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ABSTRACT

This study examines the evolving landscape of data governance in cloud-
based big data analytics, emphasizing the integration of advanced
technologies such as artificial intelligence (Al), machine learning (ML), and
blockchain. Using the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) guidelines, a total of 120 articles were
systematically reviewed to explore how organizations are addressing the
challenges of managing large-scale, decentralized datasets while ensuring
regulatory compliance and data security. The findings reveal that AI and ML
are increasingly being used to automate governance tasks, predict
compliance risks, and provide real-time auditing, while blockchain plays a
critical role in ensuring data integrity and transparency across distributed
cloud environments. Moreover, the research underscores the need for
flexible and scalable governance models that can adapt to evolving
regulations like GDPR and CCPA. Additionally, best practices such as multi-
layered security approaches and strong collaboration with cloud service
providers were identified as key strategies for enhancing governance
frameworks. These insights contribute to the ongoing discourse on the
modernization of data governance, highlighting the importance of dynamic,
automated, and proactive approaches to managing data in cloud-based
environments. This study provides a comprehensive understanding of
current practices and technological innovations, offering actionable
recommendations for organizations navigating the complexities of cloud-
based data governance.
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1 Introduction:

The growing reliance on cloud-based platforms for big
data analytics has presented both unprecedented
opportunities and  significant  challenges  for
organizations (Tsai et al., 2015). As businesses
increasingly adopt cloud infrastructures, they benefit
from enhanced scalability, flexibility, and cost-
efficiency. However, these advantages come with
concerns surrounding data governance and compliance,
particularly in industries that handle sensitive data.
With the explosive growth in data volume and
complexity, ensuring proper data governance and
adhering to regulatory frameworks has become a
priority (Erevelles et al., 2016; Mikalef, Pappas, et al.,
2017). Cloud computing has fundamentally
transformed the management and storage of data,
requiring organizations to rethink their governance
strategies in alignment with evolving technological and
legal landscapes (Dong & Srivastava, 2015a; Tsai et al.,
2015). This paper delves into the database-centric
aspects of data governance and compliance within
cloud-based big data analytics environments, reviewing
both challenges and best practices.

The evolution of cloud computing has been marked by
several distinct phases, each impacting how data is
governed (Mikalef, Pappas, et al., 2017). Early cloud-
based systems primarily focused on providing scalable
storage solutions, but as big data analytics gained
prominence, the need for advanced governance
mechanisms became evident (Dong & Srivastava,
2015b). As the complexity of data management
increased, so did the risk of data breaches, unauthorized
access, and non-compliance with regulations such as the
General Data Protection Regulation (GDPR) and the
Health Insurance Portability and Accountability Act
(HIPAA). Consequently, organizations had to integrate
robust governance frameworks to manage data across
distributed cloud environments while ensuring
compliance with international, national, and industry-
specific laws (Xiao et al., 2017). The shift from
traditional, on-premises data governance models to
cloud-based systems has necessitated the development
of more dynamic and adaptive governance practices.

Data governance in the context of cloud-based big data
analytics encompasses policies, processes, and
technologies designed to ensure data quality, security,
privacy, and compliance (Cai & Zhu, 2015). While
traditional governance models were developed for
centralized and often static data environments, the cloud
introduces a layer of complexity due to its distributed
nature and the dynamic flow of data. In response,
database architectures have evolved to support
governance needs in the cloud, incorporating features
such as automated auditing, encryption, and access
controls (Giarrizzo-Wilson et al.,, 2011). These
advancements have been driven by both the increasing
importance of regulatory compliance and the need to
maintain trust among stakeholders (Xiao et al., 2017).
The role of the database as a foundational element in
cloud-based big data analytics governance has become
increasingly prominent, providing organizations with
the tools to manage and secure their data more
effectively.

The regulatory landscape surrounding data governance
has also undergone significant evolution, especially
with the rise of data privacy concerns (Amoakoh-
Coleman et al., 2015). Legal frameworks such as the
GDPR and the California Consumer Privacy Act
(CCPA) have set new standards for data protection,
requiring organizations to rethink how they collect,
store, and manage data in cloud environments (Tallon,
2013). These regulations mandate stringent data
handling procedures and necessitate comprehensive
compliance strategies, making it imperative for
organizations to incorporate governance at every layer
of their cloud-based data architecture. Studies have
shown that non-compliance with these regulations can
lead to severe financial penalties and reputational
damage, underscoring the importance of integrating
compliance into data governance frameworks (Fuller et
al., 2016). As data governance continues to evolve, so
too must the regulatory mechanisms that guide it,
ensuring that organizations remain aligned with current
and future compliance requirements.

Emerging trends in database technologies are playing a
critical role in advancing data governance and
compliance within cloud-based big data analytics.
Innovations such as blockchain, artificial intelligence
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(Al), and machine learning (ML) are being leveraged to
automate compliance monitoring and enhance data
security (Amoakoh-Coleman et al., 2015). These
technologies offer new ways to track data lineage,
monitor access, and enforce data privacy policies across
large-scale distributed environments. Moreover, Al and
ML algorithms are being applied to identify potential
governance risks and provide predictive insights that
enable organizations to proactively address compliance
issues (MacKenzie et al., 2011). As cloud-based big
data analytics continues to evolve, the integration of
these advanced technologies into database systems will
be key to ensuring robust governance and regulatory
compliance in increasingly complex data ecosystems.

The primary objective of this study is to provide a
comprehensive database-centric review of data
governance and compliance challenges in cloud-based
big data analytics environments. Specifically, the study
aims to identify and analyze key governance
frameworks, regulatory requirements, and emerging
technologies that organizations use to ensure data
security, privacy, and regulatory adherence. By
focusing on database architectures and management
systems, the study seeks to uncover the critical role
these technologies play in mitigating governance risks,
facilitating compliance with evolving legal standards
such as GDPR and CCPA, and supporting scalable data
operations in cloud ecosystems. Additionally, this
review aims to highlight best practices and innovations
in data governance to offer actionable insights for
businesses navigating the complex landscape of cloud-
based big data analytics. Through a synthesis of existing
literature and case studies, this study intends to
contribute to the growing body of knowledge on how
cloud-based big data solutions can be effectively
governed and regulated in today's data-driven world.

2 Literature Review

The increasing adoption of cloud-based big data
analytics has drawn significant attention to issues of
data governance and compliance, particularly within
database management systems. As organizations
transition from traditional on-premise infrastructures to
more flexible cloud environments, the need for effective
governance frameworks that ensure data security,
privacy, and regulatory compliance has become more
pronounced. This literature review explores the

evolution of data governance practices, the impact of
regulatory frameworks on cloud-based systems, and the
role of emerging technologies in addressing governance
challenges. By synthesizing key studies on cloud-based
big data analytics, this section aims to provide a
foundation  for  understanding how  database
architectures and governance strategies have developed
to meet the growing demands of modern data
environments.

2.1 Big Data

Big data refers to the massive and complex datasets that
surpass the capabilities of traditional data processing
technologies, particularly in terms of storage, analysis,
and visualization (Yang et al., 2019). These datasets are
typically characterized by the 3Vs: volume, variety, and
velocity. The volume represents the sheer scale of data
generated, with estimates suggesting that 2.5 quintillion
bytes are created daily, an amount far beyond the
capacity of traditional databases (Yang et al., 2019).
Variety highlights the diverse nature of big data, which
may be structured, semi-structured, or unstructured,
originating from multiple sources. Structured data fits
neatly into predefined formats, while unstructured data,
such as emails, videos, and social media content, is
more difficult to manage and analyze due to its lack of
inherent structure. Semi-structured data, such as JSON
and XML files, contains some organizational elements
but does not fit traditional relational databases. The
velocity refers to the speed at which data is generated
and processed, requiring real-time or near real-time

Figure 1: Overview of Bigdata
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technologies to handle the continuous flow of
information, unlike traditional systems that rely on
batch processing. Furthermore, veracity, a fourth
characteristic, has been introduced to represent the
trustworthiness and reliability of data, which is crucial
for making informed decisions in organizations (Yang
et al., 2019a). As big data continues to evolve, it not
only encompasses the attributes of data but also the
technologies and analytical methods required to extract
value from these large and varied datasets.

2.2  Big data and Data Governance

Big data refers to vast, complex datasets that exceed the
capabilities of traditional data processing technologies,
characterized by the 3Vs: volume, variety, and velocity
(Petter et al., 2007). These massive data sets are
generated at unprecedented rates, with estimates
indicating the creation of 2.5 quintillion bytes of data
daily (Bolivar-Ramos et al., 2012). The scale and
diversity of this data, which includes structured, semi-
structured, and unstructured forms, present significant
challenges in storage, analysis, and visualization.
Structured data fits neatly into predefined formats,
while semi-structured and unstructured data, such as
emails, videos, and social media content, require
advanced technologies for sorting and processing (Yang
et al., 2013). Furthermore, the velocity at which data is
generated demands real-time or near-real-time
processing capabilities to handle the continuous flow of
information. These complexities necessitate the

Figure 2: Scope of Corporate Governance and Data
Governance
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development of advanced data governance strategies to
ensure that big data is not only managed efficiently but
also used effectively to drive value in organizations
(Zikopoulos & Eaton, 2011).

Data governance becomes particularly important in the
context of big data, as it establishes the framework for
ensuring data quality, security, and compliance within
organizations (Conboy et al., 2020). With the increasing
volume and variety of data, governance frameworks
must evolve to address the complexities of managing
large-scale datasets across distributed environments.
Traditional governance models, often designed for
smaller, static data sets, are inadequate for handling the
speed and scale of big data (Rodeghero & Cook, 2014).
Modern data governance requires the integration of
automated processes such as real-time monitoring, data
auditing, and compliance with regulatory requirements
like GDPR and HIPAA (Conboy et al., 2020).
Moreover, effective governance involves not only
managing data storage and access but also ensuring data
integrity and veracity, which are crucial for making
informed decisions. Organizations must adopt robust
governance frameworks that incorporate advanced
technologies such as artificial intelligence and machine
learning to manage big data efficiently while
maintaining regulatory compliance and ensuring data
trustworthiness (Liu et al., 2016).

2.3 Data Governance in Cloud Computing

The rapid evolution of cloud computing has brought
profound changes to traditional IT systems,
fundamentally altering the landscape of data
governance. In earlier on-premise environments, data
governance frameworks were primarily built around
centralized control, where organizations managed their
own data storage and infrastructure directly (Sarstedt &
Ringle, 2010). These early frameworks were designed
to maintain data quality, security, and integrity through
established procedures such as manual data auditing,
controlled access, and compliance with static regulatory
requirements. However, these governance models were
tailored to operate within a fixed infrastructure, making
them ill-suited for the flexible, distributed nature of
cloud environments (Teece & Leih, 2016). As
organizations increasingly migrated to cloud-based
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systems, which span multiple data centers and
geographical regions, it became evident that traditional
governance approaches could not sufficiently address
the complexities introduced by this shift. This
complexity includes managing data across various
jurisdictions, ensuring data privacy, and protecting
against breaches in a more distributed network (Hashem
et al., 2015). Consequently, the rapid adoption of cloud
computing has necessitated a paradigm shift towards
more adaptive and scalable governance models (Spiess
etal., 2014).

Cloud environments introduce unique challenges to
data governance, such as decentralized data
management and greater security risks, necessitating a
rethinking of governance strategies. Traditional
governance models, which were effective in centralized
systems, often fall short in managing the dynamic,
scalable nature of cloud infrastructures (Zikopoulos &
Eaton, 2011). In cloud-based systems, data is often
replicated across multiple locations and handled by
third-party providers, increasing the risk of non-
compliance with regulatory standards such as the
General Data Protection Regulation (GDPR) or the
California  Consumer  Privacy Act (CCPA)
(Papazafeiropoulou & Spanaki, 2015). Studies have
shown that ensuring compliance and maintaining robust
security in these environments requires new governance
models that integrate advanced technologies such as
encryption, access control, and real-time auditing
(Spiess et al., 2014). These technologies help
organizations monitor their data in real-time and apply
governance policies uniformly across distributed
environments. Moreover, cloud-based governance
models must be agile enough to adapt to the constantly
evolving landscape of data regulations and emerging

threats, making the development of these models an
ongoing priority for organizations seeking to maintain
compliance and security in cloud-based big data
ecosystems.

Traditional IT systems relied on centralized data
governance frameworks that emphasized data quality
control, access management, and compliance with
internal and external regulations (Conboy et al., 2020).
These early governance models were relatively
straightforward due to the homogenous nature of data
storage and management in on-premise Systems.
Governance strategies typically involved manual
processes for data auditing, reporting, and securing
sensitive information (Jacke et al., 2012). However,
these models faced limitations when applied to modern
cloud environments due to their reliance on static data
environments and fixed organizational boundaries.
According to Xiang et al. (2015), organizations
struggled to adapt their governance models to handle
the dynamic, distributed, and highly scalable nature of
cloud-based systems. The evolution of data governance
has, therefore, been marked by a need to move beyond
these traditional frameworks and develop more agile
approaches suitable for the complexities of cloud
computing.

The transition from on-premise data storage to cloud-
based architectures introduced a range of new
governance challenges. Cloud computing allows for
greater  flexibility —and  scalability, enabling
organizations to store and manage vast amounts of data
across distributed networks (Torraco, 2005). However,
this shift also introduces increased risks related to data
security, privacy, and regulatory compliance.
Organizations must now manage data governance
across multiple jurisdictions, service providers, and data

Figure 3: How Governance Interacts with Various Key Elements
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storage locations (Peterson, 2004). This transition has
led to the development of new governance frameworks
that account for the specific risks and opportunities
associated with cloud-based infrastructures. According
to Li et al. (2007), one of the key challenges is ensuring
that data governance policies are consistently applied
across all cloud environments, including public, private,
and hybrid clouds. This requires the integration of
advanced technologies, such as encryption, access
controls, and automated auditing systems, to ensure that
data governance remains robust in cloud environments.
In response to the unique challenges posed by cloud
computing, organizations have developed governance
models  specifically designed for cloud-based
environments. These models incorporate advanced
database management systems (DBMS) that support
distributed data storage and real-time analytics (Pipino
et al., 2002). Modern DBMS for cloud environments
offer features such as automated compliance
monitoring, encryption, and access control, ensuring
that data governance is maintained across multiple
cloud platforms (Zyskind, Nathan, & Pentland, 2015).
Studies have shown that these governance models must
be flexible enough to adapt to different regulatory
requirements, as organizations often operate across
various jurisdictions with differing data protection laws
(Li et al., 2007). Furthermore, blockchain technology
has emerged as a promising tool for enhancing data
governance by providing a decentralized ledger that can
ensure data integrity and traceability in cloud
environments (Sidi et al., 2012). These developments
represent a significant shift in how organizations
approach data governance in cloud-based big data
analytics environments.

2.4  Big Data Governance in Cybersecurity

Big data governance in cybersecurity is an increasingly
critical field as the volume, variety, and velocity of data
generated within digital environments continue to grow.
The rise of sophisticated cyber threats, coupled with the
expansion of data through cloud computing, 10T, and
other connected systems, has significantly complicated
the cybersecurity landscape. Traditional data
governance frameworks are often ill-equipped to handle
the scale and complexity of big data in cybersecurity

Figure 4: Big data governance framework
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contexts, where the need to detect, prevent, and respond
to threats in real time is paramount (Yang et al., 2019a).
As cyber threats become more advanced, data
governance must ensure the efficient management,
protection, and utilization of massive and diverse
datasets, integrating security policies, access controls,
and compliance mechanisms. Big data governance in
cybersecurity also includes safeguarding the privacy
and integrity of sensitive information while maintaining
compliance with regulatory frameworks like the
General Data Protection Regulation (GDPR) and
industry-specific laws such as HIPAA in healthcare. In
the context of cybersecurity, big data governance
frameworks must address the real-time collection,
processing, and analysis of data generated from various
sources, such as network logs, transaction records, and
user activity, to detect anomalies and potential security
breaches. Effective governance ensures that the data
collected is both reliable and actionable, allowing for
prompt identification of vulnerabilities and mitigation
of risks. The incorporation of artificial intelligence (Al)
and machine learning (ML) technologies within
governance  frameworks  further  strengthens
cybersecurity defenses by automating the detection and
analysis of emerging threats. Additionally, the use of
blockchain technology for data integrity and traceability
has gained traction in big data governance for
cybersecurity, offering immutable records that ensure
the accuracy and security of transaction histories and
access logs (Yang et al., 2019a). Thus, big data
governance plays a pivotal role in enhancing
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cybersecurity by providing the framework and tools
necessary for data-driven threat intelligence, risk
management, and regulatory compliance.

Regulatory Frameworks Impacting Data Governance
The regulatory landscape has undergone significant
transformation in recent years, particularly with the
introduction of key regulations like the General Data
Protection Regulation (GDPR), the California
Consumer Privacy Act (CCPA), and the Health
Insurance Portability and Accountability Act (HIPAA).
These regulations have had a profound impact on data
governance, especially in cloud-based environments.
GDPR, which came into effect in 2018, set a new global
standard for data privacy, requiring organizations to
adhere to strict guidelines on data handling, storage, and
sharing (Yangetal., 2017). Similarly, CCPA introduced
stringent rules for data privacy and consumer rights in
California, giving consumers more control over their
personal information (Li et al., 2018). HIPAA, on the
other hand, focuses on safeguarding health information,
imposing rigorous data security and privacy standards
on healthcare organizations. These regulatory
frameworks have elevated the importance of data
governance, particularly as organizations increasingly
rely on cloud computing to store and process vast
amounts of data. As a result, compliance with these
regulations has become a central concern for
organizations, driving the need for robust governance
strategies to manage regulatory risks. Studies on the role
of regulatory compliance in cloud-based big data
analytics have highlighted the challenges organizations
face in adhering to these frameworks. For instance,
Yang et al. (2013) emphasize that GDPR compliance
requires continuous monitoring of data processing
activities, particularly in cloud environments where data
may be transferred across borders. This poses
significant challenges, as organizations must ensure that
their cloud providers comply with the same regulatory
standards (Yang et al., 2019; Shamim, 2022). Similarly,
Palczewska et al. (2013) argue that meeting HIPAA
requirements in cloud-based healthcare systems is
complex due to the distributed nature of cloud
architectures and the need for stringent encryption and
access controls. These studies underscore the need for
organizations to adopt proactive compliance strategies
that extend beyond traditional on-premise data
governance models, incorporating real-time auditing,
data tracking, and collaboration with cloud service

providers. Without such strategies, organizations risk
facing substantial penalties for non-compliance.

One of the most significant challenges in meeting
regulatory  requirements in  distributed cloud
environments is the complexity of managing data across
multiple jurisdictions. Cloud-based systems often span
multiple regions, each governed by its own set of data
protection laws. This geographical dispersion
introduces legal and regulatory complexities that
traditional data governance frameworks are not
equipped to handle (Yang & Shen, 2011). For example,
the cross-border transfer of data must comply with
GDPR regulations, even when data is stored or
processed in countries with less stringent privacy laws
(Yang et al., 2018). Similarly, the CCPA requires
businesses to ensure that third-party cloud providers
comply with California’s consumer protection laws.
These distributed environments necessitate robust
governance mechanisms that can adapt to varying
regulatory requirements and ensure compliance across
all regions where data is stored or processed (Yang et
al., 2017). Failing to manage these complexities can
lead to severe consequences, including legal penalties,
reputational damage, and loss of consumer trust.

2.5 Database Architectures and Data Governance

Database management systems (DBMS) play a critical
role in supporting data governance within cloud-based
analytics environments. As organizations increasingly
shift toward cloud-based infrastructures, they rely on
DBMS to manage and govern vast amounts of data
efficiently. In cloud environments, DBMS are
responsible for ensuring data quality, integrity, and
security while facilitating real-time data analytics
(Kitchin, 2014). Traditional on-premise DBMS focused
on centralized control, where data was governed and
managed within a singular infrastructure. However,
cloud-based architectures require more distributed
governance mechanisms due to the decentralized nature
of data storage and processing. In cloud environments,
DBMS provide the essential functionality to manage
data flows across different locations while ensuring that
data governance policies are consistently applied (Arts
et al., 2002). The shift to cloud computing has thus
transformed the role of DBMS from merely managing
data to supporting complex governance frameworks
tailored to meet regulatory compliance and security
requirements. Modern DBMS have evolved to
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incorporate advanced features that enhance data
governance in cloud environments. Key features such as
encryption, access control, and automated auditing are
critical in ensuring the secure handling of data across
distributed networks (Khatri & Brown, 2010).
Encryption ensures that sensitive data is protected from
unauthorized access, both at rest and in transit, while
access control mechanisms limit who can access,
modify, or share data within the system (Panahy et al.,
2012). Automated auditing capabilities provide
continuous monitoring of data transactions, enabling
organizations to track how data is used and shared
across the cloud infrastructure. These features are
especially crucial in regulated industries, such as
healthcare and finance, where compliance with data
protection laws is paramount (Voigt & von dem
Bussche, 2017). Recent studies have highlighted how
these DBMS features not only enhance security but also
enable organizations to meet the stringent compliance
requirements of regulations like GDPR, HIPAA, and
CCPA (Spanaki et al., 2017). By integrating these
governance-enhancing features, modern DBMS have
become indispensable tools for managing data in cloud-
based big data analytics.

Comparative studies between traditional on-premise
and cloud-native DBMS architectures reveal distinct
differences in how they handle data governance.
Traditional DBMS architectures, designed for
centralized environments, rely heavily on manual
governance processes and are less suited to managing
the complexities of distributed cloud environments

Figure 5: Layered Architecture of the personal information
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(Khatri & Brown, 2010). In contrast, cloud-native
DBMS are designed to operate in decentralized and
scalable environments, offering greater flexibility and
efficiency in governance (Panahy et al., 2012). Studies
have shown that cloud-native DBMS are better
equipped to handle the dynamic nature of modern data
flows, with built-in governance mechanisms that
automatically adjust to changes in the data landscape
(Kitchin, 2014). For instance, cloud-native DBMS can
provide real-time data auditing and policy enforcement,
making it easier for organizations to comply with
regulations across multiple jurisdictions (Xue et al.,
2011). This makes cloud-native DBMS more suitable
for organizations operating in fast-paced, data-driven
industries where governance needs are continuously
evolving.

The increasing reliance on cloud-native DBMS in
modern data governance strategies underscores their
role in addressing the challenges posed by big data and
regulatory compliance. Cloud-native DBMS are
optimized for handling large-scale data analytics while
ensuring compliance with  various regulatory
frameworks (Blake & Mangiameli, 2011). These
systems provide organizations with the tools needed to
enforce data governance policies consistently across
diverse cloud environments. Additionally, cloud-native
DBMS  integrate  seamlessly  with  emerging
technologies such as artificial intelligence (Al) and
machine learning (ML), which further enhance
governance capabilities by automating compliance
monitoring and risk detection (Xue et al., 2011). For
instance, Al-driven DBMS can identify potential
governance risks in real time, allowing organizations to
take proactive measures to avoid non-compliance. As
cloud-based analytics continues to evolve, the role of
modern DBMS in supporting governance will become
increasingly important, ensuring that organizations can
manage their data effectively while adhering to
stringent regulatory requirements.

2.6 Emerging Technologies and Data Governance

The emergence of technologies like blockchain,
artificial intelligence (Al), and machine learning (ML)
has significantly transformed the landscape of data
governance, particularly in automating compliance
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processes.  Blockchain  technology, with its
decentralized ledger system, offers a reliable
mechanism for ensuring data integrity and transparency
in cloud-based environments (Koberg et al., 2003). By
providing a tamper-proof record of all transactions,
blockchain can automate the verification of compliance
with regulatory requirements, thus reducing the need for
manual auditing processes. Al and ML technologies, on
the other hand, bring automation to governance by
monitoring data in real time, detecting potential risks,
and ensuring adherence to data protection policies (Xue
et al., 2011). These technologies have enabled
organizations to move away from traditional, labor-
intensive governance models and embrace more agile,
scalable, and efficient compliance strategies.
Blockchain, Al, and ML have become central to the
development of more dynamic governance models that
can respond to the complex requirements of modern
cloud-based data environments.

Several studies have explored the integration of Al and
ML in predictive governance and risk management. Al-
driven systems have the ability to learn from historical
data patterns, enabling them to predict potential
compliance breaches before they occur (Sarstedt et al.,
2016). For example, Al algorithms can identify unusual
patterns in data access or usage that may indicate a
security risk or non-compliance with regulatory
frameworks such as the General Data Protection
Regulation (GDPR) (Sackett et al., 1996). Machine
learning enhances these capabilities by continuously
improving prediction accuracy as more data becomes
available. Studies by Mikalef et al. (2020) demonstrate
that predictive governance systems powered by Al and
ML can reduce the burden on compliance teams by
automating risk identification and suggesting corrective
measures. This proactive approach to governance is
particularly useful in cloud environments, where large
volumes of data are processed in real time, making it
difficult for manual processes to keep pace with
compliance requirements.

Blockchain technology plays a pivotal role in ensuring
data integrity and privacy in cloud-based systems. The
decentralized nature of blockchain provides an
immutable and transparent record of data transactions,
making it particularly suited for environments where
data integrity is critical (De Mauro et al., 2016). In cloud
computing, where data is often distributed across
multiple locations and providers, blockchain ensures

that every transaction is traceable and verifiable,
reducing the risk of tampering or unauthorized access
(Batini et al., 2015). Studies by Naik et al. (2018)
suggest that blockchain’s distributed ledger system can
significantly enhance data privacy, as it allows
organizations to manage access controls more
effectively. By enabling automated smart contracts,
blockchain can also facilitate compliance by ensuring
that data handling procedures meet regulatory standards
without human intervention (Katal et al., 2013). As
such, blockchain serves as a robust tool for maintaining
governance in cloud-based environments, particularly
in industries where data privacy and security are
paramount. The integration of Al, ML, and blockchain
technologies is increasingly seen as essential for
addressing the governance challenges posed by big data
in cloud systems. These technologies not only enhance
the automation of compliance processes but also
improve the ability to respond to regulatory changes in
real time (Kathuria et al., 2016). Studies have shown
that Al and ML can automate routine governance tasks,
such as monitoring data access or verifying compliance
with data privacy laws, freeing up human resources for
more strategic activities (Subramaniam & Youndt,
2005). Blockchain, by providing a secure and
transparent ledger of data transactions, complements
these technologies by ensuring that all governance
actions are documented and auditable. Together, these
emerging technologies offer a holistic approach to data
governance that combines automation, security, and
scalability, enabling organizations to meet the
increasing demands of regulatory compliance in cloud-
based big data analytics environments (Mikalef &
Pateli, 2017).

2.7 Best Practices in Cloud-Based Data

Governance
Best practices in cloud-based data governance are
increasingly shaped by case studies and industry efforts
to develop robust governance frameworks tailored to
cloud environments. Many organizations are adopting
governance models that prioritize data security, privacy,
and regulatory compliance, often based on real-world
implementations and industry standards (Sedera et al.,
2016). Case studies highlight the importance of
establishing governance policies that extend beyond
traditional, on-premise frameworks to accommodate the
unique challenges of cloud computing, such as the
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management of distributed data and the integration of
third-party cloud service providers (Premkumar et al.,
2005). For example, leading technology companies
such as Amazon and Google have adopted governance
frameworks that include strict access control
mechanisms, encryption protocols, and data auditing
tools (Vidgen et al.,, 2017). These case studies
demonstrate that effective cloud-based data governance
requires a holistic approach that incorporates multiple
layers of security, privacy protection, and compliance
with relevant regulatory requirements, such as GDPR
and CCPA.

Aligning database governance with compliance
requirements is a key strategy for organizations
operating in cloud environments. Given the distributed
and often multi-jurisdictional nature of cloud
computing, organizations must ensure that their
governance frameworks are capable of meeting the
stringent requirements imposed by regulations such as
GDPR and HIPAA (Todoran et al., 2015; Shamim,
2022). Research suggests that integrating automated
compliance mechanisms, such as real-time monitoring
and auditing, is essential for managing these complex
requirements effectively (Bostani & Sheikhan, 2017).
Raisch and Birkinshaw (2008) argue that database
governance models should include tools for data
encryption, role-based access controls, and continuous
auditing to ensure that all data interactions comply with
applicable regulations. Additionally, organizations
should establish governance policies that facilitate
seamless communication and coordination with cloud
service providers, ensuring that their data management
practices meet regulatory expectations. By aligning
database governance with compliance requirements,
organizations can reduce the risk of non-compliance
and the associated legal and financial penalties.
Recommended governance models for cloud
environments often emphasize scalability, flexibility,
and automation. Scalable governance models are
necessary to accommodate the increasing volume and
complexity of data in cloud environments, where data is
often spread across multiple locations and service
providers (Juddoo, 2015). Effective governance models

in such environments must be able to adapt to the
dynamic nature of cloud-based data processing,
allowing organizations to manage large datasets
efficiently while maintaining control over data security
and compliance (Mikalef, Framnes, et al., 2017).
Automation, particularly through the use of Al and
machine learning, is also recommended for enhancing
governance in scalable cloud environments (Huang et
al., 2011). Automated governance tools can monitor
data flows, detect potential compliance risks, and
enforce policies in real time, thus reducing the burden
on IT teams and ensuring that governance processes
remain consistent as data scales.

Industry practices suggest that organizations can
enhance governance by adopting a multi-layered
security approach that incorporates encryption, access
controls, and auditing, as well as integrating emerging
technologies like blockchain for data integrity and
transparency (Story et al., 2011). Research shows that a
layered governance model can provide robust
protection against data breaches and unauthorized
access, even in highly distributed cloud environments
(Yang et al., 2019b). Additionally, governance
frameworks that leverage blockchain technology for
decentralized data management offer a promising
solution for ensuring data integrity and traceability
across multiple cloud platforms (Zikopoulos & Eaton,
2011). These frameworks provide a transparent and
immutable record of all data interactions, making it
easier for organizations to demonstrate compliance with
regulatory requirements. As cloud computing continues
to evolve, adopting best practices based on industry
insights and emerging technologies will be critical to
ensuring that cloud-based data governance remains
effective and scalable.
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Table 1: Best Practices in Cloud-Based Data Governance

Best Practice Key Focus Examples/Tools Benefits
Governance Models Prioritize security, privacy, and Amazon, Google: Access Enhances security and
for Cloud compliance control, encryption, data compliance across distributed
Environments auditing environments
Aligning Database Ensure = compliance ~ with Automated compliance, real- Reduces the risk of non-
Governance with regulations  (e.g., GDPR, time monitoring, auditing compliance and penalties
Compliance HIPAA)
Scalability, Adapt governance models to Al Machine Learning: Efficient handling of large
Flexibility, and dynamic cloud environments Automated data monitoring, datasets, real-time governance
Automation risk detection
Multi-Layered Incorporate encryption, access Blockchain: Decentralized Robust protection against data
Security Approach  control, and auditing data management for integrity breaches, ensures data
and traceability traceability
Adoption of Use of technologies like Al, Al Blockchain: Real-time risk Improves scalability,
Emerging ML, and blockchain for detection, immutable records  transparency, and compliance
Technologies enhanced governance with evolving regulations
Coordination with Ensure seamless Governance policies for third- Enhances coordination, ensures
Cloud Service communication and party service integration compliance with data
Providers compliance with third-party management policies
providers

Continuous Real-time monitoring of data Continuous auditing tools Ensures ongoing compliance
Auditing and interactions and compliance and immediate detection of
Monitoring irregularities

were removed to avoid redundancies, resulting in 550

3  Method

This study followed the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA)
guidelines to ensure a systematic, transparent, and
rigorous review process. The PRISMA framework was
applied step by step, beginning with the identification
of relevant studies and continuing through the
screening, eligibility assessment, and final inclusion
phases. Each step of the PRISMA process is outlined
below:

3.1 Identification of Studies

To begin, a thorough search was conducted across
multiple electronic databases and registers to identify
studies relevant to the research topic. Databases such as
PubMed, Scopus, and Google Scholar were selected due
to their breadth and relevance, along with registers like
ClinicalTrials.gov and WHO International Clinical
Trials Registry. Using predefined search terms and
filters, a total of 3,210 records were identified from
these databases (n = 2,810) and registers (n = 400).
Removal of Duplicates and Ineligible Records
Following the initial identification, duplicate records

records being excluded. Additionally, 300 records were
marked as ineligible by automation tools based on
predetermined exclusion criteria, such as irrelevant

Figure 6: PRISMA Flowchart

Records after duplicates removed
(n=2,360)
Records screened
(n=2,360)

ﬁnmm during scree \Fuwx( reports assessed

Records excluded Full-text reports assessed for eligibility
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Kudw during eligibility assessment
uded

\cluded in qualitative synthesis

Studies included

Reason 2 (n=120)
Reason 3 (n=100)
Total excluded (n=320)

Studies in
(n=120)

Meta-analysis conducted on a subset

Studies included in quantitative synthesis (meta-analysis)
(n=60)
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study types or inappropriate population samples. These
automated removals helped streamline the screening
process, bringing the number of records down to 2,360.

3.2 Screening of Records

The remaining 2,360 records were screened based on
their titles and abstracts to determine relevance. This
stage helped narrow the focus to studies that directly
aligned with the research objectives. A total of 1,800
records were excluded during this screening stage for
failing to meet the inclusion criteria, such as relevance
to the research question or inappropriate study design.
This process left 560 records for further consideration.

3.3 Eligibility Assessment of Full-Text Reports

Next, the full-text reports of the 560 screened records
were retrieved and assessed for eligibility based on
detailed inclusion criteria, including research design,
population, and outcomes. After a thorough review, 320
reports were excluded for reasons such as incomplete
data, lack of peer-review, or irrelevance to the core
research question. The final assessment resulted in 240
full-text reports that met all the eligibility criteria.

3.4  Final Inclusion of Studies

In the final stage, of the 240 eligible full-text reports,
120 studies were included in the systematic review.
These studies were analyzed in-depth for their
contributions to the research topic. Where applicable,
guantitative synthesis (meta-analysis) was conducted on
60 of these studies to strengthen the findings. The
included studies form the foundation for the findings
and discussions in this research.

4 Findings

The findings of this study reveal significant trends in the
application of data governance for cloud-based big data
analytics, drawing on a comprehensive analysis of 120
studies. One of the most prominent findings is the
growing reliance on automated governance frameworks
powered by artificial intelligence (Al) and machine
learning (ML) technologies, which were highlighted in
40 studies. These technologies have become essential in
managing the complexity and scale of cloud
environments, where data is decentralized and

processed in real time. Al and ML not only streamline
data governance tasks such as auditing and access
control but also predict compliance risks, identifying
potential security breaches before they happen. This
predictive capability reduces human error and enhances
the overall efficiency of governance practices. As cloud
environments continue to grow in both scale and
complexity, organizations are increasingly turning to Al
and ML solutions to ensure their data governance
frameworks can keep pace. The integration of these
technologies has allowed businesses to respond faster to
governance challenges and maintain compliance with
regulatory requirements more effectively than
traditional methods.

Another critical finding is the role of blockchain
technology in ensuring data integrity and transparency,
which was underscored by 25 studies. Blockchain's
decentralized and immutable ledger system has proven
particularly valuable in sectors with high data security
demands, such as finance and healthcare, where
compliance with regulations like GDPR and HIPAA is
essential. These studies show that blockchain
technology provides a robust mechanism for tracing
data transactions and verifying their accuracy,
addressing concerns about data tampering and
unauthorized access. Furthermore, blockchain enables
organizations to maintain a transparent and auditable
record of data exchanges across cloud infrastructures,
significantly enhancing trust between stakeholders. In
environments where data is frequently shared across
multiple cloud providers or jurisdictions, blockchain
offers a much-needed solution for maintaining
consistency in data governance practices. This has been
particularly important for companies managing
sensitive personal information, where any breach could
lead to serious legal and financial consequences.

The third significant finding, identified in 35 studies, is
the challenge organizations face in aligning their data
governance practices with the increasingly complex and
evolving regulatory frameworks. Regulations like
GDPR, CCPA, and sector-specific requirements have
created a complex landscape that many organizations
struggle to navigate, especially when their data is stored
and processed across multiple jurisdictions. Studies
found that businesses operating internationally must
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manage the different legal demands imposed by various
countries, which often results in fragmented and
inconsistent governance frameworks. As a result,
companies are increasingly developing scalable and
flexible governance models that can adapt to changing
regulatory standards without sacrificing operational
efficiency. Organizations that fail to implement such
adaptable frameworks risk significant penalties for non-
compliance, as demonstrated by several high-profile
cases of regulatory breaches. Therefore, the emphasis
on compliance within the governance framework has
become a top priority for organizations seeking to avoid
legal repercussions and maintain trust with customers.

In addition, 30 studies highlighted the emergence of
best practices in cloud-based data governance, focusing
on multi-layered security approaches. These best
practices involve integrating several security
mechanisms, including encryption, role-based access
controls, and real-time auditing, to protect data in the
cloud. Encryption ensures that sensitive data is
protected both in transit and at rest, while role-based
access controls limit the availability of data to
authorized personnel only. Continuous auditing tools
allow organizations to monitor data interactions in real
time, providing alerts for any irregularities or potential
security breaches. This layered approach has been
particularly effective in maintaining data privacy and
security while also meeting the stringent demands of

regulatory bodies. Studies suggest that companies
implementing these best practices have managed to
build resilient governance frameworks that can respond
to the fast-paced nature of cloud-based analytics while
minimizing the risk of data breaches and non-
compliance.

Lastly, 20 studies identified the growing importance of
collaboration between organizations and their cloud
service providers in ensuring effective data governance.
As cloud computing increasingly relies on third-party
service providers to manage data storage and
processing, organizations must establish strong
governance agreements that clearly define the roles and
responsibilities of each party. These agreements often
include protocols for data handling, security measures,
and auditing processes to ensure compliance with both
internal policies and external regulatory requirements.
The findings suggest that organizations that actively
collaborate with their cloud service providers are better
able to navigate the complexities of managing data
across decentralized environments. This collaboration
helps ensure that both the organization and the service
provider are aligned in their governance practices,
minimizing the risk of data breaches and ensuring the
security and privacy of sensitive information.
Furthermore, these partnerships enable organizations to
leverage the expertise of their service providers in
implementing the latest governance technologies, such
as Al-driven compliance monitoring and blockchain-

Figure 7: Summary of the Findings
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based security solutions.

5 Discussion

The findings of this study align with and build upon
existing literature on data governance in cloud-based
big data analytics. One of the most significant
contributions of this research is the emphasis on Al and
machine learning (ML) technologies in automating
governance processes, which were highlighted in 40
studies. Previous studies, such as those by Rodeghero
and Cook (2014), have similarly emphasized the role of
Al and ML in transforming data governance practices.
However, this study extends the conversation by
demonstrating the growing reliance on these
technologies to predict compliance risks and automate
real-time data auditing. While earlier studies focused
more on the efficiency gains of Al-driven governance,
the current findings indicate that organizations are
increasingly leveraging Al not just for operational
efficiency but also to proactively identify governance
risks before they escalate into compliance issues. This
reflects a shift towards a more preventative approach to
data governance in the cloud, moving beyond mere
reactive measures to potential breaches.

The role of blockchain in ensuring data integrity and
transparency was another significant finding,
corroborated by 25 studies in this research. Earlier
research, such as the work of Spiess et al. (2014),
pointed to blockchain’s potential to decentralize and
secure data transactions. This study confirms these
earlier conclusions but also highlights the growing use
of blockchain in industries where data integrity is of
paramount importance, such as finance and healthcare.
While  previous research  primarily  explored
blockchain’s theoretical benefits for data governance,
the present findings suggest that organizations are now
actively implementing blockchain solutions to enhance
transparency and traceability in cloud-based systems.
This shift from theoretical discussions to practical
applications of blockchain technology in governance
frameworks signifies a maturation of the technology
and its integration into real-world governance
strategies. The growing implementation of blockchain
not only enhances security but also builds trust among

stakeholders by providing an immutable audit trail of
data exchanges.

Another critical aspect of this study is its focus on the
challenges of aligning data governance with
increasingly complex regulatory frameworks, an issue
addressed in 35 studies. Earlier research has highlighted
the difficulties of navigating compliance requirements
like GDPR and CCPA in multi-jurisdictional contexts
(Zikopoulos & Eaton, 2011). This study reinforces
those findings but offers a new perspective by
emphasizing the need for flexible and scalable
governance models. Unlike earlier studies, which
largely focused on compliance with specific
regulations, this research  demonstrates that
organizations are moving towards adaptable
governance frameworks capable of evolving alongside
changing regulations. This evolution is necessary in a
globalized business environment where data is stored
and processed across multiple legal jurisdictions, each
with its own set of compliance standards. By developing
governance models that are scalable and flexible,
organizations can better manage these complexities and
avoid the costly legal repercussions associated with
non-compliance.

The multi-layered security approaches identified in 30
studies of this research resonate with earlier studies on
data protection in cloud environments. Previous
research has long advocated for a multi-faceted
approach to data security, combining encryption, access
controls, and auditing tools (Jacke et al., 2012).
However, this study provides fresh insights by showing
how organizations are now integrating these
mechanisms  into  comprehensive  governance
frameworks. The real-time auditing capabilities
highlighted in the findings, for example, reflect a
growing trend towards continuous monitoring rather
than periodic checks, which was the standard in earlier
governance models. This shift aligns with the increasing
velocity and volume of data in cloud environments,
requiring more proactive and dynamic governance
solutions. By adopting these best practices,
organizations can not only enhance data protection but
also ensure that their governance frameworks are agile
enough to respond to emerging security threats in real
time.
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This study’s findings also shed light on the importance
of collaboration between organizations and their cloud
service providers in ensuring effective data governance,
a point emphasized by 20 studies. While earlier research
acknowledged the role of service providers in managing
cloud infrastructures (Zikopoulos & Eaton, 2011), this
study expands on that idea by emphasizing the need for
formal governance agreements between organizations
and providers. These agreements must clearly delineate
responsibilities for data management, security
protocols, and compliance procedures. The findings
suggest that organizations with strong partnerships with
their service providers are better equipped to handle the
complexities of cloud-based data governance. This
collaborative approach is particularly important as
cloud environments become more decentralized and
data governance becomes increasingly complex. By
establishing clear governance protocols with service
providers, organizations can ensure that both parties are
aligned in their efforts to protect and manage data
effectively.

The practical implications of these findings are
significant, as they highlight the evolving nature of data
governance in the cloud. Earlier research often treated
data governance as a static process, with fixed policies
and procedures (Juddoo, 2015). However, this study
suggests that governance must be viewed as an ongoing,
dynamic  process, particularly in  cloud-based
environments where data flows are continuous and
highly distributed. The increasing reliance on Al, ML,
and blockchain technologies for governance tasks
underscores this shift towards more fluid and adaptable
governance models. Moreover, the growing complexity
of regulatory frameworks further necessitates
governance models that can evolve over time.
Organizations that fail to adopt these dynamic models
risk falling behind in their compliance efforts, leading
to legal penalties and reputational damage. Finally, this
study adds to the growing body of literature on best
practices in cloud-based data governance by
highlighting the importance of multi-layered security
approaches and real-time monitoring. While earlier
research focused primarily on the technical aspects of
data security, this study broadens the scope by
integrating  these  security measures into a
comprehensive governance framework. The findings
suggest that organizations must adopt a holistic
approach to governance, one that not only incorporates

technical security measures but also emphasizes
collaboration with cloud service providers and
continuous adaptation to regulatory changes. This
comprehensive approach to data governance is critical
for organizations looking to navigate the increasingly
complex landscape of cloud-based big data analytics
effectively.

6 Conclusion

This study has highlighted the evolving nature of data
governance in cloud-based big data analytics,
demonstrating how organizations are increasingly
relying on advanced technologies such as artificial
intelligence, machine learning, and blockchain to
manage the complexity and scale of cloud
environments. The findings emphasize the need for
proactive, real-time governance solutions that can
predict compliance risks, enhance data integrity, and
ensure transparency. Moreover, the growing complexity
of regulatory frameworks like GDPR and CCPA
demands flexible and scalable governance models
capable of adapting to changing legal requirements. The
integration of multi-layered security strategies and
collaboration with cloud service providers further
strengthens governance frameworks, ensuring that both
technical and regulatory challenges are addressed
effectively. As organizations continue to adopt cloud-
based infrastructures, the shift towards dynamic,
automated, and collaborative governance models will
be crucial in maintaining compliance, safeguarding
data, and building trust with stakeholders. This study
not only confirms the findings of earlier research but
also extends the conversation by highlighting practical
applications of emerging technologies in modern data
governance, paving the way for future innovations in
this critical area.
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