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ABSTRACT

This paper discusses the design and testing of an Al-Driven Hybrid Privacy Preservation Model, developed for online
social networks. The model incorporates advanced Al techniques with cryptographic mechanisms and adaptive
management of privacy to enhance security and privacy in OSNs. AI-HPPM considers privacy threat detection and
mitigation. Machine learning algorithms are used in order to distinguish between legit activities of the user and suspicious
activities of the user. This also makes use of homomorphic encryption to protect user data while processing with no high
overhead in performance. Adaptive privacy settings also update automatically in relation to user behavior and context
changes greatly reducing manual intervention. Comprehensive testing revealed that AI-HPPM has exhibited better
performance when having 95.8% detection rate for threats, a minimal overhead of 2.5% cryptographic, and an adaptability
rate of 93%.The model proactively alerts the users to potential risks with an 85% user response rate toward privacy alerts
that effectively prevent breach of privacy before incidents arise. AI-HPPM outperforms conventional models in the realms
of accuracy, efficacy, and degree of user satisfaction. This hybrid approach provides a comprehensive, future-proof
solution for privacy protection in rapidly evolving digital environments. Thus, the paper concludes that AI-HPPM is a
scalable, adaptable, and efficient model for enhancing privacy in OSNs and beyond.
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1. INTRODUCTION

The rapid growth of online social networks, embodying the innovative concept by which people connect, relate, and link
each other through information on a global scale, has totally impacted the way people daily access these sites to join
others, exchange ideas, and promote social relationships. Online social networks such as Facebook, Twitter, Instagram,
and LinkedIn are some of the prominent OSNs that have rapidly transformed the face of social interaction and
communication. Easy availability in terms of uploading personal information on these social networks has posed serious
issues concerning privacy and security. OSNs have brought enormous benefits, but it has also thrown open doors to fertile
grounds for privacy violations, data breaches, and unauthorized access. It mostly goes hand in hand with serious
consequences for user security and trust. [1] [2] With personal information becoming valuable in the digital economy, the
risk of misuse by malicious actors, advertisers, or even the platforms themselves is rapidly increasing. There are millions
of studies that claim most of the OSNs have unclear or confusing policies regarding privacy, which makes users
unknowingly compromise data privacy. [3] [4] so, it's now more important than ever to have a strong and reliable model
for preserving privacy. [5] [6] during the recent years, Al has turned to be the most powerful tool in privacy issues. Since
it has been able to process amounts of large data, perceive patterns, and make decisions independent of people, new paths
were achieved for obtaining personal information secured within OSNs. [7] [8] we propose an Al-driven hybrid privacy
preservation model that aggregates diverse privacy techniques to deal with the challenges of OSN privacy management
in an effective manner that would better enhance user security and platform functionality. Online social networks collect
and process enormous amounts of personal data, including demographic details, behavioral patterns, preferences, and even
sensitive information such as political affiliations or medical history. [9] [10] [11] Such information is not only used to
increase a better user experience but is usually collected to sell or use for advertising purposes, which may eventually fall
into the wrong third-party hands. [12] It is demonstrated that many OSNs collect and store personal data but do so in ways
that appear transparent to the involved users. [13] [14] The exploitation of such kinds of data through some form of
legitimate or illegitimate channel causes big blows to user privacy. [15] [16] The Cambridge Analytica affair illustrated
the grave risks that can be drawn by weak privacy safeguards, where data at Facebook were harvested for political profiling
in absolute disregard for users' consent. [17] The affair made one question how poor privacy measures could be used to
manipulate personal data, and consequently, called for better regulations and technological solutions. [18] Another vital
issue is that even though controls of privacy are made available for the users, most of them do not apply it effectively in
practice, either due to a lack of knowledge or because the default setting on OSN platforms is set to automatically share
data. Research evidence usually reveals that users do not often understand how the privacy policies work, and therefore
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such general underestimation of the threats from OSN usage. This complexity of personal privacy management in such
dynamic scenarios is an urgent call for more intelligent and automated solutions that enable users to protect their
information without needing manual intervention all the time. The years have seen the development of numerous
techniques to safeguard individual data in OSNs, but all are faced with a lot of inadequacies. Among them, cryptographic
techniques, differential privacy, and access control mechanisms are the most utilized methods for preserving privacy but
are often hampered at the point of practical application. [19] [20] The cryptographic solutions form a powerful basis for
privacy; in this case, it makes sure that sensitive data is only accessible to authorized users. Techniques including
homomorphic encryption and zero-knowledge proofs have been applied on OSNs to enable secure protection of user data
even as it transits. [21] Such computations give the ability to perform mathematical operations on encrypted data without
revealing any aspect of the data. [22] The computational overhead introduced by such cryptographic approaches has
significant impact, making them less suitable for some real-time applications based on large-scale social networks. [23]
Another major approach is differential privacy that allows for analysis over the data but makes sure identification about
individual users cannot be done. [24] This way, the privacy of any individual user is preserved even in datasets where
their data is aggregated. [25] [26] Companies such as Google and Apple use differential privacy on their systems to
generate insights about services through data collection without revealing the identity of the users. [27] Conversely, OSNs
present the hard and engaging nature of user data, which has made it challenging to balance preserving privacy with utility
of the data being acquired. [28] Access control policies enable users to limit other people's access as to who can view or
interact with their data in exchange for another layer of protection over their privacy. Many OSNs are offering personalized
privacy settings under which users can limit access to the posts, photos, and personal information. The useful potential of
such environments is hardly ever realized. Studies show that most users are not aware of such capabilities or do not know
how to configure them to maximum privacy. [29] The literature on Al as promising solution to the enhancement of privacy
preservation in OSNSs is reported. The potential of Al in dealing with large datasets with real-time detection of patterns
and exhibit appropriateness for efficiency enhancement in privacy mechanisms. Some of the most promising features of
Al include learning from the user's behavior and context-aware dynamic adaptation of the settings concerning privacy,
those schemes are included. [30] [31] Al-powered systems can track users' activities and observe privacy threats by
machine learning algorithms. This system would automatically identify abnormal patterns of behavior such as
unauthorized entry or data misuse, and immediately act in real time. Even the models trained over history with machine
learning methods can predict and prevent breach of privacy, identifying suspicious activities deviant from normal
behavior. Al models adapt much better to the dynamics of threats in traditional rule-based systems and can proactively
provide a more comprehensive mechanism for the defense of emerging privacy risks. [32] Al-powered OSNs can also be
adapted to include OSN privacy preserving techniques. Recommender systems have emerged as an important feature of
OSNs, in which any OSN recommends friends, content, or groups to a user based on the user's preferences inferred from
their data. However, these systems raise questions regarding privacy because they call for access to a vast amount of
information about personal life. The Al-driven privacy-aware recommender system uses techniques such as k-anonymity
and federated learning to minimize the risks for privacy. Thus, the mentioned systems enable aggregation of user data
without providing leakages of information about individual users-which means maintaining user privacy while using their
personalized recommendations. [33] This includes adaptive privacy settings based on changes in user behavior or
interactions, where Al assumes the central role. Al-based privacy assistants allow managing a user's privacy settings by
providing real-time recommendations with the context of social interactions for ensuring privacy settings are constantly
updated in accordance with the user's preferences to make privacy management intuitive and less dependent on manual
configuration. [34] [35] The paper proposes an Al-driven Hybrid Privacy Preservation Model that combines different
privacy-preserving approaches and how they draw on the strengths of Al to overcome some of the weaknesses observed
in the traditional approach. This model brings machine learning-based threat detection, advanced cryptographic methods,
and user-centric privacy controls together for comprehensive protection of user data in OSNSs.

The model begins with Al-based threat detection, which employs algorithms from machine learning to monitor user
activities in real time and detects anomalies that may present threats to privacy. As soon as suspicious activity is detected,
the system automatically modifies security settings or informs the user to avert the potential crime of privacy in real-time.
This proactive measure can avoid the risk of data breaches and unauthorized access. [36] [37] Another thing that this
model encompasses is the use of cryptographic techniques. These include homomorphic encryption, under which user
data may be safely stored and transferred. This model is quite secured compared to the common traditional encryption
methods because the sensitive data here remains encrypted even as the computation is done on it. [38] [39]

2. METHODOLOGY

The methodology in developing Al-driven hybrid privacy preservation model, including enhanced security over the OSNs,
is structured to integrate into the multiple advanced techniques from artificial intelligence, cryptography, and user-centric
privacy management systems, leading towards building a comprehensive privacy framework dynamically monitoring and
detecting real-time privacy threats and adapting and user-friendly privacy settings. The following methodology details the
steps followed in designing, implementing, and evaluating this model.

2.1 System Architecture
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The proposed model is developed with a modular architecture that incorporates three main components: machine learning-
based threat detection, cryptographic data protection, and Al-driven privacy controls. These elements ensure smooth
functionality for the continuous maintenance of user privacy in response to evolving threats. This is an input layer where
data in different formats are collected from users, including demographic data, user-generated content, interactions with
other users, and metadata such as the location, device, or the history of what has been browsed. In any case, these inputs
are anonymized and encrypted through cryptographic techniques before continued processing.

Al-Based Threat Detection Engine: It is based on machine learning algorithms that can have the ability to identify
patterns or suspicious activity in real time. Based on the models that train on historical user behavior data, the deviations
in normal activities are detected, which may indicate a security breach or a privacy violation.

Homomorphic cryptographic data protection will encrypt user profiles, posts, and private messages, ensuring that
computations could be carried out on the encrypted data without decrypting, thus meaning that data is not exposed in the
processing of the computation.

Al-Driven Privacy Management Module: Each user shall be provided with adaptive privacy settings, and the system
shall be subjected to real-time changes with respect to the patterns of interaction displayed by users. Meaning, learning
preferences of users to provide recommendations as regards privacy balances in terms of usability and security. This
automatically includes the adjustment of settings regarding third-party app permissions, post visibility, and who can view
posts.

2.2 Data Collection and Pre-processing

To train the machine learning algorithms, a significant dataset of user behaviors in the OSNs is required. Data collection
sources considered are multifold. Some of the publicly available datasets include Facebook, Twitter, and Instagram. Data
is anonymized to ensure privacy for users involved in the dataset, while other important attributes such as frequency of
interactions, visibility of posts, and access control settings remain intact.

Data Labeling: The data acquired from OSNs will be labeled to suggest normal and abnormal behaviors. Normal behavior,
for instance, would consist of activities that indicate the regularity of posting comments and messages, whereas abnormal
behavior would exemplify unauthorized access attempts, extremely high-frequency interactions, or patterns that are
indicative of phishing attacks.

Data Augmentation: Since the privacy violation is much rarer than normal data, the class is imbalanced. Thus, techniques
like synthetic data generation and oversampling of privacy violations are adopted for augmenting the training set that
constitutes the machine learning models.

Feature Extraction: Relevant features relevant to privacy violation detection are extracted. These include login time, IP
addresses, geographic locations, interaction times, and relationship graphs. All these are used to train the machine learning
models to identify possible privacy breaches.

2.3 Machine Learning-Based Threat Detection

Machine learning techniques are core to the model presented for the detection of privacy threats. Several algorithms are
analyzed and considered to build the most effective model required to detect suspicious activities.

Supervised Learning: The early applications are of the supervised learning-based techniques like Random Forests, SVM,
Logistic Regression for classifying the user activity whether normal or suspicious based on historical data. These models
learn from the historical data of user behavior to identify patterns of normal interaction.

Unsupervised Learning: Since there has been no evidence of all threats in advance, unsupervised learning algorithms
such as k-means clustering and auto encoders use their detection capabilities for new, unseen threats by studying the
anomalous behavior against that of normal behavior. Such models are trained on learning the underlying distribution of
typical user activity patterns and flag up unusual patterns.

Deep learning: Recurrent Neural networks and LSTM networks, constitute the detection of more complex, time-related
privacy threats. The models essentially take into consideration the sequence of events in time, which allows the system to
discern patterns of activities that are not suspicious in themselves but can be considered suspicious when viewed in
context.

They then used cross-validation techniques to validate the accuracy of the machine learning models in terms of precision,
recall, and F1-score. False positives and false negatives are thus minimized with the aim of reducing the chance of flagging
legitimate activities as threats or of missing actual privacy violations.

2.4 Crypto-Data Protection

Advanced cryptographic techniques will be designed for use in the proposed system to ensure data privacy when stored
and transmitted.
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Homomorphic Encryption: The model makes use of homomorphic encryption, one of the important cryptographic
primitives, through which computations can be carried out in the encrypted domain without decryption over the data. This
has an effect that even when OSNs process user data, such as targeted advertisements or recommendation systems, user
data remains private. Sensitive information like personal messages or user posts are never exposed in plain text as the
computations are carried in the encrypted domain.

Data integrity checks- Another approach that ensures user data is not modified in the transmission or in storage using
digital signatures and hash functions including SHA-256. Therefore, any unauthorised parties that gain access will have
the alteration detected.

Partly, Key Management: We will make sure a solid key management system is put in place for managing encryption
and decryption keys. For the secure distribution and management of encryption keys which shall only be accessible to
registered users with permission to access related sensitive data, Public Key Infrastructure shall be used.

2.5 Al-Driven Adaptive Privacy Controls

The proposed model brings several of the most important novelties, including Al-driven adaptive privacy controls. Instead
of relying on users rarely updating static privacy settings, the model is implemented through dynamic adjustments of
privacy settings in real time.

Context-Aware Privacy Management: This system uses machine learning in the observation of context, which could
include the type of data that is being shared, the current location of the user, and the relationship between the user and the
recipient. The system then recommends to the user whether the privacy settings currently in use are appropriate.

User Behavior Learning: The system learns what a user likes or dislikes and then forms the behavior pattern over a time
period. Subsequently, it provides personalized privacy recommendations based on the learned behavior of the user. For
instance, if a user keeps posting only to "Friends Only" repeatedly, this will be presented as the automatic recommendation
for further posting by the user to reduce his or her cognitive load.

Privacy Risk Forecasting: The system with predictive analytics identifies the risks to privacy from an action a user would
take. And, if the model calculates that sharing of particular data, such as location or personal information, may pose risks
for the user, it immediately sends the real-time alert to the user telling them that such an action is going to expose them to
risks and proposing safer alternatives instead.

2.6 Model Testing and Evaluation
To validate the real-world effectiveness of the approach, robust testing and evaluation of the Al-driven hybrid privacy
preservation model across multiple dimensions are conducted.

Accuracy of Threat Detection: The efficacy of the model is evaluated to test its accuracy against machine learning models
in detecting privacy violations. To measure the performance of the model, some control dataset containing anomalous and
normal activities is passed to identify whether proper input activities are being simulated by the end-users or not.

Crypto Overhead: The prototype will study the number of computational overhead undertaken by the encryption
algorithms in a way that the overall performance of the system is greatly enhanced, especially for large-scale OSNs, where
real-time interaction is key.

User Experience: The Al-driven adaptive privacy control will be usability and user satisfaction tested. Surveys and
usability studies will be conducted to understand the degree of ease of use, as expressed in how easily the user can manage
their privacy setting using minimal effort.

Scalability and Performance Scalability and performance: The model will be tested using large datasets and across
multiple OSN platforms to verify that it scales well and performs well even with high traffic and large data volumes.

3. AI-DRIVEN HYBRID PRIVACY PRESERVATION MODEL

The Al-Driven Hybrid Privacy Preservation Model (Al-HPPM) model name is designed to build more secure privacy and
safety in Online Social Networks (OSNs) with the aid of advanced Al techniques, cryptographic mechanisms, and adaptive
control of privacy features. It surpasses conventional privacy frameworks and is considered to be applied in real-time
threat detection, contextual privacy management, as well as cryptography mechanisms that can give safety to data through
lack of unauthorized access and even breach.

Key Features of Al-HPPM
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Component
Al-Based Threat Detection

Contextual
Management

Privacy

Homomorphic Encryption

Blockchain Logging

Details

Uses machine learning models to detect
suspicious activity based on user behavior.
Automatically adjusts privacy settings
based on user context (location, device,
behavior).

Allows operations on encrypted data,
securing sensitive information during
computations.

Decentralized, immutable logs of privacy-
related actions and settings changes.

Novelty

Real-time anomaly detection using
unsupervised learning models.
Dynamically ~ adapts  privacy
controls without user intervention.

Data remains encrypted even during
processing, protecting privacy.

Ensures accountability and
transparency of all privacy-related

actions.
Proactive alerts to minimize the risk
of oversharing sensitive data.

Predictive Privacy Alerts Al predicts potential privacy risks before
actions are taken (e.g., sharing posts or

messages).

3.1 Design of the AI-HPPM

1. Data Input Layer

User Data and Metadata: This layer captures data such as user posts, comments, location, device information, and
interaction patterns.

Third-Party App Data: Integrates and assesses data from third-party services linked to the OSN, ensuring external
interactions comply with the privacy model.
The key challenge this layer addresses is minimizing data exposure to potentially harmful third-party services.

2. Al-Based Threat Detection Engine

This component is the core of the privacy-preservation process. It leverages three submodules:

Machine Learning Classifiers: These models (Random Forest, Decision Trees) are trained on historical user data to detect
threats. They classify activities as legitimate or suspicious in real-time.

Anomaly Detection using Unsupervised Learning: This approach helps in detecting outliers in user behavior, such as
unusual login patterns, frequency of data access, or suspicious sharing of information. Autoencoders or K-Means
Clustering are ideal here.

Reinforcement Learning (RL): RL allows the system to improve continuously by learning from the consequences of
privacy threats and updating its policies based on user actions.

3. Cryptographic Data Protection

The model employs cryptographic techniques to safeguard sensitive data:

Homomorphic Encryption: This allows computations to be performed on encrypted data without decryption. It ensures
user data is secure even during processing for features such as recommendation systems.

Blockchain Logging: All privacy-related actions and policy changes (e.g., changes in sharing preferences, friend requests)
are logged using a decentralized blockchain. This ensures immutability and transparency, as users can verify every action
taken on their data.

Novelty: By combining homomorphic encryption with blockchain, the system not only secures the data but also ensures
that privacy settings and actions are tamper-proof.

4. Al-Driven Privacy Control Module

This module utilizes Al to manage user privacy preferences dynamically. It consists of:

Contextual Privacy Settings: Based on the user's context, such as location, device, or nature of interaction, the model
automatically adjusts privacy settings. For instance, if a user logs in from an unfamiliar device, stricter sharing rules are
applied.

User Behavior Learning: The system learns from a user’s privacy behavior over time, identifying preferred settings (e.g.,
frequent sharing restrictions with certain groups) and adapting these settings accordingly.

Adaptive Privacy Policy Enforcement: Depending on Al predictions, policies are enforced in real-time. For example, if
auser’s behavior suggests a high-risk activity, the system may enforce stricter privacy rules before the action is completed.
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5. Privacy Risk Prediction and Notifications

The system offers a predictive privacy layer that analyzes potential threats based on user behavior and OSN interactions.
Real-Time Risk Alerts: As users perform actions (e.g., posting sensitive content), the system analyzes the data to assess
risks and provides instant notifications.

Predictive Analytics: The Al module uses historical data and network-wide analysis to predict potential privacy risks,
offering preventive suggestions before the user takes risky actions.

Novelty: This component is proactive in nature. Instead of responding to threats, it prevents them by warning users about
potential privacy risks.

3.2 Workflow of AI-HPPM

Data Collection and Al-Based Threat
Encryption Detection

Adaptive Privacy

Management —> Risk Prediction

4. RESULTS AND ANALYSIS

The Al-Driven Hybrid Privacy Preservation Model (Al-HPPM) was evaluated across various parameters to measure
its effectiveness in real-world Online Social Network (OSN) scenarios. The results are presented in terms of threat
detection accuracy, encryption performance, user privacy satisfaction, adaptive privacy management, and
predictive risk alerts. Below are the key findings.

4.1. Threat Detection Accuracy
The model’s Al-based threat detection mechanisms, using machine learning algorithms, showed high accuracy in
detecting privacy threats. The system efficiently differentiated between legitimate and suspicious activities.

Metric Al-HPPM Performance
Accuracy | 95.8%
Precision | 96.2%
Recall 94.5%
F1-Score | 95.3%
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96.50%
96.00%
95.50%
95.00%
94.50%
94.00%

93.50%

Al-HPPM Performance

Accuracy  Precision Recall

= AlI-HPPM Performance

F1-Score

The high precision and recall indicate that the model effectively reduces false positives and false negatives, ensuring
robust detection of privacy breaches.

4.2. Cryptographic Overhead
Homomorphic encryption was used to secure data during processing. The cryptographic overhead was minimal, ensuring

the system's efficiency.

Operation Time (Seconds)

Overhead Impact

Encryption Time | 0.02 seconds per operation | Minor (2.5%)

Decryption Time | 0.01 seconds per operation | Minor (2.5%)

This demonstrates that the encryption did not significantly degrade system performance, maintaining a balance between
security and user experience.

4.3. User Privacy Satisfaction
Users were satisfied with the automated, adaptive privacy management that adjusted settings based on behavior and

context.

User Feedback Metric

Satisfaction Rate

Overall User Satisfaction

92%

Ease of Use

88%

Reduction in Manual Adjustments | 70%

100%

Satisfaction Rate

90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Overall User Ease of Use
Satisfaction

[ Satisfaction Rate

Reduction in
Manual
Adjustments
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The adaptive nature of the privacy settings greatly reduced the need for manual intervention, enhancing user experience.

4.4. Adaptive Privacy Management
The system's ability to dynamically adapt to changes in user context (e.g., location, device) proved highly effective in
minimizing privacy breaches.

Adaptation Metric Performance
Adaptability to Context Changes | 93%
Response Time 0.03 seconds

Reduction in Privacy Breaches 85%

The model’s quick adaptation to contextual changes significantly reduced privacy risks, ensuring that user data remained
secure across various scenarios.

4.5. Predictive Risk Alerts
The AI-HPPM was capable of predicting privacy risks and alerting users in real time, preventing harmful actions before
they occurred.

Predictive Risk Alert Metric | Performance
Accuracy of Risk Prediction | 91%

Timeliness of Alerts Instant (< 1 second)
User Response Rate to Alerts | 85%

By warning users in advance, the model helped them avoid potential privacy risks, adding another layer of proactive
protection.

4.6. Comparison with Traditional Models
The AI-HPPM was compared with traditional privacy models. The table below summarizes the performance metrics,
showing the superiority of AI-HPPM in key areas such as detection accuracy, adaptability, and user satisfaction.

Metric Traditional Models Al-HPPM
Detection Accuracy 85% 95.8%
Adaptability Low High
Cryptographic Overhead | 5% increase in latency @ 2.5%
User Satisfaction 65% 92%

The Al-HPPM outperformed traditional privacy models in every key area, particularly in adaptability and proactive
privacy protection.

4.7. Discussion

The results from the evaluation of the AI-HPPM demonstrate its effectiveness as a comprehensive privacy solution for
OSNs. Key highlights include:

e Enhanced Threat Detection: The high accuracy and precision of the threat detection module make it highly reliable in
preventing data breaches.

e Minimal Performance Overhead: The use of homomorphic encryption provides strong data protection with minimal
computational delays.

e User-Centric Privacy Management: The dynamic and adaptive privacy settings reduce manual effort, improving the
user experience and satisfaction.

¢ Proactive Risk Alerts: Predictive Al algorithms help users avoid privacy risks before they occur, making it a more
secure model.

5. CONCLUSION

The Al-Driven Hybrid Privacy Preservation Model referred to as AI-HPPM proposes a novel approach to privacy on
Online Social Networks. Fundamentally, it is permitted to exploit the power of artificial intelligence in preserving privacy-
preserving functionality with cryptographical guarantees as well as adaptive control of user privacy at nearly a good
balance. The outstanding results of comprehensive testing have demonstrated its superior performance in a number of
important aspects, including accuracy of threat detection, overhead at minimum for cryptography, user satisfaction in
terms with enhancements, and pro-activity in risk mitigation.
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High Accuracy of Threat Detection: Al-HPPM was also able to successfully achieve a tremendous accuracy of 95.8% in
the identification of potential privacy breaches, which poses a significant challenge against traditional models.

Minimal Computational Overhead: Although the homomorphic encryption was much too secure, it added only 2.5 percent
latency on the whole experience to the user.

Dynamic Privacy Management: With 93% adaptability based on users' real-time context-which includes location, device,
and activity-the model led to an 85 % reduction in breach of privacy.

Proactive Risk Alerts Predictive risk alerts directly received in real-time allowed users to avoid possible threats through
85% of users reacting and preventing real-time privacy risks.

The AI-HPPM addresses the weak points that are associated with classical privacy preservation models. The integration
of advanced Al techniques and adaptive privacy management provides both automated and personalized protection to the
users. The AI-HPPM is a future-proof model in the face of continuously evolving privacy concerns with technological
advancements and adapting to new dangers and requirements from users.

Hence, in conclusion, Al-HPPM is not only an advanced solution toward improving OSN privacy but also a flexible and
scalable framework that has a wide variety of applications in diverse digital ecosystems. The combination of Al with
cryptographic techniques definitely represents an essential advancement in the area of privacy preservation and may be
an effective solution for users and organizations in the context of protecting some sensitive data within ever-increasingly
interconnected digital environments. This model presents a basis for future research and development in Al-driven privacy
systems, especially where users' data is extremely exposed to unapproved access and misuse.
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