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ABSTRACT

With the rapid growth of social media
platforms, vast amounts of user-generated data
are continuously produced and utilized for
personalized recommendation systems. These
systems aim to provide users with relevant
content by analyzing their preferences,
interactions, and behavioral patterns. However,
the use of such sensitive data raises significant
privacy concerns, as unauthorized access or
data user

leakage can  compromise

confidentiality. This project focuses on
developing a privacy-preserving framework for
publishing social media data while enabling
effective personalized
The

employs data anonymization and privacy-

ranking-based

recommendations. proposed  system
preserving techniques such as k-anonymity,
differential privacy, and data perturbation to
protect sensitive wuser information before
publishing. At the same time, it ensures that the
utility of the data is maintained for
recommendation purposes. A ranking-based
recommendation model is applied to analyze

user preferences and generate personalized
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content recommendations. Machine learning
algorithms are used to learn user behavior
patterns and rank items based on relevance,
improving without

user experience

compromising privacy. The system includes

modules for data preprocessing, privacy
preservation, model training, and
recommendation  generation.  Experimental

results show that the proposed approach
successfully balances privacy protection and
recommendation accuracy. While strong
privacy mechanisms may slightly affect data
utility, the system achieves an optimal trade-
off between privacy and performance. This
project highlights the importance of integrating
privacy-preserving techniques into
recommendation systems and provides a
scalable solution for secure social media data

sharing.

Keywords: Privacy Preservation, Social Media,

Recommendation System, Data
Anonymization, Differential Privacy, Ranking

Algorithms, Machine Learning, Data Security.

I.INTRODUCTION
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The rapid growth of social media platforms has
led to the generation of massive amounts of
user data, including posts, likes, comments, and
interactions. This data plays a crucial role in
building personalized recommendation systems
that enhance user experience by suggesting
relevant content. However, the use of such data
raises serious privacy concerns, as sensitive
personal information may be exposed or
misused during data sharing and publishing.
Protecting user privacy while maintaining the
effectiveness of recommendation systems has
become a significant challenge. This project
focuses on developing a privacy-preserving
framework that allows secure publishing of
media data  while

social supporting

personalized ranking-based recommendations.

Traditional recommendation systems rely
heavily on user data to learn preferences and
generate accurate suggestions. Techniques such
as collaborative filtering and content-based
filtering use historical user behavior to predict
future interests. However, these methods often
require access to raw data, which can lead to
privacy breaches. To address this issue,
privacy-preserving techniques such as k-
anonymity, differential privacy, and data
perturbation are applied to protect sensitive
information. These techniques ensure that
individual user identities cannot be easily
identified while still allowing meaningful
analysis of the data. By combining privacy

protection with recommendation algorithms,
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the system aims to achieve both security and

accuracy.

The proposed system is designed with multiple
modules, including data preprocessing, privacy
preservation, model training, and

The

based recommendation model prioritizes items

recommendation generation. ranking-
based on user preferences, improving the

relevance of  suggestions. Despite its
effectiveness, challenges such as maintaining
data utility and balancing privacy with
accuracy remain. Future improvements can
include advanced encryption techniques and
deep learning-based recommendation models.
Overall, this project highlights the importance
of integrating privacy-preserving methods into
modern recommendation systems to ensure

secure and efficient data usage.

Il SURVEY OF RESEARCH

The study by L. Sweeney (2002) [1] introduced
the concept of k-anonymity for protecting
The

record is

sensitive data in published datasets.
methodology ensures that each
indistinguishable from at least k—1 other
records, reducing the risk of re-identification.
Results showed that k-anonymity effectively
preserves privacy in data publishing. However,
it may lead to information loss and reduced
data utility. This research forms the foundation
for privacy-preserving techniques used in the

proposed system.
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The work by C. Dwork (2006) [2] proposed

differential privacy, a strong privacy-
preserving model that adds controlled noise to
data. The methodology ensures that the
inclusion or exclusion of a single data point
does not significantly affect the output. Results
demonstrated high privacy protection with
mathematical guarantees. However, excessive
noise may reduce data accuracy. This study
supports data

secure publishing  in

recommendation systems.

The study by G. Adomavicius and A. Tuzhilin
(2005) [3] explored recommender systems and
personalization techniques. The methodology
includes collaborative filtering and content-
based approaches to generate personalized
recommendations. Results showed improved
user satisfaction and engagement. However,
these systems often require access to sensitive
This

research highlights the need for privacy-

user data, raising privacy concerns.

preserving recommendation models.

The research by Y. Koren et al. (2009) [4]
introduced matrix factorization techniques for
recommendation systems. The methodology
decomposes user-item interaction matrices to
identify latent features. Results showed
significant improvements in recommendation
accuracy. However, it requires large datasets
This study

and computational resources.

supports  ranking-based  recommendation

approaches.
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The study by R. Agrawal and R. Srikant (2000)
[5] proposed privacy-preserving data mining
techniques. The methodology involves data
perturbation and secure multiparty computation
to protect sensitive information. Results
demonstrated that data mining tasks can be
performed without exposing private data.
However,

complexity and performance

overhead are limitations. This research is

relevant for secure data analysis in the system.

The work by X. He et al. (2017) [6] introduced

neural collaborative filtering for
recommendation systems. The methodology
uses deep learning to model complex user-item
interactions.  Results showed improved
recommendation performance compared to
traditional methods. However, deep learning
models

require large datasets and high

computational power. This study suggests

future enhancements for the proposed system.

1. WORKING METHODOLOGY

The proposed system follows a structured
methodology to ensure privacy-preserving
social media data publishing while enabling
personalized ranking-based recommendations.
Initially, the process begins with data
collection and preprocessing. Social media data
such as user interactions, posts, likes, and
comments are collected and cleaned to remove
noise, duplicates, and irrelevant information.
The data is then transformed into a structured

format suitable for analysis. Feature extraction
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is performed to identify important attributes
such as user preferences, interaction frequency,
and content categories. This preprocessing
stage ensures that the dataset is consistent,
meaningful, and ready for applying privacy-
preserving techniques and recommendation

algorithms.

In the next phase, privacy preservation
techniques are applied to protect sensitive user
information before data publishing. Methods
such as k-anonymity, differential privacy, and
data perturbation are used to anonymize the
dataset. K-anonymity ensures that individual
records cannot be uniquely identified, while
differential privacy adds controlled noise to
prevent data leakage. Data perturbation
modifies sensitive values without significantly
data These

techniques help maintain user confidentiality

affecting  overall patterns.
while preserving the utility of the data for
analysis. The anonymized data is then used to
train the recommendation model, ensuring that
privacy is not compromised during the learning

process.

Finally, the system implements a ranking-based

recommendation model to generate

personalized suggestions. Machine learning
algorithms analyze user preferences and rank
items based on relevance. The model learns
patterns from anonymized data and predicts
interests  to accurate

user provide

recommendations. The system includes a user

Vol. 22, No. 2, 2026

https://ijerst.org/index.php/ijerst

interface where recommendations are displayed
based on ranked results. Evaluation metrics
such as accuracy, precision, and ranking
performance are used to measure effectiveness.
Although the system achieves a balance
between privacy and accuracy, challenges such
as information loss and computational
overhead remain. Future improvements can
include advanced encryption methods and deep
learning-based recommendation models to

enhance performance and scalability.

IV RESULTS EXPLANATIONS

The proposed system demonstrates effective
performance in achieving both privacy
preservation and personalized recommendation
accuracy. After applying privacy-preserving
techniques such as k-anonymity, differential
privacy, and data perturbation, the dataset is
successfully anonymized while retaining its
utility for analysis. The results show that
sensitive user information is well protected,
reducing the risk of data leakage and
unauthorized access. At the same time, the
anonymized dataset still maintains sufficient
information  for

generating  meaningful

recommendations, indicating a successful

balance between privacy and data utility.

The

performs efficiently in generating personalized

ranking-based recommendation model

suggestions for users. By analyzing user
preferences and interaction patterns, the system

ranks items based on relevance and provides

1998



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

%mmummumsm

accurate recommendations. Evaluation metrics
such as precision, recall, and ranking accuracy
indicate that the system achieves satisfactory
performance even after applying privacy-
preserving techniques. Although there is a
slight reduction in accuracy due to data
anonymization and noise addition, the overall
This

demonstrates that privacy-preserving methods

performance  remains  acceptable.

can be  effectively integrated into
recommendation systems without significantly

compromising their effectiveness.

Despite the promising results, the system faces
certain challenges. The addition of noise in
differential privacy and data generalization in
k-anonymity may lead to information loss,
affecting recommendation quality. Additionally,
increases when

computational complexity

handling large-scale social media data.

However, the system provides a strong

foundation for secure and efficient

recommendation systems. Future
improvements can include advanced privacy
techniques, deep learning-based
recommendation models, and real-time data
processing. Overall, the results highlight the
feasibility of combining privacy preservation
with personalized recommendation systems in

social media environments.

Figure 1: Privacy vs Recommendation

Accuracy Trade-off

This graph illustrates the trade-off between
privacy level and recommendation accuracy.
The x-axis represents the level of privacy
applied (low to high), while the y-axis
represents recommendation accuracy. As
privacy techniques such as k-anonymity and
differential privacy increase, the accuracy of
the recommendation system slightly decreases
due to information loss and noise addition.
However, the graph shows that even at higher
privacy levels, the system maintains acceptable
accuracy. This demonstrates that a balance can
be achieved between protecting user data and

maintaining recommendation performance.
i I.. ol = __
1200 14

Faodt ow

Figure 2: Recommendation Performance

Comparison
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This graph compares different performance
metrics of the recommendation system, such as
precision, recall, and F1-score. The x-axis
represents the evaluation metrics, while the y-
axis shows their corresponding values. The
graph indicates that the system achieves high
precision and recall, resulting in a strong F1-
score. This confirms that the ranking-based
recommendation model effectively provides
relevant suggestions to users. Even after
applying privacy-preserving techniques, the
system  maintains

good  performance,

highlighting its efficiency and reliability.

V.CONCLUSION

The proposed system for privacy-preserving
social media data publishing with personalized
ranking-based recommendation successfully
demonstrates the integration of data security
and recommendation efficiency. By applying
privacy-preserving techniques such as k-
anonymity, differential privacy, and data
perturbation, the system ensures that sensitive
user information is protected before data is
shared or analyzed. At the same time, the
ranking-based recommendation model
effectively utilizes the anonymized data to
generate personalized suggestions, enhancing
user experience. This balance between privacy
protection and recommendation accuracy is the

key contribution of the system.

The experimental results indicate that the

system maintains satisfactory performance in
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terms of precision, recall, and ranking accuracy,
even after applying privacy mechanisms.
Although there is a slight reduction in accuracy
due to data anonymization and noise addition,
still
This

techniques can  be

reliable
that

the  system provides

recommendations. demonstrates
privacy-preserving
effectively integrated into modern
recommendation systems without significantly
compromising their performance. The use of
machine learning algorithms further improves

the adaptability and efficiency of the system.

Despite its advantages, the system faces
challenges such as information loss, increased
computational complexity, and the need for
large datasets. Future work can focus on
incorporating advanced techniques such as
deep learning-based recommendation models,
secure multi-party computation, and real-time
data processing to enhance scalability and
accuracy. Overall, this project highlights the
importance of protecting user privacy in social
media platforms while maintaining the
effectiveness of personalized recommendation

systems.
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