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Abstract

The focus of the audience is a key issue in teaching design and evaluation of teaching effectiveness.
There is a lack of research in the field of educational research on the concerns of students in ideo-
logical and political education, and the questionnaire based research method is limited by cost,
data volume, and sample bias, resulting in limited effectiveness. The article proposes a topic rec-
ognition method for course ideological and political comments based on a deep pre training mod-
el. Based on self crawling of relevant comment texts, first feature representation and dimensio-
nality reduction are performed using the Bert algorithm; then, in view of the lack of differentiation
and high time cost of the classical hierarchical hidden tree analysis method to deal with the prob-
lem of word co-occurrence, a hierarchical hidden tree model based on threshold pre pruning of
word co-occurrence is proposed; finally, based on the proposed method, a full process platform
for data acquisition, preprocessing, topic mining, and result display was implemented. The expe-
rimental results show that the proposed algorithm has better topic detection performance. Re-
search has found that students’ focus on courses with ideological and political content mainly lies
in the teaching itself, while their dissatisfaction mainly lies in the rigid integration of ideological
and political points.
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2. XEKE
2.1. ELIFEBIRAN SIS

EFXTEZ VPR I 2 2 882 N LR e 5 & F RS R Tin) @,  Hh xR P Hdl & iz FH 72K
RIS T Y S5 T B AT il R e — AN LTI T7 A, AR — 80, B ANEAT L S R g,
NAMEE M T AXZ BRI R . Wang 55228 IF K 1 —FpdE T 1A% R0 2 M 2SR, 1A 4%
GEIME A A R AT ek, AR TR A0 (G THE BAZ O RBERRHE N I AE 2, T B T AN
FRURATE Z AR R A BAME g . SRIegs RRW], 1207k A B AR & UK ILRE [ 16]. SRT,
EITEIN SR AL -6, P& ERHP S HARR TR0, 15872 R EROR, X 55 SRE
SIFIRIIE SR 7 AR . Pang 52 F R T — RS IIRA SCEI T BRA JT i, 12 OUE S SRRy
AEFIAR L FEAE A B k-1 S8 TR S AH AL, SR 5 28 T YA S A6 Bl a3 R0 P 43R Sk 4 4 I T 22 T ) A A
P o 1% 7 VT S I A P U R I R R R AR [ 170 2% R AR 2 A R B 1R T H 8 O I H AR SR IO
SRFEFIH BTM R VSM 25 1K) 45 AH il & v B SCAAALE, PRI k-means J8 8B R I AR
TR 75 o 278 BN T B B A e 4 STk oK R3] [ 18]

HTHFPFEPELE SRR RS X — 38, CAHUESTSZA-X, JELES:S
J& T [F]— BT ST, AT AR BT R 1) U AT 1 R A 2 JE I R Ak Z 2 R
i, M LR A R SO [ 19] 0 7 [R) 800 32 R AL SCAS ()& REHE N 7 T, Kim 88224 H 7 — M &
word2vec 5 E1E X 43 H(Latent Semantic Analysis, LSA) ) 3= @URG MRS, 38T word2vec HEAT 14511 B&
Yk, EALERAL Falid LSA #FAT 16 RIS T HR M R A B 22 5 BE , %078 FH T DXCHRAE AH OC 1 R (1) 1176
248, WA T ARERBOR[20]. Chen 87 FH W T —Fi3 T word2vee AR EAEM, BT
Mahalanobis £ 25 5 5 H 2l 1 45 7€ 130 2 75 8 T I F . SRl 2 FL R L T3] iR A\ 10 s AL T
HREAH E R AT E R [21]
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SOAREE ERRCR AR . BT A TR ORI, RN SRR R s AR Y v] DA A% Gt TR T IR AE TE R
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3.1. ET Bert B ERIAN

RN S T R B T 3 D 1 SR G 3R OR SRS AR A 4 P 2 A R AT AR B, AT SR
BT IRE I HRTE S A SR, Qi SClR B s o 0 4, Aok 2 R X — SRR IE R R 7
AT DASE R AR SRR A SR AE U ISR, D ER R R R NS TSI T ARHIE B A IR B = TR AE
P8 SUE B ASCKm I H ATE e gk I BINZBY Bert RIFATHRIERRN ,  SEHLRELE I FHRRAE 015 F
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(A o DU R TR A58 5 P 5 g 52 300 B 1) 0 5 A0S ) PR, X O BRI B ik e /g, A gk
AR F B CE S . Bert {# FEAD1E S 1 Y (Masked Language Model, MLM) [23]3F 7 T2k, FFR A
JEE R 170) A% 8 2% 2H A1 SR A e A SR o 0 1) e 4 2R AR O e B b 2% A token HPAE BT INE B AT token |,
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Figure 1. Transformer structure of Bert

1. Bert BYZ5 #8254

1E Bert BRI, 22 HUERMIHIE T 4500 RNN Al CNN M2 M4, A Ruhfg o 7 HRES b
TR ER B AR A . AE LA TARRE AR T, e 2 3 B R R g i 45 MR 25, AR5
FE G o MRS 2% b ] B BOEBOR S 2ICAROR . fEBH R T, BmA— a7k, A fs—4
A 2 B, JRRE ()5 H AR T 5

Attention(Q,K,V) = softmax(?/;_]: ]V €))
Heb K. VL Q R YRIDE I H AARID 2% F Y attention fiT N . AL B IRIDE N TR HERRAE % E R
TP fE B2, BR T RN ERIASh, 5N TALE RE. ZES K, RAFEIRAFALE
Iri) B AH 255 I 5 AR RSN o AEIXMIEOL T, A SRS e I A R AL B, AR E AT i ik
ANZAFEIR, (AR TAEBRAR, RAKFERZRANFER. 5T Bert (RN JEHLIE 2 iR,
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3.2. SFERBERRE SIEEE T
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Figure 2. Feature embedding based on Bert
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Figrue 3. Example of learning hidden Tree model from documents

3. AR E SRR AR B Sl

Bl 3 H R BIA I SRl AR R, FROR SORY R AR E R B ], Z I TE AR . BT K
M, EAIREEE, RPRSEER S PA M. T HAR BT, BATLE R DABR AR — ANETET SN
MRSREE STREM S5 4, FRIG HAN — AN I EIREAL, o DU 4 . SR 5 BT AR #R g 1) 8 25 AR K 77 17
B EUEAS B AR A G0 AU — A% A0 A . SR KIDAHRI S AT RAE T & He )
PRSI R TR MR R AR o BT R 28 A (M TR AR ST BT e A S AL A% B (R BB 5 23 AT
HE, WA MRWBIEE X ={X,, X, X, } Uem MakEZ2={Z,Z,,.Z,} , HE&E YN
RATEACE pa(Y), 24 ¥ NI EAR pa(Y)yNES . BaRAR R A osE SO ) U0 AN 78 76 A8 B R IBE A5 o0 A
Q)R-
P(X,,,X,.2,+,2,)= [] P(Y|pa(Y)) @)
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FETFERHE AR LA 1 40 JZFE AL, HLTM B LARREE N E 58 70 )= K LB =X o
38 VA R IS ) L AR TR A 2 IR 2 s AR JE AR IR JEZ IR G B B E L. 7E HLTM 1, B 44
AR R, RO SOR R IR AEE S TS . HLTM FI5E— 0 2 A B 3R AR a0 102 J8 e B ] A
BRIy BAER SR, XA R P AR R AR, JF B AR B (R A S R DA — A
TR B IR R AR . 5 1) 5 D0 2 (sibling) 45 s R ABL, 151 3 SR T A — AN AR Z, (R iRl AR A B D 2B
1B, ARG L AR R AR R RS, IR B IR FRAT AT AR — b S AR L S A —
T AEAR B AR < IR (R AH SG M, G E b 2 4R 3 B A s DL i 45 2.7 )] (Bayesian Information Criterion,
BICO/3 /- AR AL, &4 AU BER: O KARRERD AW HE: @ NEANFRBEIIN— BT
Ak Q@ KBAERBERERIVEN: @ ET2RHEEEMIITIRA. T E SOEFER A E,
FEIG AT DL & AR XA B AR BLAF BT ) R H AR . ISR XOR Y 2 IR LA g Ln(3).

P(X.Y
I(X;Y):);P(X,Y)log%

N TSN R SRR, TEgE AR TAEE S, XA R R EA & &S HE R
M —xf AR N, HARRBENRMBES T EEPERT, ERERIE max, [(X;2) BRI
X, B RE, ST Mgt DAE S AR TA] R AH SC M A T AR — AN BBk )
AR BEMATIE YRR, — BN, BIKE L. X, 0ok R E a5 D S s TIEE s L,
PURHE/NEARSE D' RGN DR TALES | MEELEEANET 2 MEEZE N R ER R
my F my, NI (4).

G)

BIC(m,|D") - BIC(m,|D") < & (4)

Hrh o NBREZHL WSS - DREE ARG, NP RERER R, JFEE %R
BIRH AR R, ERX IR ERB AR HBFIJRER T . EE T R REZ G,
NEAFRFIFEGNN N, (222 B s B A BRI 8. LS RPrA riE EA E i —
AERGERICMPPIRGE N . Fon, BT 2R BT RE . Wk 3 Fror, X — e DA -1
FROPE AE RS, H P B R AR R 4 PR R, AR B PTRE RIS A, SR B R AR 3R B 3
AT DL RL 3% 9 S B IR SR SR AL, XA HLTM SR Bt H A HLTM AR O RS an 50925 1 P

B 157 2 R AT 23 4 VA (HLTM)
SN WIIEEIESE D,y VUM IRIE 6, BT E
BREH k
A HLTM R K

1. | Begin

D <Dy, Level <0, Myhoi—¢
whileLevel <k or D &£ T HAZ & do
M+« Bridge-Islands(D,d) '**!

If Moo = fthen

Mypore—M

else
Mnote—MergeModel(Mynote, M)
9. | end if

10.| D51 H 54 (Myhotes Din)
11.| D«<—D’ Level<—Level+1

PRXANR WD

12.[ endwhile
13, Hn AN [E] 2 IR B IR B HTLM S
14.| end

Algorithm 1. Analysis process of hierarchical latent tree model
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Figure 4. Flow chart of the platform
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Table 1. Results of student evaluation topic mining
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Figure 5. Word cloud distribution of main topics in student evaluation

5. FETNEZEZIIRDEZ D5

e 1 R s R, AN TEA BB ERRIERE R, 5 BERIE IO RO, 32
P ERUENE . B TTik, Best S b WA ERTBLE 1, AR LRTE R VA LA IE TP
WonE, ZHATENGESGAE, R, HEBUAFBANERR, S SBAmEEG .

6. B&
SR AR A R A B URAR ) ST e RO e T A BB, B S iR U T FE A

LA B A% G SEAIEIE 7E 75 3 AR OO B RAS 5 ORI SRR, ASSCHR 1 2 TR AR Bl S HLas o 21 Uik
HIURRE B BCA A SUE m FOREA . SEIRZERURYT, BRI IR BB AR, SRR A 2 kit
mMEBEIER, BINEREMEF AR BRSO BCATE R, RS EERERRYS
BBt SRR, ARG HERNELE. WA, W TIREREG AR OE A T BB
RN RSP, Ol T AN EE, TSR IR A, 2R BB
IVEEpad o]

B3 RAEL S 317 G BOA & A BB N R I BRRE A IR [T 0 Kb 2, BUE BRI I R 2, A
RO TE AT G A 2T G OGRS B BUR B, RVE e, SR s 2, UET o
2530 5 IR L BU ORI A b o AR DR IX — Rl R, AR — AR T SCRIBIE TE T )

E&WHE
AR SR AN 5 55 K 2022 47 U B BOHT 9 L 2 .
S5 3k

[1]1 RN, XIERE, kA, AR B2 BEOCRT]. BE LREAFER, 2023, 51(1): 213-216.
[2] ZME, BWeR, 1T <®ar + W + el Em PR BB R EZEE 2T, 2023(52): 76-78.

[3] BRJE, KIGE, K. s RS BEBGRRE Y FE A IEAR SR K SLHlg R )]. SR 5 EAHEE,
2023(10): 25-28.

[4] R, Hih SRBBEENEREF LS. FESZ%HE, 2023(6): 27-30.

DOI: 10.12677/csa.2023.138153 1555 TR 5 R H


https://doi.org/10.12677/csa.2023.138153

Wi EE, AL

(3]

(6]

(7]

(8]

[10]

[11]

[12]

[13]
[14]
[15]

[16]

[17]

[18]
[19]
[20]
[21]
[22]
[23]
[24]

(23]

FEIEYE, SR F AR M ECR  MDI RN RS S A 1T M AL [T]. B AL R, 2022(11):
82-89.

TKARG, FPERR, WU, SF. AR TRNE e 4IRS R RE R R SR IR HU A . BT S SEER(].
S LREFUA AL, 2023(S1): 57-61.

SO, SR, Emzp, SF. b E E SORNE R —— DAL ORI 22 S E R A BIT]. WK 2 R (A
), 2015, 42(4): 466-473.

Y. RGRFIE TEIMI R + BEOR IR R T AR, RGR AR, 2024, 32(2): 97-102.

Jia, S.S. (2020) Motivation and Satisfaction of Chinese and U.S. Tourists in Restaurants: A Cross-Cultural Text miN-
ing of Online Reviews. Tourism Management, 78, Article ID: 104071. https://doi.org/10.1016/j.tourman.2019.104071
Malbon, J. (2013) Taking Fake Online Consumer Reviews Seriously. Journal of Consumer Policy, 36, 139-157.
https://doi.org/10.1007/s10603-012-9216-7

Lui, T.W., Bartosiak, M., Piccoli, G. and Sadhya, V. (2018) Online Review Response Strategy and Its Effects on
Competitive Performance. Tourism Management, 67, 180-190. https://doi.org/10.1016/j.tourman.2018.01.014

Cheng, M.M. and Jin, X. (2019) What Do Airbnb Users Care About? An Analysis of Online Review Comments. /n-
ternational Journal of Hospitality Management, 76, 58-70. https://doi.org/10.1016/j.ijhm.2018.04.004

Sk, B SOUE T REE——3 TR LIRS RIS 2 SIS [T). RIERE2E, 2019, 33(6): 62-76.

Ji ki, ALEE, BrANE, ST ERE SA T E AR R A R Y ET-TAGL]. vHEIHLA#R, 2018, 41(7): 1490-1503.
Choi, H.J. and Park, C.H. (2019) Emerging Topic Detection in Twitter Stream Based on High Utility Pattern Mining.
Expert Systems with Applications, 115, 27-36. https://doi.org/10.1016/j.eswa.2018.07.051

Wang, G.H., Chi, Y.X. and Liu, Y.J. (2019) Studies on a Multidimensional Public Opinion Network Model and Its
Topic Detection Algorithm. /nformation Processing & Management, 56, 584-608.
https://doi.org/10.1016/j.ipm.2018.11.010

Pang, J.B., Tao, F., Huang, Q.M., Tian, Q. and Yin, B.C. (2019) Two Birds with One Stone: A Coupled Poisson De-
convolution for Detecting and Describing Topics from Multimodal Web Data. [EEE Transactionson Neural Network-
sand Learning Systems, 30, 2397-2409. https://doi.org/10.1109/TNNLS.2018.2872997

R, L. BT SRR S R B L[], R, 2018, 36(4): 45-50.

FAMAR, Bedl, sRoldn, 5 HASBATE BN 5B EARORBE FUERIR ()], O E 4R, 2019, 33(7): 1-10, 30.
Kim, S., Park, H. and Lee, J. (2020) Word2vec-Based Latent Semantic Analysis (W2V-LSA) for Topic Modeling: A

Study on Blockchain Technology Trend Analysis. Expert System with Applications, 152, Article 113401.
https://doi.org/10.1016/j.eswa.2020.113401

Chen, J.Y., Gong, Z.G. and Liu, W.W. (2019) A Nonparametric Model for Online Topic Discovery with Word Em-
beddings. Information Science, 504, 32-47. https://doi.org/10.1016/j.ins.2019.07.048

Jelodar, H., Wang, Y.L., Yuan, C., ef al. (2019) Latent Dirichlet Allocation (LDA) and Topic Modeling: Models, Ap-
plications, a Survey. Multimedia Tools and Applications, 78, 15169-15211. https://doi.org/10.1007/s11042-018-6894-4

Conneau, A. and Lample, G. (2019) Cross-Lingual Language Model Pretraining. 33rd Conference on Neural Informa-
tion Processing Systems, Vancouver, 8-14 December 2019, 7059-7069.

Liu, T.F., Zhang, N.L., Chen, P.X., et al. (2017) Latent Tree Models for Hierarchical Topic Detection. Artifical Intelli-
gence, 250, 105-124. https://doi.org/10.1016/j.artint.2017.06.004

Liu, T.F., Zhang, N., Chen, P.X., et al. (2015) Greedy Learning of Latent Tree Models for Multidimensional Clustering.
Machine Learning, 98, 301-330. https://doi.org/10.1007/s10994-013-5393-0

DOI: 10.12677/csa.2023.138153 1556 MR 5 R


https://doi.org/10.12677/csa.2023.138153
https://doi.org/10.1016/j.tourman.2019.104071
https://doi.org/10.1007/s10603-012-9216-7
https://doi.org/10.1016/j.tourman.2018.01.014
https://doi.org/10.1016/j.ijhm.2018.04.004
https://doi.org/10.1016/j.eswa.2018.07.051
https://doi.org/10.1016/j.ipm.2018.11.010
https://doi.org/10.1109/TNNLS.2018.2872997
https://doi.org/10.1016/j.eswa.2020.113401
https://doi.org/10.1016/j.ins.2019.07.048
https://doi.org/10.1007/s11042-018-6894-4
https://doi.org/10.1016/j.artint.2017.06.004
https://doi.org/10.1007/s10994-013-5393-0

	基于在线评论的课程思政学生关注点研究
	摘  要
	关键词
	Research on the Concerns of Students in Curriculums with Ideological and Political Content Based on Online Reviews
	Abstract
	Keywords
	1. 引言
	2. 文献回顾
	2.1. 在线评论话题识别与主题分析
	2.2. 研究评述

	3. 核心方法设计
	3.1. 基于Bert的特征嵌入
	3.2. 分层隐树模型与话题检测
	3.3. 基于领域停用词的冗余共现预消除

	4. 数据获取与平台构建
	5. 话题挖掘结果与分析
	6. 总结
	基金项目
	参考文献

