rE®E I RKFFR
Fa1E B3 J. University of Shanghai for Science and Technology Vol. 47 No.3 2025

XE4mS:1007 — 6735(2025)03 — 0334 — 11 DOI: 10.13255/j.cnki.jusst.20240512001

ZEOEEENSERMNEEBERI AR

HET,  RIERK, RIE

(g s T oK% B 2R, i 200093)

E: ARZ AR MEREF O RBENIIE, EERFEROSV T xAm L, BECHEEBR L,
¥rxth BRIR AT RO . AR B ERF) & E A (LDA) AR 4T £ 27 5), 28K T4
B ALBERT 84 &kA-1E % A AUH) 69 SGB 8 45 454 Be o MR A (DCMAM ), AF3R38 LA ST B
R, o EHRPANESHRESE, HAERNXKE., THXKEFELXRE 3 AFNIE4R, 55
BT RIFE & . =0 JE B Ak smIE B 3 NG AT AR MBS RIE BRI iT oM. SREAW, $4
RS A S EIR T, DCMAM BA & E#HE . Zwffe F1 G574 3] 91.32%. 91.55%
F7 91.60%, ALTE AT IFE AT B E , SHEIEFIFNIFETRNEH P ARE SHIE
BTHAE X ZERERBEAEEZR.

KEFE: HRMAEE, CHEH,; LDA THMAEA, T HMIRH,; HEASH
hE4SES: TP 391 TR ERD: A

Sentiment analysis of online public opinion in universities
considering psychological distance

ZHI Luping, ZHAO Yaxin, ZHAO Jinghua
(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: In order to explore the emotional evolution law of online public opinion in universities, the
traditional sentiment analysis method was enhanced by integrating the psychological distance factor to
improve the effect of emotional evolution analysis. The latent Dirichlet allocation (LDA) topic model
was used for topic recognition, and a dual-channel feature sentiment analysis model incorporating
attention mechanism (DCMAM) based on the pre-trained model ALBERT was proposed to classify the
sentiment of comment texts. By combining with topic recognition and sentiment classification, three

evaluation indexes of temporal relevance, spatial relevance and semantic relevance were constructed,
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and the evolution of online public opinion sentiment in universities was analyzed from three dimensions:

temporal distance, spatial distance and cognitive distance. The results show that the accuracy, recall and
F1 value of the DCMAM model reach 91.32%, 91.55% and 91.60%, respectively, in the comparative
experiments of multiple groups of sentiment analysis models, which can better identify the sentiment

tendency of the comment text. The psychological distance evaluation index shows that there are

differences in the public opinion attention and emotional evolution of network users under different

psychological distances.

Keywords: online public opinion in universities; psychological distance; LDA topic model; topic

recognition; sentiment analysis
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Tab.2 Keywords for each topic and their corresponding public opinion cycle
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Tab.4 Comparison of experimental results
R HIZITES FEmES FIfg
BERT-TextCNN 90.20 90.54 90.33
BERT-BiLSTM 88.60 88.31 88.70
ALBERT-BILSTM 88.63 88.35 88.65
ALBERT-TextCNN 90.25 90.55 90.36
BERT-RCNN 90.78 90.88 91.05
ALBERT-RCNN 90.80 90.95 90.98
DCMAM 91.32 91.55 91.60

MBS 45 5 . DCMAM R R HER 3% .
[l H F1 A28 98 91.32%. 91.55%. 91.60%. Ft
1, # ALBERT-TextCNN 4% I 5 BERT-TextCNN
ot Ay S0 g 45 SR E AT X e, & B ALBERT-
TextCNN B FEHERG R | 7 [ F1AE F 55042

Ft 0.05%. 0.01%. 0.03%. ¥ ALBERT-RCNN #i
A 5 BERT-RCNN H5 B 1% 52 56 45 A7 % b, &
B ALBERT-RCNN A5 (14 4 ffy 2 01 43 [0] 58 43 S 4
T+ 0.02%. 0.07%, F1{& FFE 0.07%. ¥ DCMAM
155 A 5 ALBERT-RCNN #5% 5 [y 52 56 25 5L i 47 Xt
l, &3 DCMAM AL HER % . A R F1E
AT T 0.52% . 0.60%. 0.62%.

Xof b S 36 3IE B DCMAM 55 50 75155 8% 43 77 T
B W3 il A R P N 25 1 17 J%
AT IS, BRI . H ST A AR 1 4y
WBEH-1. 0., 1.

4 FEOEBEBNERS T

B 5 B A A A L T R ) 1R R )
PE, OIS RE B . 25 (8] B B R KB 25 3 A4



% 3 1

BT, AF TR HIER S I R 00 2% B 1R I T T Y 341

X BRI SR R AT T -
41 ETHEEBSHEENERSHT

B B) JCIBCFE G R e T AN ] B ] 5 0 9 4% FH P

I RGE R LA TR, HitB T .
G@t,v,w) =Sk sk

(tn:visw) (10.vi-w)
A GRS TR ) AE I 21 1, 16 7Y
15 1B 5 TEBD U IR 220 0 If A T IR 2 TR A 2248,
Ml 1 AN ] 175 JRR 288 531] 52 Ik ] . g 52 Wi oy 7 A= 4 30 50
RN BT 1) 5 vide s B i B R Y B
i=0,1,2,---,11; wR/RMZ P 1P 7R By 3 BELA
By oSk FORAEME b, K w, W v,
9 kA IRERIE B
B 25 A1 R 45 B i A ) SR R 2 5
TE AR A B 2 S PR A LT, 35
A TR] AR TE] 5 A5 2 1] 454 17 S ol ) i B R B2,
YA RN 5 R o 7R BN R IR B B 2= g L
B, BEEWFBE BRI, R RS T i
Th, BN R ERREEL, WIS L BE R ]
PR ES R BT T RE

x5 MOMEXKELSR

Tab.5 Results of partial temporal correlation
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Tab.6 Results of partial spatial relevance

KT BOBEBLKRBKELER

Tab.7 Results of partial semantic relevance
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