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ABSTRACT--Digital platforms collect personal 

information for communication, shopping, financial 

transactions, entertainment, and personalized 

services. The same information can also be exposed 

through unauthorized access, excessive tracking, 

profiling, third-party sharing, or accidental 

disclosure. Conventional controls such as encryption 

and access management remain necessary, but they do 

not address every privacy concern when information 

is collected and processed continuously. This paper 

reviews how Artificial Intelligence (AI) can support 

personal-data privacy on digital platforms, with 

emphasis on machine learning, deep learning, 

federated learning, and differential privacy. The 

review considers their roles in identifying sensitive 

information, detecting unusual access, reducing 

centralized data exposure, and limiting individual-

level disclosure. The reviewed literature also shows 

that these techniques are often discussed separately, 

while practical platforms need protection at several 

stages of the data lifecycle. To address this gap, this 

paper presents a conceptual framework linking data 

identification, sensitivity classification, privacy-risk 

assessment, protection selection, and continuous 

monitoring. The framework is intended as a practical 

basis for balancing privacy protection with data 

utility, scalability, computational cost, and user 

control. The paper further discusses implementation 

considerations, limitations, and future research 

directions for building more adaptive and privacy-

aware digital platforms. 
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1. INTRODUCTION 

Digital platforms have become part of routine 

communication, online shopping, banking, 

entertainment, education, and many other services. To 

provide these functions, platforms collect information 

such as account details, location history, browsing 

activity, transaction records, preferences, and device. 

Information, and user interactions. Such information can 

improve personalization and service quality, but it also 

creates a persistent privacy concern. Data may be 

accessed by unauthorized parties, combined with other 

datasets for profiling, retained longer than necessary, or 

disclosed without users fully understanding how it will be 

used. 

The scale and speed of digital data processing make 

privacy management increasingly difficult to perform 

only through manual review or fixed rules. AI can assist 

by examining large amounts of information, identifying 

patterns, classifying sensitive content, and recognizing 

activity that differs from expected behavior. For example, 

a machine-learning model can support sensitive-data 

classification, while an anomaly-detection model can flag 

unusual access to a user account. Federated learning can 

reduce the need to move raw training data to a central 

repository, and differential privacy can reduce the amount 

of individual information revealed by a model output. 

At the same time, AI should not be treated as a privacy 

solution by itself. AI systems depend on data and may 

introduce additional privacy risks through model training, 

information leakage, inappropriate inference, or weak 

protection of model updates. This creates a two-sided 

problem: AI can be used to strengthen privacy, but the AI 

system itself must also be designed and operated in a 

privacy-aware manner. The central issue is therefore not 

simply whether AI can protect data, but how different AI-

based methods can be combined according to the 

sensitivity, purpose, and risk associated with the data. 

This paper reviews relevant work on AI-assisted privacy 

protection and develops a conceptual framework for 

digital platforms. The study focuses on the complete data 

lifecycle, beginning with identification and classification 

and continuing through risk assessment, protection, 

deployment, and monitoring. The objective is to provide 
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a structured view of how different techniques can 

complement one another while recognizing the trade-offs 

between privacy, utility, scalability, and computational 

cost. 

2. LITERATURE REVIEW 

Yu et al. [1] examined the development of privacy-

protection research in AI and highlighted the growing 

importance of privacy-preserving approaches as AI 

systems increasingly depend on large datasets. Their 

review demonstrates that privacy has become closely 

connected with the development and use of AI rather than 

being a separate issue addressed only after data 

collection. 

Morel et al. [2] reviewed AI-driven personalized privacy 

assistants designed to support users when making 

privacy-related decisions. Such systems can reduce the 

difficulty of interpreting complex privacy choices and can 

help users understand what information is being 

requested or shared. However, meaningful user control 

remains important because an automated assistant should 

support rather than silently replace the user's decision. 

Jahns et al. [3] surveyed privacy-preserving deep-

learning approaches and discussed methods such as 

differential privacy and secure computation. These 

techniques can reduce exposure of sensitive information, 

but they may require additional processing resources and 

can influence model performance. The literature 

therefore suggests that privacy protection should be 

evaluated together with computational and operational 

requirements. 

Federated learning has received attention because it 

allows learning to take place across separate devices or 

data holders without requiring all raw training data to be 

placed in one central location. Chronis et al. [4] studied 

federated learning in privacy-preserving recommender 

systems and showed its relevance to personalization 

scenarios. Nevertheless, model updates can still contain 

information related to local training data, so federated 

learning should not be interpreted as a complete privacy 

guarantee. 

Differential privacy provides another layer of protection 

by limiting the influence of an individual record on a 

statistical result or model output. This approach is useful 

when aggregate information is needed but individual-

level disclosure should be restricted. Recent work [5] 

demonstrates  the  continuing  interest  in  integrating 

differential privacy into recommendation systems while 

preserving acceptable service utility. 

Taken together, the reviewed studies show that the 

techniques address different stages of the privacy 

problem. AI-based assistants can improve user 

awareness, machine learning can support classification 

and risk analysis, federated learning can reduce 

centralized exposure of raw data, and differential privacy 

can restrict individual-level disclosure [1]–[5]. The 

broader research gap is that a digital platform needs a 

coordinated approach rather than a single isolated privacy 

mechanism. This paper addresses that gap through an 

integrated conceptual framework. 

3. RESEARCH GAP AND OBJECTIVES 

The literature provides useful techniques for protecting 

personal information, but several practical gaps remain. 

First, privacy controls are often considered at the level of 

a particular technique rather than across the complete data 

lifecycle. Second, the same protection level is not 

necessarily suitable for every type of information. Third, 

privacy protection may reduce service utility, increase 

processing requirements, or affect model accuracy. 

Finally, AI systems themselves may become a source of 

privacy exposure if training data, model outputs, or 

exchanged updates are not adequately protected. The 

main objective of this research is to organize existing AI-

based privacy techniques into a single conceptual process 

for digital platforms. The specific objectives are: (i) to 

identify major categories of personal information and 

their privacy implications; (ii) to examine how AI can 

support sensitivity classification and privacy-risk 

assessment; (iii) to study the complementary roles of 

federated learning and differential privacy; (iv) to 

propose a continuous monitoring and response stage; and 

(v) to identify practical trade-offs, limitations, and future 

research opportunities. 

4. METHODOLOGY 

This study follows a literature-review-based conceptual 

methodology. Instead, existing academic and technical 

literature is examined to identify recurring themes related 

to AI-assisted privacy protection on digital platforms. 

The selected literature is considered according to the 

problem addressed, AI technique used, privacy 

mechanism, expected benefit, limitation, and relevance to 

the digital-platform data lifecycle. 

https://ijsrem.com/


          
            International Journal of Scientific Research in Engineering and Management (IJSREM) 

                   Volume: 10 Issue: 09 | Sep - 2026                            SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                                                                                                                 |        Page 3 
 

4.1. Research Approach 

A structured review approach is used to organize the 

literature into four broad areas: data identification and 

classification, privacy-risk assessment, privacy-

preserving processing, and continuous monitoring. This 

organization makes it possible to compare techniques that 

are normally discussed independently and to consider 

how they may operate together. 

4.2. Data Identification and Classification 

The first stage is to identify the information handled by a 

platform and determine its sensitivity. AI-based 

classification can assist in recognizing identity 

information, location history, behavioral data, financial 

information, and other sensitive categories. Classification 

provides a basis for applying stronger controls to higher-

risk information rather than treating all data in exactly the 

same way. 

4.3. Privacy-Risk Assessment 

After classification, the platform can assess the level of 

privacy risk associated with a particular data item or 

processing activity. Factors may include the sensitivity of 

the information, purpose of processing, access pattern, 

exposure level, and consequences of unauthorized 

disclosure. Machine-learning techniques can support this 

stage by identifying patterns that differ from expected 

behavior and by prioritizing activities that require 

additional review. 

4.4. AI-Based Privacy Protection 

The framework then selects a protection mechanism 

according to the assessed risk. Federated learning is 

suitable when the platform needs collaborative model 

training while reducing the movement of raw 

information. Differential privacy can be introduced when 

model outputs or aggregate results could reveal 

information about individuals. Anomaly detection can be 

used to identify suspicious access, while automated 

sensitive-data detection can support classification and 

data-handling decisions. These techniques are 

complementary and may be combined when the 

application’s sensitivity requires multiple layers of 

protection. 

4.5. Continuous Monitoring and Response 

Privacy protection cannot be considered complete when 

the initial controls are applied. User behavior, platform 

functions, data flows, and attack patterns can change over 

time.  AI-based  monitoring  can  therefore  examine 

ongoing activity and flag deviations from expected 

patterns. Depending on the risk, the platform may restrict 

access, request additional verification, apply stronger 

protection, or notify a responsible user or administrator. 

This stage converts privacy from a one-time 

configuration into an ongoing operational process. 

5. CONCEPTUAL FRAMEWORK 

The proposed framework connects the stages of the data 

lifecycle in a sequence that can be adapted to different 

digital platforms. The process begins with personal-data 

identification and sensitivity classification. The classified 

information is then evaluated for privacy risk, after which 

an appropriate AI-based protection mechanism is 

selected. The final stage continuously observes activity 

and provides a response when the privacy condition 

changes. 
 

Fig. 1. Source: Authors' own framework developed 

from the reviewed literature [1]–[15]. 

The framework is intentionally layered. A low-risk 

dataset may require classification and conventional 

access controls, whereas highly sensitive information 

may require additional privacy-preserving learning and 

output protection. This layered design also supports 

adaptation: if monitoring identifies a new risk, the 

platform can reassess the data and modify the protection 

level instead of relying on a fixed rule. 

6. RESULTS AND DISCUSSION 

The reviewed literature indicates that AI can make 

privacy management more responsive to changes in 

platform activity. Automated classification can reduce 

the manual effort required to identify sensitive 

information, while anomaly detection can draw attention 
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to unusual access or processing behavior [1], [2]. The 

main contribution of the framework is therefore not a new 

algorithm but an organized process that connects these 

functions across the data lifecycle. 

Federated learning is particularly relevant to services that 

require personalization while attempting to reduce 

centralized storage of raw user information. Keeping 

training data closer to its source can reduce the amount of 

sensitive material held in one repository [4]. However, 

the exchanged model updates can still create privacy 

concerns. For sensitive applications, federated learning 

may therefore need to be combined with additional 

mechanisms such as differential privacy. 

The privacy-utility trade-off is another important finding. 

Stronger privacy controls can increase processing 

requirements, reduce model accuracy, or limit the 

usefulness of a service [3], [5]. Applying identical 

protection to every dataset may therefore be inefficient. 

A risk-based approach is more practical because it allows 

the platform to apply stronger protection where the 

expected privacy impact is higher while avoiding 

unnecessary restrictions on lower-risk processing. 

 

 

AI 

Approach 

 

Privacy Role 

 

Limitation 

Machine 

Learning 

Risk/access 

detection 
Data-dependent 

Deep 

Learning 

Complex anomaly 

analysis 
Less interpretable 

Federated 

Learning 
Distributed training Update leakage risk 

Differentia 

l Privacy 
Output protection Utility trade-off 

Sensitive 

Data 

Detection 

 

Data classification 
Possible 

misclassification 

TABLE I: Comparison of AI-based approaches for 

personal-data privacy protection. 

This table shows why using a layered system is better 

than picking just one technique for every situation. 

Machine learning helps with sorting and risk analysis, 

deep learning handles complex patterns, federated 

learning reduces the need for central storage of raw data, 

and differential privacy limits how much individual data 

is revealed. Together, these methods should be used 

based on how sensitive the data is and what the platform 

needs to run smoothly. 

7. IMPLEMENTATION CONSIDERATIONS 

To use an AI-based privacy framework, you need to 

understand how data flows through a digital platform. 

The first step is to create a data inventory that records the 

main sources of data, where it is stored, how it is 

processed, and who might access it. This list helps 

determine which data needs stronger privacy measures. 

Data classification can then be used to separate 

information according to its level of sensitivity. 

Automated classification techniques can assist in 

identifying personal or confidential information and 

assigning appropriate protection levels. Privacy rules can 

subsequently be connected with these categories so that 

access and processing decisions follow consistent and 

documented procedures. This also makes it easier to 

review privacy-related decisions when required. 

Another important consideration is the location at which 

AI models perform their processing. Not every task needs 

to be transferred to a centralized server. When possible, 

sensitive information can be processed close to its 

original source. Local or edge-based processing may 

reduce unnecessary data movement and therefore limit 

exposure. For applications that require collaborative 

model training, federated learning can provide an 

alternative by allowing participating systems to train a 

shared model without directly exchanging their original 

datasets. However, model updates must still be protected 

against unauthorized access and possible information 

leakage. 

Differential privacy can also be considered when 

analytical results, statistical information, or model 

outputs may reveal details about individuals. Rather than 

relying on a single privacy mechanism, differential 

privacy should be incorporated as one component of a 

broader protection strategy. The effectiveness of these 

measures also depends on continuous monitoring of 

platform activity. Monitoring can involve reviewing 

access records, system logs, data transfers, authentication 

events, and model-related operations. Unexpected 

changes in these activities may indicate misuse, 

unauthorized access, or other privacy-related risks. 

Appropriate responses can include restricting access, 

requesting additional authentication, modifying 

protection settings, or sending alerts to responsible 

personnel. Human oversight is particularly important 

when an automated privacy decision may significantly 

affect a user. Automated systems can assist with routine 

decisions, but important or uncertain cases should remain 

subject to review by an authorized person. This provides 
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an additional layer of accountability and reduces the 

possibility of relying completely on an incorrect 

automated decision. 

The reliability of the AI model should also be evaluated 

before deployment. Important measures include privacy 

protection capability, false-positive and false-negative 

rates, processing time, computational requirements, 

scalability, and overall service quality. A model with very 

high prediction accuracy is not necessarily the best choice 

if achieving that accuracy requires excessive computation 

or creates additional privacy risks. In practical 

applications, the selected model should therefore provide 

a reasonable balance between accuracy, privacy, 

efficiency, and usability. 

8. CHALLENGES AND LIMITATIONS 

8.1. Data Quality and Availability 

The effectiveness of AI-driven privacy protection 

systems depends on the quality and availability of data. 

Real-world datasets may contain missing values, 

outdated records, unequal representation, and 

classification errors, which can affect prediction accuracy 

and privacy risk assessment. Furthermore, access to 

suitable datasets containing personal or confidential 

information is often restricted due to privacy concerns, 

making it difficult for researchers to obtain representative 

data and evaluate proposed frameworks under realistic 

conditions. 

8.2. Privacy–Utility Trade-off 

Balancing privacy protection and system effectiveness is 

a major challenge, as increasing privacy restrictions may 

reduce the accuracy or usefulness of analytical results. 

Techniques such as differential privacy can introduce 

noise into data and require additional computational 

resources, potentially increasing processing time and 

reducing efficiency. Therefore, a single privacy 

configuration may not be suitable for every digital 

platform, and the appropriate level of protection depends 

on data sensitivity, potential disclosure risks, processing 

requirements, and the platform's intended functionality. 

8.3. Model and Training Risks 

Protecting stored databases alone does not guarantee the 

privacy of an AI-based system, as sensitive information 

may also be exposed through training data, model 

parameters, updates, or generated outputs. Even when 

raw records are not directly shared, models may reveal 

information through learned patterns and predictions. 

Therefore, privacy risks must be considered throughout 

the entire AI lifecycle, including data preparation, model 

training, deployment, output generation, and updates. 

Additional safeguards may be required to reduce the 

possibility of sensitive information being inferred from 

trained models. 

8.4. Users and Administrators 

User trust and administrator acceptance are important 

challenges for AI-driven privacy systems, particularly 

when automated decisions are difficult to understand or 

explain. A lack of transparency regarding privacy-related 

decisions may reduce confidence in the system, 

especially when such decisions affect access to 

information or essential services. A practical framework 

should therefore provide clear explanations for 

significant automated actions and allow authorized users 

to review important decisions, seek assistance, and 

override automated outcomes when necessary. This 

approach can improve accountability while maintaining 

the efficiency of automation. 

8.5. Changing Platform Behavior 

Digital platforms continuously evolve through new data 

sources, services, software updates, changing user 

behavior, and emerging security threats. Consequently, 

privacy controls that are effective under particular 

conditions may become insufficient as platform 

requirements and associated risks change. Regular 

assessments are therefore necessary to review privacy 

policies, classification rules, model performance, 

accessibility measures, and monitoring procedures. 

Continuous monitoring and periodic updates can help 

ensure that the proposed framework remains relevant and 

effective as digital environments evolve. 

8.6. Scope of the Present Study 

This study presents a conceptual approach rather than a 

framework validated through extensive experimental 

implementation. Therefore, the discussion should not be 

interpreted as evidence of measured performance under 

real-world workloads. The study brings together multiple 

AI-based and privacy-preserving techniques within a 

common conceptual structure, but experimental 

evaluation is required to establish their actual 

effectiveness, computational requirements, scalability, 

and privacy benefits under practical conditions. 
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9. FUTURE SCOPE 

Future research can evaluate the proposed framework 

using representative workloads from different digital 

platforms and application domains to investigate its 

practical feasibility and measurable benefits. Such 

evaluations should consider privacy protection levels, 

classification accuracy, computational cost, scalability, 

processing time, and user experience across different 

workloads and system sizes. Further research could also 

explore adaptive privacy management, in which 

protection levels are adjusted according to data 

sensitivity, processing objectives, user behavior, access 

patterns, and estimated privacy risks. Stronger privacy 

controls could be applied in high-risk situations, while 

less restrictive measures could be used for lower-risk 

applications to reduce unnecessary computational 

overhead. Another promising direction is the integration 

of federated learning and differential privacy, with 

experiments examining their combined effectiveness and 

the additional computational and communication 

requirements involved. Establishing common evaluation 

standards would also make it easier to compare different 

privacy-preserving configurations. In addition, AI-driven 

privacy assistants could help users understand privacy 

settings, identify sensitive information, and make 

informed decisions about data sharing. Such assistants 

should provide clear explanations, enforce appropriate 

safeguards, and maintain meaningful human oversight of 

important privacy decisions, ensuring that AI supports 

rather than limits user control. Large language models 

may also offer opportunities to interpret privacy 

requirements, review data practices, assist analysts, and 

support preliminary privacy assessments. However, their 

reliability, potential for unintended data exposure, and 

risks of unauthorized access must be carefully evaluated 

before their use in sensitive environments. Finally, future 

studies should examine technical, organizational, and 

regulatory requirements together, since technical controls 

alone may not provide adequate protection without 

effective organizational procedures, transparent policies, 

appropriate governance, and human oversight. 

Combining these elements could provide a stronger 

foundation for protecting personal information on AI-

based digital platforms. 

10. CONCLUSION 

As digital platforms become more prevalent, the need to 

safeguard personal information during its collection, 

processing, storage and usage is increasing. While 

traditional security controls are still necessary, they don't 

address every privacy-related issue in large-scale, 

constantly evolving data environments. Additional 

capabilities of AI can be utilized to identify sensitive data, 

recognize unusual behavior or risks, and assist with 

privacy-protection processing. 

The papers explored various roles that machine learning, 

deep learning, and federated learning play in digital-

platform privacy lifecycles, as well as their respective 

roles in different domains. The literature reviewed 

presented a conceptual framework that links data 

identification, sensitivity classification, privacy-risk 

assessment, protection selection, and continuous 

monitoring. This was done using the following methods: 

The framework stresses the importance of treating 

privacy as an ongoing process, rather than a single control 

applied at the end of data processing. Efforts on utility 

and computational cost can be influenced by greater 

privacy, while AI models may face additional privacy 

risks. The proposed structure does not assert that a single 

approach is adequate for all circumstances. It provides a 

methodical framework for choosing and combining 

methods that are appropriate for the risk, data type, and 

desired outcome. This approach can be advanced through 

future experimental validation, adaptive controls, 

privacy-preserving learning, and transparent AI-based 

privacy assistance. 
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