( IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal FiEp 00}
ISSN: 2581-9429 Volume 6, Issue 4, May 2026 Impact Factor: 8.2

Gmail Automated Reply Framework

Varsha Garad', Dipak More?, Datta Kale®, Saurabh Bhanage4 ,Vikas Pawar’
Professor, Department of Artificial Intelligence & Data Science'
Students, Department of Artificial Intelligence & Data Science’
Shree Ramchandra College of Engineering, Pune, India

Abstract: This project automates Gmail replies using configurable rules. Incoming messages are
scanned, matched against subject/sender/body conditions, and then converted into replies or drafis with
optional attachments. The system stores runtime history in SQLite, exposes status through a dashboard,
and uses processed labels and no-reply filtering to avoid duplicate or unsafe auto-replies.
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L. INTRODUCTION
Artificial Intelligence (Al) is transforming the way organizations manage digital communication, particularly when
facing large volumes of email. An Al-powered email auto-responder leverages Natural Language Processing (NLP) and
automation to interpret incoming messages, determine their intent and urgency, and instantly generate polite, context-
aware replies—all without human intervention. This technology streamlines workflows, ensures timely and
professional responses, reduces manual workload, and significantly enhances overall communication efficiency for
both businesses and individuals.

II. PPROBLEM STATEMENT
The main problem is to automate routine Gmail replies without losing control over what the system sends. A practical
solution must support message filtering, duplicate suppression, safe testing, attachment delivery, and human review
when needed. The project report shows that the framework handles unread inbox messages without the processed label,
skips self-replies and obvious no-reply senders, and supports dry-run and draft modes to reduce operational risk.

I11. OBJECTIVES
1. To automate email management using Al, NLP, and ML for efficient handling and response generation.
2. To accurately classify emails into categories like urgent, spam, and informational for better organization.
3. To generate intelligent, context-aware replies using advanced models such as BERT and GPT.
4. To enhance productivity and efficiency by reducing manual effort and ensuring faster, personalized communication.

IV. SCOPE
Here are 4 scope points similar in style:
1. The system can be integrated with email platforms like Gmail and Outlook for real-time email processing
and automated responses.
2. It supports continuous learning and personalization, adapting to user behavior and improving response
quality over time.
3. The framework can be extended to multiple communication channels such as chat applications and
customer support systems.
The core of the system is an Al-powered email handling framework designed to simplify and automate digital
communication. Users can interact with the system through their existing email platforms without needing complex
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manual management. The system intelligently analyzes incoming emails using Natural Language Processing (NLP) and
Machine Learning, allowing it to understand content, intent, and urgency in a human-like manner.

The platform also provides automated and context-aware responses, helping users reply quickly and efficiently.
Additionally, it classifies emails into categories such as urgent, informational, and spam, ensuring better organization
and prioritization. This reduces manual effort, saves time, and improves productivity while maintaining effective and

personalized communication.

TABLE I: LITERATURE SURVEY

Sr. Title Author Year | Methodology Used Conclusion

No.

1 Automated Anjuli Kannanetal | 2016 | Used deep learning The system successfully
Response (sequence-to-sequence | generated quick, relevant
Suggestion for Email models) and semantic | replies and improved email

clustering to generate response efficiency at large
short email replies scale.

2 Pre-training of Deep | Jacob Devlin et al. 2018 | Used transformer- BERT achieved state-of-the-
Bidirectional based deep learning art performance in multiple
Transformers with bidirectional NLP tasks, improving text

context understanding | understanding and
for NLP tasks. classification accuracy.

3 LLM-based Smart Ashish Bastola etal. | 2023 | Used Large Language | The system reduced

Reply System (LSR) Models (LLMs) like workload and improved
ChatGPT for productivity by generating
generating adaptive and intelligent
personalized and replies.
context-aware
responses.

4 Al-Powered Gmail Mayank Mishra et al | 2026 | Used LLMs with The model overcame
Auto-Response Retrieval-Augmented | limitations of rule-based
Agent Generation (RAG) for | systems and provided more

intelligent email accurate, context-aware
automation. responses.

The process involves:
* Email Collection

VI. METHODOLOGY
The system uses Natural Language Processing (NLP) and Machine Learning models to preprocess and analyze email
content. Emails are classified based on intent and priority using models like BERT. Finally, GPT-based models
generate context-aware and human-like responses automatically..

The system collects incoming emails from integrated platforms like Gmail or Outlook.
It ensures real-time access to new messages for further processing.

* Data Preprocessing

Emails are cleaned by removing noise such as stopwords, symbols, and unnecessary text.

The content is then converted into a structured format using NLP techniques.

¢ Email Classification

Machine learning models classify emails into categories like urgent, spam, or informational.
This helps in organizing and prioritizing emails effectively.
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¢ Intent Detection

The system analyzes the purpose of the email, such as inquiry, complaint, or request.
It uses contextual understanding to identify user intent accurately.

* Response Generation

Al models like GPT generate human-like, context-aware replies automatically.

The responses are tailored based on email content and detected intent.

* Automated Action & Notification

The system sends replies or alerts based on priority and user preferences.

It ensures timely communication and reduces manual effort.

UML DIAGRAMS

System Design: Data Flow @ Activity :

DED Levef O — Core Pipeline :

Four sub-processes form the backbone: Email Ingestion {receive from server), Al Content Analysis (NLP processing)
Response Generation (draft replies), and Email Delivery (dispatch responses). External enfities include the User, Email
Server, and External Systems.

DED Level1— Detailed Flow :

Expands into five processes — Email Fetching, Classification, Response Generation, User Interface Interaction, and Data
Storage — interacting with three data stores: Email Database, Response Templates, and User Feedback

Stage 1 Stage2 Stage3:  Staged:
Ingestion Al Analysis Generation  Delivery

(IMAP email receipt from server) (LLM context-aware  (SMTP send, &=
reply draft) involve send, log,
feedback collection)

Ay Bt e F ey Barer e TRoR 3 AW, el e GRSy it et s ARy 801 o Pragpifcess Knowledge Base / Fag

VII. MODELING ANALYSIS
The system incorporates several key analysis and modeling components to provide a responsive and  intelligent user
experience.
1. Data Preprocessing
* Data Collection: Emails are collected from various sources and datasets to ensure diversity and better model training.
* Noise Removal: Unnecessary elements like stopwords, punctuation, and duplicate data are removed to improve data
quality.
* Text Normalization: Techniques like lowercasing, stemming, and lemmatization are applied to standardize the text.
* Tokenization & Vectorization: Email text is broken into tokens and converted into numerical form using methods like
TF-IDF or embeddings.
* Handling Missing Data: Incomplete or missing values are identified and handled to maintain dataset consistency.

2. Email Classification Model
* Model Selection: Machine learning and deep learning models like Naive Bayes, SVM, and BERT are used for
classification tasks.
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* Feature Extraction: Important features are extracted from email content to help the model understand patterns.
» Category Classification: Emails are classified into categories such as urgent, spam, and informational for better

management.

* Model Training & Testing: The model is trained on labeled data and tested to evaluate its performance.

* Performance Evaluation: Metrics like accuracy, precision, recall, and F1-score are used to measure effectiveness.

3. Intent Detection Module

* Intent Identification: The system identifies the purpose of emails such as inquiry, complaint, or request.

* Contextual Understanding: Advanced models like BERT help in understanding the context and meaning of the text.

 Semantic Analysis: The system analyzes relationships between words to improve intent detection accuracy.
» Multi-Class Classification: Multiple intent categories are handled using classification techniques.
* Continuous Learning: The system improves over time by learning from user interactions and feedback.

4. Response Generation System

* Model Implementation: Transformer-based models like GPT are used to generate responses.

* Context-Aware Replies: The system generates replies based on email content and detected intent.

* Fine-Tuning: Models are fine-tuned using email datasets to improve relevance and accuracy.

* Personalization: Responses are customized based on user preferences and previous interactions.

+ Evaluation Metrics: Response quality is evaluated using metrics like BLEU score and user satisfaction.

VIIL. SYSTEM DESIGN

UML DIAGRAMS

Use Case Diagram — Actors g Interactions :

System Boundary :

Email Handling & Response System

Actors:

s Human Agent / User - Reviews, edits, and approves Al-drafted responses
+  External Sender / Customer - Initiates emails, receives auto-replies
+  Extemnal System (CRM / ERP) - Integrates for ticket creation and data

sync
+  External Recipient - Receives final dispatched messages

Key Use Cases :

Intelligent Email Triage & Classification
Perform NLP & Sentiment Analysis
Generate Automated Response Draft
Auto-Reply / Acknowledge

Route to Human Delegation

Log Activity & Generate Beports
Integrate with CRM / External Systems
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IX. CONCLUSION

The Gmail Automated Reply Framework provides a structured way to automate repetitive email handling while
keeping the system rule-based, observable, and controllable. Its combination of Gmail API integration, attachment-
aware reply logic, logging, dashboard monitoring, and Windows deployment support makes it suitable as a self-hosted
automation tool for routine communication workflows..
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