IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 12 Issue: XiIi Month of publication: December 2024

DOIl: https://doi.org/10.22214/ijraset.2024.65954

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 12 Issue X1 Dec 2024- Available at www.ijraset.com

A Research Paper on: Al/ML-Based Data
Duplication Alert System

Nakuul Agarwaal', Edwina Dsouza?, Anshul Mane®, Dr. Yogesh M. Rajput*
Department of Computer Science Engineering - Artificial Intelligence, Ajeenkya DY Patil University School of Engineering

Lohegaon, Pune, Maharashtra

Abstract: Data duplication is a pervasive issue across organizations dealing with extensive data, leading to wasted storage,
increased processing costs, and compromised data integrity. Traditional methods for identifying and managing data duplication
are often time-consuming and inefficient, especially as data volumes continue to scale. To address these challenges, we propose an
Al/ML-Based Data Duplication Alert System, leveraging machine learning algorithms to intelligently detect and alert users to
potential data duplication. The system employs advanced techniques such as natural language processing (NLP), pattern
recognition, and clustering to analyze data structures and content across databases, documents, and storage locations. By
utilizing both supervised and unsupervised learning models, it can detect duplicate data entries even when they include typos or
structural variations. Models are evaluated using statistical metrics such as Receiver Operating Characteristic (ROC) curves,
precision, recall, and accuracy rates exceeding 95%, ensuring high reliability in detecting duplicates. In addition to real-time
alerts, the system integrates seamlessly with data management workflows, preventing duplicate entries at the point of data entry,
thus upholding data quality standards. This Al/ML-based solution automates the detection process, enabling faster response
times, reducing storage requirements, and improving data accuracy. By ensuring data consistency, the system promotes more
efficient data utilization across organizational systems while maintaining a high standard of accuracy and precision.

L. INTRODUCTION

Data duplication is a persistent challenge in data management, leading to inefficiencies, increased storage costs, and inaccurate
analytics. Traditional methods such as rule-based matching and manual reviews are often ineffective in handling large datasets or
complex data structures, especially when data inconsistency arises from typographical errors, varying formats, or incomplete
entries. These limitations necessitate the use of more sophisticated techniques for effective duplicate detection.

Machine Learning (ML) offers a promising approach by automating the detection of duplicate data through adaptive learning and
pattern recognition. ML algorithms can analyze large datasets, identify non-exact matches, and generalize across different data
structures, thereby enhancing accuracy and scalability. This research focuses on developing an ML-based data duplication detection
system to address the limitations of conventional methods, leveraging supervised and unsupervised learning techniques to improve
detection accuracy. The remainder of this paper is organized as follows: Section Il reviews related work, Section 111 details the
methodology and ML models used, Section IV presents the results and analysis, Section V discusses the implications and
limitations, and Section VI concludes with future research directions.

1. LITERATURE REVIEW
A. Introduction to Data Deduplication
Data deduplication plays a vital role in modern storage and data transmission systems by identifying and removing duplicate data to
enhance resource efficiency. With the increasing complexity of cloud infrastructure and networks, effectively managing storage and
bandwidth demands solutions to detect redundant data. Traditional methods, though sufficient for smaller datasets, often falter when
faced with the scale and diversity of contemporary data, highlighting the need for advanced approaches like machine learning (ML)
techniques [1].

B. Existing Deduplication Techniques

Over time, numerous strategies have been developed to tackle data redundancy effectively:

1) Hashing Algorithms: Hash-based techniques, such as MD5 and SHA256, rely on generating unique digital fingerprints to identify
identical data quickly. These methods are particularly suitable for file-level deduplication by detecting exact duplicates.
However, their inability to handle near-duplicates or slightly altered data presents a notable limitation [2].

©NRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 1000




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 12 Issue X1 Dec 2024- Available at www.ijraset.com

2) Similarity Measures: To identify near-duplicates, methods such as cosine similarity and the Jaccard index are commonly
applied. These approaches assess similarity by comparing metadata or content characteristics. While effective, their
computational requirements can grow significantly with dataset size, making scalability a potential issue for larger systems
[31[4].

3) Clustering Algorithms: Clustering techniques like K-Means and DBSCAN are used to group similar data based on shared
patterns. These unsupervised models are beneficial in situations where labeled data is unavailable, as they detect duplicates
through the natural organization of data [5].

C. Machine Learning in Deduplication

ML techniques provide sophisticated solutions for deduplication, offering automated feature extraction and improved accuracy.

1) Supervised Learning Models: Supervised algorithms, including Support Vector Machines (SVM), Decision Trees, and Random
Forests, excel in identifying duplicates with high precision. These models require labeled data, enabling them to recognize
complex patterns and improve performance over time [6][7].

2) Unsupervised Learning Techniques: In the absence of labeled datasets, unsupervised approaches, such as clustering and
anomaly detection, are effective for detecting duplicates. These techniques leverage inherent data properties to identify
redundancies without prior training [8].

3) Feature Engineering and Vectorization: Feature engineering methods like TF-IDF for text analysis and hash-based embeddings
for file attributes significantly enhance ML models. Integrating these features with similarity measures boosts the precision of
detection and classification tasks [9].

D. Real-Time Deduplication Systems

The adoption of ML models in real-time deduplication is growing, with cloud-based infrastructures offering scalable solutions. Such
systems process data instantaneously, facilitating the immediate identification of duplicates and reducing false positives. Threshold-
based similarity measures are often employed to maintain performance and optimize results [10].

E. Evaluation Metrics and Challenges

Metrics such as precision, recall, F1-score, and accuracy are essential for assessing deduplication system performance. While
precision ensures the correctness of detected duplicates, recall emphasizes the system's capacity to identify all redundancies.
Balancing these metrics is crucial, as is reducing false positives to maintain trust in automated solutions [11][12].

F. Future Directions

Emerging trends in deduplication research include:

1) Deep Learning Models: Utilizing neural networks for intricate feature extraction and enhanced near-duplicate detection [13].

2) Cross-Domain Deduplication: Designing systems that manage heterogeneous data from various platforms [14].

3) Explainable Al: Developing models that provide transparent and interpretable insights to build user confidence [15].

These advancements aim to refine data deduplication processes, addressing current shortcomings and meeting the requirements of
large-scale environments.

1. PROBLEM DEFINITION
Data duplication is a significant issue in managing large-scale datasets, leading to unnecessary consumption of storage resources,
inefficiencies in data handling, and inaccuracies in analytical outcomes. Conventional approaches, such as rule-based systems and
manual methods, are inadequate for modern data environments, especially when faced with non-exact matches or variations caused
by typographical errors and inconsistent formats. These limitations highlight the need for more advanced, automated techniques.
To address this, we propose an Al/ML-Based Data Duplication Alert System. This system utilizes advanced machine learning
algorithms to detect and alert users about duplicate data entries in real-time. Unlike traditional methods, it is designed to identify
both exact duplicates and near-duplicates by employing natural language processing (NLP), clustering algorithms, and pattern
recognition techniques. These capabilities enable it to analyze diverse data structures and content effectively.
By leveraging both supervised and unsupervised machine learning models, the system ensures accurate detection, even in cases of
structural variations or errors in the data. Moreover, it integrates seamlessly with existing data management processes to prevent
duplicate entries during data input, thereby maintaining high data quality standards.
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Key performance metrics such as precision, recall, and F1-scores are used to evaluate the system, with a target accuracy exceeding

95% to ensure reliability and efficiency in detecting duplicates.
This solution offers a robust and scalable approach to managing duplicate data, aligning with the growing demands of modern

organizations for efficient data storage and processing.
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Fig 1: Data Duplication Detection Workflow
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Fig 2: Data duplication detection with chunking and indexing.
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V. METHODOLOGY
The ML-Based Data Download Duplication Alert System tackles the issue of detecting redundant or duplicate data downloads, a
common challenge in shared storage systems and large-scale networks. These duplicates lead to inefficiencies such as wasted
storage, increased processing costs, and potential user confusion. This system uses machine learning to automate the detection
process and provide real-time alerts, ensuring efficient resource utilization [2] [5].
The project relies on metadata from file downloads, including file names, sizes, extensions, timestamps, cryptographic hashes (e.g.,
MD5, SHA256), and sources. Datasets are sourced from public repositories or synthetically generated to include a mix of duplicate
and unique entries, ensuring diverse and effective training data. Data preprocessing involves cleaning missing values, reducing
noise, standardizing metadata, and feature engineering. Key features such as hash-based comparisons, content similarity metrics
(e.g., cosine similarity), and normalized numerical fields like file size and timestamp are extracted for model input. Initial
deduplication is performed using hashing techniques to detect identical files. [3] [5] [9]
Exploratory Data Analysis (EDA) helps identify trends, patterns, and correlations in the dataset, refining feature selection and
improving the model's ability to distinguish duplicates. The system applies supervised learning models such as Support Vector
Machines (SVMs), Decision Trees, or Random Forests for labelled data and clustering algorithms like K-Means or DBSCAN for
unlabeled data. Techniques such as Term Frequency-Inverse Document Frequency (TF-IDF) handle high-dimensional textual
features, while feature importance analysis identifies key duplication factors. [1] [6] [12]
Real-time alerts are generated by integrating the ML model with a mechanism that processes metadata for new downloads, classifies
entries, and triggers duplicate alerts based on similarity thresholds like cosine similarity or Jaccard index. The system is evaluated
using metrics such as accuracy, precision, recall, and F1-score to ensure high reliability and minimize false detections. Algorithm
comparison is conducted to determine the most effective model for deployment. [8] [10] [11]
The solution is implemented on a scalable infrastructure, with APIs or interfaces enabling easy integration into existing systems.
Real-time monitoring and periodic updates to the model ensure sustained performance and accuracy, addressing the problem of
redundant downloads effectively. This system provides a reliable, efficient, and automated approach to managing duplicate
downloads and optimizing data management processes. [7] [13] [14]

V. RESULT AND EVALUATION
To effectively identify and alert users about potential data duplication, we developed an Al/ML-based model.

pandas pd

sklearn.feature_extraction.text TfidfVectorizer

sklearn.model_selection train_test_split

sklearn.svm SV(

sklearn.metrics accuracy_score, precision_score, recall score, fl_score

1500515 0505 X535 15300570, 8515705 0,10 000

Fig3: Implementation of the Proposed Algorithm
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df pd.DataFrame(data)

v X_train, X test, y train, y test = train_test split(
df[’ xt , df I , test size=0.2, random_state=42, stratify=df

)

vectorizer TfidfVectorizer()
X_train_tfidf vectorizer.fit_transform(X_train)
X_test_tfidf vectorizer.transform(X_test)

model SVC(kernel="1 )
model.fit(X_train_tfidf, y train)

y_pred model.predict(X_test tfidf)

accuracy = accuracy_score(y_test, y pred)
precision = precision_score(y test, y pred)
recall recall_score(y_test, y pred)

f1 f1_score(y_test, y pred)

print(f"SVM wit I icy: {accuracy
print(f"p precision )
print(f"f : {recall ")

print( re: {f1 2y

Fig 4: Core Algorithm Implementation

Predictions on the test set:
‘T am studying hard to complete my degree in BTech.' => Not Duplicate

'ADYPU campus is known for its stunning architecture.' => Duplicate

'Pune 1s my hometown and I love living here.' => Not Duplicate

'T appreciate the academic opportunities in Pune.' => Not Duplicate
Fig 5: Classification Results

As demonstrated in the code snippet, our model undergoes a series of steps to process and analyze data:

1) Data Preprocessing: Raw data is cleaned and transformed into a suitable format for model training.

2) Feature Extraction: Relevant features are extracted from the preprocessed data, such as semantic similarity, syntactic
patterns, and statistical measures.

3) Model Training: A machine learning model, specifically a [specify the model, e.g., "Random Forest classifier'], is trained on a
labeled dataset to learn to distinguish between duplicate and unique data instances.

4) Model Evaluation: The trained model is rigorously evaluated using various metrics, including accuracy, precision, recall,
and F1-score.

5) Real-time Alerting: Once deployed, the model continuously monitors incoming data and generates alerts whenever
potential duplicates are detected.

Our experimental results indicate that the proposed model achieves a high level of accuracy in identifying duplicate data. By

integrating this solution into real-world applications, organizations can significantly reduce data redundancy, improve data quality,

and enhance overall operational efficiency.

VI. CONCLUSION

The integration of machine learning (ML) into data deduplication processes represents a significant advancement in addressing

redundancy in modern data systems. Traditional techniques such as hashing algorithms (e.g., MD5 and SHA256) and similarity

measures (e.g., cosine similarity and Jaccard index) provide foundational methods for duplicate detection but face limitations in

scalability and the detection of near-duplicates in large datasets [1][2].
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ML models, including supervised algorithms like Support Vector Machines (SVM), Decision Trees, and Random Forests, as well as
unsupervised methods such as clustering algorithms (e.g., K-Means), enhance the deduplication process through automated feature
extraction and adaptability to complex data patterns. Advanced feature engineering techniques, such as TF-IDF vectorization and
hash-based embeddings, further improve model precision and efficiency [3][4].

Real-time deduplication systems, which integrate ML models, enable instant detection and alert mechanisms, demonstrating practical
scalability for cloud and network infrastructures. Despite these advancements, challenges such as false positives and achieving an
optimal balance between precision and recall persist. Future innovations, including the adoption of deep learning models, cross-
domain deduplication techniques, and explainable Al frameworks, promise to address current limitations and improve system
reliability and user trust [5][6].

In summary, ML-based methodologies significantly enhance data deduplication by optimizing storage and bandwidth utilization
while offering scalable and adaptable solutions for diverse data environments. These advancements hold great potential for
modernizing data management systems and meeting the demands of ever-growing data volumes [7][8].
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