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Abstract

In the current era of high-speed digital information dissemination, accurate and interpretable emo-
tional analysis of news comments is crucial for public opinion insight and guidance. In this study,
RoBERTa model and multi-scale convolutional neural network (MSCNN) are used to analyze the
emotional tendency of news commentary. At the same time, Local Interpretable Model-agnostic
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Explanations (LIME) is used to realize the in-depth interpretation of the model prediction results
and visually display the model’s focus on words and phrases when processing news comments,
providing a clear basis for the model’s decision-making. The experimental results show that RoB-
ERTa-MSCNN has achieved superior performance in the task of sentiment analysis of news com-
ments. Its accuracy rate reaches 83.34%, the precision rate is 82.6%, the recall rate is 84.67%, and
the F1 score has been increased to 83.62%. At the same time, interpretability analysis provides a
clear perspective for users to understand the model output, helps news media to monitor and guide
public opinion more effectively, and provides strong support for research and application in related
fields.
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Figure 1. Interpretable sentiment analysis model structure based on ROBERTa-MSCNN
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Figure 2. Multi-scale CNN structure
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Figure 3. Positive word cloud
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I EE AR SR AT DAL R AR I 2 0 S I P At S, DU S, SRR i AL e

A JE T EE R, 7 BSOS R BIAE A DI 0). 28 g KA
CURRAEAS AL TN (A S R AR 5 AR ZERAT ARk, A s AR o AR fy i 3 O g 2K
KI5 73 (logits), JHIL Softmax B&EA] LUK X LA 0 BN A . S UM R TR AT AT U
B, e Dy SR S R R, D A S AR R
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pi:zf—zlezj ’ i:1,2’“.,c (7)
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MR ATH 1,
BUREAR 5 YRR SR L I A R
C
L==) ylog(p,) (8)

i=1
CRINEE, y, &— MY A & (one-hot), R FEA R F L A RAEAE T30 0, W y, =1,
By, =00 p, RBRFEIFEAE T2 § KSR softmax J& (5 ).
gt sy, EZMINGRET RS FERBEE, RIS BRI S, U
R IRIERE N EE, PrUlIZREeEosen 10, BARGRIEE SIRIUNAFIEEMRIELL, EACHERZEE B
BEAE 1024 5512 1, ISR RR IR, SERIREIE, PrUASCER SR N 256.
N S R A, AR EIR BB R B DI ANBE R SRR . MR Rl AR A
BEBLEA S B s 4 R R I a1 2 BEE, AT 3R B R AL RE T, IRl I o MRS A SORS
BRI R T2, MK 0.1, BIZESTAR A2 10% 1) FAF AT e e . RN, A asid G
PACRCR, IR EFF R 0.5, RN RES, FMMETTH S0%MMEREENL 5. H TR
ORI Z AN E 1 Fis.
Table 1. Hyperparameter sets for model fine-tuning
* 1. ATHEAEMENESHE
HZH {121

BERT (bert-base-uncased)
RoBERTa (roberta-base)

KRBLE 5 A8 (LLMs)

HIRMZ W 44 (CNN) % R E B A AN 45 (MSCNN)
R Adam, AdamW
2K B EL(L) A8 XK
P Eibkte 5,10, 15
HERZHE 128, 256, 512
L& 0.2,0.5
FH 0.00001, 0.000001
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Figure 6. The variation of evaluation metrics with the number of training epochs
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Figure 7. The variation of evaluation metrics with the number of training epochs
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ARG A AT TR AR ) SCARR & B, “Well maybe next time my dreams will come true.” 25 H
A DI BAR A SCAS R B A TRV E I W A i . B AT BE A B 3 T “dreams will come true” X AFEAH X
RIS, T2 T “maybe nexttime” FTAEIEH I —FIJoas . AR S N HREE. X1, “This
was supposed to be a good weekend.” TR K L VF L,  “was supposed to be” 18 I 7R S i 5 il
WIARE, FIRETT A R EIESE . (AW VLR 7 BTN A 78 0 PR R B — & s X, Al “good
weekend” XANFIR IR, B IHHE IR

A ] BTN T 3R 0 B 3RE S X, TR IR A2 BB TR A I 2 2R I K. B A % 18 3
ZAATEIR P AL O o] AR Bl s 5, ISZ I &) 04T 120, SECLEMERAIMIE K. ANKIESF
I IR FRIR T M), DA IR BRI, (A 2 1R 5 T2 T A AEUR SCI i — e, JRdEs
AR IR A AT BEXE DL X AP R ST AR S 1 e i R SR R

EFOIREALSS i, AT DASCERBE 2 R B R VE . RAMNE IR G I SOARSE, DA [ 155 85 R PR A
WOCAREHE, AR S B SRR G R AL, F e i U ZE R R BE S . BUAh, 1 R 26
BE— Ak, By iR, SRR SR AR AR, SR AL TR I BE NS e S v P 17 R W
IS, FENGRERLN T AGIN— Lo BN S, P B P s . e e 1 565, BB SE 47 s 7R
filt F P A i = 1

4.6. XFELIALE

AR CEFE Word2Vec-MSCNN. BERT-MSCNN. RoBERTa-BiLSTM 1E A% RBRLAY, 7E4H Rk HE4E -
EAR A RoBERTa-MSCNN HEAT ML . 45 R 2 fis.
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Table 2. Comparison of different models on the Sentiment140 dataset

3 2. NEIFEBIFE Sentiment140 HIBEE L HILLER

i gt Accuracy Precision Recall F1
Word2Vec-MSCNN 0.5245 0.5542 0.2749 0.3657
BERT-MSCNN 0.8144 0.8144 0.8144 0.8143
RoBERTa-BiLSTM 0.8225 0.8225 0.8225 0.8225
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