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Finance professionals dedicate a significant amount of time to analyze reports, news, social‌
‌media todetermine the market sentiment and make crucial investment and trading decisions. [1]​‌
Objective of this research: ​‌

Perform Sentiment Analysis of news and financial texts using Large Language Models‌
‌(LLMs).‌
Improve accuracy of these models by fine-tuning them using supervised learning. ​‌

Compare and evaluate the trained LLM models against traditional ML and untrained Finance‌
‌models.​‌
Apply News Sentiment Analysis using the trained models to predict stock prices. ​ 
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Solution Overview 
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Dataset Source License Description Size

Financial PhraseBank
(FPB)

HuggingFace CC BY-NC-SA 3.0
Manually annotated

news sentences
4,838

Twitter Financial
News Sentiment

(TFNS)
Kaggle MIT Real-world tweets 11,931

Financial Question
Answering (FiQA)

HuggingFace MIT
News sentences +

blog messages.
1,111
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Datasets 

Datasets

FPB 

TFNS 

FiQA 



"Macy's has shrunk to the size of Beyond
Meat. It's going to get worse, technician

says $M $BYND (via @TradingNation)
https://t.co/h86IfyLmqy" 

“Macys has shrunk to the size of
Beyond Meat Its going to get

worse technician says M BYND via
TradingNation” 
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Data Preprocessing - 1 
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Data Preprocessing - 2‌
For GPT-4.1-mini – Conversion to JSONL Format 



Model Type Description

TF-IDF + Logistic Regression Classical ML Converts text to numerical TF-IDF vectors; predicts sentiment using a logistic regression classifier.

FinBERT Transformer (BERT) Pretrained BERT model fine-tuned on Financial PhraseBank for sentiment analysis.

spaCy TextCategorizer Lightweight Neural Net Ensemble of BoW linear model and neural network (Tok2Vec + attention); trained on financial data.

GPT-4.1 Mini Large Language Model Smaller general-purpose GPT model used in zero-shot setting for sentiment classification.

o4-Mini LLM (Reasoning-focused) Optimized GPT model for reasoning and precision; used in zero-shot sentiment classification.

GPT-4.1 Mini (Fine-Tuned) LLM (Supervised FT) GPT-4.1 Mini fine-tuned on labeled financial sentiment data for improved domain-specific accuracy.
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Sentiment Classification Models 



Datasets 
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System Prompt 
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User Prompt 
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GPT-4.1 Mini 

Fine-Tuning Process 

GPT-4.1 Mini‌
(Fine-Tuned) 
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Fine-Tuning Process 
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Azure Model Inference 
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Model Evaluation Results 
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Model Deployment and Inference 

Inference Solution 

Model Source 

Deployment
Platform 

Inference 

Option 1: Custom-Trained 

Logistic Regression
Model 

AWS Lambda Layer (Python
Dep.) 

AWS Lambda Function 

Inference 

Option 2: Third-Party API 

HuggingFace 

FinBERT 

HuggingFace
Inference API 

Inference 

Azure OpenAI 

o4-mini 

Azure Foundry‌
US East 2‌

Standard S0 Tier 

Inference

GPT-4.1-mini‌
GPT-4.1-mini-ft 

Azure Foundry‌
Region Sweden
Developer Tier 

Inference
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Multivariate Stock Price Forecasting 

Data Sources 

FinnHub (Company
News API) 
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Stock Price Data) 
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LSTM-Based Model Stock Price Forecast 



16 

Multivariate Stock Price Forecasting 

Data 

Optional: Daily
average news

sentiment scores
from news 

Time Series
Window (20

Days) of
historical stock

prices 

Azure 

GPT-4.1-mini (Fine-
Tuned) 

Input shape:
window size ×

number of
features 

LSTM (32) Dense (32) ReLU 

Dropout
(0.2) Dense (1) 
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Multivariate Stock Price Forecasting 
Hyperparameter Tuning 

Tested: window size, scalers, loss, batch size, epochs
Auto-logged run metadata
Identified best configs by SMAPE, R²
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Multivariate Stock Price Forecasting – Results 

Model Type SMAPE (Non-Baseline) SMAPE (Baseline) ΔSMAPE 

bi_lstm 1.9983 2.3994 -0.4011 

gru 2.7892 2.8275 -0.0383 

stacked_lstm 2.3116 3.4404 -1.1288 

lstm 2.4128 3.4996 -1.0868 

lstm_attention 2.4613 3.8524 -1.3911 

lstm_gru 4.7335 5.2200 -0.4865 

bilstm_attention 4.1467 5.4239 -1.2772 

transformer 9.1348 11.0814 -1.9466 
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Multivariate Stock Price Forecasting – Results 
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Limitations & Future Work 
Limitations:‌

Fine-Tuning Cost Constraints‌
Reinforcement Learning Fine-Tuning (RLFT) costs ~$100 per 1M tokens—too expensive to fine-tune o4-mini.‌
Supervised Fine-Tuning (SFT) was used instead at ~$1.70 per 1M tokens.‌

Azure Developer Tier Restrictions‌
Used Developer Tier for GPT-4.1-mini fine-tuning and deployment (no hourly cost).‌
Instances expire every 24 hours and require manual re-deployment.‌

spaCy Model Deployment Challenges‌
spaCy's Linux wheel exceeds AWS Lambda’s 250 MB size limit (313 MB).‌
Made deployment of the spaCy TextCategorizer model infeasible via Lambda.‌

Stock Forecasting Imperfections‌
LSTM forecasts improved with sentiment but still lacked precision.‌
Could benefit from tuning, other architectures (like Transformers), and more diverse inputs. 

Future Work:‌
Incorporate RLFT & o4-mini Fine-Tuning‌

If resources permit, apply reinforcement learning to fine-tune reasoning-focused LLMs like o4-mini.‌
Better Sentiment Data Sources‌

Include real-time Twitter/X or Stocktwits sentiment to enrich the news-based scores.‌
Improve Forecasting Models‌

Explore hybrid or ensemble architectures; refine preprocessing; add external indicators (e.g., macroeconomic data).‌
Use Retrieval-Augmented Generation (RAG)‌

Dynamically retrieve relevant articles or filings and feed into LLM prompts to improve both classification and interpretability. 
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Conclusion 
This study benchmarks a wide range of approaches for financial sentiment analysis and investigates its utility in ‌real-world‌
stock price forecasting.‌
Key contributions include:‌
• A unified sentiment classification pipeline, covering TF-IDF + Logistic Regression, FinBERT, spaCy TextCat-‌
egorizer, and both zero-shot and fine-tuned LLMs (GPT-4.1-mini, o4-mini).‌
• An empirical comparison across three datasets (FPB, FiQA, TFNS), with consistent pre-processing and‌
evaluation metrics.‌
• Supervised fine-tuning of GPT-4.1-mini using Azure OpenAI, yielding the highest F1-scores across most‌
datasets with only $6 in compute cost.‌
• Hosting of all models on cloud infrastructure using AWS Lambda, enabling a real-time sentiment classification‌
web demo.‌
• An end-to-end application of sentiment scores in an LSTM-based NVIDIA stock forecasting system, with the‌
sentiment-enhanced model achieving superior accuracy. 

The findings suggest that LLMs, when fine-tuned, deliver state-of-the-art performance in financial‌
sentiment tasks. Additionally, their outputs offer real utility in financial time series forecasting.‌
Future work may extend to real-time trading signal generation, multi-lingual datasets, and integration with hybrid‌
models such as reinforcement learning or RAG-enhanced systems. 
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