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Abstract: Sentiment analysis, also known as opinion mining, analyses people’s opinions, sentiments, attitudes, and emotions
from written language. With the rapid growth of social media and other real-time communication platforms, the demand for
real-time sentiment analysis has surged. This paper explores the application of OpenAl's ChatGPT, a state-of-the-art language
model, in conducting near real-time sentiment analysis. The study investigates the model's capabilities, performance, and
potential limitations, proposing a framework for integrating ChatGPT into real-time sentiment analysis systems.

L. INTRODUCTION
A. Background
Sentiment analysis has become a vital tool in various domains such as marketing, customer service, and finance. Traditional
sentiment analysis methods often rely on machine learning models trained on labelled datasets, involving significant delays due to
data processing and model training times. The advent of advanced language models, particularly those developed by OpenAl, has
opened new avenues for real-time sentiment analysis.

B. Objective
The objective of this research is to evaluate the feasibility and effectiveness of using ChatGPT for near real-time sentiment analysis.
This involves assessing the model's accuracy, response time, and scalability when integrated into a real-time processing system.

1. LITERATURE REVIEW
A. Traditional Sentiment Analysis Methods
Traditional sentiment analysis methods include lexicon-based approaches and machine learning models. Lexicon-based approaches
use predefined lists of words associated with positive or negative sentiments. Machine learning models, on the other hand, are
trained on labelled datasets and include techniques such as Support Vector Machines (SVM), Naive Bayes, and more recently, deep
learning models like Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN).

B. Modern Language Models

Modern language models such as BERT, GPT-3, and their derivatives have significantly advanced the field of natural language
processing (NLP). These models are pre-trained on large corpora of text and fine-tuned for specific tasks. ChatGPT, a variant of the
GPT-3 model, is designed for generating human-like text and has shown promise in various NLP applications, including sentiment
analysis.

C. Real-time Sentiment Analysis

Real-time sentiment analysis evaluates sentiments from data streams in real-time or near real-time. This requires efficient data
ingestion, processing, and analysis mechanisms to ensure timely insights. Existing systems often rely on a combination of streaming
data platforms, fast databases, and scalable machine learning models.

1. METHODOLOGY
A. ChatGPT Overview
ChatGPT is an advanced generative language model developed by OpenAl based on the highly sophisticated GPT-3 architecture.
The model is designed to understand and generate text that closely mimics human writing. One of the standout features of ChatGPT
is its sheer scale; it is built with 175 billion parameters, which enable the model to understand context, nuances, and subtleties in
language, making it exceptionally proficient at a wide range of language-based tasks.
For sentiment analysis, ChatGPT leverages its deep understanding of language to classify text into sentiment categories such as
positive, negative, or neutral.
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This is achieved by training the model on large datasets containing examples of text labelled with their corresponding sentiments.
During the inference phase, when new text is introduced to the model, it uses the patterns it has learned to predict the sentiment of
the text accurately.

B. System Architecture

The proposed system architecture for implementing near real-time sentiment analysis using ChatGPT is designed to handle the

dynamic and high-volume nature of real-time data. The architecture consists of several key components:

1) Data Ingestion

a) Sources: Collecting real-time data from various sources such as social media platforms like Twitter and Facebook, news
websites, customer feedback forms, and other online communication channels.

b) Techniques: Data can be ingested using APIs provided by these platforms, allowing for continuous and automatic collection of
data as it is generated.

2) Preprocessing

a) Cleaning: Removing noise such as irrelevant information, special characters, or HTML tags.

b) Normalization: Converting all text to lowercase, removing punctuation, and handling common linguistic variations.
c) Tokenization: Breaking down the text into smaller units like words or phrases.

d) Stop word Removal: Removing commonly used words that do not contribute to the sentiment.

3) Sentiment Analysis
a) Model Application: Feeding the pre-processed text into the ChatGPT model to classify it into sentiment categories.
b) Real-time Processing: Processing data as soon as it is ingested and pre-processed to ensure minimal delay.

4) Post-processing:

a) Aggregation: Summarizing the sentiments over a specific period or across various data sources.

b) Actionable Insights: Analysing the aggregated data to extract actionable insights, identifying trends, sudden changes in
sentiment, or patterns.

5) Visualization
a) Dashboards: Using interactive dashboards to display sentiment analysis results in real-time.
b) Reports: Generating periodic reports to provide a comprehensive overview of sentiment trends over time.

Data Data Pre Sentiment Data Post DEF:

Ingestion Processing Analysis Processing Visualization

V. IMPLEMENTATION
A. Data Collection
Data collection is the first and crucial step in implementing a near real-time sentiment analysis system. This involves gathering data
from sources rich in textual content and user-generated feedback, such as social media platforms like Twitter and Reddit. APIs are
used to collect data from these platforms, enabling continuous data fetching to ensure the sentiment analysis remains up-to-date with
the latest user opinions.
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B. Preprocessing

Preprocessing cleans and prepares the collected data for analysis. Key steps include:

1) Tokenization: Breaking down text into smaller units called tokens.

2) Stop word Removal: Removing common words that do not significantly contribute to sentiment.

3) Stemming and Lemmatization: Reducing words to their base or root forms.

4) Normalization: Converting text to a uniform format.

These steps ensure the input data fed into the ChatGPT model is clean, standardized, and ready for accurate sentiment analysis.

C. ChatGPT Integration

Integrating ChatGPT involves using OpenAl's API to leverage the model's capabilities. Steps include:

1) API Setup: Obtaining access to OpenAl's API and configuring the API settings.

2) Model Configuration: Setting up model parameters to control the behaviour and output of ChatGPT.

3) Data Ingestion: Implementing mechanisms to feed pre-processed data into ChatGPT through the API.

4) Handling Responses: Parsing and interpreting ChatGPT's responses to extract sentiment labels and confidence scores.

D. Post-processing and Visualization

Post-processing involves aggregating sentiment analysis results to generate meaningful insights. Key steps include:
1) Aggregation: Combining sentiment results to provide an overall sentiment summary.

2) Trend Analysis: Identifying trends and patterns in the sentiment data over time.

3) Visualization: Developing visual representations of sentiment data using tools like Tableau or Power BI.

V. EVALUATION METRICS
A. Accuracy
Accuracy reflects the proportion of correctly classified sentiments. To measure accuracy:
1) Data Preparation: A labelled dataset with known sentiment annotations is required.
2) Model Prediction: The system processes the dataset and predicts sentiment labels.
3) Comparison and Calculation: The predicted labels are compared to the true labels to yield the accuracy score.

B. Response Time

Response time measures the speed at which the system processes and analyses input. To evaluate response time:
1) Data Ingestion: Tracking the time when data is received.

2) Processing Time: Measuring the duration for preprocessing, sentiment analysis, and post-processing.

3) Output Time: Recording the time when the sentiment result is produced.

C. Scalability

Scalability assesses the system's ability to handle increasing data volumes. To test scalability:
1) Load Testing: Simulating varying data loads.

2) Performance Monitoring: Tracking key performance indicators as data volume increases.
3) Resource Utilization: Monitoring system resources to ensure efficient usage.

VI. RESULTS AND DISCUSSION
A. Performance Analysis
ChatGPT's performance in sentiment analysis is evaluated by comparing it with traditional methods and other modern language
models. Key criteria include accuracy, response time, and scalability.
1) Accuracy: ChatGPT's accuracy is compared with lexicon-based approaches, classical machine learning models, and advanced
models like BERT.
2) Response Time: ChatGPT's response time is compared with traditional methods and modern models to ensure timely insights.
3) Scalability: ChatGPT's scalability is tested by evaluating performance under varying data loads.
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B. Limitations

Potential limitations of using ChatGPT for real-time sentiment analysis include:

1) API Latency: Delays introduced by API calls to OpenAl's servers.

2) Cost: The cost associated with using OpenAl's API for large volumes of data.

3) Model Bias: Inherent biases in training data affecting sentiment classification accuracy.

C. Future Work

Future work will focus on addressing identified limitations:

1) Reducing API Latency: Exploring on-premises deployment and optimizing network infrastructure.
2) Cost Optimization: Investigating hybrid models combining ChatGPT with cost-effective methods.
3) Bias Mitigation: Improving training datasets and employing fairness-aware algorithms.

4) Integration of Advanced Models: Exploring newer versions of GPT and ensemble approaches.

VII.  CONCLUSION
This research demonstrates the potential of using ChatGPT for near real-time sentiment analysis. ChatGPT's ability to understand
and generate human-like text makes it a powerful tool for sentiment classification. Despite challenges such as API latency, cost, and
model bias, the proposed system shows promise in delivering accurate and timely insights from real-time data streams. Ongoing
improvements and optimizations can further enhance ChatGPT's role in advancing sentiment analysis, providing valuable insights
across various domains and applications.
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