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Abstract: The User behavior anomaly detection has emerged as a critical component in securing digital systems,
identifying fraudulent activity, and enhancing personalized services. This paper explores the use of ml techniques to make
difference from normal user behavior across various domains such as cybersecurity, e-commerce, and healthcare. By
analyzing features like mouse movements, login patterns, and network activity, the proposed framework identifies subtle
anomalies that traditional rule-based systems often miss. Both supervised and unsupervised models, including Support
Vector Machines (SVM), Hidden Markov Models (HMM), and deep learning architectures, are calculated for their
effectiveness in behavioral deviations. Special emphasis is placed on challenges such as high- dimensional data, real-time
processing, and the balance between false positives and detection accuracy. Experimental results on benchmark datasets
demonstrate that adaptive, domain-aware models significantly improve detection performance. This study provides a
foundation for deploying robust, scalable, and interpretable user behavior anomaly detection systems in real-world
environments.

I. INTRODUCTION

Machine Learning, or ML for short, is a key part of Artificial Intelligence that allows systems to learn on what makes
machine learning so powerful is its ability to process massive amounts of information and make sense of it. Algorithms
like decision trees and neural networks form the backbone of many ML systems. These tools take indata, identify
patterns, and adapt their behavior as they're trained again and again. Over time, they tools take in data, identifypatterns,
and adapt their behavior as they're trained again and again. Over time, they unlike traditional reinforcement learning. In
supervised learning, the model learns using examples where the answers are already programming where every step is
manually coded, machine learning systems evolve based on the data they’re exposed to. There are three main types of
ML approaches: supervised, unsupervised, and known. Think of this like teaching a student with flashcards: the more
examples you give, the better they understand. This method is great for predicting house prices or filtering out spam
emails. Unsupervised learning, by contrast, works without labeled data. Here, the model looks for patterns on its own.
It's especially helpful in spotting unusual user behavior or grouping customers by their shopping habits. Then there’s
reinforcement learning, which is more like teaching through rewards and mistakes similar to training a dog. The system
learns by trying different actions and learning from what works and what doesn’t. Machine learning is making a huge
impact across many industries. In hospitals, it's helping doctors detect diseases more precisely. In banks, it use make sure
ML models perform well; the data must first go through a cleaning and preparation phase. This includes handling missing
or unusual values, standardizing data so everything’s on the same scale, and dividing it into training and testing sets it to
recommend items, and car companies rely on it for building smarter self-driving vehicles. Behind all of these advances are
algorithms such as Linear Regression, Decision Trees, and Neural Networks. To This step is crucial because it helps the
model learn from one part of the data and then prove its accuracy on another. In areas like fraud detection and cyber
security, supervised models especially those based on decision trees are often the most effective, as they work best when
the data is labeled and specific to the domain. Combining this approach with real- world data, technical indicators like
moving averages or GDP figures can make the system even more accurate and insightful. Machine learning can become a
powerful ally in tackling everyday challenges.
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As machine learning continues to evolve, it's becoming more accessible to industries that once relied solely on manual
processes. What once required teams of analysts can now be supported by models that learn and adapt in real time. This
not only saves time but also uncovers insights that might otherwise go unnoticed. However, building these systems isn’t
just about feeding those data it’s about understanding the problem, selecting the right approach, and refining it over time.
It's a mix of technical skill and thoughtful design. With the right tools and strategy.

Il. SYSTEM ANALYSIS

A. Existing System
In today's technology, the all organizations are increased using leveraging machine learning to monitor and understand
user behavior across their platforms. By analyzing patterns such as login times, browsing habits, and transaction
frequencies, these systems establish a baseline of what constitutes normal activity for each user. Once this baseline is
established, the system can make deviations from the norm, such as unusual login locations or unexpected transaction
volumes, which may indicate potential security threats or fraudulent activities. To implement such a system, data
scientists typically begin by collecting historical user activity data, which serves as the trained set for machine learning
models. Algorithms like clustering are employed to group similar behaviors, while classification models can categorize
activities as normal or anomalous.
Drawbacks
1) One of the biggest challenges is the need for clean, well- structured historical data. If the input data is messy,
incomplete, or contains too much noise, the system might learn the wrong patterns, which can lead to frequent false
alarms or missed threats.
2) If users suddenly change their habits for example, due to a new feature or a seasonal shift—the system might wrongly
classify these actions as anomalies. Without constant tuning or retraining, the model can become outdated quickly.
B. Feasibility Study
The feasibility study for developing a system that detects user behavior and flags anomalies using machine learning is not
only practical but increasingly necessary in today’s data-driven environment. While minimizing risks and challenges. This
project offers a practical and forward- looking solution that supports long-term success, especially as cyber threats and
online fraud continue to rise. Today, organizations are looking for smarter, faster ways to monitor user behavior in real
time and this system delivers just that. By learning from past user activity, it can recognize patterns and alert the team
when something unusual or suspicious happens. The goal is to boost security and build trust, all while reducing the need
for constant manual oversight. On the technical side, everything needed to build and run the system is already widely
accessible. Popular programming languages like Python, and machine learning tools such as Scikit-learn or Tensor Flow,
form a strong foundation for development. For data storage, companies can choose between cloud services or on-site
servers based on their needs. And since many businesses already gather user interaction data, that information can be
reused to train the and test the models. The main cost upfront is usually hiring skilled developers or data scientists
C. Hardware Requirements
The hardware tools for this project are designed to ensure desirable performance across various platforms. For the CPU,
the system supports Intel i5, i7, or i9 processors (or equivalent), Apple M1 or M2 (for macOS), and AMD Ryzen5, 7,or
9processors(or equivalentfor Linux). These processors ensure fast data processing and smooth operation. Cloud storage
is taken care of by Azure to work with big data sets, providing scalability and secure storage. For web access, one
requires a modern browser such as Google Chrome. These hardware requirements give a sound basis for the efficient
functioning of the platform
D.Software Requirements
The software tools for this project are centered on efficient and modern technologies. Frontend is constructed with
HTML, offering an efficient and dynamic user interface with responsive styling being complemented by Tailwind CSS. Fast
APl manages API requests on the backend in an efficient manner, supporting fast and secure interactions with the
database. Postgress is used as the main database for storing user embeddings and data. For deployment, Docker is
employed for containerization, providing portability and scalability. Firebase Authentication is also integrated for secure
sign-in of users, such as Google Sign-In. The system supports Windows, macOS, and Linux.

I1l. PROJECT DESCRIPTION
A. Overview of the Project
This Project focuses on building a system that can monitor how users behave on a interface and automatically detect
anything unusual .The main idea is to teach a machine learning model what regular user activity looks like such as login
patterns, page views, or transaction history and then use that knowledge to spot when something doesn’t as fit the norm.
These unusual activities, or anomalies, might be early signs of the fraud.

The front end, built with HTML and CSS, handles user facing features like authentication, dataset management, and
community interactions. The backend, written in Python, is responsible for authentication, dataset uploading, user
management, and embedding processing. MongoDB is used as the database, which stores user name, dataset name, and
log information. External services like a Firebase Authentication is used and postgress SQL cloud storage provide secure
log-in and effective file handling. Modularity and scalability.
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Fig. 1 depicts the system architecture of the user behavior tracking and anomaly detection using ml platform, highlighting

key components and their interactions.

B. Module Description

1.

Data Collection: This component is responsible for extracting raw data from various sources such as user login
records, activity logs, transaction history, and device information. It ensures that data is collected in real time or batch
mode, depending on system design, and stored securely for further analysis. Data cleaning and formatting are also
handled here to maintain consistency and quality.

. Feature Extraction: Once the data is collected, this module transforms it into a form that the machine learning

model can understand. It extracts meaningful features like session duration, frequency of actions, locationpatterns,
anddevice usage.These features help the system learn what typical user behavior looks like, making it easier to spot
anything out of the ordinary.
Model Training and Detection Model: In this part of the system, historical data is used to made to behave as
machine learning models such as Isolation Forests, Auto encoders, or One-Class SVMs. new data, ensuring it stays
accurate as user behavior evolves over time. It employs techniques like supervised or unsupervised learning to make
predictions on whether an action is typical or suspicious.
Anomaly Scoring and detection: Once an anomaly is detected, this module calculates a score that reflects how
unusual the behavior is compared to the baseline. The higher the score, the more likely it is that the behavior is
malicious or erroneous. Based on the score, alerts are generated and sent to security teams or automated systems to
take appropriate actions, such as locking an account or triggering a manual review.
User Feedback: This component gathers feedback on the system’s predictions and anomalies. If a false positive is
flagged or an anomaly is missed, the feedback loop helps fine-tune the models. It ensures that the system becomes
smarter over time by learning from its last mistakes and successes. This module helps the system adapt to shifting user
behaviour. Given the sensitive nature of user data, this type ensures that all collected data is anonymized, encrypted,
and stored according to privacy regulations like GDPR or CCPA. It manages user consent, providing transparency.
Data Flow Diagram
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Fig. 2 illustrates the main flow of the project platform system, detailing interactions among the existing users,
Authentication, and various functional modules.
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It involves processes including user authentication, embedding upload and validation, profile management, and deletion of
account. Data flow between the frontend and Postgress is also shown, indicating how information is stored, updated, and
retrieved. The chart points out seamless integration, modular architecture, and user control in all operations of the
project platform.
C. Use Case Diagram
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Fig.3 lllustrates the major interactions between the user and the author'iséd'system with a use case diagram.
D. Sequence Diagram

Fig. 4 demonstrates the order of activity which takes place when a user uploads authentication. Beginning from
authentication through Firebase, the flow goes through file upload, validation, creates the database according to dataset
details in MongoDB and then stored successfully in Microsoft Azure cloud storage. Which invokes data retrieval and
rendering on the front end. The sequence diagram depicts real-time system communication among components such as
the frontend, backend, database, and Firebase to guarantee secure upload, effective storage.

IV.SYSTEM IMPLEMENTATION
A.Introduction
System implementation is the act of bringing the designed the platform plan to a running, working system. It entails
deploying the backend, frontend, authentication, and database pieces and putting them together smoothly. This stage
makes the system do what it is supposed to do and be accessible, safe, and easy to use for actual application to the user.
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B. CLASSIFICATION
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Fig.5 Depicts the classification graph of the model.

Confusion Matrix

50

30

Actual

- 20

- 10

Predicted

Fig. 6 depicts the confusion matrix for ensuring the only authenticated user entry.

Login

Fig. 7 depicts the home page dashboard with consistent design, section navigation, and quick access to recent datasets
and actions.
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Fig. 8 depicts the user authentication behavior either the bot user behavior depending upon the three metrics used.

A.Back End

The back end of this project is built using python, a high- performance web framework for building in Python. It handles
authentication, file validation, user management, and interaction with the database. All the user data is stored in Mongo
DB like dataset name, metadata, and user information and all the embeddings are stored in Microsoft Azure cloud
storage. The backend also manages secure operations such as login via Firebase Authentication, account deletion, and
embedding edits. It is designed for scalability and efficient data processing.
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