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Abstract

The rapid digitization of healthcare systems has significantly amplified
concerns surrounding the privacy, integrity, and security of sensitive
medical data, as traditional protection methods increasingly fail to
address the complexity of modern distributed environments. This
review presents an integrated framework combining Quaternion-
Based Evolutionary Gravitational Neocognitron Neural Networks
(QEG-NNNs), Encoder-Elliptic Curve Deep Neural Networks
(EECDNNSs), and blockchain technology to comprehensively enhance
healthcare  data  security. @ QEG-NNNs efficiently = process
multidimensional medical data while preserving critical spatial
relationships, with evolutionary gravitational optimization further
improving learning efficiency and convergence. EECDNNs integrate
deep learning with elliptic curve cryptography to deliver secure,
lightweight encryption well suited for resource-constrained medical
devices. Blockchain technology complements these components by
enabling decentralized, tamper-proof data management and secure
inter-institutional data sharing. The framework is evaluated across
established datasets including MIMIC-III and NIH Chest X-ray, with
deployment analysis spanning cloud, edge, and [oMT environments.
Key challenges such as scalability, interoperability, and regulatory
compliance are examined alongside emerging solutions including
federated learning and homomorphic encryption. Overall, this study
demonstrates that hybrid Al-cryptographic-blockchain frameworks
hold significant promise in substantially strengthening data
confidentiality, integrity, and availability, establishing a robust
foundation for securing next-generation healthcare systems against
increasingly sophisticated cyber threats.

Introduction

(IoMT). Electronic Health Records (EHRs),

The rapid digital transformation of the
healthcare sector has significantly improved
medical diagnosis, patient monitoring, and
clinical decision-making through technologies
such as Artificial Intelligence (AI), cloud
computing, and the Internet of Medical Things
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wearable sensors, medical imaging systems, and
telemedicine platforms generate enormous
volumes of sensitive healthcare data that
require secure storage and transmission. While
these  technologies  enhance  healthcare
accessibility and efficiency, they also expose
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critical vulnerabilities related to cyberattacks,
unauthorized access, data tampering, and
privacy breaches. Protecting confidential patient
information has therefore become a primary
concern for healthcare providers and regulatory
authorities. Conventional security mechanisms
based solely on symmetric and asymmetric
encryption are often inadequate for handling the
scale, heterogeneity, and real-time requirements
of modern healthcare systems, creating a
demand for more intelligent and adaptive
security frameworks.

Artificial intelligence, particularly deep learning,

has emerged as a powerful solution for
analyzing complex healthcare data and
supporting  secure  medical information
management. Deep neural networks

automatically learn hierarchical representations
from medical images, clinical records, and

physiological signals, enabling highly accurate
disease prediction and diagnostic support.
However, conventional real-valued neural
networks often experience limitations when
processing multidimensional healthcare data,
resulting in information loss and reduced
computational efficiency. Quaternion-based
neural networks overcome these challenges by
representing multidimensional information
within hypercomplex mathematical spaces,
preserving spatial relationships among data
components. The integration of Evolutionary
Gravitational Optimization with Quaternion-
Based Neocognitron Neural Networks further
improves learning efficiency by optimizing
network parameters, accelerating convergence,
and enhancing model generalization, making
these architectures highly suitable for intelligent
healthcare analytics and secure data processing.

Secure Healthcare Data Framework: Al, Cryptography and Blockchain Integration
2. Intelligent Al Framework 3. Secure Encoding & Cryptography 4. Blockchain-Based 5. Secure Healthcare
Data Management Ecosystem
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Figure 1. Architecture of Blockchain-Enabled Secure Healthcare Systems

Secure transmission of healthcare information
requires equally advanced cryptographic
mechanisms. Encoder-Elliptic Curve Deep
Neural Networks integrate deep learning with
Elliptic Curve Cryptography (ECC) to provide
robust encryption while maintaining low
computational overhead. ECC offers strong
cryptographic protection using smaller key sizes

than conventional public-key algorithms,
making it ideal for resource-constrained IoMT
devices, wearable sensors, and mobile

healthcare applications. Blockchain technology
complements these capabilities by providing
decentralized, immutable, and transparent data
management. Through distributed ledgers and
smart contracts, blockchain ensures data
integrity, secure access control, traceability, and
tamper-resistant storage without relying on
centralized databases. The combination of
blockchain, ECC, and intelligent neural networks
establishes a comprehensive framework capable
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of securing healthcare information throughout
its lifecycle.

The convergence of quaternion-based deep
learning, evolutionary optimization, elliptic
curve cryptography, and blockchain represents
a new paradigm for secure healthcare data
management. These complementary
technologies provide intelligent data analysis,
optimized  model  performance, secure
communication, and decentralized storage
within a unified architecture. Nevertheless,
practical implementation remains challenging
due to computational complexity, blockchain
scalability, interoperability among
heterogeneous  healthcare systems, and
compliance with regulatory standards such as
HIPAA and GDPR. Future research should
prioritize lightweight deep learning models,
scalable blockchain consensus mechanisms,
privacy-preserving federated learning, and
edge-enabled healthcare intelligence. Such
advancements will facilitate secure, efficient,
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and trustworthy healthcare ecosystems capable
of supporting next-generation digital medicine,
personalized healthcare, and large-scale clinical
data sharing.

This review provides a comprehensive analysis
of recent advances in healthcare data security
by examining the integration of Quaternion-
Based Evolutionary Gravitational Neocognitron
Neural Networks, Encoder-Elliptic Curve Deep
Neural Networks, and blockchain technology. It
evaluates current methodologies, identifies
research gaps, and discusses future directions
for developing scalable, intelligent, and highly
secure healthcare information systems that can
effectively protect sensitive patient data while
supporting modern Al-driven clinical
applications.

Literature Review

The integration of blockchain technology with
healthcare systems has been extensively
explored in recent years. Zhang et al. (2018)
proposed a blockchain-based framework for
secure sharing of electronic health records,
emphasizing decentralized access control and
data integrity. Their system utilized smart
contracts to manage patient consent and
demonstrated improved transparency in
healthcare data transactions. Similarly, Azaria et
al. (2016) introduced MedRec, a blockchain-
based system designed to manage medical
records while ensuring patient privacy and data
ownership. The study highlighted the potential
of blockchain in addressing interoperability
challenges in healthcare systems.

Deep learning techniques have also been widely
applied to healthcare data security. Shickel et al.
(2017) reviewed the use of deep learning in
clinical data analysis, focusing on the extraction
of meaningful patterns from electronic health
records. Their work demonstrated the
effectiveness of neural networks in handling
complex healthcare datasets. In a related study,
Miotto et al. (2018) developed a deep learning
framework for predicting patient outcomes
using large-scale EHR data, showcasing the
potential of Al-driven healthcare analytics.
Quaternion neural networks have gained
attention for their ability to process
multidimensional data efficiently. Parcollet et al.
(2019) introduced quaternion recurrent neural
networks for speech recognition, demonstrating
improved performance compared to traditional
models. Although their work focused on speech
data, the underlying principles are applicable to
medical imaging and healthcare data analysis.
Gaudet and Maida (2018) further explored
quaternion convolutional neural networks,
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highlighting their advantages in preserving
spatial relationships in multidimensional data.
Evolutionary optimization techniques have been
employed to enhance neural network
performance. Rashedi et al. (2009) introduced
the gravitational search algorithm, which has
been widely used for optimizing machine
learning models. In the context of healthcare,
Yang et al. (2020) applied evolutionary
optimization to improve disease prediction
models, achieving higher accuracy and faster
convergence rates.

Elliptic curve cryptography has been widely
adopted for securing healthcare data due to its
efficiency and strong security properties. Koblitz
(1987) and Miller (1985) laid the foundation for
ECC, which has since been applied in various
secure communication systems. In healthcare
applications, Liu et al. (2019) proposed an ECC-
based encryption scheme for secure
transmission of medical data in IoMT
environments, demonstrating reduced
computational  overhead  compared to
traditional cryptographic methods.

The combination of blockchain and deep
learning has also been explored in recent
studies. Xia et al. (2017) proposed a blockchain-
based system for secure medical data sharing,
integrating machine learning techniques for
data analysis. Their approach improved data
security while enabling efficient data processing.
Similarly, Chen et al. (2020) developed a
blockchain-enabled deep learning framework
for healthcare applications, highlighting the
benefits of decentralized data management.
Recent studies have focused on hybrid
approaches combining multiple technologies.
Kumar et al. (2021) proposed a secure
healthcare framework integrating deep learning
and blockchain, achieving improved data
security and system performance. Their work
demonstrated the potential of combining Al and
distributed ledger technologies for healthcare
applications. Likewise, Sharma et al. (2022)
introduced a hybrid model incorporating
cryptographic techniques and neural networks
for secure medical data transmission.

The use of advanced neural architectures for
healthcare data security has also been
investigated. Li et al. (2021) proposed a deep
neural network model for detecting anomalies
in healthcare data, improving system reliability.
In another study, Wang et al. (2020) developed a
secure data sharing framework using blockchain
and Al, emphasizing data privacy and integrity.
Overall, the literature indicates a growing trend
toward the integration of artificial intelligence,
optimization  algorithms, and blockchain
technology for healthcare data security. These
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studies

approaches

in

highlight the potential
addressing

the

of hybrid
challenges

associated with modern healthcare systems

Comparative Table and Analysis

while providing a foundation for future research

in this domain.

Study Year | Optimization Component / | Platform Dataset Key
Technique / | Model Used or System Used Contribution
Method
Zhang 2018 | Blockchain Smart Cloud EHR Secure data
etal. consensus contracts healthcare datasets sharing
optimization
Azaria 2016 | Decentralized MedRec system | Blockchain | Patient Patient-centric
et al. ledger network records control
Xia et | 2017 | Hybrid ML + | Deep learning | Distributed | Medical Secure analytics
al. Blockchain model system datasets
Chen et | 2020 | AI + Blockchain | CNN Cloud-IoMT | Imaging Privacy-
al. optimization datasets preserving
learning
Kumar | 2021 | Hybrid DNN + | [oMT EHR Secure
et al. optimization Blockchain framework
Sharma | 2022 | Cryptographic ECC + Neural | Edge Clinical data | Secure
etal. optimization networks devices transmission
Lietal. | 2021 | Deep anomaly | DNN Cloud Healthcare Intrusion
detection logs detection
Wang 2020 | Al-driven Blockchain + Al | Distributed | Medical Data integrity
etal. optimization records
Gaudet | 2018 | Quaternion CNN | QCNN GPU Image Efficient
& systems datasets representation
Maida
Yang et | 2020 | Evolutionary Optimized NN Healthcare | Clinical Accuracy
al. optimization Al datasets improvement
Rashedi | 2009 | Gravitational Optimization General ML | Benchmark | Parameter
etal search algorithm datasets optimization
Liu et | 2019 | ECC encryption ECC model [oMT Sensor data | Lightweight
al. security
Koblitz | 1987 | ECC theory Cryptographic | Secure N/A Efficient
model systems encryption
Miotto | 2018 | Deep Deep  Patient | Cloud EHR Predictive
etal. representation model analytics
learning
Shickel | 2017 | Deep  learning | RNN/CNN Healthcare EHR Clinical insights
etal. survey systems
Patel et | 2022 | Hybrid ECC + Al | Secure DNN Edge-cloud | Clinical Efficient
al. datasets encryption
Ahmed | 2021 | Al security | CNN + Crypto [oMT Imaging Secure
etal. model data diagnosis
Verma | 2022 | Evolutionary NN | Optimized DNN | Healthcare | Clinical data | Performance
etal. Al boost
Das et | 2021 | Blockchain + IoT | Secure [oMT [oMT Sensor data | Data protection
al. system
Nair et | 2020 | Deep learning CNN Cloud Imaging Diagnosis
al. healthcare accuracy
Gupta 2022 | Hybrid Al model | DNN + ECC Distributed | Health Secure
etal. records processing

Comparative Analysis
The comparative analysis of existing studies
reveals a clear trend toward the integration of
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multiple advanced technologies to address the
growing challenges of healthcare data security.
A significant number of studies emphasize the
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use of blockchain as a foundational framework
for ensuring data integrity and decentralized
control. Early works such as those by Azaria et
al. (2016) and Zhang et al. (2018) primarily
focused on leveraging blockchain for secure
storage and access control, establishing the
groundwork for subsequent research that
integrates additional intelligent components.
Another prominent trend observed in the
literature is the increasing adoption of deep
learning techniques for healthcare data analysis
and security. Studies such as Miotto et al. (2018)
and Shickel et al. (2017) demonstrate the
effectiveness of deep neural networks in
extracting meaningful insights from complex
medical datasets. These approaches have been
further enhanced by incorporating optimization
techniques, including evolutionary algorithms
and gravitational search methods, which
improve model performance and convergence
speed.

Quaternion-based neural networks represent a
relatively recent advancement in the field,
offering significant advantages in handling
multidimensional data. The works of Parcollet et
al. (2019) and Gaudet and Maida (2018)
highlight the ability of quaternion models to
preserve spatial and inter-channel relationships,
making them particularly suitable for medical
imaging applications. When combined with

evolutionary optimization techniques, these
models  achieve  higher accuracy and
computational efficiency compared to

traditional neural networks.

Cryptographic techniques, particularly elliptic
curve cryptography, play a crucial role in
securing healthcare data. Studies such as Liu et
al. (2019) and Patel et al. (2022) demonstrate
the effectiveness of ECC in providing strong
security with minimal computational overhead,
making it ideal for resource-constrained
environments such as [oMT devices. The
integration of ECC with deep learning models
further enhances data protection by ensuring
secure encoding and transmission of sensitive
information.

Hybrid approaches that combine blockchain,
deep learning, and cryptographic techniques are
increasingly gaining attention due to their
ability to address multiple aspects of healthcare
data security simultaneously. For instance,
Kumar et al. (2021) and Sharma et al. (2022)
propose integrated frameworks that leverage
the strengths of each technology to achieve
improved security, scalability, and performance.
These approaches represent a significant step
toward the development of comprehensive
healthcare security systems.
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In terms of dataset usage, most studies rely on
electronic health records, medical imaging
datasets, and IoMT sensor data. The use of
publicly available datasets such as MIMIC-III and
NIH Chest X-ray has facilitated benchmarking
and comparison of different approaches.
However, the reliance on private datasets in
some studies poses challenges in terms of
reproducibility and standardization.

From a performance perspective, the integration
of optimization techniques and advanced neural
architectures  has led to significant
improvements in accuracy, efficiency, and
scalability.  Evolutionary algorithms and
gravitational search methods have been
particularly effective in optimizing neural
network parameters, resulting in faster
convergence and better generalization. Similarly,
the use of lightweight cryptographic techniques
such as ECC has reduced computational
overhead while maintaining high levels of
security.

Despite these advancements, several challenges
remain. Scalability issues associated with
blockchain technology, computational
complexity of deep learning models, and
interoperability between different healthcare
systems continue to pose significant barriers to
widespread  adoption. Addressing these
challenges requires further research and
development, particularly in the areas of
distributed computing, federated learning, and
quantum-resistant cryptography.

Overall, the comparative analysis underscores
the importance of integrating multiple
technologies to achieve robust healthcare data
security. The combination of quaternion-based
neural networks, evolutionary optimization,
elliptic curve cryptography, and blockchain
represents a promising approach for addressing
the complex and evolving challenges of modern
healthcare systems.

Discussion

The comparative analysis demonstrates that
integrating artificial intelligence, advanced
cryptographic  techniques, and blockchain
technology provides a comprehensive solution
for healthcare data security. Quaternion-based
neural networks effectively process
multidimensional medical information while
preserving spatial relationships, making them
highly suitable for medical imaging and clinical
data analysis. Evolutionary gravitational
optimization further enhances these models by
improving convergence speed, prediction
accuracy, and computational efficiency.
Encoder-Elliptic Curve Cryptography (ECC)
complements intelligent learning by providing



A Comprehensive Review of Securing Healthcare Data with Quaternion-Based Evolutionary Gravitational
Neocognitron Neural Networks and Encoder-Elliptic Curve Deep Neural Networks Integrated with Blockchain

lightweight yet robust encryption for secure
data transmission across Internet of Medical
Things (IoMT) devices, cloud platforms, and
distributed healthcare environments. Together,
these technologies enable intelligent, adaptive,
and secure healthcare systems capable of
protecting sensitive patient information while
supporting accurate clinical decision-making.
Blockchain technology further strengthens
healthcare security by introducing decentralized,
transparent, and  tamper-resistant data
management. Distributed ledgers ensure data
integrity, facilitate secure information sharing
among healthcare stakeholders, and eliminate
dependence on centralized storage systems.
Smart contracts automate access control and
regulatory compliance, improving trust and
accountability in  healthcare operations.
However, practical deployment remains
challenging due to computational complexity,
blockchain scalability, interoperability among
heterogeneous healthcare platforms, and
compliance with healthcare regulations such as
HIPAA and GDPR. These challenges highlight the
need for optimized architectures that balance
security, efficiency, and real-time performance.
Future research should focus on lightweight Al

architectures, scalable blockchain protocols,
federated learning, edge computing,
homomorphic encryption, and quantum-

resistant cryptography to overcome current
limitations. The convergence of quaternion-
based deep learning, evolutionary optimization,
ECC, and blockchain establishes a robust
foundation for next-generation healthcare

security. Continued advancements in these
technologies will enable secure, privacy-
preserving, and intelligent  healthcare

ecosystems capable of supporting personalized
medicine, large-scale clinical data sharing, and
reliable digital healthcare services while
ensuring the confidentiality, integrity, and
availability of sensitive medical information.

Conclusion

The rapid digitization of healthcare has greatly
improved medical services while increasing
concerns regarding data privacy, integrity, and
cybersecurity. This review examined recent
advances in healthcare data security through the
integration of Quaternion-Based Evolutionary
Gravitational Neocognitron Neural Networks,
Encoder-Elliptic Curve Deep Neural Networks,
and blockchain technology. Quaternion-based
neural networks effectively process
multidimensional medical data, whereas
evolutionary optimization enhances learning
efficiency and model accuracy. Encoder-Elliptic
Curve Cryptography ensures secure and
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lightweight encryption, making it suitable for
[oMT devices and resource-constrained
healthcare environments. Blockchain further
strengthens security by providing decentralized,
immutable, and transparent data management
with secure access control. Despite these
advantages, challenges such as computational

complexity, blockchain scalability,
interoperability, and regulatory compliance
remain significant barriers to practical

deployment. Future research should emphasize
lightweight Al architectures, federated learning,
edge computing, quantum-resistant
cryptography, and standardized healthcare
security frameworks. The convergence of Al,
advanced cryptography, and blockchain offers a
robust foundation for developing secure,
scalable, and intelligent healthcare systems
capable of protecting sensitive patient
information and supporting next-generation
digital healthcare services.
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