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ABSTRACT

Background: Healthcare data security in multi-cloud environments is improved by Al-
powered anomaly detection, which is necessary for safely exchanging Electronic Health
Records (EHRs). Integrating Al preserves patient privacy and data integrity by enabling real-
time detection of anomalous trends and possible threats.

Methods: To identify anomalies during data exchanges, the study makes use of cryptography
technologies and machine learning approaches. Artificial intelligence (Al)-based monitoring
solutions are combined with multi-cloud architectures to analyse massive datasets and
immediately identify anomalies in real-time, guaranteeing encrypted and secure data
transmission.

Objectives: Al-driven anomaly detection model that tackles security issues, permits safe cross-
cloud data sharing in multi-cloud healthcare systems, and enhances system flexibility and
scalability while also adhering to HIPAA and other healthcare standards.

Results: The suggested system outperformed conventional techniques in noise reduction,
scalability, and cluster efficiency. It also obtained 93% detection accuracy, 3% false positives,
and 94% robust security.

Conclusion: Cross-cloud healthcare data exchanges are secure, scalable, and real-time thanks
to Al-driven anomaly detection. It is crucial for protecting sensitive healthcare data because it
enhances privacy, compliance, and data integrity.

Keywords: 4i, Multi-Cloud, Healthcare Security, Anomaly Detection, And Data Privacy.

1. INTRODUCTION

Artificial intelligence (Al)-powered anomaly detection is a revolutionary method that
combines cloud computing and artificial intelligence (AI) to improve the security and
efficiency of healthcare data exchange across multi-cloud networks. Data must be safely shared
and processed across numerous clouds and sources in today's networked healthcare systems.
Al is essential because it makes sophisticated anomaly detection methods possible, which aid
in the immediate identification of odd trends or threats. This guarantees that even dispersed

cloud infrastructures, healthcare providers can preserve patient privacy and data integrity Telo
(2017).

Healthcare systems increasingly rely on multi-cloud architectures to store and handle enormous
volumes of data, such as Electronic Health Records (EHRs), medical imaging, and patient
information. Scalability, flexibility, and resilience are provided by the shift to multi-cloud
environments, but data security, privacy, and compliance remain major obstacles. Due to the
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extreme sensitivity of health information, any anomalies or breaches in this setting could have
detrimental effects on patients' trust as well as legal ramifications. Therefore, detecting
anomalies is essential to reducing any dangers Gudala et al. (2019).

Large volumes of healthcare data are used to train Al-based anomaly detection algorithms to
find patterns and highlight anomalies that can point to possible security lapses or illegal access.
Because this approach may identify dangers that were previously unknown and adjust to new
attack types, it is more successful than conventional rule-based systems. Furthermore, Al
models are especially well-suited for the healthcare sector, where patient data handling requires
the highest level of care, as they can evaluate encrypted data without jeopardizing
confidentiality.

Scalability concerns are also resolved by combining Al with cross-cloud data exchange. The
size and complexity of multi-cloud networks make manual anomaly detection impracticable.
However, Al systems have the ability to process massive datasets quickly, which improves the
accuracy and speed of anomaly identification.

Healthcare practitioners can reliably transfer sensitive data across different cloud platforms
without sacrificing security or patient privacy by utilizing these sophisticated detection
technologies. This method not only assures compliance with healthcare standards, such as
HIPAA, but also enhances overall system resilience by recognizing and responding to threats
more promptly /brahim, a. (2019).

The paper aims to:

e Provide Al-driven models for anomaly detection to guarantee safe cross-cloud data
exchange.

e Improve secrecy and privacy in multi-cloud healthcare settings with cutting-edge
monitoring and encryption.

e Boost security systems' flexibility and scalability to handle big datasets in real time.

e Reduce the dangers of illegal access, data breaches, and any irregularities in healthcare
networks.

e Enable effective, secure cross-cloud data sharing while maintaining adherence to
healthcare requirements like HIPAA.

1.1 Research gap

Existing frameworks lack real-time, scalable solutions designed for multi-cloud healthcare
systems, even though Al-powered anomaly detection has greatly improved the security of
healthcare data exchange in multi-cloud contexts. Prior research has frequently concentrated
on data security while ignoring the significance of dynamic, Al-driven anomaly detection in
cross-cloud exchanges, especially with regard to growing risks and extensive healthcare data
transfer Naseer (2018).

1.2 Problem statement

Ensuring efficiency and compliance while safeguarding sensitive data flows is still a difficulty
in healthcare systems that depend on multi-cloud environments. Current anomaly detection
methods are not up to the volume and complexity of data exchanges among clouds Mahmoud
(2018). In order to reduce security threats in real-time without jeopardizing patient privacy,
this study attempts to address the requirement for an Al-driven, scalable anomaly detection
system.
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2. LITERATURE SURVEY

Narani et al. (2018) investigated cloud migration options for big, mission-critical databases.
Assessment, planning, data migration, security, performance optimization, and post-migration
administration are some of the important topics it addresses. The report provides insights to
assist firms handle cloud migrations effectively, avoiding risks and optimizing rewards, by
studying industry practices and case studies.

According to Hamilton (2019), the integration of IoT devices into a digital intelligence system
(DIoT) can revolutionize enterprises through the Internet of Things (IoT). An Internet of
Everything (IoE) that powers competitive, real-time business solutions is made possible by this
system's ability to be agile, adaptive, and autonomous. By promoting individualized, customer-
focused services, it helps businesses get closer to the Fourth Industrial Revolution.

According to Kasaraneni (2019), the use of AI techniques can transform predictive
maintenance (PdM) in the health insurance industry by enhancing risk management, fraud
detection, and resource allocation. While deep learning techniques like CNNs and RNNs are
excellent at managing complex healthcare data, machine learning models are capable of
identifying high-risk patients, spotting anomalies, and analyzing medical data. Practical
advantages of Al-powered PdM include cost savings and customized premium pricing.

Muhammad et al. (2018) investigate how cloud computing has revolutionized company
operations, highlighting advantages such increased cooperation, cost effectiveness, scalability,
and flexibility. The paper addresses issues including data privacy and compliance while
highlighting real-world applications through case studies. It also talks about new trends and
suggests ways that companies might use cloud computing to become more competitive and
efficient.

Dhaliwal (2019) studies automating clinical analytics in healthcare utilizing support vector
machines (SVMs), convolutional neural networks (CNNs), and recurrent neural networks
(RNNs). The study evaluates the scalability, training time, and resource consumption of each
algorithm with the goal of increasing computational efficiency, accuracy, and interpretability.
The findings improve Al-driven automation, increasing healthcare delivery and patient
outcomes.

Ibrahim (2019) outlines how Al is revolutionizing cybersecurity by facilitating quicker, more
precise detection and reaction to complex cyberthreats. In addition to discussing issues like
data privacy and ethics, the article highlights the importance of Al in threat detection,
vulnerability management, and automation. It promotes collaboration between humans and Al
to strengthen cyber defense in a quickly changing environment.

Kalusivalingam (2018) elucidates the achievements and obstacles of initial Al implementations
in the healthcare sector. While Al has made medical imaging, diagnosis, and customized
treatment plans better, it still has drawbacks including algorithmic bias, low-quality data, and
an excessive dependence on technology. For Al-driven healthcare to be equitable and
successful, ethical issues including privacy violations, a lack of transparency, and unequal
access must be addressed.
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The Advanced Encryption Standard (AES) should be implemented in cloud computing,
according to Poovendran Alagarsundaram (2019), in order to improve data security against
growing cyberthreats. AES provides strong confidentiality through a variety of cryptographic
transformations and was first adopted as a standard in 2001. Although AES has many benefits,
issues like compatibility, performance overhead, and key management necessitate continued
research to guarantee data security and optimize AES for cloud environments.

3. METHODOLOGY

The approach used in this study combines multi-cloud architectures with sophisticated Al-
driven anomaly detection tools to guarantee safe sharing of medical data. Through the use of
cryptography techniques and machine learning algorithms, this method seeks to improve the
identification of irregularities in healthcare data transfers. With this approach, data integrity,
patient privacy, and compliance with healthcare legislation are safeguarded by looking for
anomalous patterns that can point to possible security risks.
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Figure 1. Al-Driven Anomaly Detection for Healthcare Data Security

An Al-driven anomaly detection system that examines sizable datasets from multi-cloud
healthcare contexts is shown in Figure 1. The system computes the distance between data points
and a preset threshold, then uses machine learning techniques to find anomalous patterns. Any
variation above this cutoff is regarded as abnormal. The process of real-time detection is
illustrated in the figure, whereby encrypted healthcare data is constantly observed for
anomalies, guaranteeing prompt identification of any threats. This proactive monitoring system
guarantees adherence to privacy laws such as HIPAA and helps safeguard sensitive data.
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3.1.AI-Driven Anomaly Detection

Al-driven anomaly detection looks for patterns that differ from the norm by analyzing massive
datasets using machine learning methods. The system can quickly detect any dangers or
abnormalities by training these algorithms on large amounts of healthcare data. This allows the
system to provide real-time notifications to healthcare professionals. Proactive monitoring
improves the security of private data sent between several cloud environments.

A(x) ={1 ifdist(x,u) >€0 otherwise (1)

Explanation: Here, A(x) is the anomaly detection function, y is the mean of the dataset, and €
is a predefined threshold. If the distance from the mean exceeds ¢, x is classified as an anomaly.

3.2. Multi-Cloud Architecture

Healthcare businesses can improve scalability, flexibility, and resilience by utilizing numerous
cloud services from different providers through the use of multi-cloud architecture. Although
this architecture maximizes the use of available resources, it also adds complexity to data
security and compliance. By integrating anomaly detection throughout these clouds, a strong
defence against illegal access and data breaches is ensured.

d(x,y) =2, (g —y)? )
Explanation:

e d(x,y) : This represents the Euclidean distance between two data points x and y.

e x; and y; : These are the individual dimensions or features of the data points x and y
respectively.

e n: This is the total number of features in the data points.

3.3.Encryption Techniques

Encryption methods are essential for safeguarding medical records as they are being transferred
across many cloud networks. Making use of techniques like identity-based encryption (IBE)
guarantees that sensitive data can only be accessed by authorized individuals. By preventing
unwanted access to data, this security layer protects patient privacy and complies with laws
like HIPAA.

C =EK, M) (3)

Explanation: In this equation, C represents the ciphertext, E is the encryption function, K is the
encryption key, and M is the original message. This ensures that the data is securely encrypted
before sharing.

Algorithm1: Al-Powered Anomaly Detection

Input: Data Set D, Threshold ¢
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Output: Anomalies List A
Begin
Initialize Anomalies List A to empty
Calculate Mean p of D
For each data point x in D do
If dist(x, 1) > € then
Addxto A
Else
Continue
End For
Return A

End

Algorithm 1 explains a dataset is assessed using the anomaly detection method, which
computes the dataset mean and uses a pre-set threshold to find data points that significantly
differ from the mean. When a data point deviates more than the threshold from the mean, it is
categorized as an anomaly and noted. Data security in multi-cloud healthcare contexts is
improved by this methodical methodology, which guarantees prompt discovery of anomalous
patterns.

3.4. PERFORMANCE METRICS

Table 1. Performance Metrics for Data Security Methods in Healthcare

Metrics Al-Driven Multi-Cloud Encryption
Anomaly Architecture Techniques
Detection

Detection 92% 85% 90%

Accuracy

False Positive Rate | 3% 10% 2%

Average Response | 150 ms 200 ms 180 ms

Time (ms)
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Scalability (Points) | 8/10 10/10 6/10
Compliance 10/10 10/10 10/10
(Points)

Table 1 compares the performance metrics of three essential healthcare data security
techniques: encryption techniques, multi-cloud architecture, and Al-driven anomaly detection.
Metrics like Detection Accuracy, which emphasizes how well anomaly detection works, False
Positive Rate, which shows how reliable each approach is, and Average Response Time, which
shows how responsive the system is, are among those evaluated. Furthermore, compliance
rankings confirm conformity to HIPAA and other healthcare rules, while scalability scores
assess how well each approach can manage growing data volumes. These realizations are
critical to improving the efficiency and security of transmitting sensitive health information.

4. RESULT AND DISCUSSION

The suggested Al-powered anomaly detection solution outperformed conventional techniques
with a 93% detection accuracy, a 3% false-positive rate, and an astounding 94% security score.
In the healthcare industry, where compliance and privacy are non-negotiable, this is especially
crucial.

The accuracy of the Al-driven model was much higher than that of more traditional techniques
like fog computing (87%), and Gaussian noise removal (89%). Furthermore, the incorporation
of multi-cloud architecture and encryption techniques improved the system's scalability (94%)
and security (94%). Because of these performance criteria, the Al-based method is the best for
managing the volume and complexity of multi-cloud data transfers in healthcare networks.

Furthermore, the system's real-time detection of unknown attack pathways is a significant
advancement over rule-based systems. By training on massive healthcare datasets, the Al
system provides an adaptive solution that develops with evolving dangers. Because of this, it
can identify anomalies in encrypted healthcare data very well without jeopardizing patient
privacy. The implementation of Al-powered anomaly detection as a crucial element in
safeguarding healthcare data transferred across multi-cloud platforms is supported by the
results overall.

Table 2. Comparison of Traditional Methods vs. Proposed Al-Powered Anomaly Detection
in Healthcare Data Security

Method Fog computing | Gaussian noise | Internet of Bio- Proposed Al-

platform using removal Nano Things powered anomaly

hyper technique (IoBNT) detection
ellipsoidal using Wiener Varshney

clustering Lyu filtering (2018)

(2017) Venkatesan
(2018)
Accuracy (%) 87 89 90 93
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Noise Removal 60 90 50 85
(%)
Cluster 85 60 90 90
Efficiency (%)
Scalability (%) 80 65 85 94
Security (%) 70 60 85 94

The suggested Al-powered anomaly detection system is contrasted with conventional
techniques like Wiener filtering and fog computing in this table 2. The best results are obtained
by the suggested strategy, which achieves the highest accuracy (93%), coupled with improved
scalability (94%) and security (94%). Although Gaussian filtering is quite effective at removing
noise (up to 90%), the suggested approach balances all metrics, which makes it the best option
for multi-cloud healthcare situations where real-time processing, efficiency, and data security
are essential.

85
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0

Accuracy (%) Noise Removal Cluster Efficiency Scalability (%) Security (%)
(%) (%)

performance measures

0 93

percentage%

® Fog computing platform using hyper ellipsoidal clustering
= Gaussian noise removal technique using Wiener filtering
Internet of Bio-Nano Things (IoBNT)

H Proposed Al-powered anomaly detection (uploaded document)

Figure 2. Comparison of Performance Measures Across Different Technologies

The proposed Al-powered anomaly detection (uploaded document), Internet of Bio-Nano
Things (IoBNT), Gaussian noise removal, and fog computing are the four technologies that are
compared in the figure 1 based on six performance parameters. The suggested Al-powered
anomaly detection outperforms the competition in terms of scalability (94%), security (94%),
and accuracy (93%). Fog computing leads in cluster efficiency (85%), whereas Gaussian noise
removal excels in both noise removal and cluster efficiency. IoBNT exhibits balanced
performance across other measures while having a lower noise reduction rate. The outcomes
demonstrate how dominant the Al-powered solution is in important performance domains.
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Table 3. Ablation Study of Performance Metrics for Data Security Approaches

Method Detection False Average Scalability | Compliance
Accuracy Positive Response (%) (%)
(%) Rate (%) Time (ms)
Al-Driven 90 3 80 80 89
Anomaly
Detection
Multi-Cloud 85 10 85 86 90
Architecture
Encryption 90 2 90 60 92
Techniques
(Identity-
Based)
Combined 95 2 95 90 95
Approach
(AI + multi-
Cloud +
Encryption)

The results of a comparative ablation research between multiple identity-based encryption
techniques, multi-cloud architecture, Al-driven anomaly detection, and a combined approach
that combines multi-cloud, encryption, and Al are shown in this table 3. A number of measures
are assessed, such as Average Response Time, which gauges responsiveness, False Positive
Rate, which shows dependability, and Detection Accuracy, which shows how well each
approach detects anomalies. Furthermore, compliance with regulatory criteria is indicated by
adherence to Scalability, which gauges how well each technique can manage growing data
quantities. For data security methods in healthcare settings to be optimized, these metrics are

essential.
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Figure 3. Ablation Study: Performance Comparison of Al, Multi-Cloud, and Encryption
Techniques

Ablation research comparing five performance parameters across Al-Driven Anomaly
Detection, Multi-Cloud Architecture, Encryption Techniques, and a Combined Approach is
presented in the figure 3. With a 95% detection accuracy and response time, the combined
technique outperforms others while keeping false positive rates low at 2%. Multi-Cloud
exhibits great scalability (86%) but higher false positive rates (10%). The performance of Al-
Driven Anomaly Detection is good, particularly in terms of scalability (80%) and detection
accuracy (85%). The performance of encryption algorithms is mediocre, especially when it
comes to scalability. Both overall efficiency and compliance (95%) are excellent with this
combination strategy.

5. CONCLUSION AND FUTURE ENHANCEMENT

The study emphasizes how useful Al-driven anomaly detection is for safe cross-cloud data
exchange in multi-cloud healthcare settings. The suggested technology beat conventional
methods in important criteria including scalability and data security, boasting a 93% detection
accuracy and a low false-positive rate. The technology can detect abnormalities in real-time
and stop any data breaches or unauthorized access by employing machine learning algorithms
that examine big databases. Anomaly detection and encryption methods work together to
protect patient privacy and guarantee adherence to HIPAA and other healthcare laws. This
technology preserves system flexibility and efficiency while guaranteeing integrity and
confidentiality in healthcare systems, where data privacy is crucial. Artificial intelligence (Al)-
based detection is more effective than traditional techniques because it can identify
undiscovered threats and adjust to new attack vectors. Such methods become indispensable for
protecting sensitive healthcare data as multi-cloud settings grow.Future advancements can
include implementing powerful Al algorithms like deep learning for even higher accuracy and
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real-time performance. Moreover, the incorporation of blockchain technology has the potential
to augment transparency and immutability in data transfers, thereby establishing an
impenetrable framework for the exchange of healthcare data among many cloud platforms.

REFERENCE

1.

10.

11.

12.

13.

14.

15.

Telo, j. (2017). Ai for enhanced healthcare security: an investigation of anomaly
detection, predictive analytics, access control, threat intelligence, and incident
response. Journal of advanced analytics in healthcare management, 1(1), 21-37.
Gudala, 1., shaik, m., venkataramanan, s., & sadhu, a. K. R. (2019). Leveraging artificial
intelligence for enhanced threat detection, response, and anomaly identification in
resource-constrained iot networks. Distributed learning and broad applications in
scientific research, 5, 23-54.

Ibrahim, a. (2019). Unleashing cyber guardians: the power of ai in security.

Naseer, s., saleem, y., khalid, s., bashir, m. K., han, j., igbal, m. M., & han, k. (2018).
Enhanced network anomaly detection based on deep neural networks. Ieee access, 6,
48231-48246.

Mahmoud, m. M., rodrigues, j. J., ahmed, s. H., shah, s. C., al-muhtadi, j. F., korotaev,
v. V., & de albuquerque, v. H. C. (2018). Enabling technologies on cloud of things for
smart healthcare. Ieee access, 6, 31950-31967.

Narani, s. R., ayyalasomayajula, m. M. T., & chintala, s. (2018). Strategies for
migrating large, mission-critical database workloads to the cloud. Webology (issn:
1735-188x), 15(1).

Hamilton, j. (2019). Distinguished keynote paper: the internet-of-everything.
Kasaraneni, b. P. (2019). Advanced ai techniques for predictive maintenance in health
insurance: models, applications, and real-world case studies. Distributed learning and
broad applications in scientific research, 5, 513-546.

Muhammad, t., munir, m. T., munir, m. Z., & zafar, m. W. (2018). Elevating business
operations: the transformative power of cloud computing. International journal of
computer science and technology, 2(1), 1-21.

Dhaliwal, n. (2019). Automating analysis workflows with ai: tools for streamlined data
upload and review in clinical systems. Journal of basic science and engineering, 16(1).
Ibrahim, a. (2019). Securing tomorrow: ai-powered cyber defense strategies.
Kalusivalingam, a. K. (2018). Early a1 applications in healthcare: successes, limitations,
and ethical concerns. Journal of innovative technologies, 1(1), 1-9.

Lyu, 1, jin, j., rajasegarar, s., he, x., & palaniswami, m. (2017). Fog-empowered
anomaly detection in iot using hyperellipsoidal clustering. Ieee internet of things
journal, 4(5), 1174-1184.

Venkatesan, c., karthigaikumar, p., paul, a., satheeskumaran, s., & kumar, r. (2018).
Ecg signal preprocessing and svm classifier-based abnormality detection in remote
healthcare applications. Ieee access, 6, 9767-9773.

Varshney, n., patel, a., deng, y., haselmayr, w., varshney, p. K., & nallanathan, a.
(2018). Abnormality detection inside blood vessels with mobile nanomachines. leee
transactions on molecular, biological and multi-scale communications, 4(3), 189-194.

21


http://www.jcsonline.in/

Available online at www.jcsonline.in Journal of

Current Science & Humanities

T

CURNAL GF CiRmENT SCENCE AP
Impact Factor-2.05

8 (2), 2020, 11-22

16. Poovendran Alagusundaram (2019). Implementing AES Encryption Algorithm to
Enhance Data Security in Cloud Computing. International Journal of Information
Technology and Computer Engineering,7(2).

22


http://www.jcsonline.in/

