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Abstract

The requirement for large, manually labeled datasets is one of the main barriers to applying sentiment
analysis algorithms in specialized or rapidly evolving disciplines in the present natural language
processing (NLP) landscape. This work investigates a paradigm shift from traditional fully supervised
learning to data-efficient methods, specifically zero-shot learning (ZSL) and few-shot learning (FSL).
This study uses the advanced capabilities of instruction-tuned large language models (LLMs), like GPT-
4, to assess the ability to classify emotions in a variety of language settings with little to no task-specific
training data. The project mixes benchmark datasets like SST-2 with specialty domain sets like hospital
evaluations and financial tweets to evaluate performance stability and domain generalizability.
According to our experimental results, highly supervised models like Bidirectional Encoder
Representations from Transformers (BERT) obtain great accuracy (93.2%), whereas the GPT-4 few-
shot model achieves a competitive 92.8% accuracy utilizing just 1% of the labeled training data. This
is a significant resource allocation optimization that reduces both the amount of human labor required
for annotation and the computational overhead of fine-tuning the model. The study then does a
comprehensive error analysis, indicating persistent challenges in language complexity, such as
recognizing sarcasm and understanding domain-specific jargon. By addressing context ambiguity and
data imbalance through purposeful prompt engineering and in-context learning (ICL), this work
provides a comprehensive method for performing high-performance sentiment analysis in resource-
constrained contexts. The results show that the marginal usefulness of more labeled data rapidly drops
at the few-shot barrier, making FSL the most practicable technical and cost-effective method for
modern enterprise-level sentiment monitoring.
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INTRODUCTION

Sentiment analysis (SA) has developed from a specialized academic discipline to an essential part of
social science research, public policy monitoring, and corporate intelligence. This study aimed to
programmatically identify, extract, and measure affective information and subjective states in text.
Lexicon-based methods or traditional machine learning classifiers, such as support vector machines
(SVMs), have been previously employed for this
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or too slow to acquire in specialized businesses, such as high-frequency financial trading or medical
diagnostics. This creates a “resource wall” that prevents many companies from effectively using SA.

Zero-shot learning (ZSL) and few-shot learning (FSL) are introduced. These paradigms mark a
change from weight-updating fine-tuning. Rather, they depend on the latent knowledge “latent
knowledge” and “instruction-following” features of large language models (LLMs) [2]. By
comprehending the semantics of category labels, ZSL enables a model to categorize text into sentiment
groups for which it was never specifically trained. This is improved by FSL, which provides the model
with a few “shots” or samples within the prompt, enabling in-context learning (ICL). With an emphasis
on accuracy, data efficiency, and the capacity to generalize across ‘“unseen” domains, this study aims
to systematically assess these new approaches against the established BERT baseline.

Problem Statement

Conventional models for supervised SA are intrinsically inflexible. Due to variations in terminology,
tone, and the “directionality” of sentiment (for example, the word “volatile” is neutral in a movie review
but frequently negative in finance), a model trained on movie reviews (IMDB) frequently fails when
applied to financial tweets. These models require domain-specific retraining, which is computationally
intensive and necessitates an ongoing pipeline of labeled data to maintain performance.

Although they present new challenges, ZSL and FSL provide possible solutions. Because LLMs are
susceptible to “prompt phrasing,” even a small alteration in the instructions can provide drastically
different results. Moreover, systematic misclassifications may result from LLMs’ intrinsic biases of
LLMs, which are inherited from their pre-training data. Determining whether the resource savings of
ZSL/FSL balance the possible precision loss and how to tune these models to handle intricate linguistic
elements, such as sarcasm and domain-specific jargon, are challenges.

Research Objectives

The following are the main goals of this study:

1. Benchmarking accuracy: Measure the performance of ZSL and FSL against a fully supervised
BERT-base model using popular sentiment datasets.

2. Domain adaptability: Evaluate the performance of these models on specialized datasets
(healthcare and finance) without acquiring the thousands of labels often required for domain
adaptation.

3. Efficiency analysis: A trade-off study was conducted between the amount of labeled data
consumed and the resulting F1-score in order to identify the “sweet spot” for industrial
applications.

4. Error categorization: Perform qualitative analysis of failed cases to ascertain which linguistic
structures, such as sarcasm, denial, and ambiguity, remain problematic for data-efficient models.

RELATED WORK
Traditional Supervised Sentiment Analysis

The introductionof BERT[1] was an importantstepin the development of SA. BERT can understand
a word’s context by considering all its surroundings, thanks to bidirectional transformer training, This
method was improved by later models such as RoOBERTa and XLNet, which concentrated on larger
datasets and longer training periods. Nevertheless, the “supervised bottleneck” continues to limit these
models [3]. The model’s performance on “out-of-distribution” data decreases significantly if the
training data are biased or lack domain diversity.

Zero-Shot Learning in NLP

ZSL uses the semantic connection between class descriptors and input text. SA has been presented
as a natural language inference (NLI) task in recent research [4]. The model in this framework
determines whether the hypothesis (e.g., “This text expresses a positive sentiment”) is implied by the
premise (the text). Although this method enables a “train once, apply anywhere” approach, it is
frequently less accurate than specialized models in complex situations [5, 6].
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Few-Shot Learning and In-Context Learning

ICL gained popularity with the release of GPT-3 and GPT-4 [7]. ICL does not alter the model
weights, in contrast to fine-tuning. Rather, the model “calibrates” its output using the samples provided
in the prompt. According to research conducted by Songetal. and Zhou etal. [8, 9], the selection of
examples (shots) is more important than their number. To maximize the model’s capacity for reasoning
with the least amount of input, rapid engineering and “shot selection” have emerged as new subfields.

METHODOLOGY
Dataset Selection and Pre-Processing
Three different dataset types were chosen to guarantee a thorough comparison across various data
scenarios.
1. Benchmark datasets (high-resource baseline)
o SST-2 (Stanford Sentiment Treebank): Binary classification (positive/negative). Used to
establish the performance ceiling of the supervised BERT model.
e IMDB reviews: Large-scale binary classification dataset.
2. Unseen domain datasets (low-resource generalization)
e Healthcare reviews: Customer feedback on medical services (multi-class: positive, negative,
neutral).
e Financial tweets: Sentiment related to stock markets/companies (multi-class: positive,
negative, neutral).

Experimental Setup
The study compares three distinct learning paradigms as outlined in Table 1.

Few-Shot Scenario

The FSL experiments specifically used 100 randomly selected and balanced examples from the
training set of each domain for the ICL. The examples were concatenated with the task instructions and
test input as a full prompt.

The prompt structure was standardized for the ZSL and FSL models:

e System prompt: You are an extremely precise assistant for SA. The following text was
categorized as positive, negative, or neutral.

e User prompt (FSL): “Examples: [100 Examples]”.

o User prompt (ZSL): “Analyze the sentiment of the following text: [Input Text]. Provide the
response.”

RESULT AND DISCUSSION
Performance on Benchmark Datasets

The comparative outcomes for the benchmark datasets are listed in Table 1. The fully supervised
BERT model, which is the gold standard baseline, attained the best accuracy. Notably, even though the
GPT-4 few-shot model only used a portion of the data, it attained an accuracy level that was almost
identical to that of the fully supervised model (Figure 1).

Generalizability Across Unseen Domains

Unseen domain datasets demonstrate the real benefits of LLM-based ZSL and FSL. The BERT
model, which was only trained on general reviews, will experience severe performance erosion in these
areas because they contain complex contexts and specialized language. FSL greatly outperformed the
ZSL model, which offered a solid foundation (Table 2).

Table 3 demonstrates that FSL consistently outperforms ZSL by 3—4%, confirming that the LLM can
successfully tune its semantic knowledge to new settings with minimal exposure to domain -specific
instances. Figure 2 shows a comparison of the accuracy and F1 scores across several domains.
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Table 1. Comparison of experimental paradigms.

Paradigm Model/base LLM Training data Adaptation technique
Supervised BERT-base [1] 100% labeled training set Full fine-tuning

Zero-shot (ZSL) | GPT-4 [8] 0 labeled examples Prompt engineering (NLI framing)
Few-shot (FSL) | GPT-4 [8] 1% labeled examples (100 samples) | In-context learning (ICL)

Table 2. Benchmark performance data (accuracy and F1 score).

Model Setup Accuracy (%) F1-score (%) Labeled data used
BERT-base Supervised (SST-2) 93.2 92.7 100%
GPT-4 Zero-shot 89.6 88.2 0%

GPT-4 Few-shot (1% data) 92.8 91.5 ~1%

Table 3. Domain-specific

erformance data (generalizability).

Domain Model Accuracy (%) F1-score (%)
Healthcare reviews GPT-4 (zero-shot) 87.2 85.6
Healthcare reviews GPT-4 (few-shot) 91.3 90.1
Financial tweets GPT-4 (zero-shot) 86.8 85.0
Financial tweets GPT-4 (few-shot) 90.5 89.4
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Figure 1. Accuracy and F1 score comparison across learning paradigms on the benchmark dataset.
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Figure 2. Accuracy and F1 score comparison domain-specific performance data (generalizability).
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Figure 4. Computational comparison of labeled data versus computational cost.

Computational and Data Efficiency

While ZSL requires no training and FSL utilizing ICL simply raises the inference cost because of the
somewhat longer input prompt, supervised learning demands significant Graphics Processing Unit
(GPU) resources and training time (hours to days) for fine-tuning the entire model. As shown in Figure
3,theoverall costofcreatingand implementinga model using FSL is several orders of magnitude lower
than that of the supervised method Figure 4.

Error Analysis

Although ZSL and FSL perform well on benchmark and unknown datasets, a thorough error analysis
identifies significant failure patterns that draw attention to the intrinsic drawbacks of LLM-based
reasoning [10].

Misclassification Due to Implicit Sentiment
Misclassification frequently results from situations in which the attitude is inferred indirectly, such
as by a neutral tone or factual statements. When contextual cues are weak, GPT-4 in Zero-Shot mode
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typically defaults to “neutral,” which is in line with earlier research on prompt sensitivity in ZSL
models [11].

Difficulties with Irony and Sarcasm

Sarcastic phrases, such as “Great, my phone died again,” continue to be challenging for ZSL, which
is consistent with previous research outlining LLM constraints in figurative-language comprehension
[12]. This difficulty is lessened but not eliminated by FSL.

Sensitivity to Domain-Specific Jargon

Without prior experience, LLMs frequently misinterpret technical terminology in healthcare and
financial publications. This is consistent with earlier research on domainadaptation and generalizability
issues in natural language processing (NLP) [13].

Issues with Long-Context Dependency

Both ZSL. and FSL occasionally overpower the early or late sections of lengthy assessments with
uneven polarity. Comparative studies of LLM context-handling behavior have revealed similar
problems [8].

Ablation Study: Effect of Shot Variation in Few-Shot Learning
To better understand the sensitivity of FSL to the example count, a small ablation experiment —
covering 1-shot, 5-shot, 25-shot, and 100-shot conditions was conducted.

Key Findings
e [-shot: Unstable predictions, consistent with earlierresearch showingvolatility at low-shot levels
[14].

e S-shot: Marked improvement in precision and reduced prediction variance. With 25-shot
prompting, accuracy improvements begin to plateau, reflecting diminishing returns, as observed
in prior ICL analyses [8].

e 100-shot: Best performance, but with significantly increased inference time and cost.

These findings reinforce the conclusions from recent ICL studies, highlighting that example quality
outweighs quantity in FSL [9].

Prompt Design Strategies

Prompt engineering plays a central role in ZSL and FSL performance.

e [nstruction explicitness: According to the findings reported in prompt engineering surveys [11],
prompts with clear instructions, such as “Classify the sentiment,” were more successful.

e Label constraints: In line with the findings from controlled prompt-formatting studies [15],
explicitly identifying target labels (positive, negative, neutral) reduced invalid results.

o  Chain-of-thought versus direct answer: Chain-of-thought prompting is more computationally
expensive but performs better in unclear situations than direct answer prompting. The results of
the current research on LLM reasoning are consistent with this trade-off [9].

Limitations and Applications

Despite the strong performance and data efficiency advantages, several limitations exist:

o Prompt sensitivity: According to earlier prompt engineering studies [11], minor phrase
adjustments may result in 3—5% performance alterations.

e Explainability challenges: The model’s use of implicit reasoning makes it challenging to
comprehend failure instances, which is similar to the explainability problems raised in LLM
evaluations [13].

e Inference cost for FSL: Longer prompts lengthen the inference time; this is comparable to the
finding that ICL exchanges inference cost for training cost [8].

© STM Journals 2026. All Rights Reserved 6



International Journal of Computer Science Languages
Volume 4, Issue 1
ISSN: 3048-944X

o Fine-grained sentiment control: Multi-class sentiment studies have also shown that models have
difficulty in handling subtle or mixed attitudes [12].

Practical Applications

ZSL and FSL approaches offer strong real-world applicability:

1. Real-time social media monitoring: ZSL makes it possible to classify social media sentiment
instantly, which is consistent with the findings of previous research on cross-domain
generalization [6].

2. Quick adaptation to new markets: FSL supports findings from low-resource adaptation research
by enabling businesses to quickly adapt to new domains with little or no labeled data [13].

3. Low-resource language SA: ZSL and FSL are naturally appropriate for languages without labeled
datasets, as demonstrated by multilingual and cross-lingual research [5, 9].

4. Automated customer feedback analysis: According to recent research, LLMs perform well in
rapid-deployment NLP contexts [11], and both paradigms allow scalable SA without retraining
overheads.

CONCLUSION AND FUTURE WORK

The high potential of LLM-based zero-shot and FSL as better substitutes for conventional supervised
techniques for SA is validated by this study, particularly in dynamic, data-scarce, or rapidly changng
domains. With minimal data overhead (~1% labeled instances) and near-supervised accuracy (92.8%),
FSL offers the greatest practical trade-off through efficient ICL. This reduces the resource dependency
bottleneck that afflicts traditional NLP systems.

Recommendations for Future Research

Prompt robustness: Adaptive prompt engineering strategies should be created that dynamically
modify the prompt according to the intricacy or ambiguity of the input text (e.g., explicitly identifying
and managing sarcasm).

Optimal shot selection: To optimize the performance gain from a few samples, meta-learning
frameworks that automatically choose the most representative “shots” forthe ICL context, instead of
depending on random sampling, should be considered.

Multimodal fusion: To handle complicated attitudes that are only partially communicated in the text,
the ZSL/FSL pipeline is extended to combine multimodal data (such as textand associated images from
social media).
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