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Abstract

Accurate sentiment analysis of news headlines, particularly in specialized domains
like finance, is challenging due to textual nuances and inherent ambiguities. While
Large Language Models (LLMs) excel at text understanding, their zero-shot per-
formance can be inconsistent. We propose a novel framework where an LLM
acts as an intelligent synthesizer, combining raw text semantics with confidence-
gated probabilistic outputs from a specialized intermediate multi-class sentiment
classifier. This confidence-gating mechanism dynamically adjusts the information
provided to the LLM, guiding its reasoning process. Experiments on established
financial sentiment datasets, SentFiN, demonstrate that our approach significantly
outperforms zero-shot LLM baselines and traditional machine learning combiners,
when leveraging insights from a confident intermediate model.

1 Introduction

Interpreting sentiment in textual data, such as news headlines, is crucial for applications ranging
from financial market analysis [17, 6] to understanding public opinion [14]. Financial texts are
characterized by domain-specific terminology and subtle contextual cues that can lead to high ambi-
guity, making accurate multi-class sentiment classification a difficult task [11, 19, 2]. While Large
Language Models (LLMs) have shown impressive zero-shot capabilities in various NLP tasks [10],
their out-of-the-box performance on specialized classification tasks can be further improved.

Existing approaches often involve fine-tuning LLMs, which can be resource-intensive, or employing
traditional ensemble methods [15, 8] that may not fully leverage the nuanced reasoning capabilities
of LLMs. This paper explores a novel direction: using an LLM as an intelligent synthesizer that
integrates raw text with conditionally provided insights from a fine-tuned, task-specific intermediate
classifier. This approach is particularly relevant as recent studies highlight both the potential and the
challenges of applying LLMs directly to complex financial sentiment tasks [12, 3].

The core of our contribution is a confidence-gating mechanism. This mechanism dynamically
determines whether to provide the LLM with the probabilistic output of the intermediate MC classifier
based on its prediction confidence. If the MC classifier is highly confident, its detailed analysis is
passed to the LLM to guide its final decision. If the MC classifier is uncertain, this uncertainty is
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negative 0.91746

neutral 0.03458

positive 0.04796

Reliance Industries shares 
end nearly 2 per cent lower 

post earnings
BERT

Analyze the following text using the preliminary 
Multi-Class model analysis provided. 

Input Text: ”Reliance Industries shares end 
nearly 2 per cent lower post earnings”

Multi-Class Model Probabilities:
[negative: 0.917, neutral: 0.035, positive: 0.048]

Output ONLY the single chosen label word 
(‘negative’, ‘neutral’, ‘positive’) and nothing else.

Large Language Model

(a) BERT model predicts ‘negative’ with high
confidence (0.917), so the full probability distribution
is included in the prompt to the LLM.

negative 0.38774

neutral 0.35347

positive 0.25879

Tiger Global exits Just Dial, 
sells stakes for over Rs 430 cr BERT

Analyze the following text using the preliminary 
Multi-Class model analysis provided. 

Input Text: ”Tiger Global exits Just Dial, sells 
stakes for over Rs 430 cr”

Multi-Class Model Probabilities:
Uncertain (Max confidence < 0.5)

Output ONLY the single chosen label word 
(‘negative’, ‘neutral’, ‘positive’) and nothing else.

Large Language Model

(b) BERT model shows low confidence (max
probability 0.388, which is lower than 0.5), thus an
‘Uncertain’ message is passed to the LLM.

Figure 1: Illustration of the confidence-gating mechanism

signaled, prompting the LLM to rely more on its inherent understanding of the raw text. This process
is visualized in Figure 1. We hypothesize that this selective guidance allows the LLM to make more
robust and accurate multi-class sentiment predictions by leveraging specialized knowledge when it
is reliable, while avoiding noise from uncertain intermediate predictions. This aligns with broader
efforts to enhance LLM reasoning by integrating external, structured information or tools [4, 23].
We evaluate our method on established financial sentiment datasets, SentFiN [18], demonstrating its
advantages over zero-shot LLMs and traditional machine learning combiners.

2 Related Work

The advent of LLMs has significantly impacted text classification [7], with many studies exploring
their zero-shot and few-shot learning capabilities [10]. Beyond direct classification, LLMs have
demonstrated sophisticated reasoning abilities, often elicited through prompting techniques like Chain-
of-Thought (CoT) [20] or more complex frameworks like Tree of Thoughts (ToT) [23]. Furthermore,
LLMs are increasingly being integrated with external tools or information sources [22, 4, 13], a
paradigm conceptually related to how our LLM utilizes outputs from the intermediate classifier.
Our method distinguishes itself by focusing on the confidence-gated integration of insights from a
task-specific, fine-tuned classifier.

The principle of combining multiple models to achieve superior performance is well-established
in ensemble learning [15, 8]. Traditional stacking approaches utilize a meta-learner to aggregate
predictions from base models. While our framework’s LLM acts as a high-level decision-maker, it
differs by processing a natural language summary of the intermediate model’s probabilistic output and
confidence, facilitating a more nuanced synthesis than typical feature-based meta-learners. Recent
studies also explore ensembling LLMs directly [24, 1].

3 Methodology

3.1 Intermediate Multi-Class (MC) Classifier

First, we fine-tune a standard transformer-based model hereafter referred to as the MC classifier
(MMC), on the target multi-class sentiment task. For any input headline x, MMC produces a
probability distribution pmc(x) across the K sentiment classes. This provides an initial, task-specific
sentiment assessment.

3.2 Confidence-Gated Prompt Construction

A key novel component is how we utilize pmc(x). Instead of always passing the full probability
vector to the LLM, we employ a confidence-gating mechanism based on a predefined threshold τmc.
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Let pmax
mc (x) be the maximum probability in pmc(x), which is denoted as confidence of MMC :

• Certain Case: If pmax
mc (x) ≥ τmc, the LLM prompt includes a textual representation of the

full probability vector from MMC . Described in Figure 1(a).
• Uncertain Case: if pmax

mc (x) < τmc (Uncertain Case, Figure 1b), the LLM prompt includes a
message indicating MMC’s uncertainty. Described in Figure 1(b).

This conditional summary is denoted as smc(x).

3.3 LLM as a Synthesizer

The final sentiment classification is performed by an pretrained LLM (MLLM ). The LLM is provided
with a system prompt defining its role as an expert sentiment analysis assistant and constraining its
output to one of the predefined labels, as represented in Figure 2. The user prompt then contains the
original headline x and the confidence-gated summary smc(x) from Section 3.2.

You are an expert sentiment analysis assistant. Your task is to determine the 
final sentiment label for the text provided in the user message. You MUST choose 
exactly one label from the following list: . Output 
ONLY the single chosen label word  and nothing 
else. Do not include explanations, introductions, or any other text.

Figure 2: Zero-shot instruction prompt for LLM

The LLM’s task is to synthesize these pieces of information—the raw semantics of x and the
(potentially uncertain) preliminary analysis smc(x)—to produce the final sentiment label ŷLLM . This
approach allows the LLM to incorporate contextual understanding and external guidance from MMC ,
leading to more informed predictions than relying solely on x or rigidly copying MMC’s output.

4 Experiments

For the intermediate MC classifier (MMC), We fine-tune a BERT-based model, specifically Distil-
BERT [16], as our MMC on the combined training splits to predict one of classes. In case of LLM
Combiners (MLLM ), we test two pretrained LLMs as synthesizers, including Mistral-7B-Instruct-
v0.3 [9]1 and Llama-3.1-8B-Instruct [5]2, using Huggingface [21]. The system prompt (detailed in
Section 3) instructs the LLM to act as an expert sentiment analyzer and output a single label. We
compare our proposed framework against:

1. MMC only: The fine-tuned intermediate MC classifier’s direct predictions after fine-tuning.
2. Traditional ML classifiers: Logistic Regression, SVM, Random Forest, XGBoost, and

LightGBM, trained on text embeddings from MMC’s base model, with supervised manner.
3. Zero-shot LLMs: The LLMs classifying headlines directly without MMC guidance. We

evaluated both OpenAI’s ChatGPT models (GPT-3.5-turbo and GPT-4o-mini) and our
proposed backbone models (Mistral-7B and Llama-3.1-8B).

Each method is run three times, and we report the average performance, including the macro F1 score
and class-wise F1 scores.

4.1 SentFiN

We use the SentFiN dataset [18], which contains more than 10000 financial news sentences annotated
by domain experts with sentiment labels: ‘negative’, ‘neutral’, or ‘positive’. While the original
dataset includes multi-target sentiment annotations, we use only instances with a single target. We
split the data into training and test sets using an 80/20 stratified split, as summarized in Table 1.

1https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
2https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
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Table 1: Class-wise sample counts in the SentFiN dataset

Label \ Split train test

negative 1901 475
neutral 2151 538
positive 2270 568

Total 6322 1581

Table 2 showcases the performance comparison of our proposed framework against several baseline
methods on the SentFiN dataset. The best-performing and second-best models are indicated with bold
and underline, respectively. Our framework significantly improves the classification performance
when using both tested backbone LLMs without training or fine-tuning.

Table 2: Performance comparison using SentFiN dataset

Method F1 Macro F1_negative F1_neutral F1_positive

BERT only 0.7980 0.8171 0.7518 0.8249

BERT + LogisticRegression 0.7747 0.7634 0.7744 0.7861
BERT + SVM 0.7748 0.7677 0.7737 0.7831
BERT + DecisionTree 0.5434 0.5056 0.5609 0.5639
BERT + RandomForest 0.7026 0.6557 0.7376 0.7143
BERT + XGBoost 0.7312 0.7087 0.7458 0.7390
BERT + LightGBM 0.7270 0.7078 0.7407 0.7324

Zero-shot GPT-3.5-turbo 0.7653 0.8671 0.6217 0.8070
Zero-shot GPT-4o-mini 0.7757 0.8325 0.6770 0.8174

Proposed method (Mistral-7B) 0.8456 0.8682 0.7915 0.8773
–Zero-shot Mistral-7B 0.7482 0.8530 0.6092 0.7824

Proposed method (Llama-3.1-8B) 0.8551 0.8655 0.8281 0.8718
–Zero-shot Llama-3.1-8B 0.7293 0.8296 0.5751 0.7831
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(c) ‘positive’ class
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(d) Distribution of model confidence scores

Figure 3: MC classifier’s probability distributions of each class and model confidence scores

Figure 3 (a), (b), and (c) show the probability distribution of each class (‘negative’, ‘neutral’, or
‘positive’) as predicted by our intermediate MC classifier (MMC ) on the SentFiN dataset. We utilize
the maximum value from these probability distributions as the confidence score for a given prediction.
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The overall distribution of these maximum confidence scores from MMC is presented in Figure 3 (d).
These distributions inform how our confidence-gating mechanism, which uses a threshold τmc against
these maximum probabilities, affects the information flow to the LLM.

5 Conclusion

We presented a framework for multi-class sentiment analysis that combines a confidence-aware
intermediate classifier with a large language model. The LLM acts as a synthesizer, integrating
raw text with classifier outputs to produce label-consistent predictions without requiring fine-tuning.
Experiments on financial sentiment datasets demonstrate that this approach outperforms both zero-
shot LLMs and traditional model combiners, particularly under ambiguous or uncertain inputs.

Future work includes improving uncertainty communication, exploring adaptive thresholding, refining
prompts, and distilling the framework into more efficient models. Extending this approach to other
NLP tasks may further validate its general applicability.
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