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Abstract Recent advancements in news sentiment analysis using large-scale language models show
promise, but cross-domain and cross-language sentiment model transfer remain nascent. This study
examines the adaptability of sentiment models across domains by using a dataset of 9,788 economic
news articles to develop a model for sentiment classification (neutral, positive, negative) for different
languages. The economic news sentiment classification model was trained using five multilingual
large-language models, with Cross-lingual Language Model-Roberta (XLM-Roberta) achieving the best
performance at 89% accuracy. Using news framing theory, the sentiments expressed in 200 political
election news articles were analyzed. The economic news sentiment model was then applied to these
political articles to test its transferability. Results indicate that negative content comprised 50.5% of the
political news. The model's prediction accuracies for political news were 85.25% for neutral sentiment,
78.95% for positive, and 86.14% for negative. These findings suggest that sentiment classification models
developed for economic news can be effectively transferred to political news, highlighting the potential
for broader application across different news domains. This approach could save time and costs in
sentiment analysis, and can reduce subjectivity in classification.
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Table 1. Types of News Frames and Corresponding

Sources
News frame Ventilating fan Sources
The framesetting effects
Objective of news: An experimental
Frame Aday, S.0101 test of advocacy versus
objectivist frames.
Critical ;Z Zlcl;erl\,/[ HG Méc Wildfire in the news
Frame Fletéhef A”] media: An intersectional
[11]’ T critical frame analysis.
Supportive Kim, Geun-sik., Analyzing the effects of
griml;el Lee, Sun-woo. message framing on
[12]. nuclear acceptance
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Table 2. Composition of the Training Set by
Language and Sentiment Category

Korean (50%) English (50%)

Neutral (0) 2881 2881

Positive (1) 1391 1391

Negative (2) 622 622
23 SERY MY U SV

AR Yzt Adof BE oAM= FAY 2AIE =
Eole AHE Ad Transformer #2271 de] AREE
1 k. RNN3} H|wE off, Transformere 71 AJEA

A9 THE aatdor FEI £ ik RNNA=
AE7F AL wEt dAHo R AgEy, oot A
ol HAEE AT ufj A|JFAY A&} & Alo]9] 9=
J& ZZ5E7] oJPtt. Table 32 £ =&oA AEH
oA 7HA] it ddof Bdld 59 gev|g ¢ Al
Al5tSit). Table 3914 & 4= Ql=el, Bd 37| W
4] Multilingual BERTS] mtetu|el7} 7H 39, 7H
22 mleuE BE2 DistilBERT(distilled bidirectional
encoder representations from transformers)°|t}.
Twitter-XLM(Twitter cross-lingual language model)
I} XLM-Roberta(cross-lingual language model -
RoBERTa)= metu|g o] 5YstH, Canine-C9| 1t
gy g2 FF FEolh



fill‘

o1&l =24 A254E A8E, 2024

Table 3. Introduction to NLP Models and
Parameters Used

Model Name Parameter (Million)
Multilingual BERT 340
DistilBERT 66
Twitter-XLM 270
XLM-Roberta 270

Canine-C 121

Table 4= 7t Bd9] 4 4 SHAE AAIsHct
Multilingual BERT= ®oieh oehv|g o & <lsf of
Pt Aol9] BT ou] L2 E o] & olsfot YT
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< HQltk a8y ol o w2 Al A AR 8
Tot7] W] Aol At FHFole HEsHA ke
4= it} ¥k, DistilBERTE: BERTS| ZAH3} Ao
2, A4 F5F 71&S 5o gt &g Eo A4 £
=S A o2 Qo) AHAHOR w2 45 74

SHRME W2 Sgo] BT $§ LIl o A

stk Zeh, Q% 2ge Qo X Al AR
BERT® $9% A3wg 94 23 4 9tk

Twitter-XLM¥} XLM-Roberta d&n]g o] 5
shH, o] & wHE2 Qo] 7 o] 9 A4S Hslor]
o) AAE AT} Twitter-XLMS E3] A4 njtjo] €

Table 4. advantages and limitations of NLP Models

Model Name Advantages Limitations
Excellent for May not perform as
Multilingual multiple languages well for
BERT with a single low-resource
model. languages.
Faster and smaller Reduced model size
- than BERT,
DistilBERT L. may lead to lower
efficient for
accuracy.
deployment.
Specialized for Limited to languages
Twitter- social media text, and data types
XLM robust in handling similar to training
informal language. conditions.
M
Outperforms BERT ore
X . resource-intensive,
XLM- in multilingual X L
. X requires significant
Roberta settings, very high .
computational
accuracy.
power.
Handles Newer model with
character-level less communit
Canine-C inputs for deep , Y
. vetting compared to
understanding of
others.
morphology.
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Fig. 1. Emotion classification flowchart for
Multilingual BERT model
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Where, Accuracy represents the proportion of
correctly classified instances, TP denotes the
number of true positives, TN denotes the number
of true negatives, and Total samples represents
the total number of instances in the dataset.

P
Precision = TP+ FP @)
Where, Precision represents the ratio of correctly
predicted positive instances to the total
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predicted positives, TP denotes the number of

true positives, and FP denotes the number of
false positives.

_rr
TP+FN

Where, Recall represents the ratio of correctly

Recall = (3)

predicted positive instances to the total actual
TP denotes of
positives, and FN denotes the number of false

positives, the number true

negatives.

Recall X Precision

=2X
1 .Score =2 Recall +Precision

4

Where, F1 Score represents the harmonic mean
of Precision and Recall, providing a balance
between the two metrics, with Recall as defined
above and Precision as defined above.
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Loss curves of different models
Models
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Step

Fig. 2. The learning process and loss reduction
of each model during training
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Precision for Different Models
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Fig. 4. Statistical results of 5 NLP models
(a) Precision results (b) Recall results
(c) Fl-score results
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Table 5. News Frame and Attitude Frequency by

Newspapers
News frame Positive | Neutral | Negative Total
frame frame frame
THE CHOSUN 5 14 31 50
Daliy (10%) (28%) (62%) (100%)
, 17 21 50
HANKYOREH | 12 24%) | (30 2% | 00%
The Wall Street o 19 18 50
Journal 13 26%) (38%) (36%) (100%)
The New York 8 11 31 50
Times (16%) (22%) 62%) (100%)
: 61 101 200
Total 38 099 | o5 | 05% | oow
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