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Abstract

Sentiment analysis of tourism comment text on online platforms and forums helps scenic spots to
understand tourist needs and improve their service quality. It also provides valuable reference
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information for tourist satisfaction, with high value for both parties. Dominated by long text in
tourism comment, a sentiment classification model integrated with Text-Rank is proposed. Before
feeding original text into the classifier, the Text-Rank method generates a summary of the long
text, and the compressed summary is used as the input for sentiment classification. RNN, LSTM,
Text-CNN and Bert are used in the experiment. Its result shows that the fused method yields sig-
nificant performance over the original model. The proposed method improves text processing ef-
ficiency and accuracy, especially when the original text is over certain length or contains multiple
aspects.
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Figure 1. Flow chart of deep learning sentiment analysis of tourism comment text
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Figure 2. Flow chart of classification model’s data processing

2. SRR BIRALIRRAE

DOI: 10.12677/csa.2022.122032 326 THEAURF 5 R


https://doi.org/10.12677/csa.2022.122032

KA SF
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Figure 3. Statistical chart of Sentence length

E 3. AFKESITE

4.2. SCIGIREE

SIS FH (AT B 2 ST HEZE /2 Pytorch [14], 7£ #.5K Nvidia RTX 3090 GPU L7 IlZk, 2%

% 1R,
Table 1. Model parameters in training phase
= 1. EENIGSHE
¥4 ZHUE
Batch size 512
Learning rate 5E-5
Optimizer Adam
4.3. IR

N ATV A SCHR AR VRS, BRATHE R RIER AR FbAT TIE IR R0, I E 2R
BIYEAT O . S2IG 45 B 3E 2 fizn, 7E RNN. LSTM. Text-CNN [15]F1 BERT DU/ v A IERY |, fl
& Text-Rank [ SCARNHE TG 0 MG EIA — e R EE . R br A E IS e R AN SCR R A
HAEATALEE, R NEHEREAL, FroNfl & e AR RS T Text-Rank Z G777, ARt AL,

Table 2. Performance of different models on experiment dataset

2. FRIEBASINHIESE LA RERI

it Accuracy (JF15) Accuracy (ft &)
RNN 76.50 76.90
LSTM 82.15 83.10
Text-CNN 85.50 86.20
BERT 91.75 93.35
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1) RNN: & F ki P8 SCASEE I 2R 300 4E Word2Vec H SCi [l B R R iFE A, B e il A 2
B2, KA RIRE, BNRBESR 128 NMeeot, ZEMEHRERZE, MARLEZ, i
TR SCAS AT 175 8 7 2K
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JE XS R SCAEAT I IR 2K
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KRHATIE IR K

4) BERT: Z:FiRiF T CA BRI 511 300 4E token embeddings H1 3C i i) & R m B SCA, KAl
i \E BERT_BASE 18, M X e i SCAR AT 17 2K
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MW 2 SEIR g R LA 1, A Text-Rank ZEATHIASCAITRALEE,  ZEAL BRI IR IX KK STR
B2 B AT SRR L T S A SRR B AP R G 1 Text-Rank [ 77 AR T IR 4R 1)
Text-CNN. LSTM. RNN. BERT V#7052 1 0.7%. 0.95%. 0.4%. 1.6%, HrXfT BERT
XA SR UGS B fo v ) SR AE R Y o — 3D A T R 9 Tt o FL R B AR BERT X T4 A\ AR K FE R,
XTI KN BT TR, SBOIRREEA. ERCARIEERSRES T, e TR
T B EE 2 )5 R T U M R B S A6 SOARIE SUE B, SR THIE B AR Y B AR SO AR I e ), LIS B TE 471
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KIHER 2 N P

H 1K 22 B 1800 28 AR AR 1 1) AR 28 7 S e oA B SR, R FAFa . RFIED, BONfE
FRRIVR B 2 I LAY e R HUAS AL R o R IEVE IR SCAS R BE AL B SOA, UK SCA, BRIk Ui VR 18 1Y
175 %3 BT AT 55 1 22 0] BRAE T30 20 s MR HLAS & S A RRAIE 1T 5 PR AT D7 2 T e 01 2R S A SO
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e K SOARTE 18 SU(E BBV BN RTHE TN TR SCA,  RERE BN 20 5 R K ST 1843 B )
FEERRERG . A SCHTHR SR L TR SR BE 5 ) 7 iE A B Rt se %, 2 B G BK
5Tt

T SORY 2 TR S AN TR 1 5 1] 1 2 TR AR DG MR T 7 SR AR 20, AR SOl T 7 B
ff] TF-IDF F1 BM25 5, B3 17— RIMEREIRTT . 7E )58 TAE AR, 3G 2l I RAE B s i H 50
i, wnff A B B (Mutual Information, M1) [16]ak/5 2.3 7 7% (Information Gain, 1G) [17] 1511 5 50k
(AR e, {8 FH 175 I8¢ fiit 1] SO-PMI (Semantic Orientation Point-wise Mutual Information, SO-PMI) [18]3 %17
B ENE RS, T TR IE A ROR I FI R B2 OB b RS ) 2 B

EHEWH

91128 BRI B B (LT 5. 2020YFG0168).
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