WP (%) WR (%) WF1 (%)
RoBerta 88.42 88.50 88.46
RoBerta-BiGRU 90.61 90.64 90.63
RoBerta-BiGRU-Attention 91.57 91.37 91.44

ARYPHF ALV EINZRA SRR, A IR AT VA o [RI AR SCSIREe: 1 oA b7 %
ST LTS L, DAMCSRAE B A SO Y R e 1« 3 AN SEER 45 IR TR, A SCHHE 1) RoBerta-BiGRU-Attention
BRTE 3 /MAFEAREE b, FravHAlTers RIS, HIKZ RoBerta-BiGRU #:71Y, #%/i5 /2 RoBerta #5714,
XL T XUH GRU Ay & SBR[ 3 BT AR 55 A 2. 25 T-PlYIIZREEAY RoBerta fE1H1T 2 XS
J&, EHUER LI RAE R, SIS B TR RTE S R R IL R A7, JUMBCPRE TR InbCE 4
(5123 DA R34 FLAEAE S BAREE o RUR 0y, HREIAE] 94%(1) /34, 0 # 5K —J& RoBerta 724 (1)
I ESEBIAN, R T SORK) R OCE UG B e JE R R = LR LAE ROl 3R SCE A AR i o
FRA)T, GBI YRTIR R E, HT LA SCARAS [R5 7 BOAS R AR, b7 42 e 17 St ) 43 B 1)
TR -
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2z FRTR, AASOEREGE ) RoBerta-BiGRU-Attention #5784k 4% 4 T ) 3000 & A bryE (1 5t X 1F
VAT TG BTN o RIS o e J B T00 45 SR 34T N A, ARAIE RS B m) 43 AT ik B B /N iR
4.3. LDA EEiIZHRER

P B 5 SR 1) 20 BT AR 4 i B0, A Python 1) Pandas 2273 4T 1E . Ut Bk 70 A, 3%\ F] LDA
FHBAETI R, FHE R AR SIXIEE T . AXSEMRCENZE0[22], KBEEH K FBETE RN
[1, 20], VIR FEE TR ERE, REHEHFIH Python FIEHE fT 4L Matplotlib &) H 5
B R R ST . X BLDIRFHSCE AR, s R B b g R 4 fros:

310

305 A

Perplexity
g

295 A

290

T T T T T T T T T T
1 3 5 7 9 11 13 15 17 19

Figure 4. Perplexity line chart
[El 4. ERREHFLKE

2 K =50, WEEEER/NER A ERicL), Fbikss 8508 5 1F8 LDA F B 1 24,
At 55 X R 288 52 i < 3 AR ) SR V2 AH [

SRJE A% Python (1] scikit-learn £ (1) LatentDirichletAllocation R&#, Fb 855 X bRy -1/ Befu [ (1 P8 £
Por kg id LDA TR, 2253 LDA F@iptia, fERA T AR 12 AN acA T aeth i, s
Xf AT S R BEAT VRO, 930S X PR 1) R - FHER AR, i 6. & 7 M5 8 FR:

1) PoBHH e 5 X

F 1S ST BRI el 5 DX 1) SRR AR AR T (AR B (I, R BIRRNC A AN L #EE SEEE,
R FARSEE . W AR NE BT (8, HERAR TR, 4] 1 ITEMEER
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Table 6. Topic-characteristic words of comments on scenic area in Shenyang World Expo Park
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Figure 5. Statistics on the number of positive and negative comments at Shenyang World Expo Park
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Figure 7. Statistics on the number of positive and negative comments at Shenyang Fantawild Happy World
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