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Abstract: The expansion of data management across all industries gathers a new potential of knowledge and advancement. Yet, this 

huge amount of data also brings with it great risks to individuals’ privacy and security. A vigilant attitude towards awareness in 

regards to data hiding and protecting private information. This paper provides an exhaustive description of the diverse approaches 

and approaches that have been developed for the protection of privacy in the modern digital arena. The paper first talks about the 

importance of data privacy and the dangers that come with the unauthorized releasing of critical information. After that, it will be 

given the idea of anonymization in which personally identifiable information is removed from data so that it can be consistent with 

the need for the analysis. Multiple anonymization techniques are shown, including k-anonymity, differential privacy and data 

masking. In addition, the review article discusses the problems in data utility, the risk of re-identification attacks and the need to 

comply with the GDPR. Besides, it filters in other topics covering modern privacy-preserving techniques, including homomorphic 

encryption, secure multi-party computation and federated learning. Through the comprehension and application of privacy-

preserving practices, organizations can reduce the risks of data breaches and create a more secure and privacy-conscious data 

ecosystem, ultimately building trust among stakeholders. 
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I. INTRODUCTION 

 

  In the digital era, when the data is the lifeblood of the technological advances, the privacy becomes the main issue. The pace at 
which information is collected, stored, and analysed has completely changed the way industries function, decision-making is done, 
and interaction with technology has been transferred to the realm of the common people. While the revolution raised complex problems 
of private data and personal privacy protection, the information is often used in the wrong goals. With organizations and individuals 
leveraging data to the full extent and insight, the requirement for good methods to anonymize and protect the privacy of sensitive data 
has become more and more pressing[1]. 

  The role of data responsibility in a collective world where everyone is connected cannot be overly understated[2]. The skyrocketed 
number of digital gadgets and web services opens up a channel for large-scale personal data to be created, communicated, and kept 
online. Through the social media platforms, e-commerce websites, to healthcare systems and financial institutions, data collection 
and processing has become the essence of the 21st Century[3]. On the one hand, such wealth of information is very useful among 
others for the purposes of personalized recommendations, targeted advertising and perhaps medical research. On the other hand, it 
poses a great threat to the individual privacy and security, while it puts individuals at a risk of privacy intrusions and potential 
hacking. 

 

  The most sensitive information that involves the personally identifying data such as names, addresses, and social security numbers, 

as well as all the private financial, health, and behavioural data is particularly susceptible to either misuse, misrepresentation, or if 

unauthorized access to this information is granted. The outcome of data breaches and privacy violations can be serious, from identity 

theft and financial fraud to reputational damage and mental distress. Secondly, the progress of data-driven technologies like 

Artificial intelligence (AI), Machine learning (ML), and the Internet of Things (IoT) has increased the risk of privacy attacks on a 

higher extent with giving attackers chances at a more complex terrain; this therefore, demand tough defences and steps to control 

the spread of the risks[4]. 
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  Anonymization, the process of transforming data to remove or obscure personal information while retaining its usefulness for 
study and analysis, is a crucial technique for privacy protection in data-driven environments[5]. Using this privacy-preserving 
technique, organizations and researchers can make use of the valuable insights of the data without infringing the rights and 
privileges of privacy of the data subject[6]. Many different anonymization techniques have risen to the occasion, aiming to give 
different levels of privacy safeguarding and data suitability, which are known as k- anonymity, l-diversity, t-closeness, and 
differential privacy, respectively. 

 

  K-anonymity, a well-studied model in anonymization, requires that each record in the dataset is indistinguishable from at least k-1 

other records with respect to a set of attributes making it impossible to identify individuals based on unique combinations of 

characteristics[7]. L-diversity takes the same technical approach by mandating that each group of records with the same sensitive 

value needs to have at least "l” different values of a certain attribute chosen from a pre- defined set, thus minimizing the probabilities 

of some kind of attack against the attribute disclosure attacks. The t-nearness additionally assists in keeping the privacy assurance 

intact, by ensuring that the proportion of sensitive attributes in each equivalence class is close to the overall proportion of sensitive 

variables in the data set. 

 

  Differential privacy, a rigorous privacy framework that was first used in the context of statistical databases, provides strong privacy 

guarantees by adding the noise that is carefully calibrated to the query responses so that the adversaries cannot infer the sensitive 

information about individuals from their contributions to the dataset. In this way differential privacy ensures that the loss of privacy 

and in what amount it is proportional to each query can be adequately transferred to decision making which will be fair, being basing 

on principle of trade-off between data utility and protecting privacy (something which well-behaved organizations will be able to 

take advantage and responsible share and analyze data whilst being aware of individual privacy rights[8]. 

 

  Nevertheless, these anonymization tools sometimes still come with problems, and it may be difficult to create practical widespread 

privacy solutions using these methods. The privacy versus utility dilemma is a complex issue which requires us to take into account 

the trade-offs and compromises, since too much anonymization may result in the loss of valuable insights and analytical abilities. 

Besides, the situation is complicated with the emerging landscape of privacy regulation and compliance frameworks, including 

GDPR and CCPA the European Union's and California Consumers' personal privacy act changers, respectively. Organizations are 

now burdened with navigating through the jungle of legal and ethical maze. 

 

  In brief, data has been growing at an unprecedented rate and, together with hugely rising technological sophistication of data-driven 

systems, a key role of privacy has been emphasized in the digital age. The methods of anonymizing and safeguarding sensitive data 

are among the main tools that organizations use to overcome these difficulties, thus they can use data effectively while at the same 

time respecting the privacy rights of individuals and the regulatory requirements. This research article aims at highlighting the pros 

and cons of technologies and the advances that have been taking place as a method to privacy preserving. Organizations can build a 

trusted relationship with stakeholders and minimize the risks of data breach while raising the standards privacy adherence if they 

adopt and implement the correct privacy measures. 

 

II. RELATED WORK  
 

 

 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Related Study Methodology Key Findings 

 
 

A Survey on 

Differentially 

Private 

Machine 

Learning 

(Zhang et al., 

2021)[9] 

Reviews 

various 

differentially 

private 

machine 

learning 

algorithms 

and their 

applications. 

 

 
 

Analyses trade-offs between 

privacy guarantees and accuracy 

in machine learning tasks. 

Highlights promising directions 

for future research in 

differentially private learning. 
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Generalization 

for Improved 

Utility (Li et 

al., 2022)[10] 

prioritizes 

generalization 

techniques to 

minimize 

information 

loss. 

achieving desired privacy 

guarantees. 

Learning from 

Imperfect 

Data: 

Anonymization 

with Noisy 

Labels 

(Jag  ্ 

যাwaran et al., 

2023)[11] 

 
Investigates 

the 

effectiveness 

of 

anonymization 

techniques on 

datasets with 

noisy labels. 

 

 

 
 

Reveals that certain 

anonymization methods can 

improve the robustness of 

machine learning models trained 

on noisy labelled data. 

 

 

 

Federated 

Learning with 

Feature 

Privacy 

Protection (Xu 

et al., 

2022)[12] 

Examines 

federated 

learning with 

a focus on 

protecting 

feature 

privacy, where 

individual 

data points 

remain 

undisclosed. 

 

 

 

 

 

 
Proposes a novel federated 

learning framework that achieves 

feature privacy while maintaining 

model accuracy. 

Homomorphic 

Encryption for 

Privacy- 

Preserving 

Data Analysis 

in the Cloud 

(Chen et al., 

2021)[13] 

Explores the 

use of 

homomorphic 

encryption for 

secure data 

analysis in 

cloud 

environments. 

 

 

 

Demonstrates the feasibility of 

performing complex data 

analysis tasks on encrypted data 

without compromising privacy. 

 

 
 

Privacy- 

Preserving 

Time Series 

Data 

Publishing (Li 

et al., 

2021)[14] 

Introduces a 

framework for 

anonymizing 

time series 

data while 

preserving 

temporal 

relationships 

and utility for 

analytics. 

 

 

 

 

 

Enables privacy-protected 

analysis of trends, seasonality, 

and other temporal patterns in 

time series data. 

 

 
 

Context-Aware 

Suppression 

for Differential 

Privacy (Dutta 

et al., 

2022)[15] 

Proposes a 

context-aware 

suppression 

mechanism 

for achieving 

differential 

privacy with 

improved data 

utility. 

 

 

 

Achieves stronger privacy 

guarantees compared to 

traditional suppression methods 

while minimizing information 

loss. 

 

 

 

 

 

Generative 

Adversarial 

Networks for 

Synthetic Data 

Generation 

(Xu et al., 

2021)[16] 

Investigates 

the use of 

generative 

adversarial 

networks 

(GANs) for 

generating 

synthetic data 

that preserves 

the statistical 

properties of 

the original 

data. 

 

 

 

 

 

 

 
Provides a promising approach 

for creating realistic synthetic 

datasets for training machine 

learning models while protecting 

privacy. 

 

http://www.ijrti.org/


                                         © 2024 IJNRD | Volume 9, Issue 5 May 2024 | ISSN: 2456-4184 | IJNRD.ORG 
   

IJNRD2405343 International Journal of Novel Research and Development (www.ijnrd.org) d379 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The Table 1 shows a set of studies that are concerned with the techniques and methodologies used for preserving the privacy of data 

in data-driven environments. Every research yields the inestimable knowledge about alternative and unknown varieties of privacy 

protection, from anonymization techniques to secure data analysis frameworks. 

 

Zhang, et al. (2021)[9] reported a detailed study on the different types of personally private machine learning algorithms, the 

cases of their applications and other systems of privacy preservation. Their research is the key to understanding the privacy guarantees 

and the model accuracy trade-offs and in addition it also points to the ways of future research in this area. 

 

In their study, Li et al. (2022)[10] suggest a new algorithm to k-anonymization that focuses on eliminating sensitive information 

by combining multiple attributes and statistical techniques. Their study hence tackles a crucial hurdle by showing that they are the 

better perform when compared to traditional techniques; this evidences the value of using data that can meet both the privacy and the 

utility demands. 

 

JagŸwaran et al. (2023)[11] study the efficiency of the anonymization techniques on the datasets with the noisy labels, which 

they found out that some of these methods help to make the machine learning models trained on the imperfect data more robust. Given 

the data quality and integrity aspects, their findings emphasize the place of data quality and integrity into privacy-preserving practices. 

 

In their work, Xu et al. (2022)[12] propose a novel framework for federated learning with the goal of achieving the optimum 

performance in feature privacy and model accuracy where individual data points are protected yet the learning model remains 

undisclosed. Their study is a part of the broadening research about privacy-preserving machine learning techniques in distributed 

settings. 

 

Chen et al. (2021)[13] point at the application of homomorphic encryption for safe data analytics in cloudy systems with the view 

to accomplish complicate tasks that do not ruin the privacy. Privacy and confidentiality concerns remain crucial in all computational 

problems. Subsequent studies will be aimed to investigate cryptography methods that can be used to protect such information in a 

remote environment. 

 

Li et al. (2021)[14] put forward a framework for anonymizing time series data while maintaining relational sequences so as to 

enable the study of repetitive and trending patterns without invading privacy. The paper of this study is going to focus on the specific 

challenges occurring in the temporal data as well as to help to provide a usable resource among other researchers and practitioners. 

 

Dutta et al. (2022)[15] suggest a context-aware suppression mechanism to enhance differential privacy while preserving data 

utility. Their research contributes novel advances at the boundary of privacy-preserving techniques, minimizing information loss 

and at the same time increasing privacy guarantees, particularly in scenarios of privacy risk, such as the ones related to high 

sensitivity data. 

 

Xu and Al. (2021)[16] theorize that GAN represent a great alternative technique for the development of synthetic data with 

realism, at the same time keeping confidential the private information. The results of their research show that one can use synthetic 

data to protect privacy in machine learning tasks, thereby opening up a new area of study in this field. 

 

Wang et al. (2023)[17] look through the privacy features of the blockchain technology which guarantees security, tamper-proof 

and auditability data anonymization methods. Their research would suggest that credibility, and accountability is vital in data 

anonymization protocols especially in conditions where transparency and honesty matter. 

 

Kim et al. (2022)[18] poring the use of secure multi-party computation (SMPC) methods for privacy-preserving deep learning, 

which allows tasks on sensitive information to be done in a collaborative way without compromising the privacy of the individuals. 

 

 

 

Blockchain- 

Enabled 

Secure Data 

Anonymization 

(Wang et al., 

2023)[17] 

Explores the 

use of 

blockchain 

technology to 

ensure secure 

and 

transparent 

data 

anonymization 

processes. 

 

 

 

 

 

Offers a tamper-proof and 

auditable approach to data 

anonymization, fostering trust 

and accountability. 

 
 

Privacy- 

Preserving 

Deep Learning 

with Secure 

Multi-Party 

Computation 

(Kim et al., 

2022)[18] 

Investigates 

the application 

of secure 

multi-party 

computation 

(SMPC) 

techniques for 

privacy- 

preserving 

deep learning. 

 

 

 

 

 

Enables collaborative deep 

learning tasks on sensitive data 

without revealing individual data 

contributions. 
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They present a practical approach that is good for the research on the privacy-preserving machine learning, as it provides some 

insight for the development of scalable and efficient techniques for managing the sensitive data in collaborative settings. 

 

These studies share-common-approaches and methods applied to ensure security of data in information-driven environment. 

Through the application of differential privacy and anonymization techniques, secure computation and blockchain-enabled 

solutions, these studies are the main source that gives new knowledge and developments into the field of privacy-preserving data 

analysis and machine learning. By addressing various challenges and trade-offs, these studies pave the way for developing more 

robust and effective privacy protection mechanisms, ultimately fostering trust and accountability in data-driven ecosystems. 

 

III.ANONYMIZATION TECHNIQUES  

   

  Anonymization strategies are importantly used for protecting an individual’s privacy while at the same time allowing researchers 

use the sensitive data. This segment describes the fundamentals of different anonymization techniques belonging to the family of 

K-Anonymity, being their principles, applicability, advantages, drawbacks, and the compromises needed for each technique. 

1. K-Anonymity 

Principles: K-anonymity makes sure that each record in a dataset is characterized as at least k-1 others with respect to a set of attributes. 
This is done by generalization or suppression of the values in the dataset so that records in the same class are equivalent. Atleast k 
records from the dataset are included in each class(illustrated in Figure 1). 

Applicability: Privacy mechanisms such as k-anonymity are found in scenarios where the risk of individual identity disclosure 
outweighs the usefulness of the analysis in hand. It has many uses, such as in healthcare, census data collection and location-based 
services. 

Strengths: 

- Offers a straightforward workflow and accessibility to protect data myself. 

- Provides a type of information protection against identity exposure attacks. 

The world spins madly in the digital age. Information flows from one end to the other like a rush of a raging river. Our digital 
footprints soon become the data trail that we leave behind on the internet. As we become intertwined with the network, our personal 
data becomes vulnerable to data breaches, identity thefts, data hacking, and manipulation 

Limitations and Trade-offs: 

- May lead to a great loss of information, especially for the cases when k is small. 

- Is ineffective in preventing the issue of identifying features revelation or the danger of background information attacks. 

- Data integrity on one hand and data utility on the other hand are conflicting issues as the larger is the data used the lesser is 
the level of utility.. 

 

 
 

 

Figure 1. Architecture of K-Anonymity method 

 

 

2. Differential Privacy 

Principles: Differential privacy encompasses a privacy assurance framework, which is stricter than other frameworks. 

  Although it's more stringent in terms of privacy assurance, it retains the ability to carry out accurate data analytics. Here, it generates 
a series of carefully adjusted noise for query answers, such that even if no particular data is present, it would not impact the query’s 
output performance(illustrated in Figure 2). 

     Applicability: Differential privacy is very appropriate for the situations where the strong privacy guarantees are needed, for 
example, in the case of statistical databases, machine learning, and data publishing. 
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Strengths: 

- Has almost perfect privacy, even in case of adversaries that already know something about our enrolment protocol. 

- Enable meaningful analysis without disregarding individual’s privacy in the process. 

Limitations and Trade-offs: 

- It brings noise into the queries responses and therefore the accuracy of the data analysis can be jeopardized. 

- Reaching this goal would hence have an aligned accuracy parameter and it usually may artificially reduce data robustness 
((visibility)). 

- Trade off privacy protection for high proportion of data utility should be provided in a privacy preserving mechanism design. 

 
 

                                                           Figure 2. Differential privacy 

 

3. Data Masking 

Principles: Data masking is the technique of substituting the sensitive data with non-sensitive substitutes while preserving the 
statistical properties of the dataset in general. This can be realized through techniques like randomization, encryption, or 
tokenization at times(illustrated in Figure 3). 

Applicability: Data masking so often occurs in areas where there is need for data to be left private, such as in information 
sharing and business outsourcing operations. 

Strengths: 

- This enables organizations to exchange data for analysis or outsourcing purpose whilst at the same time securing sensitive 
information. 

- Because is designed to match well with particular privacy demands and regulatory frameworks. 

Limitations and Trade-offs: 

- Developers may face challenges in implementing strong privacy guarantees when it comes to protecting against any 
sophisticated adversaries. 

- Re-identification attacks still exist as a danger if the mask methods are not done correctly. 

- Thus, where more privacy protection is required, the utility of the data may be destroyed parallelly by excessive masking. 

Here, this part covers a full-scale description of the main anonymization techniques used, such as animation, which determines 
the case of use, the pro, con, and trade-offs. Every technique is an exclusive advantage with its own limitations, and knowing their 
subtleties is crucial for the successful privacy protection in data-driven environments. 

 

 

 

                                                         Figure 3. Data masking 
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IV. PRIVACY PRESERVING TECHNOLOGIES 

 
The privacy-preserving technologies offer cutting-edge solutions to the protection of sensitive data while enabling the analysis and the 

sharing of this data. This section aims at describing many different technologies in details. Here we explain the principles, features, 

advantages, disadvantages, and some tradeoffs in general which may be made. 

 
1. Homomorphic Encryption 

 
Principles: Homomorphic encryption makes it possible to fulfil the computations on the encrypted data without specific decrypting. 

Hence, the data analytical as well as processing procedures can be done without breaching the privacy of the sensitive 

information(illustrated in Figure 4). 

 
Applicability: While homomorphic encryption is well suited to carry out computing tasks with the privacy of data not compromised, 

it is in such scenarios that it is particularly potent, such as applications for cloud computing and outsource data analysis. 

 
Strengths: 

- Enables secure computation on data that has been encrypted and as a result can preserve confidentiality. 

- It enables sharing of data in a private manner and collaboration in the analysis of the same. 

 

Limitations and Trade-offs: 

- It may increase operating and complexity costs and performance, thus, it should be taken into consideration. 

- The lack of some support when it comes to specific operations is different from the level of usability with which plaintext data. 

 

 
 Figure 4. Homomorphic Encryption 

 

 
2. Federated Learning 

 
Principles: Federated learning is a way to train machine learning models on distributed devices or servers and still keep the 

data local. Sharing of model updates, instead of raw data, assures privacy and so it is that model updates are the only elements 

shared(illustrated in Figure 5). 

 
Applicability: Federated learning is most appropriate for scenarios where data cannot be centralized due to security or regulatory 

reasons, like in medicine, financial services, and devices related to the network. 

 
 

 

Strengths: 

- Safeguards personal data by storing the information on the users' devices thus keeping it private. 

- Is capable of collaborative model training on data sources residing in distributed nodes. 

Create an impactful first sentence for your NC assignment by summarizing the given sentence. 

 

Limitations and Trade-offs: 

- In this case, communication and coordination go through more channels compared to centralized training. 

- The data availability and the difference in data across devices or servers are the major constraints. 
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          Figure 5. Federated Learning 

 

3. Secure Multi-Party Computation (SMPC) 

 

Principles: In SMPC several parties can jointly compute a complex function without disclosing their private data to any of the 

parties to each other. It makes cooperation possible, yet not compromising any individual`s privacy(illustrated in Figure 6). 

Applicability: SMPC is very useful in scenarios where multiple parties want to analyse data together while keeping their inputs 

confidential, for example, such as in financial analysis, genomic research and collaborative machine learning. 

 

Strengths: 

- It guarantees privacy by producing results over made private inputs that are superior in level of security. 

- Promotes collaborative analysis with no need for data re-posing. 

 

Limitations and Trade-offs: 

- The task can be computationally intensive, especially for complex computations or large datasets. 

- Demands asking parties to compromise integrity and good conduct. 

 

 

 

Figure 6. Secure Multi-Party Computation 

 
4. Blockchain Technology 

 
Principles: The use of the blockchain technology is become possible thanks to its very durable and unhackable due to its distributed 

and immutable record for registering transactions. This guarantees that the procedures of the system are transparent,  

 

 

reliable and can be audited. The technical solutions that ensure secure and anonymous data processes are also subject to these 

procedures(illustrated in Figure 7). 

 
Applicability: Interestingly, blockchain platform is a good place to start with improvements in the private protection sphere, such as 

in the data anonymization, who is who management, and supply chain tracking. 

 

Strengths: 

- Establishes truthful data records which are unchangeable and auditable with accountability. 

- This principle guarantees that the processes of data anonymization are transparent and accountable. 

 

Limitations and Trade-offs: 

- Scalability and performance constraints of this method might be too much for them to be applicable in a number of cases. 

- Demands a fairly detailed and regulated prototype development to prevent privacy violation and data theft. 
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Through the use of privacy-preserving technologies, organizations can effectively safeguard the sensitive data while enabling 

analysis, collaboration and innovation. Learning the rules, applications, strengths, restraints, and the properly using the data 

technologies is vital in ensuring that the big data environments have effective privacy-preserving technologies. 

 
                                                        Figure 7. Blockchain technology 

 

V. CONCLUSION AND FUTURE SCOPE 

This review paper has gone through a detailed discussion of the topics like anonymizing and protecting sensitive data and how 
the different privacy techniques stand with each other. The abundance of digital data and the high level of technological 
development has shown that privacy preservation is a key issue in the digital age. The k- anonymity, membership query restriction 
and k- anonymity data masking technologies are often used when people need to analyse and share confidential personal information 
with safety for privacy protected. These techs give you flexibility in privacy protection, data utility, and processing complexity, since 
their nuances and trade-offs must be considered when choosing the ones that are best for your purposes. 

The privacy-preserving technologies like homomorphic encryption, federated learning, secure multi-party computation 
(SMPC), and blockchain technology can be the new methods to address privacy issues in data-driven areas. The development of 
these technologies enables encryption of computation, cooperation analysis, and transparent data anonymization processes that in 
turn power companies to protect confidential data, collaborate data sharing and analysis. Despite these difficulties, they are likely 
to pose some problems with regard to attaining security and precision, such as the balancing privacy and performance features, the 
possibility of excessive resource consumption, and strict compliance with regulations. 

There are few areas for the future research and development in the sphere of confidentiality of data and anonymization which 
can be seen. Firstly but not lastly, the topic of research should be undoubtedly focalised on progress of privacy-preserving technologies 
in terms of coming up with the solutions for detected shortcomings and needs. Consequently, there is a need to increase the 
performance and scalability of the existing techniques by devising new techniques specific to particular application domains and 
ensuring privacy integration to new technologies including AI, ML, and IoT. 

Besides that, the research should be concentrated on the consequences of privacy-preserving methods regarding the data utility, 
fairness, and transparency. This will entail studying advantages and disadvantages of privacy a protection however accuracy of data 
gather, discovering a quantification method for finding privacy risks and utility gains, and evolving frameworks that assesses the 
effect of anonymization on downstream analysis and decision making process. 

Besides that, we face a widespread need for multi- professional cooperation and social connection to provide efficient privacy 
solutions. Such cooperation could be achieved through the assistance of the researchers, practitioners, policymakers, and regulators 
in developing holistic approaches to data privacy and anonymization. Through interdisciplinary research initiatives, the experts 
involved can find a way to translate technical innovations into real solutions in the world, while considering all the ethical 
implications, which is critical for privacy enhancing solutions to be practical and effective. 

In summary, the objectives can be achieved by the continuous research and development of data privacy techniques and OPE, 
therefore the safety potential of data breaches will go down, the stakeholders will be more confident and the data ecosystem would 
be safe and privacy- conscious. Basically, the protection of privacy is the main factor for the promotion of individual rights, the 
preservation of the societal values, and the responsible innovation in the digital age.. 
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