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Abstract- The rapid growth of data-driven
technologies has raised significant concerns about
data privacy, emphasizing the need for innovative
solutions to safeguard sensitive information.
Machine learning (ML) has emerged as a promising
approach to protect data privacy, offering a range of
techniques to prevent unauthorized data access,
ensure secure data transmission, and maintain data
confidentiality. This comprehensive review provides
an in-depth examination of existing methods for data
privacy protection in machine learning, highlighting
their strengths, limitations, and applications in
various domains. We reviewed prominent Machine
Learning (ML) techniques, including data
anonymization, encryption, access control, and
differential privacy, and discuss their effectiveness in
preventing data breaches and protecting sensitive
information. Our analysis also identified future
research directions, including the development of
more robust ML model, the integration of ML with
other privacy-enhancing technologies, and the
investigation of ML-based solutions for emerging
data privacy challenges. This survey aims to provide
a valuable resource for researchers, practitioners,
and policymakers seeking to leverage ML for data
privacy protection and to stimulate further research
in this critical area.

Indexed Terms- Data Privacy, Machine Learning,
survey, Data Protection, Privacy Preservation.

L. INTRODUCTION

The proliferation of digital technologies has sparked
significant concerns about data privacy, with vast
amounts of personal data being collected, stored, and
transmitted online (Bertino, 2016; Jafari et al., 2019).
In response, machine learning (ML) has emerged as a
promising solution to safeguard data privacy,
leveraging techniques such as data anonymization
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(Sweeney, 2002), differential privacy (Dwork et al.,
2006), secure multi-party computation (Yao, 1986),
and homomorphic encryption (Gentry, 2009) to
prevent unauthorized data access and maintain
confidentiality (Chen et al., 2017; Li et al., 2019). ML
has made significant strides in various fields,
including healthcare (Esteva et al., 2017), finance
(Sapunkov, 2019), and autonomous systems (Bojarski
et al., 2016).

However, data privacy faces numerous challenges,
including data breaches (Bertino, 2016), insider
threats (Breck et al., 2017), and regulatory compliance
(Zhang et al., 2020). Ensuring data privacy while
facilitating data sharing and collaboration is a
significant challenge (Chen et al., 2017). This paper
presents a comprehensive review of ML approaches
used in data privacy protection, focusing on practical
systems that operate in realistic contexts. We employ
a Systematic Literature Review (SLR) methodology,
which is an efficient means of acquiring knowledge
about the current state of research (Kitchenham &
Charter, 2007). Our SLR utilizes several databases
(e.g., Scopus, Web of Science, ACM Digital Library,
and IEEE Xplorer) to gather papers through automatic
search, followed by a rigorous selection, sorting, and
analysis process. We explore the evaluation of various
ML approaches, and examine the challenges
associated with validating Al systems due to their
complex requirements and adaptability.

1.1 Contribution to Knowledge

This study contributes to the knowledge of machine
learning (ML) applications in data privacy protection,
with the following key contributions:

1. Exploring ML's role in data privacy: This study
investigates the effectiveness of ML in protecting data
privacy and ensuring maximum security.
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2. Addressing challenges in data privacy protection: It
examines the challenges associated with different
approaches to data privacy protection in a
heterogeneous society and proposes solutions.

3. Highlighting ML's power in data security: The study
showcases the potential of ML in safeguarding
sensitive data from cyberattacks and ensuring data
security.

4. Informing approaches to data privacy protection: It
provides valuable insights into approaches to data
privacy protection that can prevent cyberattacks.

5. Mitigating false alerts: The study addresses the issue
of false alerts and explores how ML approaches can be
used to prevent them.

6. Showcasing ML applications in data privacy: It
offers a comprehensive overview of the applications
of ML approaches in data privacy protection,
highlighting their usefulness and potential.

1.2 Paper Organization

This study is structured into multiple sections. Section
1 introduces the research, highlights its contributions,
and outlines the paper's organization. Section 2
reviews related works, examining current and previous
studies. Section 3 describes the methodology used,
detailing the systematic approach to the survey.
Section 4 presents the survey results, while Section 5
discusses the findings. Section 6 explores the
challenges of machine learning approaches in data
security. Section 8 provides research
recommendations, and Section 9 concludes with a
summary of key points.

1.3 Challenges of Privacy and Protection of Data

1. Data Volume and Complexity: The vast amounts of
diverse data pose significant challenges to protecting
privacy, making it difficult to ensure that sensitive
information is adequately safeguarded (Bertino,
2016).

2. Data Sharing and Collaboration: Sharing data
between organizations or countries can compromise
privacy, particularly when data is shared across
jurisdictions with different regulatory frameworks
(Chen et al., 2017).
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3. Anonymization vs. Ultility: Striking a balance
between data anonymity and data utility is a challenge,
as anonymization techniques can impact the
usefulness of the data (Sweeney, 2002).

4. Emerging Technologies: New technologies like Al,
10T, and blockchain raise new privacy concerns, such
as data collection, storage, and sharing (Esteva et al.,
2017; Sapunkov, 2019).

5. Regulatory Compliance: Keeping up with changing
regulations and laws is a challenge, particularly in the
context of cross-border data transfers (Zhang et al.,
2020).

6. Data Breaches: Preventing and responding to data
breaches is a significant challenge, requiring robust
security measures and incident response plans (Breck
etal., 2017).

7. User Consent and Awareness: Obtaining informed
consent and ensuring user awareness of data use is
crucial, particularly in the context of data sharing and
collaboration (Li et al., 2019).

8. Data Storage and Retention: Securely storing and
managing data retention periods is essential, requiring
robust data management practices (Kitchenham &
Charters, 2007).

9. Cross-Border Data Transfers: Ensuring privacy
across different jurisdictions and laws is complex,
requiring careful consideration of regulatory
frameworks and data protection laws (Chen, et al.,
2017).

10. Balancing Privacy and Security: Finding the right
balance between privacy and security needs is a
challenge, requiring careful consideration of the trade-
offs between these competing interests (Bertino,
2016).

II. PREVIOUS WORK: ML APPROACHES AND
PRIVACY PROTECTION

2.1 Background

Machine Learning (ML) has been defined in various
ways by different organizations. According to IEEE-
USA (2017), ML is "the study of computer algorithms
that improve automatically through experience,"
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encompassing applications such as data mining and
information filtering systems that learn from large
datasets [IEEE-USA, 2017]. Similarly, Stanford
University (2016) defines ML as "the science of
getting computers to act without being explicitly
programmed". At its core, ML relies on algorithms
that can learn from data without relying on rules-based
programming, as noted by McKinsey (2016). These
definitions highlight the versatility and potential of
ML in various fields, including privacy protection of
data, where various approaches have been developed
to leverage ML for safeguarding sensitive information
(Chen et al; Li et al., 2019).
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el AC 3. ML-based

3. Machine learning-
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1. Content-Based

2. Context-Based
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Figure 1: Different Machine Learning Approaches to privacy protection of Data

2.1.1  Machine learning approaches for privacy
protection and preservation of data

A) Data Anonymization

Data anonymization is a technique used to protect
sensitive information in datasets by removing or
modifying personally identifiable information (PII)
(Chen et al., 2017; Li et al., 2019). According to
Machanavajjhala et al. (2006), data anonymization is
crucial for safeguarding individual privacy. Machine
learning (ML) approaches can be leveraged to
anonymize data while preserving its utility for analysis
and research (Chen et al., 2017; Li et al., 2019).
Several data anonymization techniques have been
developed, including:

K-anonymity: This technique, proposed by Sweeney
(2002), ensures that each record in a dataset is identical
to at least k-1 other records, making it difficult to
identify individuals (Sweeney, 2002).

L-diversity: Introduced by Machanavajjhala et al.
(2007), l-diversity ensures that each record in a dataset
has at least 1 different values for a sensitive attribute,
providing an additional layer of protection; and T-
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closeness: this technique, developed by Li et al.
(2007), ensures that the distribution of sensitive
attributes in a dataset is close to the distribution of the
same attribute in the overall population, further
protecting  individual  privacy. These data
anonymization techniques aim to prevent individual
records in a dataset from being identified, thereby
protecting sensitive information and maintaining data
privacy (Machanavajjhala, et al., 2019).

B) Access Control

Access control is a crucial aspect of data privacy

protection, and machine learning (ML) approaches can

be leveraged to enhance access control mechanisms

(Chenetal., 2017; Lietal., 2019). ML can learn access

patterns and grant access to data based on various

access control models. For instance:

e Role-Based Access Control (RBAC): This
approach grants access to data based on a user's
role within an organization, as described by
Sandhu et al. (1996). RBAC is a widely used
access control model that ensures users have
access to only the data and resources necessary for
their roles.

o Attribute-Based Access Control (ABAC): This
approach grants access to data based on a user's
attributes, such as department or job function, as
described by Hu et al. (2014). ABAC provides a
more fine-grained access control mechanism than
RBAC, allowing for more precise control over
access to sensitive data.

e Machine Learning-Based Access Control: This
approach uses ML algorithms to train on data and
learn access patterns, granting access to data based
on predicted user behavior, as described by Li et
al. (2019). ML-based access control can provide an
additional layer of security and flexibility in access
control, adapting to changing user behavior and
access patterns.

These access control models can be used to protect
sensitive data and ensure that only authorized users
have access to the data they need to perform their
tasks.

C) Data Encryption
Data encryption is a widely used technique for
protecting data privacy, and machine learning (ML)

ICONIC RESEARCH AND ENGINEERING JOURNALS 172



© JUL 2025 | IRE Journals | Volume 9 Issue 1 | ISSN: 2456-8880

approaches can be leveraged to optimize encryption
methods (Chen et al., 2017; Li et al., 2019). Several
encryption approaches have been developed,
including:

e Homomorphic encryption: This technique,
introduced by  Gentry (2009), enables
computations on encrypted data without
decrypting it first, ensuring the confidentiality and
security of sensitive data.

e Secure Multi-Party Computation (SMPC): This
approach, developed by Yao (1982), enables
multiple parties to jointly perform computations on
private data without revealing their inputs,
facilitating secure collaboration and data analysis.

e Machine Learning-Based Encryption: This
approach uses ML algorithms to optimize
encryption techniques, such as encryption key
generation, as described by Gilad-Bachrach et al.
(2016). ML-based encryption can enhance the
security and efficiency of encryption methods,
providing an additional layer of protection for
sensitive data.

These encryption approaches can be used to protect
data privacy and ensure the confidentiality, integrity,
and security of sensitive information.

D) Differential Privacy

Differential privacy is a technique used to protect

sensitive information by adding noise to data, ensuring

that individual data points remain confidential (Chen,

et al., 2017: Li et al., 2019). Machine learning (ML)

approaches can be leveraged to optimize differential

privacy techniques. Several differential privacy
approaches have been developed, including:

o Differential Privacy: This technique, introduced by
Dwork et al. (20006), ensures that the output of a
computation does not reveal sensitive information
about individual data points, providing a rigorous
framework for protecting data privacy.

e Local Differential Privacy: This approach,
developed by Dwork et al. (2014), ensures that
individual data points are protected by adding
noise to the data before it is collected, providing an
additional layer of protection for sensitive
information.
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e Machine Learning-Based Differential Privacy:
This approach uses ML algorithms to optimize
differential privacy techniques, such as noise
addition, as described by Abadi et al. (2016). ML-
based differential privacy can enhance the
accuracy and efficiency of differential privacy
methods, providing a more effective way to protect
sensitive data.

E) Intrusion Detection
Intrusion detection is a crucial aspect of data privacy
protection, and machine learning (ML) approaches can
be leveraged to detect intrusions and prevent data
breaches (Chen et al., 2017; Li et al., 2019). Several
types of intrusion detection methods have been
developed, including:

e Anomaly-Based Intrusion Detection:  This
approach, introduced by Denning (1987), detects
intrusions by identifying unusual patterns in
network traffic that deviate from expected
behavior.

e Signature-Based Intrusion Detection: This method,
implemented in tools like Snort (2003), detects
intrusions by identifying known patterns in
network traffic that match predefined signatures.

e Machine Learning-Based Intrusion Detection:
This approach uses ML algorithms to learn
patterns in network traffic and detect intrusions, as
described by Jiang et al. (2018) [4]. ML-based
intrusion detection can enhance the accuracy and
efficiency of intrusion detection systems,
providing a more effective way to protect sensitive
data. These intrusion detection methods can be
used to protect data privacy and prevent data
breaches by identifying and responding to potential
security threats

F) Data Loss Prevention

Data loss prevention (DLP) is a critical technique for
protecting sensitive information from unauthorized
transmission or storage [1]. Machine learning (ML)
approaches can be leveraged to enhance DLP by
detecting and preventing sensitive data from being
compromised. Several ML-based DLP approaches
have been developed, including:

e (Content-Based DLP: This approach detects and
prevents sensitive data from being transmitted or
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stored in unauthorized locations based on its
content, as described by Kumar et al. (2019).

e Context-Based DLP: This technique detects and
prevents sensitive data from being transmitted or
stored in unauthorized locations based on its
context, such as user behavior or environmental
factors, as described by Kumar et al. (2019).

e Machine Learning-Based DLP: This approach uses
ML algorithms to learn patterns in data
transmission and storage, detecting and preventing
sensitive data from being compromised, as
described by Kumar et al. (2019). ML-based DLP
can provide a more effective and efficient way to
protect sensitive information. These DLP
approaches can be used to protect sensitive data
and prevent data breaches by identifying and
responding to potential security threats.

2.2 Related Works

The advent of smart cities has led to an increased need
for privacy protection of data, with individuals storing
sensitive information on smart devices [1]. To address
this concern, various approaches have been employed,
including machine learning (ML) techniques. For
instance, Jena et al. (2021) conducted a literature
review on homomorphic encryption, a method that
enables ML training and testing on encrypted data,
thereby increasing consumer trust in privacy-
preserving ML [2]. This approach ensures data privacy
by using cryptography to protect data during analysis
by multiple parties.

Similarly, Chew et al. (2017) developed a privacy-
preserving method using ML, which combined
decision tree techniques with other privacy protection
methods, such as randomization and secure two-party
computation. This approach protects users' data by
ensuring that sensitive information remains
confidential during analysis. These studies
demonstrate the potential of ML-based approaches to
protect data privacy in smart cities, where sensitive
information is increasingly being stored and analyzed.

Anand and Janami (2017) proposed a strategy to
address data privacy concerns in smart cities by
integrating a mobile cloud framework with a key
attributes-based encryption (KP-ABE) model [1]. This
approach ensures that data is securely stored in the
cloud and can only be accessed or collected after
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verification, thereby protecting users' data. Similarly,
Oketayo's  literature  review  highlights  the
effectiveness of machine learning (ML) approaches in
protecting data privacy, particularly when combined
with cryptography and access control [2]. By
introducing data security level determination and data
status level, ML-based approaches can prevent
unauthorized access to users' data. Zhang et al. (2020)
focused on testing ML model validation software,
emphasizing the importance of offline testing in
ensuring the reliability of ML models. However,
Kumeno (2019) noted that validation remains a
significant challenge in ML systems, underscoring the
need for further research in this area. These studies
demonstrate the potential of ML-based approaches to
protect data privacy in smart cities, while also
highlighting the challenges and complexities involved
in ensuring the security and reliability of ML systems.

III. RESEARCH METHOD

The research method of this study is a survey method
on ML approaches to privacy protection for the
preservation of data. The literature search was
conducted with four (4) databases (IEEE Xplore,
Scopus, Web of Science, ACM Digital Library,
Science Direct) and using semantically the same
search string. After the search, three selection stages
were applied to reduce the initial set of 3455 papers.
The remaining final 300 papers were analyzed. The
structure of the applied search and selection process is
shown in figure 2. in addition, we looked for articles
published between January 2015 and December 2024.
However, we excluded any irrelevant articles and
duplicated papers.

3.1 Search Keyword

T-he first phase of the search and selection process
(see fig. 2) was to collect the initial set of papers by
search scientific databases. The following steps were
taken in conducting the search:

3.1.1 Relevant articles identification

Two search methodologies were employed to discover
pertinent published papers. Initially, the English
language was used to query the Eureka databases,
which focuses on print media, utilizing the following
keywords: “ML approaches and privacy protection of
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data”, “Privacy protection for preservation of data”.
ML enhanced approaches to data protection”, “Privacy
protection of data using ML”, An improved ML model
for privacy protection of data”, ML enhanced model
for privacy protection for data preservation”, and
“protecting Data privacy with ML: a survey”.

Secondly, a Google News search was performed
utilizing the same keywords to locate supplementary
pertinent articles. relevant items were restricted to the
period from January 2014 to December 2024. The
initial search result produced 1,455 possible pertinent
articles; 786 irrelevant items were removed, while 669
were included. The second review of the articles
eliminated 380 duplicates. The third screening was
systematic. The methodological screening yielded 256
results, after which uncorrelated studies were
excluded. Thus, the relevant articles utilized became
200, as shown in Figure 2

3.1.2 Selection of relevant Articles

The paper selection was performed in three stages
(figure 2) by the first Author, at this stage, all 1455
preliminary papers from the search were assessed and
included using the inclusion criteria found below. At
the second stage, the remaining 669 papers were
assessed and excluded using the exclusion criteria. At
the third stage, the remaining 256 papers were
assessed based on their relevance, resulting in the final
set of 200 papers.

Conducted in
Scopus
Wos

AcM

[
Found in“ﬂ"

Stage 1

Search = Article Screened
n = 1455

| Excluded screened

articles (n = 786)

included Article

n= 669

Excluded articles
(Duplicated studies)
n=380

Methodological
Screened n = 256

Final Excluded Articles
(n=56) Epidemiological

studies

—_—

<>

Final Articles selected
for Study n= 200

Figure 2: Selecting process and screening of Articles
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3.1.2 Selection of relevant Articles

The paper selection was performed in three stages
(figure 2) by the first Author, at this stage, all 1455
preliminary papers from the search were assessed and
included using the inclusion criteria found below. At
the second stage, the remaining 669 papers were
assessed and excluded using the exclusion criteria. At
the third stage, the remaining 256 papers were
assessed based on their relevance, resulting in the final
set of 200 papers.

A) Stage One

The first stage of selection yielded 669 papers. The
selection was based on the title, abstract, and
keywords of the papers and the inclusion criteria (ICs)
below, both of which a paper had to fulfill; to be
included.

IC1: The full paper text in English Language

IC2: The full paper text found in peer-reviewed
journals

IC3 The full paper text in Journals, Conferences.

IC4: The paper discusses a method for privacy
protection of data with ML approaches or papers that
apply ML approaches for privacy protection of data.

The consequence of the second criterion (IC4) is that
the focus is on the papers that acknowledge ML as an
application. for example, the methods of ML model’s
ability to learn the behaviour of the user are not
included or if the paper gives a strong indication that
the proposed model is being used by someone as is
even the main focus of the paper is ML model
approaches. As using a model in a context implies the
existence of at least a user interface and raises the
model from technique to a product. (ISO, 2011).

B) Stage Two: The stage two of article selection
resulted in 256 papers; the assessment was based on
the full texts of the papers. A paper was excluded if at
least one of the following exclusion criteria was met:

XCl1: The full paper text was not available in English
Xc2: The full paper was not acquirable with
reasonable effort

XC3: The paper turned out not to describe an ML
approach as described above
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XC4: The described approach or model turned out to
have unrecognizable as ML

XCS5: The paper was less than six pages long

XC6: The paper was published in a minor forum

XCl1 was enforced by the prominent status of English
Language in research, as to XC2, a paper was excluded
if it could not be accessed in full through measures
considered a normal information search. It is difficult
to assess the effect such paper could have had, as we
simply could not get our hand on them, but only a very
small number of papers were excluded based on this
criterion. From XC3-XCS5, they are derived directly
from our research topic. XC6 rose from the fact that
workshop papers, opinion papers, and other grey
literature often do not have much add to the SLRs
when included as stated by Kitchenham et al (2010).
We are more interested in detailed descriptions of the
ML approaches, settings, and validation methods,
which are the characteristics that the grey literature
often lacks due to the preliminary nature of the results
and to page limitations.

C) Stage Three

This is the final stage and contains set of 200 papers
(Figure 2) was achieved in the third stage of the
selection. The selection was made based on the
relevance assessment of the papers gathered, so that
only papers of high relevance were included.
Relevance of each paper was measured by the degree
of realism in the research settings. We decided to label
the papers based on the relevance level.

Chart showing Relevant Papers

30

25

: " IIIIll‘l‘
.alalll
B

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Years of Publication of Relevant P:

Figure 3: Chart showing the number of publications
and year (Relevant papers) Exclusive and inclusive
criteria were established to facilitate the removal of
papers irrelevant to the primary research questions.
Excluded papers include those that examined
managerial perspectives on ML approaches and its
integration into privacy protection for preservation of

IRE 1709539

data as well as those that addressed broad concerns
relating to ML approaches to privacy protection of
data. ultimately, 56 articles were rejected during the
screening process, while 200 articles were included
from the 1455 papers evaluated, thus, representing 8%
of the relevant papers identified, as shown in figure 4.

Percentage of Screened and selected
Articles

N4

= Included

92%

Figure 4: Article included Relevant

As revealed in figure 3, about 92% represented
excluded articles while 8% represents included articles

3.1.3 Selection Criteria

All of the studies discussed in this study are cited in
references section. The inclusion and exclusion
standards for the papers that have been reviewed are
presented in table 1.

Table 1: Inclusion and Exclusion Standards for
studies

Criteria i. Papers published between

Inclusion January 2010- December 2024.

ii. Articles written in English
Language

iii. Articles found or available as
full text

iv. Papers found in peer-

reviewed journals

v. Papers in  Journals,
Conferences, newspapers,
Magazines,

and letters.
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vi. Articles investigating impact
of ML in privacy protection

Criteria Articles that are not relevant to
Exclusion the study and duplicated works

IV.  GATHERING, SYNTHESIS, AND
REPORTING THE FINDINGS

A comprehensive analysis was conducted on data
gathered from existing literature on ML and privacy
protection of data. The findings are presented in tables
and figures, which illustrates the study's results,
including the percentage of articles addressing specific
topics, as calculated and visualized in the
accompanying figures and tables.

4.1 Results

The study's findings, derived from collected and
analyzed data, are presented below.

4.1.1  Mapping of Published articles

This review synthesizes existing literature on data
privacy protection, highlighting key themes and
objectives across published articles. The analysis also
underscores the widespread impact of the issue,
affecting various fields. A summary of the reviewed
papers is provided in Table 3, offering an overview of
the research landscape.

Publisher/Indexe | Outcom | Filtere | Relevan
r e d t
ACM Digital | 50 25 25
Library

AC Institute of | 60 20 40
electrical

electronics

engineers (IEEE)

Xplore

Elsevier 25 13 12

IRE 1709539

Public/Publisher | 20 12 8
MEDLINE

(PubMed)

El Directory of | 25 10 15
Open Access

Journals (DOAJ)

Springer nature 50 10 40
Academic Search | 24 10 14
Complete

EBSCO Host

Jo Journal | 12 10 2
Storage (JSTOR)

Multidisciplinary | 10 8 2
Digital

Publishing

Institute (MDPI)

Sage Publishing | 21 10 11
ResearchGate 20 8 12
Wiley 20 10 10
Others 19 10 9
Total 356 156 200

Table 3: Summary of the Articles Processed in the
Review

3.2 Data Visualization

Data analysis and extraction were conducted using
Microsoft Excel, with a structured grid organized into
six categories: (i) design, (ii) overall characteristics,
(iii) impact (positive and negative) of machine
learning on data privacy, (iv) various machine learning
approaches for data protection, (v) challenges
associated with these approaches, and (vi) ethical
considerations and best practices for data privacy
protection see Table 2)
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interpretable 3. Secure | Anonnymity Robustness
like  neural | data Algorithms and 1.Algorithmic
network. sharing. Adversarial | Auditing;
3. Scalability | Negative Attacks Qualizt'ypata
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5. Flexibility | some compromis Evaluation;
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metrics. cpnﬁdentia 5. Data Mining Ipterpretabi 1. Model .
4 Real-time lity. lity aqd ' Evaluatio
i 2. Data Explainabil n and
Processing Minimizati ity; Testing;
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on, and 4.Scalabilit 2. Model
unauthoriz y and Document
ed use. Deploymen ation;
3. Data t Continuous
sharing 5. Ethics | Learning and
and and fairness | Improvement
monetizati raises
on. )
Negatively blﬁfqesl and
it can ethica '
cause concerns if
invasive not
Data designed
collection and
L.e. data developed
can be carefull
collected ) Y,
without which can
user's have
knowledge serious
. Data consequenc
overcollect es.
ion and
data
sharing
and
monetizati
on.
1. Uses pre- knowledge | Fairness and
trained transfer Transparency:
models as a without p Y
starting point | data 2. Data
. 1. Differential . Protection;
for new tasks. | sharing, . Domain .
: Privacy; o Accountability;
2. The pre- Domain shift; .
. . 2. Federated . Best Practices:
trained model | adaptation, . Negative
Transfe . Learning; . 1. Model
transfers its and can . transfer; .
. 3. Adversarial : Evaluatio
r knowledge private . Overfitting;
. Domain n;
Learnin | and features | model . Feature
4.Adaptation; . 2. Collaborat
g to the new updates by . Extraction .
. 5.Meta-Learning ion and
tasks. fine-tuning . and Data
. 6. Self-Supervised Stakehold
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Learning; . er
on the new models on ity
. .. 7. Autoencoders 3. Engageme
task's dataset | sensitive
nt; Model
to adapt to the | data
. . Document
specific without ations:
problem. sharing the ’
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4.Domain
adaptation

dT itself.
Negatively
, transfer
style has
potential
risk
leakages
of
sensitive
data if the
pre-trained
model is
done on
sensitive
informatio
n; Model
invasion
attacks and
Membersh
ip
Inference
Attacks,
can be
vulnerable
to
membershi
p inference
attacks,

Continuous

Learning. And
Improvement

Table 2: Data Analysis and Extraction organized into Six Categories

Table 4 outline the articles processed in the study. In

general, 200 papers were carefully chosen and relevant
articles were used for this survey. Selected published
articles focus on validation of approaches to privacy
protection of data. These categories of published
articles are presented in Table 3. The above can be
represented graphically as shown in Figure 7

Table 4: Published studies on machine learning
approaches for data privacy protection

S/N Article Category Frequency | Percentage
of of Articles
Articles
1 ANN approach to 10 5%

privacy preservation
of data

IRE 1709539

Efficacy of ML 20 10%

approach to privacy

protection of data

Validation of ML 20 10%

approaches to

privacy protection

ML and privacy 45 22.5%

protection of data

ML and data security 30 15%

ML approaches 25 12.5%

validation

Challenges of 30 15%

privacy security

Other relevant 20 10%

articles

Total 200 100
181
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From the above table, it is crystal clear that the
category of reviewed articles that has the highest

frequency and percentage
protection of data.

is ML and privacy

Table 5: Opportunities of implementing ML Approaches to privacy protection of data

Benefits of implementing ML in Privacy
protection

It helps in reducing security threats
Elimination of false positive alerts

Foster security of data privacy

It offers opportunity for individual identity
It helps in fraud detection

Improved security and fraud prevention
Enhanced efficiency and automation
Accuracy and error reduction

Increased accessibility

Cost-effectiveness

Enhanced personalization of data /services
Improved data privacy and compliance
Proactive threat detection and mitigation
Boosting citizen trust on data privacy
Others

Total number of article’s topic

It is clear from Table 5, that the category of review
articles that has the highest frequency and percentage
is “ML implementation eliminates false positive
alerts” compared to others
approaches.

privacy protection

Comparison of state-of-the-art
Comparison of the results is divided into two parts: the
first part is the summary of the comparison between

Number of articles for

Percentage of the articles on the

the topic topic
20 10%
24 12%
10 5%
12 6%
14 7%
10 5%
12 6%
20 10%
10 5%
12 6%
10 5%
10 5%
12 6%
14 7%
10 5%
200 100

the different approaches of ML application in data
privacy protection; and the second part is the
comparison between the major ML approaches
reviewed in this study. This comparison of results with
other related works was achieved using different areas
of research as presented in Table 6.

Table 6: Comparison of survey with related studies on ML approaches data privacy

Number ML Challenges Global Data privacy and Research ML Application Recommendations
of Approach in Data effect of ML Opportunities and future of
surveyed in Data privacy ML on implementation data privacy
papers privacy data
privacy
[45] N N - N - -
[35] - - N N - -
[40] N - N - N N
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[85] : v : 7 7
[80] N - N - -
[90] - N - N -
[100] v v v v v

Table 6 above revealed that this study contribution to knowledge in many areas compared to other state-of-the- art
surveys on ML approaches to data privacy and protection.

V. DISCUSSION OF RESULTS

The table 4 provides a comprehensive overview of 200
articles related to Machine Learning and privacy
protection of data. The papers are categorized into
eight distinct groups each focusing on different aspects
of ML and privacy protection. From the table, ML and
privacy protection of data’ this category has the
highest frequency of articles (45, 22.5%), indicating a
strong research focus on the intersection of ML and
privacy protection. ML and Data Security category;
this category has a significant frequency of articles
(30, 15%), highlighting the importance of ML in
ensuring data security. The category of challenges of
privacy security has a notable frequency of articles
(30, 15)), suggesting that researchers are actively
exploring the challenges and limitations of privacy
security in the context of ML. In the validation of ML
approaches, the validation of ML, approaches to
privacy protection and ML approaches validation
categories both have a significant frequency of articles
(20, 10% and 25, 12.5% respectively); indicating a
strong emphasis on evaluating the effectiveness of ML
approaches.

5.1 Research Trends

Growing importance of ML in Privacy Protection, the
frequency of articles in these categories related to ML
and privacy protection suggests a growing recognition
of the importance of ML in ensuring data privacy.
Also, the significant frequency of articles in
validation-related categories indicates a focus on
evaluation the effectiveness of ML approaches in
privacy protection. Likewise, challenges and
limitations bring about notable frequency of articles in
the challenges of privacy security category suggests
that researchers are actively exploring the limitations
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and challenges of privacy security in the context of
ML.

5.2 Solution to the challenges facing users’ data
privacy

Addressing data privacy challenges requires a multi-

faceted approach that integrates legal compliance,

technological innovation, and ethical considerations.

A. Technological Solutions

1. Privacy-Enhancing Technologies (PETs):
Adopting PETs like anonymization,
pseudonymization, differential privacy, and

homomorphic encryption can minimize data
collection and enhance privacy while enabling data
utility.

2. Data Governance Frameworks: Implementing
robust data governance frameworks that combine
legal analysis, computer science, social science,
and ethical inquiry can help address data privacy
challenges.

3. Data Encryption: Using encryption algorithms to
protect data both in transit and at rest can prevent
unauthorized access.

4. Access Control: Implementing strict access

controls, including role-based access control and

multi-factor authentication, can limit data access to

authorized personnel only.

B. Organizational Solutions

1. Data Protection Impact Assessment (DPIA):
Conducting DPIAs before collecting and storing
data can help identify potential risks and benefits.

2. Data Retention Policy: Implementing a data
retention policy that specifies data storage duration
and deletion procedures can minimize data
exposure.
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C. Regulatory Compliance

1. Compliance with Data Protection Laws:
Organizations must comply with regulations like
GDPR and CCPA, which set high data privacy
standards. Appointing a Data Protection Officer
(DPO) is mandatory for organizations subject to
GDPR.

2. Staying Informed about Regulatory Changes: Data
privacy regulations are continually evolving.
Organizations must stay informed about changes in
governing legislation and adjust their compliance
strategies accordingly °.

5.3 Ethical Considerations of ML in Data Privacy
Protection

The integration of ML in data privacy protection raises
several ethical considerations that must be addressed
to ensure the responsible use of ML technologies and
these include: Privacy vs Utility

1. Privacy vs. Utility

a) Balancing Privacy and Data Utility: ML models
often require large amounts of data to function
effectively. Ensuring that data is used in a way that
balances privacy with the utility of the model is
crucial.

b) Minimizing Data Collection: Collecting only the
data that is necessary for the ML model to function
can help minimize privacy risks.

2. Bias and Fairness

a) Avoiding Bias in ML Models: ML models can
inadvertently perpetuate or exacerbate existing
biases if the training data is biased. Ensuring
fairness in ML models is essential to prevent
discriminatory outcomes.

b) Fairness Metrics: Implementing fairness metrics
and regularly auditing ML models for bias can help
ensure equitable treatment of all individuals.

3. Transparency and Explainability

a) Model Transparency: ML models should be
transparent about how they use data and make
decisions. This includes providing clear
explanations of the model's decision-making
process.

b) Explainability Techniques: Using techniques like
LIME (Local Interpretable Model-agnostic
Explanations) or SHAP (SHapley Additive
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exPlanations) can help provide insights into how
ML models work.

4. Data Protection

a) Data Anonymization: Techniques like
anonymization, pseudonymization, and
differential privacy can help protect sensitive data
while still allowing ML models to function
effectively.

b) Secure Data Storage: Ensuring that data is stored
securely and protected from unauthorized access is
critical for maintaining privacy.

5. Accountability and Governance

a) Accountability Mechanisms: Establishing
accountability mechanisms for ML models,
including clear lines of responsibility, can help
ensure that any issues related to privacy are
addressed promptly.

b) Governance Implementing
governance frameworks that outline the ethical use
of ML in data privacy protection can help guide
decision-making and ensure compliance with
regulations.

Frameworks:

6. User Consent and Control

a) Informed Consent: Ensuring that users are
informed about how their data will be used and
providing them with control over their data can
help build trust and ensure ethical use of ML.

b) Data Subject Rights: Respecting data subject
rights, such as the right to access, rectify, or delete
data, is essential for ethical ML practices.

By addressing these ethical considerations,
organizations can ensure that ML technologies are
used responsibly and ethically in the context of data
privacy protection.

VI.  RECOMMENDATIONS
We recommend the following for Future Research:

1. Explainability and Transparency: Future research
should focus on developing more explainable and
transparent ML models, enabling better understanding
of decision-making processes.

2. Fairness and Bias: Researchers should prioritize
fairness and bias mitigation in ML models, ensuring
equitable treatment of all individuals.
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3. Data Quality and Availability: Improving data
quality and availability is crucial for developing
effective ML models.

4. Security and Robustness: Research should focus on
developing ML models that are robust to adversarial
attacks and security threats.

6.1 Recommendations for Practitioners

1. Careful Model Selection: Practitioners should
carefully select ML models suitable for their
specific problem, considering factors like data
quality, model complexity, and interpretability.

2. Data Preprocessing: Proper data preprocessing is
essential for developing effective ML models.

3. Model Evaluation: Practitioners should thoroughly
evaluate ML models using relevant metrics and
benchmarks.

4. Continuous Monitoring: ML models should be
continuously monitored and updated to ensure they
remain accurate and effective.

6.2 Recommendations for Policymakers

1. Regulatory Frameworks: Policymakers should
establish regulatory frameworks that promote the
responsible development and deployment of ML
models.

2. Data Protection: Policymakers should prioritize
data protection and privacy, ensuring that ML
models are developed and deployed in ways that
respect individual rights.

3. Education and Training: Policymakers should
invest in education and training programs that
develop the necessary skills for ML development
and deployment.

4. Encouraging Innovation: Policymakers should
encourage innovation in ML while ensuring that
developments are aligned with societal values and
needs.

However, these recommendations can help advance
the field of ML, ensuring that its benefits are realized
while minimizing potential risks and challenges.

CONCLUSION

The contribution of this review should, however, be
considered in light of some limitations. First, our
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research is a general literature review with an
informative purpose, which might suggest that there is
a possibility o f a subjective selection of literature.
Notwithstanding, the the databases we have used, such
as Elsevier, IEEE Xplore, Emerald insight, Willey,
ACM Digital Library, Google Scholar, Semantic
Scholar, and EBSCO, represent the most cited articles.
Asides, the purpose and the informative nature of this
paper require a systematic review of the literature. The
review will be useful for policymakers, government,
end users and practitioners. Furthermore, it was
possible to accurately identify the long-term
challenges and opportunities in using ML for privacy
protection of data. Therefore, future research should
be focused on developing more explainable ML
models that will enable better understanding of
decision-making processes and also, focus on
developing ML models that are robust to adversarial
attacks and security threats.
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