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[Abstract]

Recently, large language models (LLMs) have demonstrated strong performance in natural language
processing tasks, including sentiment analysis; however, prediction performance and interpretability consistency
can vary significantly depending on prompt design. This study conducts a comparative analysis of the
sentiment analysis performance and LIME-based explainability of foundation models across different prompt
types. Experiments were conducted on Korean app reviews, English IMDB reviews, and the English TweetEval
dataset using role-based, context-rich, few-shot, and format-constrained prompts, and the performance of
GPT-40-mini and Gemini 2.5 Flash models was evaluated. In addition, the semantic consistency and
explanation stability of prediction results were analyzed both quantitatively and qualitatively using sentence
embedding—based cosine similarity and LIME. Experimental results showed that in the binary classification
setting (IMDB), performance differences remained within 1.5 percentage points (%p), and differences in
explanation consistency were also 0%p, indicating overall limited variation. In contrast, in the three-class
settings (APP and Tweet), performance differences of up to approximately 3.0%p were observed. In the tweet
domain, differences in explanation consistency were confirmed to be 25.0%p based on LIME agreement and
12.5%p based on overall agreement. This study is meaningful in that it systematically analyzes the impact

of prompt design on both performance and explainability in LLM-based sentiment analysis.

» Key words: Foundation Models, Large Language Models, Sentiment Analysis, Prompt Engineering,
Explainable Artificial Intelligence
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Table 1. Average Response Time Results by Model

Dataset Original Data Size Sampling Criterion Final Sample Size | Class Distribution
. Total 60’00[,] samples Uniform sampling of 300 Neutral 300
Korean App Review Dataset (Neutral : 20,000 . .\
. samples per sentiment 900 Positive 300
(Web-crawled and preprocessed) Positive : 20,000 class Negative 300
Negative : 20,000) g
English IMDB Movie Review Total 50,000 samples | Uniform sampling of 500 .
A . Positive 500
Dataset (Positive : 25,000 samples per sentiment 1,000 Negative 500
(Publicly available, preprocessed) Negative : 25,000) class 9
English TweetEval Sentiment Total 59.’899, samples Uniform sampling of 300 Neutral 300
(Negative : 11,377 . .
Dataset . samples per sentiment 900 Positive 300
(Hugging Face, preprocessed) Neutral = 27479 class Negative 300
9ging « Prep Positive © 21,043) g
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4.2 LIME-based explainability analysis
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Table 2.

Experimental
Similarity-Based Sentiment

Results

of  Cosine

Analysis Performance

of the GPT-40-Mini Model According to Prompt
Types and Domain
APP Review Domain
Prompt Type Accuracy | Macro-F1 | Weighted-F1
role_based 0.530 0.528 0.528
context_rich 0.532 0.528 0.528
few_shot 0514 0.506 0.506
format_constrained 0.534 0.531 0.531
Tweet Sentiment Domain
Prompt Type Accuracy | Macro-F1 | Weighted-F1
role_based 0.633 0.635 0.635
context_rich 0.622 0.626 0.626
few_shot 0.606 0.605 0.605
format_constrained 0.636 0.639 0.639
IMDB Movie Review Domain
Prompt Type Accuracy | Macro-F1 | Weighted-F1
role_based 0.908 0.908 0.908
context_rich 0.912 0.912 0.912
few_shot 0.909 0.909 0.909
format_constrained 0.906 0.906 0.906
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Fig. 3. Mean performance of Gemini 2.5 Flash sentiment
models
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Table 3. Experimental Results of Cosine
Similarity-Based Sentiment Analysis Performance
of the Gemini 25 Flash Model According to
Prompt Types and Domain

APP Review Domain

Prompt Type Accuracy | Macro-F1 | Weighted-F1
role_based 0.567 0.562 0.562
context_rich 0.567 0.562 0.562
few_shot 0.560 0.547 0.547
format_constrained 0.557 0.551 0.551

Tweet Sentiment Domain

Prompt Type Accuracy | Macro-F1 | Weighted-F1
role_based 0.638 0.629 0.629
context_rich 0.644 0.635 0.635
few_shot 0.629 0.615 0.615
format_constrained 0.624 0.612 0.612

IMDB Movie Review Domain

Prompt Type Accuracy | Macro-F1 | Weighted-F1
role_based 0.925 0.925 0.925
context_rich 0.930 0.930 0.930
few_shot 0.938 0.938 0.938
format_constrained 0.923 0.923 0.923
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Fig. 4. LIME-based visualization of sentiment analysis
using the context—rich prompt with the GPT—40—mini
model on the app domain
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Table 4. Quantitative XAI Comparison Analysis of

GPT-40-mini and Gemini 2.5 Flash in the APP
Domain
Metric GPT-do- | Gemini 2.5 g:;rlslncf
mini (APP) | Flash (APP) GPT)
Match 0%
(LIME = 8.3% 8.3% )
(Identical)
True)
Match
(Cosine = 66.7% 58.3% —8.40p |
(Decreased)
True)
LIME
Improvement —58.4% —50.0% (I+8'4 DTd)
(A%) mprove
Overall
Agreement 66.7% 58.3% ~840p |
(%) (Decreased)
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Fig. 5. LIME-based visualization of sentiment analysis
for the few—shot prompt using the Gemini 2.5 Flash
model on the imdb domain
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Table 5. Quantitative XAI Comparison Analysis of

GPT-40-mini and Gemini 2.5 Flash in the IMDB
Domain
GPT-40- Gemini 2.5 Difference
Metric mini Flash (Gemini —
(IMDB) (IMDB) GPT)
Match 0%
(LIME = 100.0% 100.0% .
(Identical)
True)
Match 0%
(Cosine = 100.0% 100.0% .
(Identical)
True)

LIME 0p
Impr(czl;};nent 0.0% 0.0% (No Change)
Overall 0p

Agr?;r)nent 100.0% 100.0% (No Change)
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Fig. 6. LIME-based visualization of sentiment analysis
for the format—constrained prompt using the
GPT-40-mini model on the tweet domain
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Table 6. Quantitative XAI Comparison Analysis of

GPT-40-mini and Gemini 2.5 Flash in the Tweet
Domain
GPT-40- Gemini 2.5 Difference
Metric mini Flash (Gemini —
(IMDB) (IMDB) GPT)
Match o
(LIME = 33.3% 58.3% +25.0% 1
(Improved)
True)
Match o
(Cosine = 58.3% 75.0% +16.7% 1
(Improved)
True)
LIME
Improvement —25.0% —16.7% (;8'3 P L)
(A%) mprove
Overall
Agreement 58.3% 70.8% +12.5p 1
(%) (Improved)

V. Conclusion
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Appendix A. Representative prompt
structure (tweet domain)

# ATOIN AF8F LELEL Y THsAS 93 o
B TZO0Ql(Tweet 3-class)e] F&TF QoFsto] A|AISH.
A APL 238 FE0} Alest ATHEE A 0 §
540l 73 QA0]02 B wRo matat] okt

A-1 Role-based

Role: English Twitter sentiment classifier
Labels: Positive / Negative / Neutral

Mixed emotion rule: dominant tone selection
Severe issue priority — Negative

Output format:
Sentiment=<label>;Evidence=<quoted phrase>

A-2 Context-rich

Context-sensitive interpretation
Neutral only if no emotional tone
Mixed rule & severe issue rule applied
Same constrained output format

A-3 Few-shot

3-5 labeled tweet examples
Dominant sentiment rule
Severe issue override rule
Same structured output format

A-4 Format-constrained

Explicit sentiment selection rules
Strict one-line output

Evidence must be quoted from input
No placeholders allowed
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