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[Abstract]

This study aims to construct a dataset for sentiment analysis of Korean financial news headlines and compare the performance
of encoder-based models and large language models (LLMs). Using Korea Composite Stock Price Index KOSPI news data, a
three-class dataset consisting of Positive, Neutral, and Negative labels was automatically generated through GPT-based
pseudo-labeling. Three evaluators independently assessed the appropriateness of the automatic labels in the test set and analyzed
inter-annotator agreement. The dataset was then used to train Korean-specific encoder models, while Gemini and LLaMA series
models were evaluated in a zero-shot setting. The results showed that encoder models achieved strong classification performance
overall, with KLUE-RoBERTa obtaining the best results. Although LLMs demonstrated competitive performance without additional
training, they showed imbalanced performance across certain classes. This study presents an automatic labeling approach for Korean
financial sentiment analysis and provides empirical insights into the performance characteristics of encoder models and LLMs.
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Table 1. Prompt used for LLM-based sentiment classification

Prompt type Prompt content

You are a financial news sentiment classifier for
Korean stock—market headlines.

Classify each headline into exactly one label: pos,
neu, or neg. The label pos refers to a headline that
indicates a positive financial or business impact.
The label neu refers to a headline that is neutral,
mixed, factual, or unclear in terms of financial or
business impact. The label neg refers to a headline
that indicates a negative financial or business
impact. Use only the information provided in the
headline. Do not infer facts that are not directly
supported by the headline. If the headline is
ambiguous, mixed, or simply factual, classify it as
neu. Return only valid JSON.

System
prompt

Classify the sentiment of the following Korean
financial news headline. Select only one label
User prompt | among pos, neu, and neg. Headline: {{TITLE}}
Return only JSON in the following format:
{"label":"pos"}
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Table 2. KLUE-BERT validation results

Model Dataset Accuracy F1
KLUE- Validation 0.895 0.848
BERT Test 0.891 0.842
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Table 3. Inter-annotator agreement results

Unanimous
agreement (%)

Average pairwise

Setting Gwet’'s AC1 agreement (%)

All three 0.917 92.50 88.76
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Table 4. Encoder model comparison results

Model Dataset | Accuracy | Precision | Recall | Macro F1
KLUE- | Validation | 0.902 0.868 |0.851| 0.859
RoBERTa Test 0.897 0.862 |0.844| 0.852
Validation | 0.893 0.853 |0.843| 0.847
KoELECTRA
Test 0.889 0.847 |0.833| 0.839
KLUE- | Validation | 0.895 0.859 |0.840| 0.848
BERT Test 0.891 0.852 |0.835| 0.842
Validation | 0.885 0.841 |0.827| 0.832
KoBERT
Test 0.879 0.832 |0.817| 0.823
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Table 5. Model performance comparison

Model Accuracy | Precision | Recall M'a:c1:ro
Gemini—3—Flash 0.878 0.835 0.850 | 0.842
Gemini—3.1-Pro 0.775 0.770 0.800 | 0.761
Llama-3-8B-Instruct 0.822 0.741 0.742 | 0.737
Llama—-3.1-8B-Instruct 0.827 0.765 0.715 ] 0.703
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Table 6. Correct classification cases by encoder models

KLUE- | Gemini—3
RoBERTa | —Flash

Headline Label

KEPCO Expected to Narrow
Losses on Possible Additional
Utility Rate Hikes

KB Securities Cuts E-Mart
Target Price by 21% on
Earnings Concerns

Positive Positive Negative

Negative | Negative Positive

Shinsegae International’s
JAJU Sees 168% Sales
Growth for Cooling Fabric
Line “JAJU Air”

Daol Investment Cuts Dio’s
Rating to “Neutral” Amid Real | Negative
Estate Market Slowdown

Positive Positive Negative

Negative Positive
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Table 7. Misclassification cases by encoder models

Headline Label | KoBERT | Gemini—=3-
Flash

Kakao Healthcare Expected Positive | Negative Positive
to Narrow Losses
LG H&H Expected to See - . "
Demand Recovery in Q2 Positive | Negative Positive
SK hynix Expected to
Reduce Operating Loss in . . -
Q2. Entering Recovery Positive | Negative Positive
Phase
Lotte Chemical Expected to
Exit Loss—Making Streak Positive | Negative Positive
After Six Quarters
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