


A Novel AI-Driven Homomorphic Encryption Framework for Secure Real-Time Telehealth Data Analysis

Abstract
Ensuring privacy in AI-driven telehealth analytics remains a persistent challenge, as conventional cryptographic methods struggle to meet real-time and compliance requirements. This research developed and validated an AI-driven homomorphic encryption framework for secure real-time telehealth data analysis, addressing critical privacy challenges in medical IoT systems. The study designed a proactive threat intelligence system, developed a predictive analytics framework, and guided secure implementation. A review of existing cryptographic solutions identified gaps in scalability and real-time processing. Using a quantitative experimental design, synthetic telehealth datasets, hybrid CKKS-BFV schemes, and neural network optimization were employed. Implementation in Python with SEAL and TensorFlow was tested across computational, security, and compliance metrics. Results showed a 23.7% overhead reduction, sub-535 ms latency for 5,000 records/sec, and 96.9% HIPAA compliance, with attack success rates below 6%. Synthetic data achieved 99.3% quality, and performance improvements over AES-256 and Paillier were statistically significant (p < 0.001). The hybrid scheme outperformed single approaches by 18.4%, supporting scalable, accurate analytics. Despite synthetic data limitations, findings confirm the framework’s ability to secure telehealth data and enhance clinical decision-making. Future work includes real-world dataset development, explainable AI integration, clinical deployments, and adaptive algorithms for emerging threats.
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1.	Introduction
The digital transformation of healthcare has revolutionized the collection, processing, and analysis of medical data, offering immense potential for enhancing patient care while simultaneously intensifying concerns over privacy and security. The surge in telehealth services, particularly evident during the COVID-19 pandemic, saw a very high increase in providers in the United States from 2019 to 2020, generating vast quantities of sensitive patient information that demands robust protection to enable effective analysis without compromising confidentiality (Kaiser, 2025; Page et al., 2014). This evolution has been propelled by the integration of artificial intelligence (AI) and machine learning (ML), which facilitate pattern recognition, outcome prediction, and clinical decision-making with remarkable precision and efficiency (Alowais et al., 2023; Vayena et al., 2022). However, these advancements expose vulnerabilities, as healthcare data constitutes about 30% of global data volume, making it a prime target for cyberattacks, with over 40 million U.S. patient records breached annually due to inadequate safeguards (Munjal & Bhatia, 2022; Scheibner et al., 2022). Traditional encryption methods, which necessitate decryption prior to computation, create exposure windows that undermine data integrity in collaborative environments, highlighting the need for innovative solutions that preserve privacy throughout the data lifecycle (Price, 2023; Ara et al., 2017).
Homomorphic encryption (HE) stands out as a groundbreaking cryptographic technique that permits computations on encrypted data without decryption, effectively bridging the gap between data utility and privacy in healthcare settings (Munjal & Bhatia, 2022; Kim & Lauter, 2015). By enabling secure analysis of sensitive information, HE addresses the challenges posed by real-time telehealth applications, such as remote patient monitoring and emergency responses, where immediate feedback is crucial without sacrificing speed or accuracy (Soyata et al., 2015; Kocabas & Soyata, 2015). AI-driven optimizations further enhance HE's applicability, allowing for adaptive encryption strategies tailored to diverse data types, including electronic health records, physiological streams, and medical imaging (Carpov et al., 2020; Oyekunle et al., 2025). Despite these promises, current telehealth security frameworks remain fragmented, often relying on outdated protocols that fail to ensure end-to-end protection, leading to compliance issues with regulations like HIPAA and increased risks in distributed networks (Djatmiko et al., 2014). The rapid adoption of telehealth has outpaced security innovations, exacerbating vulnerabilities in home-based and remote delivery systems, where practitioners face operational hurdles in maintaining privacy amid evolving threats (Khedr & Gulak, 2018; Li et al., 2016).
The research problem lies in the inherent trade-offs of existing security measures, which compromise analytical capabilities for protection or vice versa, particularly in AI-integrated telehealth ecosystems that require unencrypted data access for training and inference, thereby heightening privacy risks and single points of failure (Sharma, 2023; Kar et al., 2017). Fragmented approaches result in ad-hoc implementations ill-equipped against sophisticated attacks, while the lack of standardized frameworks hinders compliance and efficiency in real-time processing (Wang & Zhang, 2015). Moreover, the centralized storage of sensitive data amplifies breach potentials, as seen in the inadequacies exposed by the pandemic, underscoring the urgency for comprehensive solutions that support collaborative analysis without data exposure (Vengadapurvaja et al., 2017; Kocabas et al., 2016).
This study focuses on HE schemes, particularly fully and somewhat homomorphic variants, optimized for telehealth data streams through AI algorithms for parameter tuning and performance enhancement (Munjal & Bhatia, 2022; Bos et al., 2014). Methodologically, it employs mixed approaches including cryptographic analysis, algorithm development, and simulation-based evaluations using synthetic datasets to assess efficiency, security, and scalability, while comparing against traditional methods (Kim & Lauter, 2015; Carpov et al., 2020). Applications target remote healthcare scenarios like chronic disease management and consultations, with emphasis on U.S. regulatory compliance, though international standards are considered (Scheibner et al., 2022; Ara et al., 2017).
The significance of this work spans theoretical, practical, clinical, technological, and societal realms. Theoretically, it advances cryptographic knowledge by integrating AI to optimize HE for healthcare-specific computations, offering insights into efficiency-privacy trade-offs (Munjal & Bhatia, 2022; Djatmiko et al., 2014). Practically, it equips providers with tools for secure telehealth, reducing compliance burdens and enabling real-time analytics in home settings (Kaiser, 2025; Soyata et al., 2015). Clinically, it fosters data-driven decisions and collaborations, enhancing outcomes in monitoring and research without eroding trust (Alowais et al., 2023; Kar et al., 2017). Technologically, it paves the way for privacy-by-design systems extendable beyond healthcare (Khedr & Gulak, 2018). Societally, it promotes equitable access to digital health, bolstering public confidence in technologies that democratize care (Vayena et al., 2022; Kocabas & Soyata, 2015).
The primary aim of this research is to develop and evaluate a novel AI-driven homomorphic encryption framework that enables secure real-time analysis of telehealth data while maintaining patient privacy and regulatory compliance. The research objectives are: 
i. To design and develop a comprehensive homomorphic encryption framework specifically optimized for real-time telehealth data processing, integrating AI-driven optimizations for scalability and compatibility,
ii. To evaluate the framework's performance in terms of security, computational efficiency, and data processing accuracy using simulated telehealth datasets through standardized benchmarking, and 
iii. To assess the framework's compliance with healthcare privacy regulations and its practical feasibility for implementation in remote healthcare delivery systems, including feasibility analysis of resource requirements and adoption barriers.

2.	Literature Review
This literature review delves into the existing body of knowledge on homomorphic encryption (HE) and its integration with artificial intelligence (AI) in healthcare contexts. The review is structured to trace the theoretical underpinnings, explore AI-driven enhancements, examine empirical applications, and highlight persistent gaps that underscore the novelty of the proposed framework. This synthesis not only contextualizes the evolution of privacy-preserving technologies but also illuminates how current approaches fall short in addressing the dynamic demands of telehealth environments, where real-time processing must coexist with stringent data protection (Dong et al., 2024).
Theoretical Foundations of Homomorphic Encryption in Healthcare
The theoretical basis of HE in healthcare stems from cryptographic principles that enable computations on encrypted data without decryption, a concept first formalized by Rivest et al. (1978) and fully realized with Gentry's (2009) breakthrough in fully homomorphic encryption (FHE). In healthcare, HE addresses the vulnerability of sensitive patient data during analysis, particularly in telehealth systems where data streams from remote devices require continuous protection. Early theoretical work emphasized partial homomorphic schemes, such as Paillier (1999), which support additive operations on encrypted data, proving useful for aggregating health metrics like blood pressure readings without exposing individual values (Alabdulatif et al., 2022). Subsequent developments in somewhat homomorphic encryption (SHE) extended capabilities to limited multiplicative operations, laying the groundwork for more complex healthcare analytics (Cheon et al., 2017).
In telehealth-specific applications, theoretical models have evolved to incorporate lattice-based cryptography for post-quantum security, as seen in schemes like CKKS (Cheon-Kim-Kim-Song), which approximate real-number computations essential for physiological signal processing (Al-Hazaimeh et al., 2023). These foundations highlight HE's potential to maintain data confidentiality throughout the processing pipeline, aligning with regulatory frameworks like HIPAA by minimizing decryption risks. However, theoretical discussions often overlook the computational overhead, where bootstrapping in FHE, a noise-reduction technique can inflate processing times, posing challenges for real-time telehealth scenarios (Alzubi et al., 2024a).
Subsequent conceptual frameworks integrate HE with blockchain for distributed ledger-based privacy, enhancing theoretical robustness in multi-party telehealth collaborations (Scheibner et al., 2022). Yet, these models primarily focus on static data sets, neglecting the streaming nature of telehealth data, which demands adaptive encryption parameters to balance security and latency.
AI Integration in Privacy-Preserving Data Analysis for Telehealth
Advancing from theoretical roots, the integration of AI with HE represents a pivotal shift toward dynamic, optimized privacy-preserving systems in telehealth. AI algorithms, particularly machine learning models, have been employed to automate parameter selection in HE schemes, reducing manual tuning and improving efficiency for real-time applications. For example, neural networks can predict optimal key sizes and noise levels based on data characteristics, as demonstrated in AI-driven optimizations that achieve up to 30% reduction in computational overhead for encrypted medical image analysis (Alzubi et al., 2024b). This synergy allows for federated learning paradigms where AI models train on encrypted telehealth data across distributed nodes, preserving privacy while enabling predictive analytics for conditions like chronic heart disease (Shen et al., 2024; Ogunmolu et al., 2025).
Current advances emphasize hybrid AI-HE frameworks, where reinforcement learning refines encryption strategies in response to varying data volumes in telehealth streams (Wood et al., 2021). In one conceptual model, AI agents dynamically adjust homomorphic levels switching between SHE for low-depth operations and FHE for deeper computations to support real-time anomaly detection in patient monitoring data. Empirical integrations, such as those using convolutional neural networks on homomorphically encrypted electrocardiogram signals, have shown promise in maintaining diagnostic accuracy above 95% without data exposure (Froelicher et al., 2021). 
Despite these progresses, AI-driven HE in telehealth often grapples with scalability issues, as training AI on encrypted data amplifies resource demands, with studies reporting inference times exceeding 10 seconds for complex models far from real-time requirements (Chatterjee et al., 2023). Moreover, conceptual gaps persist in handling heterogeneous telehealth data types, where AI must adapt to mixed structured and unstructured inputs, such as combining vital signs with video consultations.
Empirical Studies and Current Advances
Empirical research has validated HE's efficacy in healthcare through numerous case studies, particularly in telehealth data analysis. A landmark study implemented FHE for secure aggregation of remote patient monitoring data, achieving end-to-end encryption in a cohort of 500 patients with minimal accuracy loss in predictive modeling (Jiang et al., 2018). Recent advances extend this to AI-enhanced systems, where deep learning models process encrypted telehealth datasets for disease outbreak forecasting, demonstrating 98% precision in simulated pandemics while complying with GDPR (Podschwadt & Takabi, 2020).
In real-world deployments, blockchain-augmented HE has been tested in telehealth platforms, enabling secure multi-institutional data sharing for AI-driven diagnostics, with one trial reducing breach incidents by 40% (Alzubi et al., 2024a). Advances in hardware acceleration, such as GPU-based HE implementations, have cut processing latencies to under 1 second for basic operations, facilitating real-time feedback in emergency telehealth consultations (Badawi et al., 2020). 
Current literature also explores hybrid empirical approaches, combining HE with differential privacy to mitigate inference attacks in AI-telehealth systems, yielding robust defenses against adversarial threats in pilot studies (Truex et al., 2019). These advances affirm HE's role in empowering AI for telehealth, yet empirical gaps emerge in longitudinal studies, where long-term data integrity under continuous encryption remains underexplored.
Research Gaps and Research Opportunities
While the literature demonstrates substantial progress, significant gaps hinder the full realization of AI-driven HE for secure real-time telehealth analysis. Theoretically, most frameworks assume ideal network conditions, overlooking latency variations in remote telehealth settings, which can degrade HE performance by up to 50% in empirical tests (Alzubi et al., 2024b). Conceptually, the lack of standardized benchmarks for AI-HE integration results in inconsistent evaluations, with studies varying widely in metrics like throughput and energy consumption (Chatterjee et al., 2023). Empirically, real-time applications are underrepresented; for example, few studies address the noise accumulation in streaming data, leading to accuracy drops over extended monitoring periods (Froelicher et al., 2021).
A critical gap lies in regulatory compliance testing, where HE frameworks rarely incorporate dynamic HIPAA audits for AI-adapted encryption, exposing vulnerabilities in collaborative telehealth (Wood et al., 2021). Moreover, current advances neglect resource-constrained devices common in home-based telehealth, where AI optimizations must contend with limited computing power (Podschwadt & Takabi, 2020). These shortcomings create opportunities for novel frameworks that embed AI for adaptive, low-latency HE, as proposed in this study, to bridge the divide between theoretical promise and practical deployment.

3.	Methodology
This chapter outlines the methodology employed to develop and validate a novel AI-driven homomorphic encryption framework for secure real-time telehealth data analysis. The study adopts a quantitative experimental research design, grounded in a post-positivist paradigm, to empirically measure performance and security metrics while addressing practical constraints in remote telehealth environments. The methodology integrates design science principles, focusing on iterative artifact creation, with experimental computer science strategies to ensure reproducibility and robustness. 
Research Design 
The study employs a quantitative experimental research design centered on simulation-based evaluation to develop and validate the AI-driven homomorphic encryption framework. This design emphasizes empirical measurement of performance and security metrics, balancing theoretical cryptographic analysis with practical implementation constraints suitable for remote telehealth environments. A pragmatic approach, rooted in design science methodology, guides the iterative creation of a hybrid homomorphic encryption scheme optimized by artificial intelligence (AI) algorithms. 
Experimental computer science strategies facilitate controlled experiments, ensuring reproducibility through standardized benchmarking and systematic variation of variables such as dataset size (1,000 to 100,000 records) and security levels (128 to 256 bits). The framework’s architecture leverages lattice-based cryptography, combining the Cheon-Kim-Kim-Song (CKKS) scheme for approximate computations on real-valued telehealth data (e.g., physiological signals) and the Brakerski-Fan-Vercauteren (BFV) scheme for integer operations (e.g., electronic health record counts). AI integration employs neural networks to dynamically optimize encryption parameters, predicting optimal polynomial degrees and moduli based on input data characteristics. This optimization is modeled by the equation:

Here, represents the optimal parameter set,  includes data characteristics like dimensionality,  encompasses latency requirements, and  specifies security needs such as key strength. This approach ensures real-time processing with end-to-end encryption, aligning with telehealth’s need for low-latency analytics without decryption vulnerabilities. The data validation framework is shown in Figure 1.








Figure 1 Data Validation Framework.
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Data Sources and Collection 
To ensure privacy and accessibility, the study uses synthetic datasets that mimic real-world telehealth scenarios, avoiding the need for sensitive patient data. These datasets are generated using established protocols and statistical distributions derived from publicly available anonymized sources, including the Centers for Disease Control and Prevention’s National Health and Nutrition Examination Survey (NHANES) for demographic and clinical parameters, Medicare Claims Synthetic Public Use Files (SynPUFs) for utilization patterns, MIMIC-III database aggregates for temporal clinical trends, and PhysioNet challenges for physiological signal characteristics. The datasets encompass remote patient monitoring data (e.g., heart rate streams at 1-100 Hz sampling), structured electronic health records with 50-200 attributes, and real-time sensor outputs, spanning volumes from 1,000 to 100,000 records over 30 to 365 days. The generation process incorporates variability parameters matching epidemiological data, such as patient demographics and condition prevalence, with complexity introduced through temporal dependencies and correlation structures reflecting disease progression. Data quality is assured using three (3) metrics such as:
i. Completeness: , where  is the number of complete records and  is the total number of records, ensuring dataset integrity
ii. Consistency: , where  is the number of inconsistent data points and  is the total number of relationships, validating data coherence
iii. Accuracy: , where  is the number of correct data points and  is the number validated against source summaries, ensuring representativeness.
Multi-source cross-validation mitigates limitations of synthetic data, enabling scalable experiments without ethical concerns.
Analytical Approaches and Algorithm Implementation 
The analytical framework develops a hybrid homomorphic encryption algorithm, defined as:
, tailored for telehealth data, integrating AI-driven optimizations to enhance computational efficiency and adaptability. The framework combines CKKS for real-valued data and BFV for integer arithmetic. For BFV, key generation produces a public key via:

Here  is the secret key sampled from ,  is an error from  ,  is a random polynomial in ring , and  is the modulus, ensuring secure encryption. 
Homomorphic operations include: 
i. Addition: , enabling encrypted summation of telehealth data.
ii. Multiplication: , with relinearization reducing ciphertext size for efficiency. 
For CKKS, real-valued data encoding is performed as:

Where  is the input vector,  is the inverse Fast Fourier Transform,  is a scaling factor, and  is the polynomial ring modulus, supporting approximate computations. Rescaling is performed via:

where  is the ciphertext and  is a prime, managing precision and noise. The AI optimization algorithm evaluates parameters using a composite score: 

where  measures performance,  quantifies security, and  and  are weights, selecting . Adaptive parameter, management monitors the performance gap:

adjusting parameters if the gap exceeds threshold . 
Memory optimization minimizes ciphertext size:

where  represent the probability, impact, and vulnerability of each attack. 
Security is evaluated using:
i. Semantic security:  measuring an adversary’s ability to distinguish encrypted data.
ii. Homomorphic Security: , ensuring secure computations, where  is the security parameter.
Implementation utilizes python libraries, including Microsoft SEAL for homomorphic operations, tensorflow for AI components, and NumPy/SciPy for data processing.
Performance Metrics and Statistical Analysis
Performance evaluation encompasses computational, accuracy, security, and quality-of-service (QoS) metrics, benchmarked against baselines like AES-256 and standard SEAL implementations. Computational metrics include throughput:
i. Throughtput:  measuring encryption speed in megabytes per second, where  is the processed data size and  is the encryption time.
ii. Latency: , averaging operation times  over (n) operations
Accuracy metrics include: 
i. Relative Error:  comparing homomorphic ( and plaintext (.
ii. Mean Squared Error: , quantifying precision between actual  and predicted  values.
Security metrics include:
i. Key Entropy: , where  is the probability of each key state, ensuring randomness.
QoS metrics include response time distribution, availability, and scalability. Descriptive statistics summarize data with mean, median, variance, and coefficient of variation, while normality is tested using Shapiro-Wilk. Inferential analysis employs paired t-tests, ANOVA, and regression, with R2 and RMSE for model fit. Time-series autocorrelation and non-parametric tests (Mann-Whitney U, Kruskal-Wallis) assess real-time performance. Figure 2 displays the Workflow of chaotic ACM encryption for secure health data transmission and validation











Figure 2 Workflow of chaotic ACM encryption.
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Validation and Ethical Considerations 
Validation follows a hierarchical framework, testing cryptographic primitives at the unit level, workflows at the integration level, workloads at the system level, and telehealth scenarios at the domain-specific level. Hypothesis testing compares performance against baselines using t-tests and ANOVA, with sample size calculated as:

Reproducibility is ensured through seed-based randomization and Docker containers. Ethical compliance aligns with HIPAA via safeguards like encryption and audit logs, with a privacy score:

where  weights components like access control. GDPR principles ensure data minimization and purpose limitation. Scientific integrity includes conflict declarations and peer review. 
Limitations and Mitigation Strategies
Synthetic datasets may not fully capture real-world nuances, mitigated by multi-source validation and sensitivity analysis. Computational constraints in remote setups are addressed using cloud resources and efficient algorithms. Challenges in reproducing production environments are countered with standardized protocols and statistical accounting for variations. A risk management matrix assesses probability and impact, with mitigation strategies like code reviews and monitoring. 

4.	Results and Discussion
The experimental evaluation, conducted through simulation-based testing as outlined in the methodology, provides comprehensive insights into the performance of the AI-driven homomorphic encryption framework for secure real-time telehealth data analysis. Following the quantitative design, results were derived from synthetic datasets generated to replicate telehealth scenarios, including remote monitoring streams and electronic health records, validated against anonymized summaries from sources like NHANES and MIMIC-III. The hybrid scheme integrating CKKS and BFV, optimized via neural networks, was benchmarked across computational, security, and quality metrics using Python with SEAL and TensorFlow on a multi-core setup.
In assessing computational performance, the framework exhibited efficient encryption and decryption across varying dataset sizes and security levels. As shown in Table 1, which details mean times with standard deviations from 100 runs per condition, encryption times ranged from 45.2 ms for 1K records at 128-bit security to 1,876.3 ms for 100K records at 256-bit, with throughputs up to 634.2 MB/s. The Encryption Time Performance vs Dataset Size for Different Security Levels is shown in Figure 3. The AI optimization reduced overhead by 23.7% compared to non-optimized baselines, evident in the linear scaling that maintained sub-linear memory growth.
Table 1 Encryption/Decryption Performance Metrics
	Dataset Size
	Security Level
	Encryption Time (ms)
	Decryption Time (ms)
	Throughput (MB/s)
	Memory Usage (MB)

	1K records
	128-bit
	45.2 ± 2.1
	38.7 ± 1.8
	142.3
	128.5

	10K records
	128-bit
	156.8 ± 7.3
	134.2 ± 5.9
	387.4
	256.8

	50K records
	128-bit
	678.9 ± 12.4
	589.3 ± 14.7
	523.7
	512.3

	100K records
	128-bit
	1,234.5 ± 23.8
	1,089.7 ± 28.1
	634.2
	1,024.6

	1K records
	256-bit
	67.8 ± 3.2
	59.4 ± 2.7
	98.7
	185.4

	10K records
	256-bit
	234.7 ± 9.8
	201.3 ± 8.4
	267.9
	371.2

	50K records
	256-bit
	1,023.4 ± 18.7
	887.6 ± 21.3
	394.8
	742.8

	100K records
	256-bit
	1,876.3 ± 34.2
	1,623.8 ± 38.9
	456.1
	1,485.7


Figure 3 Encryption Time Performance vs Dataset Size for Different Security Levels.
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Homomorphic operations further highlighted the hybrid approach's efficacy, with execution times and accuracy detailed in Table 2 from factorial experiments varying operation types. Multiplication in the hybrid mode averaged 67.9 ms with 99.89% accuracy and 1.15x noise growth, outperforming single schemes by 18.4% in speed while keeping relative error below 0.11%.
Table 2 Homomorphic Operation Performance
	Operation Type
	BFV Time (ms)
	CKKS Time (ms)
	Hybrid Time (ms)
	Accuracy (%)
	Noise Growth

	Addition
	2.3 ± 0.1
	3.1 ± 0.2
	2.1 ± 0.1
	99.97
	1.02x

	Subtraction
	2.5 ± 0.2
	3.4 ± 0.3
	2.3 ± 0.2
	99.96
	1.03x

	Multiplication
	78.6 ± 4.3
	82.4 ± 5.1
	67.9 ± 3.8
	99.89
	1.15x

	Aggregation
	45.7 ± 2.8
	52.3 ± 3.4
	38.2 ± 2.1
	99.94
	1.08x

	Comparison
	156.8 ± 8.7
	N/A
	134.2 ± 7.2
	99.82
	1.23x

	Statistical
	234.5 ± 12.4
	198.7 ± 9.8
	187.3 ± 8.9
	99.78
	1.18x


The AI optimization converged in 12.3 iterations on average, yielding 31.2% overhead reduction, as visualized in Figure 4, which plots convergence curves for latency minimization showing prediction accuracy rising to 94.7% after 50,000 requests.
Security validation through attack tree modeling showed low success rates, detailed in Table 3, where brute-force attacks had 0% success and lattice attacks 0.2%. Figure 4 displays the attack vector security metrics
Table 3 Security Validation Metrics
	Attack Vector
	Success Rate (%)
	Detection Rate (%)
	Response Time (ms)
	Mitigation (%)

	Brute Force
	0.0
	100.0
	45.2
	100.0

	Side-Channel
	2.3
	97.7
	67.8
	98.4

	Chosen Plaintext
	0.8
	99.2
	52.4
	99.6

	Known Plaintext
	1.4
	98.6
	48.9
	98.9

	Fault Injection
	3.1
	96.9
	78.3
	97.2

	Lattice Attack
	0.2
	99.8
	156.7
	99.7

	Insider Threat
	5.7
	94.3
	234.6
	95.8





Figure 4 Attack Vector Security Metrics
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HIPAA compliance reached 96.9%, as in Table 4, with perfect scores in integrity and transmission. Figure 5 depicts the HIPAA Compliance Scores showing the  Framework vs Industry Benchmark.
Table 4 HIPAA Compliance Scores

	Category
	Requirements Met
	Score (%)
	Quality
	Gaps

	Access Control
	45/47
	95.7
	Excellent
	2 minor

	Audit Controls
	23/24
	95.8
	Excellent
	1 doc

	Integrity
	18/18
	100.0
	Outstanding
	None

	Authentication
	15/16
	93.8
	Very Good
	1 tech

	Transmission Security
	22/22
	100.0
	Outstanding
	None

	Overall
	123/127
	96.9
	Excellent
	4 minor


Figure 5 HIPAA Compliance Scores.
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Synthetic data quality exceeded thresholds, per Table 5 with metrics like completeness 98.7%. The data quality assurance metrics is shown in Figure 6.
Table 5 Synthetic Data Quality
	Dimension
	Target (%)
	Achieved (%)
	SD
	CI (95%)

	Completeness
	95.0
	98.7
	±1.2
	[98.3, 99.1]

	Consistency
	98.0
	99.4
	±0.8
	[99.1, 99.7]

	Accuracy
	99.0
	99.6
	±0.4
	[99.4, 99.8]

	Uniqueness
	99.9
	99.95
	±0.03
	[99.93, 99.97]

	Validity
	97.0
	98.9
	±0.9
	[98.6, 99.2]

	Overall
	97.8
	99.3
	±0.7
	[99.0, 99.6]


Figure 6 Data Quality Assurance Metrics.
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Real-time streaming maintained latencies under 535 ms at 5,000 records/sec, as in Table 6.
Table 6 Real-Time Streaming Performance
	Velocity (rec/s)
	Latency (ms)
	Throughput (MB/s)
	Buffer (%)
	Error (%)
	Quality

	100
	34.7 ± 2.1
	45.8
	23.4
	0.02
	98.9

	500
	67.3 ± 4.8
	189.2
	45.7
	0.05
	98.7

	1,000
	123.6 ± 8.2
	342.1
	67.8
	0.08
	98.4

	2,500
	287.4 ± 15.6
	623.7
	82.3
	0.12
	98.1

	5,000
	534.8 ± 24.3
	987.4
	94.6
	0.18
	97.6


Comparative benchmarks showed superiority, per Table 7 with improvements up to 56.6% in latency. Figure 7 depicts the normalized comparative metrics across encryption frameworks.



Table 7 Comparative Benchmarks
	Metric
	Proposed
	AES-256
	Paillier
	Standard FHE
	Improvement (%)

	Encryption Speed (ms/MB)
	23.4 ± 1.8
	45.7 ± 3.2
	234.6 ± 18.4
	1,234.7 ± 87.3
	48.8

	Latency (ms)
	67.8 ± 4.2
	156.3 ± 9.7
	2,345.8 ± 156.2
	15,678.4 ± 1,234.6
	56.6

	Memory Efficiency (%)
	87.3 ± 3.1
	76.4 ± 4.8
	45.2 ± 7.3
	23.8 ± 5.2
	14.3

	Security Score
	96.7 ± 1.2
	89.4 ± 2.1
	92.3 ± 1.8
	95.8 ± 1.5
	8.2

	Scalability Factor
	4.23 ± 0.18
	2.87 ± 0.23
	1.45 ± 0.34
	1.12 ± 0.28
	47.4


Figure 7 Normalized Comparative Metrics.
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Statistical significance was confirmed, as in Table 8 with p<0.001 and large Cohen's d.



Table 8  Statistical Tests
	Comparison
	Test Type
	Size
	Cohen's d
	p-value
	CI
	

	vs. AES-256
	Paired t
	150
	1.87
	<0.001
	[1.62, 2.12]
	

	vs. Paillier
	Mann-Whitney
	150
	2.34
	<0.001
	[2.01, 2.67]
	

	vs. Standard FHE
	Paired t
	150
	2.91
	<0.001
	[2.54, 3.28]
	

	Security
	ANOVA
	600
	1.45
	<0.001
	[1.21, 1.69]
	

	Scalability
	Regression
	200
	1.73
	<0.001
	[1.48, 1.98]
	


Discussion
The results affirm the framework's effectiveness in designing an optimized homomorphic encryption system for telehealth, with hybrid schemes and AI yielding 23.7% overhead reduction, aligning with studies on lattice-based optimizations in healthcare data (Alzubi et al., 2024). Computational efficiencies, such as throughputs up to 987.4 MB/s in streaming, enable real-time analytics without decryption, addressing gaps in traditional methods where latencies hinder clinical decisions (Badawi et al., 2020). This supports scalable telehealth, as evidenced by sub-0.2% error rates, consistent with benchmarks showing HE's potential for physiological data processing (Cheon et al., 2017).
Security outcomes, with attack success below 6% and 96.9% HIPAA compliance, surpass prior frameworks, where insider threats often exceed 10% vulnerability (Froelicher et al., 2021). The adaptive AI parameters enhance resistance to lattice attacks (0.2% success), echoing research on dynamic encryption in medical imaging (Al-Hazaimeh et al., 2023). Data quality at 99.3% validates synthetic generation for simulation, mirroring real-world patterns without privacy risks, as in genomic data studies (Munjal & Bhatia, 2022).
Comparative advantages, like 56.6% latency improvement over AES-256, highlight practical superiority, backed by statistical significance (p<0.001), similar to evaluations showing HE's edge in cloud healthcare (Jiang et al., 2018). These imply clinical benefits, enabling secure collaborative analytics for better outcomes in chronic care, as per federated learning integrations (Podschwadt & Takabi, 2020).
Limitations
Limitations include reliance on synthetic data, potentially overlooking rare clinical anomalies in actual deployments, and home-based constraints limiting live validations, though mitigated by rigorous simulations (80 words).
Future Considerations
Future considerations involve integrating differential privacy for enhanced robustness and piloting in hospitals to assess quantum threats, informing recommendations like hybrid implementations. Overall, the framework advances privacy-preserving telehealth, with implications for equitable access and reduced breach costs, paving for AI-HE hybrids in emerging regulations (Truex et al., 2019; Halevi et al., 2019).

5.	Conclusions and Recommendations
Conclusions
This study developed an AI-driven homomorphic encryption framework for secure telehealth data analysis, integrating hybrid CKKS-BFV schemes and neural network optimization. The system achieved 23.7% overhead reduction, processing latencies below 535 ms for 5,000 records/sec, and 96.9% HIPAA compliance. Synthetic datasets, validated at 99.3% quality, enabled robust testing, with security assessments showing attack success rates below 6%. Despite efficiencies, limitations include synthetic data constraints and home-based testing, requiring real-world validation. The framework effectively supports secure, scalable telehealth analytics, enhancing patient data protection and clinical decision-making.
Recommendations
Future researchers should develop real-world telehealth datasets to enhance framework generalizability. Integrating explainable AI techniques can improve transparency in encryption parameter decisions, fostering trust. Deploying the framework in clinical settings, such as telemedicine platforms, will validate real-time performance and scalability. Collaborative efforts among healthcare providers, tech developers, and regulators should establish standardized security metrics for medical IoT. Exploring adaptive algorithms to counter evolving threats, like quantum attacks, will ensure long-term resilience. These steps will strengthen secure telehealth deployment, aligning with evolving privacy needs and clinical demands.
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