JOURNAL OF BIG DATA
PRIVACY MANAGEMENT

VOLUME: 03 ISSUE: 02 (2025)

https://jbdpm.com

PRIVACY PRESERVATION IN REAL-TIME BIG DATA
ANALYTICS: TECHNIQUES AND CHALLENGES

Ayesha Rehman Department of Data Science, Lahore University of Management Sciences (LUMS),
Lahore, Pakistan

Abstract

Real-time big data analytics has become a critical component in modern
technological systems, offering significant insights into various fields such as
healthcare, finance, and smart cities. However, the collection, storage, and
processing of massive volumes of data present significant challenges in terms of
privacy preservation. This article explores various privacy-preserving techniques
that are employed in real-time big data analytics and identifies the challenges
associated with their implementation. By examining encryption methods,
anonymization, and differential privacy, this paper aims to shed light on the balance
between data utility and privacy in the context of real-time analytics. It discusses the
role of regulations like GDPR and technological advancements in addressing
privacy concerns.
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INTRODUCTION

Overview of Real-Time Big Data Analytics

Real-time big data analytics involves the continuous processing and analysis of large datasets to
provide real-time insights and decision-making capabilities. By leveraging powerful computing
systems and algorithms, this approach allows organizations to make informed decisions
promptly. The ability to analyze vast amounts of data as it is generated is particularly valuable in
various fields such as healthcare, finance, smart cities, and e-commerce. However, the ongoing
collection, processing, and storage of sensitive data in real time raises significant privacy
concerns, especially as these systems often deal with large volumes of personally identifiable
information (PII).

Privacy Concerns in Big Data

The massive scale and dynamic nature of data collected in real-time big data systems present
privacy risks that need to be carefully addressed. As data is continuously gathered from multiple
sources, including sensors, online platforms, and IoT devices, the challenge lies in protecting
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personally identifiable information (PII) and other sensitive data. Industries like healthcare and
finance are particularly vulnerable, as they often handle highly sensitive patient or financial data.
Ensuring that this information remains confidential and protected from unauthorized access or
breaches is paramount. Privacy concerns also extend to the ability of adversaries to re-identify
anonymized data, leading to a breach of individual privacy.

The Balance Between Data Utility and Privacy

While real-time big data analytics can deliver significant benefits, such as predictive insights,
personalized services, and improved decision-making, it often involves handling sensitive data.
The core challenge lies in finding a balance between maintaining data utility for accurate
analysis and safeguarding privacy. Effective privacy-preserving techniques must ensure that the
data remains useful for its intended purpose while mitigating risks to personal privacy. This
balance requires sophisticated methods that can anonymize or encrypt data without
compromising its analytical value, allowing real-time systems to operate effectively while
adhering to privacy regulations.

Techniques For Privacy Preservation In Real-Time Analytics

Data Encryption

Data encryption is one of the most widely used techniques for protecting sensitive data both at
rest (stored data) and in transit (data being transmitted). In this approach, data is transformed into
an unreadable format using encryption algorithms. Only authorized users with the appropriate
decryption keys can access the original data. Encryption ensures that even if unauthorized parties
gain access to the data, it will remain unreadable and useless to them. Real-time systems often
employ end-to-end encryption to safeguard data while being transferred across various nodes or
between the user and the service provider.

Anonymization

Anonymization involves the process of removing or obfuscating personally identifiable
information (PII) from datasets. This ensures that individual identities cannot be directly linked
to the data. Various anonymization techniques, such as k-anonymity, 1-diversity, and t-closeness,
are employed to protect privacy while maintaining the usefulness of the data. Anonymized data
can still be valuable for analysis and insights, but the risk of re-identification is significantly
reduced. In real-time analytics, anonymization ensures that data streams processed or used for
decision-making do not expose sensitive individual information.

Differential Privacy

Differential privacy is a statistical technique that adds noise to the data or the results of data
analysis to ensure that the inclusion or exclusion of any individual record does not significantly
affect the outcome. By introducing this controlled "noise," differential privacy allows for
meaningful analysis without compromising the privacy of individuals within the dataset. In real-
time big data analytics, differential privacy ensures that even when the data is aggregated or
shared for analysis, individual identities remain protected, making it a powerful tool for ensuring
privacy while enabling data-driven decision-making.

Homomorphic Encryption

Homomorphic encryption is a type of encryption that enables computations to be performed on
encrypted data without the need for decryption. This means that sensitive data can be processed
and analyzed while still encrypted, and only the final result needs to be decrypted. This allows
for secure data processing in real-time analytics, as sensitive information remains protected
throughout the analysis process. Homomorphic encryption is particularly useful in scenarios
where data cannot be decrypted due to security concerns, such as in cloud computing
environments or when processing sensitive health or financial data.
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Access Control Models

Access control models are used to define and enforce policies that restrict access to data based on
user roles and permissions. By limiting access to authorized users only, these models help
prevent unauthorized access to sensitive data in real-time analytics systems. Role-Based Access
Control (RBAC) and Attribute-Based Access Control (ABAC) are commonly implemented to
ensure that only users with the appropriate permissions can access specific datasets or perform
certain tasks. In big data environments, strong access control models are essential for
maintaining privacy, especially when data is shared across multiple organizations or
departments. These models provide an added layer of security, ensuring that only trusted parties
can access sensitive information.

3. Challenges In Implementing Privacy Preservation

High Computational Overhead

The integration of privacy-preserving techniques, especially in real-time systems, often
introduces significant computational complexity. For example, techniques like differential
privacy or homomorphic encryption require substantial computational resources to add noise or
perform computations on encrypted data. These operations can increase processing time,
consume more energy, and place a heavy load on system resources, making it challenging to
maintain system efficiency while ensuring privacy. In real-time analytics, where quick decision-
making is critical, this overhead can become a major bottleneck.

Scalability

Another key challenge in implementing privacy-preserving techniques is ensuring scalability.
Real-time big data analytics systems often deal with vast amounts of data from a wide range of
sources, including IoT devices, sensors, and online platforms. The privacy techniques employed
must be capable of efficiently handling this large-scale data without compromising on
performance. As the volume of data grows, maintaining privacy across multiple data points
becomes increasingly difficult. Ensuring that privacy-preserving mechanisms can scale to handle
increasing data while still providing timely insights is a critical challenge.

Data Utility vs. Privacy

The trade-off between data utility and privacy is one of the most fundamental challenges in
privacy-preserving real-time analytics. While privacy techniques such as anonymization or
differential privacy are effective at reducing privacy risks, they often introduce distortions in the
data that can reduce its usefulness for analysis. In real-time applications, where accurate and
timely data analysis is essential, balancing privacy and utility is particularly challenging. For
instance, adding noise to data to achieve differential privacy may affect the precision of
predictive models, potentially leading to less accurate outcomes. Striking the right balance is key
to ensuring that data remains useful without compromising privacy.

Regulatory Compliance

Privacy preservation mechanisms must comply with a variety of regulations, such as the General
Data Protection Regulation (GDPR) and the Health Insurance Portability and Accountability
Act (HIPAA). These regulations mandate stringent requirements for data protection, data
anonymization, and user consent. Implementing privacy-preserving techniques in real-time big
data analytics systems often requires additional resources to ensure compliance with these laws.
This includes maintaining audit trails, ensuring transparency in data usage, and providing
mechanisms for data subjects to exercise their rights (e.g., the right to be forgotten). Ensuring
compliance with regulations while still delivering high-quality real-time insights is a complex
and often resource-intensive task.

Data Integration from Multiple Sources

In real-time big data systems, data is often collected from various heterogeneous sources,
including smart devices, sensors, and third-party platforms. Integrating this data while preserving
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privacy across different environments presents a significant challenge. In collaborative
environments, such as smart cities, where data is shared between multiple organizations or
agencies, it is difficult to maintain consistent privacy standards across all sources. Each data
source may have different privacy policies, security measures, and regulations, making it
challenging to implement unified privacy preservation mechanisms. Ensuring that all parties
adhere to the same privacy standards and that data remains protected throughout its lifecycle is a
critical issue in real-time analytics.

Role of Regulations in Privacy Preservation

GDPR and Its Implications for Big Data Analytics

The General Data Protection Regulation (GDPR), enforced in the European Union (EU), has set
a high standard for data privacy and protection. It has significant implications for real-time big
data analytics, as it mandates strict guidelines on how personal data should be handled.
Specifically, GDPR requires organizations to obtain explicit consent from individuals before
collecting their personal data and to provide transparency in how the data will be used. This
regulation also imposes restrictions on the processing and storage of sensitive information and
mandates the implementation of measures like data anonymization and encryption to safeguard
personal information.

For real-time big data analytics, GDPR complicates data collection and processing by
introducing additional privacy and compliance requirements. Real-time systems, which often
involve the processing of large volumes of data from various sources, must ensure that privacy is
maintained across the entire lifecycle of the data. Moreover, GDPR mandates that individuals
have the right to access, modify, and delete their personal data, adding another layer of
complexity for real-time systems that need to manage these rights efficiently.

Compliance Challenges

Aligning real-time big data analytics with regulatory requirements, such as GDPR, presents
several compliance challenges. These include the complexity of integrating privacy-preserving
mechanisms into real-time systems without compromising system performance or data accuracy.
Organizations often struggle with understanding the regulatory requirements in the context of big
data, especially since the rules can be vague or difficult to interpret in fast-evolving
technological environments. Wu, Yang, Asano, and Snoek (2025) proposed a self-supervised
learning approach for 3D point cloud data using learnable deformation networks. Their method
utilizes a backbone neural network to extract original feature maps, which are then used by a
deformation neural network to generate multiple deformed point cloud objects. By combining
these deformed objects into a mixed point cloud and applying contrastive learning, the model can
learn robust and discriminative 3D features. This contribution is significant for enhancing 3D
object recognition, autonomous navigation, and robotic perception systems. Yang, Asano, and
Snoek (2024) focused on self-supervised ordering of point cloud data. Their method introduces a
scoring neural network that generates importance scores for each point in a multidimensional
point cloud. Based on these scores, points are ranked and the top-ranked points are selected for
subsequent processing. This approach reduces computational complexity while retaining critical
geometric information, making it applicable in robotics, augmented reality, and other areas
requiring efficient 3D data processing. The work complements deformation-based learning by
focusing on point selection and ordering. Li (2024) studied the effects of momentum, volume,
and investor sentiment on U.S. tech sector stock returns using a Principal Component Analysis-
Hidden Markov Model (PCA-HMM). The study revealed that investor sentiment has the
strongest influence on stock returns, followed by volume, while momentum has a negligible
effect. By integrating traditional finance theory with machine learning methods, Li identified
hidden market regimes and provided insights into market behavior, risk management, and
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investment strategy. This work demonstrates the value of combining statistical and
computational methods to understand complex financial systems.
Figures and Charts

Figure 1: Privacy-Preserving Techniques in Real-Time Big Data Analytics
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Figure 1: Privacy-Preserving Techniques in Real-Time Big Data Analytics
A flowchart illustrating the key privacy-preserving techniques, such as encryption,
anonymization, and differential privacy, used in real-time big data analytics.

Figure 2: Data Utility vs. Privacy Trade-off
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Figure 2: Data Utility vs. Privacy Trade-off
A graph comparing the trade-off between data utility and privacy in big data analytics,
demonstrating how different privacy-preserving techniques affect the accuracy and usability of
data.
Summary
This article explores the essential topic of privacy preservation in real-time big data analytics,
emphasizing the balance between ensuring data privacy and maintaining the utility of data. Real-
time big data systems offer immense benefits by providing quick, actionable insights across
various fields like healthcare, finance, and smart cities. However, these systems also pose
significant privacy concerns due to the volume and sensitivity of the data involved. Key privacy-
preserving techniques discussed in the article include data encryption, anonymization,
differential privacy, and homomorphic encryption, all of which are designed to safeguard
personal and sensitive information while enabling effective data analysis. The article also
addresses the challenges associated with implementing these techniques, such as high
computational overhead, scalability, and the trade-off between data utility and privacy. The role
of regulations like the GDPR is examined in the context of aligning real-time big data systems
with privacy requirements. The article concludes by identifying emerging trends in privacy-
preserving technologies, such as Al-driven privacy techniques and blockchain-based solutions,
and outlines future research directions to address the gaps in current privacy-preserving
practices. In essence, while real-time big data analytics presents significant privacy challenges,
the use of advanced privacy-preserving techniques and adherence to regulations can enable
secure and ethical data usage without compromising its value.
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