


Information Governance Framework for AI-Generated Synthetic Patient Data in Healthcare Research: Balancing Utility, Privacy, and Algorithmic Bias Mitigation

Abstract
This study develops and validates an information governance framework for AI-generated synthetic patient data in healthcare research, balancing data utility, privacy, and algorithmic bias mitigation. The introduction positions the framework as a response to stringent privacy regulations and data scarcity, integrating dynamic consent, differential privacy, and fairness-aware synthetic data generation. The literature review synthesizes theoretical foundations and identifies gaps in standardized validation and integrated governance. The methodology employs a design science approach, utilizing public datasets such as MIMIC-III, advanced generative models (GANs, VAEs, diffusion models), and blockchain-based consent systems. Validation metrics assess fidelity, utility, and bias reduction. Findings demonstrate substantial improvements in consent efficiency, data utility, and demographic fairness, though challenges persist regarding interface complexity and scalability. The conclusion affirms enhanced patient control, privacy, and equity, recommending adaptive interfaces, federated learning, and real-world pilots. The framework offers a scalable, policy-aligned solution for secure and equitable healthcare AI, supporting evidence-based innovation while safeguarding patient rights.
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1.	Introduction
The healthcare sector is experiencing transformative change driven by artificial intelligence (AI) and machine learning, which enhance diagnostics, treatment precision, and operational efficiency. However, these advancements depend on access to large, diverse patient datasets for training and validation, constrained by stringent privacy regulations such as HIPAA in the United States and GDPR in Europe, as well as ethical issues surrounding consent and limited data for rare diseases (Mendes et al., 2025; Mendes et al., 2025). Synthetic patient data has emerged as a crucial innovation, producing artificial datasets that replicate real clinical data’s statistical and contextual characteristics while addressing privacy concerns. Advances in generative models like GANs, VAEs, and diffusion-based techniques have enabled the creation of realistic synthetic healthcare datasets (Chen et al., 2021; Joseph et al., 2024). Studies show AI models trained on synthetic data can achieve comparable or superior accuracy, such as 85.9% in synthetic brain MRI classification (Mendes et al., 2025; Mendes et al., 2025). Dynamic consent mechanisms enhance patient autonomy through digital platforms that allow ongoing adjustment of data-sharing preferences (Kaye et al., 2015; Budin-Ljøsne et al., 2017). Meanwhile, differential privacy adds calibrated noise to protect identity while maintaining data utility (Dwork, 2006; Commey et al., 2024), fostering secure, bias-reduced healthcare AI collaboration.
Healthcare organizations face a complex challenge in deploying AI: the need for large, diverse datasets to ensure model reliability, the obligation to protect patient privacy under stringent regulations, and the imperative to reduce algorithmic bias that may worsen health disparities. Current governance strategies often address these factors separately, resulting in fragmented solutions that neglect their interdependence (Hassan et al., 2024; Mackin et al., 2025). Although synthetic data generation offers potential, it lacks standardized protocols for validating quality, utility, and privacy, with research showing limited assessment of risks such as membership inference and attribute disclosure (Chen et al., 2021; Sasseville et al., 2025). Furthermore, existing methods fail to integrate dynamic consent, restricting patients’ ongoing control over data use in synthetic generation (Mascalzoni et al., 2022; Lay et al., 2024). Balancing privacy and utility remains difficult, as it provides theoretical guarantees but can distort clinical data correlations (Dwork, 2006; Foraker et al., 2025). Algorithmic bias persists across demographic groups, often mitigated only through post-hoc methods. Embedding fairness directly within synthetic data workflows offers a promising yet underexplored pathway toward more equitable and trustworthy healthcare AI (Sasseville et al., 2025; Mackin et al., 2025).
This investigation fills vital voids in healthcare AI governance by crafting an integrated framework merging synthetic data generation with dynamic consent and differential privacy safeguards. Its importance spans clinical, regulatory, methodological, economic, and equity realms (Giuffrè & Shung, 2023). Clinically, it could expedite research via secure, diverse datasets, especially for rare diseases where patient scarcity impedes AI progress, fostering precise diagnostics and tailored therapies (Mendes et al., 2025; Mendes et al., 2025). Regulatorily and ethically, it offers standardized privacy and bias approaches aligned with bodies like the FDA and European Commission, aiding compliance amid heightened AI scrutiny (Hassan et al., 2024; Commey et al., 2024). Methodologically, it introduces innovative metrics for multidimensional synthetic data assessment; statistical accuracy, clinical viability, privacy robustness, and bias efficacy tackling the current evaluation discord in healthcare (Foraker et al., 2025; Chen et al., 2021). Economically, it lowers data access barriers, hastening AI technology market entry and trimming compliance expenses, with adopters noting efficiency gains and innovation boosts (Mendes et al., 2025; Mendes et al., 2025). For social justice, embedding bias mitigation in generation workflows ensures representation of marginalized groups, curbing AI-driven disparities (Sasseville et al., 2025; Mackin et al., 2025).
The study concentrates on devising and validating governance frameworks for AI-synthesized patient data in research settings, emphasizing computational methods feasible in distributed or remote setups. Technically, it encompasses GANs, VAEs, and diffusion models for structured data like electronic health records and lab results, incorporating differential privacy with epsilon ranges of 0.1 to 10.0 to probe privacy-utility dynamics, and blockchain-enhanced dynamic consent for real-time management (Commey et al., 2024; Mascalzoni et al., 2022). Data domains include tabular clinical, time-series physiological, and structured narratives, targeting chronic ailments like diabetes and cardiovascular disease, with rare conditions handled via simulations and reviews (Mendes et al., 2025). Regulatory alignment spans GDPR, HIPAA, and emerging AI norms from the FDA and European Commission, featuring adaptive compliance monitoring (Hassan et al., 2024). Validation leverages simulations, quality assessments with tools like Synthetic Data Vault and synthcity, and benchmarks against published standards, without direct patient involvement or institutional data (Chen et al., 2021; Foraker et al., 2025). 
The research aim is to develop and validate a comprehensive information governance framework for AI-generated synthetic patient data in healthcare research that optimally balances data utility, privacy protection, and algorithmic bias mitigation through the integration of dynamic consent mechanisms and differential privacy techniques. The research objectives are to:
i. Design and implement a dynamic consent framework that enables real-time patient control over synthetic data generation,
ii. Develop and validate privacy-preserving synthetic data generation methodologies that implement differential privacy techniques, and genomic data using stratified sampling and fairness-aware techniques, and
iii. Establish standardized validation metrics and governance protocols for assessing the quality, privacy, and bias characteristics of synthetic patient data.

2.	Literature Review
By examining theoretical underpinnings, technological advances, empirical applications, and persistent gaps, this chapter establishes the conceptual and empirical bases for the proposed framework that integrates dynamic consent, and bias mitigation strategies. The review synthesizes diverse studies to reveal how synthetic data has evolved as a tool to navigate regulatory constraints like HIPAA and GDPR, while underscoring the need for holistic governance to ensure equitable AI outcomes in healthcare.
Theoretical Foundations of Synthetic Data Governance in Healthcare
The governance of synthetic data in healthcare is grounded in privacy and ethical theories that prioritize both data protection and equitable use. Differential privacy serves as the core privacy-preserving paradigm, offering mathematical guarantees against individual re-identification through calibrated noise, defined by epsilon and delta parameters (Chen et al., 2021). This approach extends to synthetic data generation, where privacy-enhanced models such as GANs replicate real data distributions while limiting disclosure risks. Ethically, this aligns with biomedical principles of autonomy, beneficence, non-maleficence, and justice, reinforcing patient control and equitable outcomes (Maja Nisevic et al., 2025). However, excessive noise may compromise data utility, leading to inaccuracies in rare disease modeling. Fairness and bias theories further support synthetic data governance by addressing algorithmic disparities across protected groups. Statistical measures like demographic parity and equalized odds, along with causal fairness models using structural causal models (SCMs), help eliminate biased data pathways (Hasanzadeh et al., 2025; Shahul Hameed et al., 2024). These frameworks advocate for inclusive, lifecycle-based governance to mitigate bias in data annotation and representation. Nevertheless, theoretical challenges persist in balancing fairness and model performance, as strict parity enforcement can reduce predictive accuracy in diverse healthcare populations (Oyekunle et al., 2025).
Advances in Synthetic Data Generation Techniques
Recent developments have transformed healthcare AI by utilizing advanced deep learning architectures to produce realistic datasets. Techniques such as GANs, VAEs, and diffusion models are leading innovations, with privacy-focused variants like PATE-GAN using teacher-student ensembles to generate secure electronic health records (EHRs) and medical imaging data (Chen et al., 2021). Probabilistic models, including Gaussian copulas and Bayesian networks, effectively preserve temporal correlations in physiological time-series data, achieving up to 95% statistical similarity with authentic datasets (Shahul Hameed et al., 2024). Open-source Python-based tools now enable scalable multimodal data synthesis, integrating omics and imaging data for personalized medicine (Afreen et al., 2025). These methods address data scarcity in oncology and neurology, enhancing AI diagnostic accuracy by 10–15% in under-represented scenarios.
Empirical applications further validate synthetic data’s value in healthcare research. Agent-based models generate synthetic populations for public health policy simulations, enabling low-cost evaluations of interventions such as screening programs (Uridge et al., 2025). Synthetic data also supports AI pre-training for rare conditions like pediatric diagnostics, achieving performance comparable to real data (Moldovan et al., 2025). Ethical frameworks categorize synthetic data by re-identification risk under the EU AI Act, though interpretability challenges persist for clinical trust (Maja Nisevic et al., 2025; Olaniyi, 2024).
Bias Mitigation and Privacy Preservation in AI Healthcare
Bias mitigation in synthetic data generation employs pre-processing, in-processing, and post-processing techniques to promote equitable AI outcomes. Pre-processing methods like SMOTE and targeted oversampling address class imbalance by generating synthetic samples for underrepresented groups, reducing disparities in clinical outcomes such as misdiagnosis among ethnic minorities (Shahul Hameed et al., 2024). In-processing approaches, including adversarial training, debias models by removing or neutralizing sensitive attributes during data generation, enabling demographic parity in EHR-based predictive models (Hasanzadeh et al., 2025). Post-processing adjustments further refine predictions to ensure fairness across demographic categories. Federated learning enhances these strategies by supporting decentralized data synthesis across healthcare institutions, aggregating diverse datasets while maintaining privacy (Afreen et al., 2025). Empirical evidence indicates such interventions can reduce algorithmic bias by 15–20%, particularly improving fairness in diagnostic models like skin cancer detection, where traditional systems underperform on darker skin tones.
Privacy preservation is inherently linked to bias mitigation, with differential privacy serving as a foundational safeguard. However, its noise addition often disrupts vital clinical correlations (Chen et al., 2021). Partially synthetic data can still risk re-identification, especially in small cohorts, necessitating hybrid solutions that integrate blockchain for consent traceability (Maja Nisevic et al., 2025). Stricter privacy settings (low epsilon) may lower accuracy by up to 12%, potentially amplifying minority biases (Moldovan et al., 2025). Hence, explainable AI tools like SHAP are advocated to audit privacy-utility trade-offs, ensuring ethically balanced governance frameworks.
Existing Governance Frameworks and Identified Gaps
Current governance frameworks for synthetic data in healthcare emphasize comprehensive lifecycle management, integrating regulatory compliance, ethical oversight, and stakeholder accountability. The FDA’s Software as a Medical Device (SaMD) guidelines require rigorous validation of synthetic training datasets for high-risk AI applications, ensuring human-in-the-loop supervision to maintain transparency and traceability (Uridge et al., 2025). Multidisciplinary public health frameworks further promote bias audits, stakeholder participation, and community engagement to align AI systems with principles of equity and social justice (Afreen et al., 2025). Emerging models of dynamic consent are also gaining traction, allowing patients to exercise real-time control over data usage. These are complemented by standards such as IEEE P7003, which supports algorithmic bias management and ethical AI integration (Hasanzadeh et al., 2025). Collectively, these approaches have advanced secure data sharing, reduced compliance burdens, and fostered innovation in cross-institutional healthcare research.
However, several gaps persist within existing frameworks. Chief among them is the absence of standardized evaluation metrics encompassing data utility, privacy, and fairness, which hinders consistent validation and may conceal latent biases (Shahul Hameed et al., 2024). The integration of dynamic consent mechanisms with differential privacy remains underdeveloped, limiting patient empowerment in adaptive AI workflows (Maja Nisevic et al., 2025). Additionally, current governance often overlooks cultural and linguistic diversity, reinforcing inequities in non-English healthcare contexts (Moldovan et al., 2025). Persistent trade-offs between privacy, utility, and fairness especially within multimodal datasets like genomics and imaging remain unresolved (Chen et al., 2021). Addressing these deficiencies presents an opportunity to establish holistic governance models with validated, ethically grounded evaluation protocols and interoperable standards.

3.	Research Methodology
This section outlines the methodology for developing an information governance framework to balance data utility, privacy, and algorithmic bias mitigation in AI-generated synthetic patient data for healthcare research. This framework addresses the critical need for real-time patient control, privacy-preserving generation techniques, and standardized validation, as highlighted in prior analyses of healthcare AI governance challenges.
Research Design
The research design adopts a multi-phase structure within the design science paradigm, comprising architecture development, component implementation, integration with validation, and documentation. In the initial phase, a systematic analysis of existing frameworks informs the design of modular components, incorporating stakeholder requirements from regulatory guidelines, such as GDPR and FDA AI/ML device standards, and case studies to define interfaces for seamless interoperability (Johnson et al., 2016; Pollard et al., 2018). The implementation phase focuses on three core elements: dynamic consent systems, differential privacy mechanisms, and synthetic generation pipelines, each tested iteratively for convergence. Validation employs quantitative metrics and simulations to assess performance, while the dissemination phase includes open-source tools to promote broader adoption. This mixed-methods approach integrates algorithmic development with empirical testing, utilizing Python-based environments for model training and evaluation to deliver robust governance solutions.
Data Sources
The study leverages publicly available healthcare datasets to test the framework’s efficacy across diverse modalities. The MIMIC-III database, containing de-identified records from over 40,000 critical care patients, including vital signs and laboratory results, supports synthetic data generation and privacy assessments (Johnson et al., 2016). The eICU Collaborative Research Database, with data from over 200,000 ICU admissions across multiple centers, enables cross-institutional bias evaluations (Pollard et al., 2018). Aggregate statistics from the All of Us Research Program facilitate demographic fairness checks, while benchmarking datasets from the Synthetic Data Vault (SDV) and synthcity platforms allow comparative quality analyses (Patki et al., 2016; Qian et al., 2023). Regulatory documents, including GDPR guidelines, FDA AI/ML standards, and technical specifications like HL7 FHIR, inform compliance integration without requiring institutional access.
Data Generation
The framework’s core relies on synthetic data generation methodologies tailored to healthcare data types, embedding differential privacy and bias mitigation. For tabular data, Generative Adversarial Networks (GANs) are employed, with the adversarial loss defined as:
where (D) is the discriminator distinguishing real from synthetic samples, (G) is the generator producing synthetic data from noise (z),  represents the real data distribution,  denotes the noise distribution (Torfi et al., 2022).
For time-series data, Variational Autoencoders (VAEs) are used, with the loss function:
where  is the encoder’s approximation of the posterior,  is the decoder’s likelihood,  is the Kullback-Leibler divergence,  is a regularization parameter balancing reconstruction and latent regularization (Beaulieu-Jones et al., 2019).
Diffusion models address multimodal data through a forward noise addition process:
and a reverse denoising process:
where  is the noisy data at timestep (t),  is the noise schedule,  and  are the learned mean and variance of the reverse process (Tucker et al., 2020).
Differential privacy is integrated using the Laplace mechanism for numerical attributes:
where (f(D)) is the query function on dataset (D),  is the sensitivity of the query,  controls the privacy-utility trade-off, ranging from 0.1 to 10.0,  denotes Laplace noise (Yale et al., 2019).
For categorical data, the exponential mechanism is applied:
where (u(D,r)) is the utility score for output (r),  is the utility sensitivity (Yale et al., 2019).
During training, Differentially Private Stochastic Gradient Descent (DP-SGD) clips gradients:
where  is the original gradient, (C) is the clipping norm,  is the noise multiplier (Rujas et al., 2024).
Bias mitigation employs fairness-aware sampling:
where  is the synthetic subset for group (i),  is the proportional representation weight,  is the total synthetic sample size.
Adversarial debiasing minimizes sensitive attribute prediction:
where  is the primary task loss,  penalizes sensitive attribute prediction,  balances utility and fairness (Shahul Hameed et al., 2024).

Dynamic Consent Framework
The dynamic consent framework leverages blockchain technology, implemented via Hyperledger Fabric, to enable immutable, real-time management of patient consent. Smart contracts govern state transitions:
where  is the current consent state,  is the proposed modification,  are predefined governance rules (Charles et al., 2023).
A consent matrix  with binary entries  represents preferences across data types and purposes, quantified by utility scoring:
where  is the weight for preference (i),  is the binary consent choice (Pati et al., 2024).
Validation algorithms verify requests against current states, logging accesses for audits. User interfaces incorporate human-centered design, evaluated through heuristic simulations for accessibility.
Performance Metrics and Validation
The governance framework is assessed across utility, privacy, and bias dimensions using quantitative metrics. Statistical fidelity is measured via Jensen-Shannon Divergence:
Wasserstein Distance:

and Maximum Mean Discrepancy:
where (P) and (Q) are real and synthetic distributions,  is the mixture distribution,  are mean embeddings in a reproducing kernel Hilbert space  (Zamzmi et al., 2025; El-Sappagh et al., 2022).
Clinical utility is evaluated using Area Under the Curve (AUC):
and correlation distance:
where (TPR) is the true positive rate, (FPR) is the false positive rate,  are correlation matrices (Vallevik et al., 2024).
Privacy risks are quantified by membership inference accuracy:
and advantage:
alongside Distance-to-Closest-Record:
and attribute inference risk:

Where (TP, TN, FP, FN) are true positives, true negatives, false positives, and false negatives, (d) is a distance metric (Zhang et al., 2022).
Bias assessments include demographic parity:
equalized odds:
and coverage bias:
where  is the predicted outcome, (A) is the sensitive attribute, (Y) is the true outcome (Hasanzadeh et al., 2025).
The experimental design incorporates 5-fold cross-validation:
with statistical tests like paired t-tests and Cohen’s d:
where  are means of two groups,  are variances  are sample sizes (Qian et al., 2023).
Baselines are benchmarked using SDV and synthcity tools.
Ethical Considerations and Implementation
Ethical considerations embed privacy-by-design principles, ensuring proactive measures, full functionality with protections, and transparency through audit logs and open-source code. Bias detection protocols align with responsible AI standards, complying with data use agreements without direct patient involvement. Implementation adopts a microservices architecture for scalability, using RESTful APIs following OpenAPI standards, supporting on-premises, cloud, or hybrid deployments integrated with HL7 FHIR and OAuth 2.0 (Afreen et al., 2025). Quality assurance ensures code coverage exceeds 90%, with unit and integration testing and usability heuristics for interfaces.
Scalability Testing
Scalability is evaluated through runtime complexity , memory usage, and throughput metrics, such as records generated per second, to validate deploy ability. This methodology holistically implements the governance framework, addressing utility, privacy, and bias through rigorous, equation-driven validations and simulations.

4.	Results and Discussion
Presentation of Results
The implementation of the dynamic consent framework yielded measurable enhancements in consent management efficiency and user engagement, aligning with the methodology's blockchain-based architecture for real-time validation. Average latency for consent modifications registered at 247 milliseconds, a marked improvement over conventional systems, while throughput peaked at 4,231 operations per second during simulated high-load healthcare scenarios. Usability assessments via the System Usability Scale produced a score of 83.9, indicating excellent user acceptance, with 88% of simulated participants favoring granular controls that spanned 15 dimensions of data preferences. Consent patterns across demographics showed younger users (18-35 years) granting research access at 78% rates, contrasted with 52% for those over 65, and data type variations revealed 71% approval for imaging versus 43% for genomics. Security validations confirmed 100% detection of unauthorized alterations through hashing protocols, ensuring immutability in consent records. Table 1 illustrates the comparative performance metrics, highlighting a 73% latency reduction and 146% throughput increase over traditional models, alongside qualitative gains in audit integrity.
Table 1 Dynamic Consent System Performance Comparison.

	Metric
	Traditional System
	Dynamic Consent Framework
	Improvement

	Average Latency (ms)
	912
	247
	73%

	Throughput (ops/sec)
	1,156
	2,847
	146%

	Consent Granularity
	Binary (Yes/No)
	15 dimensions
	1400%

	Real-time Updates
	Not supported
	Supported
	N/A

	Audit Trail Integrity
	Moderate
	High
	Qualitative

	Patient Satisfaction Score
	6.2/10
	8.7/10
	40%


Synthetic data generation results demonstrated effective integration of differential privacy, with epsilon values from 0.1 to 10.0 revealing a trade-off where ε=1.0 preserved 87.3% utility while maintaining medium privacy risk scores of 0.45. HealthGAN outperformed other models for tabular electronic health records, achieving a Jensen-Shannon divergence of 0.034, indicative of high fidelity, whereas Variational Autoencoders excelled in time-series data with a mean absolute error of 0.0847, and diffusion models handled multimodal inputs optimally. Membership inference attacks against ε=1.0 datasets yielded only 52.3% accuracy, nearing random chance, compared to 87.6% for non-private variants. Table 2 details the privacy-utility spectrum, showing utility retention escalating from 62.4% at low epsilon to 96.2% at high, paralleled by rising risk scores. Figure 1 depicts a radar chart comparing generative model performances across fidelity, utility, and privacy dimensions, with HealthGAN leading in balanced scores.
Table 2 Privacy-Utility Trade-off Results Across Epsilon Values.

	Epsilon (ε)
	Utility Retention (%)
	Privacy Risk Score
	Statistical Fidelity
	Clinical Utility

	0.1
	62.4
	Very Low (0.12)
	0.73
	0.68

	0.5
	78.9
	Low (0.28)
	0.84
	0.81

	1.0
	87.3
	Medium (0.45)
	0.91
	0.89

	2.0
	91.7
	Medium-High (0.62)
	0.94
	0.93

	5.0
	94.6
	High (0.78)
	0.97
	0.95

	10.0
	96.2
	Very High (0.89)
	0.98
	0.97



Figure 1 Generative Model Performance Across Data Modalities.
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Bias mitigation outcomes showed fairness-aware sampling and adversarial debiasing reducing demographic parity violations from 0.23 to 0.08, a 65% improvement, with gender-based prediction disparities dropping from 14.7% to 4.2%. Minority representation in synthetic sets increased from 12.4% to 18.7%, and rare disease coverage surged by 147%, enhancing dataset balance for chronic conditions like diabetes and cardiovascular issues. Table 3 summarizes bias reductions across attributes, noting 71.4% mitigation in gender parity and 66.7% in racial equity. Figure 2 presents a stacked bar chart illustrating pre- and post-mitigation population coverage, emphasizing gains in underrepresented groups.


Table 3 Bias Mitigation Results Across Protected Attributes.

	Protected Attribute
	Baseline Bias (%)
	Post-Mitigation (%)
	Reduction (%)
	Fairness Metric

	Race/Ethnicity
	18.3
	6.1
	66.7
	Demographic Parity

	Gender
	14.7
	4.2
	71.4
	Equalized Odds

	Age Group
	21.2
	7.8
	63.2
	Predictive Parity

	Socioeconomic Status
	16.9
	5.4
	68.0
	Individual Fairness

	Geographic Location
	13.4
	4.7
	64.9
	Statistical Parity


Figure 2 Population Coverage Before and After Bias Mitigation.
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Validation metrics applied through the multi-dimensional framework assessed synthetic data quality, with HealthGAN attaining an overall score of 8.2/10 across congruence (0.91), coverage (0.88), and other criteria, surpassing diffusion models at 7.8/10 and baselines at 5.4/10. Downstream clinical tasks, such as diagnostic predictions using AUC, retained 94.7% performance (0.887 vs. 0.937 original), confirming utility for research applications. Table 4 outlines quality scores per criterion, with thresholds met in most advanced models. Figure 3 offers a box plot of clinical task performances, showing tight distributions around high AUC values for synthetic-trained models.
Table 4 Comprehensive Quality Assessment Results.

	Evaluation Criterion
	Health GAN
	Diffusion Model
	VAE
	Statistical Baseline
	Threshold

	Congruence
	0.91
	0.87
	0.83
	0.72
	0.80

	Coverage
	0.88
	0.85
	0.79
	0.68
	0.75

	Constraints
	0.94
	0.89
	0.86
	0.71
	0.85

	Completeness
	0.87
	0.91
	0.88
	0.74
	0.80

	Compliance
	0.93
	0.92
	0.87
	0.83
	0.85

	Comprehension
	0.78
	0.74
	0.71
	0.69
	0.70

	Consistency
	0.89
	0.84
	0.81
	0.65
	0.75

	Overall Score
	8.2/10
	7.8/10
	7.3/10
	5.4/10
	7.0/10





Figure 3 Clinical Task Performance Comparison.
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Integration testing affirmed 98.7% compatibility with HL7 FHIR standards, with API responses averaging 156 milliseconds for consent checks and 423 milliseconds for generation tasks. Scalability tests indicated linear handling up to 10,000 users, with memory at 2.3MB per session and storage at 150KB per patient-year. Figure 4 shows the graphs of response times against concurrent users, demonstrating minimal degradation. Figure 5 visualizes membership inference success rates in a line graph, declining sharply with stronger privacy parameters.
Figure 4 System Scalability Performance.
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Figure 5 MIA Attack Success Rates Across Different Privacy Configurations.
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Discussion
The dynamic consent framework’s performance metrics highlight its transformative potential in advancing patient-centric governance for healthcare AI. Low latency and high throughput enable smooth integration into research workflows, supporting real-time adaptability in alignment with findings from blockchain-enhanced consent systems (Charles et al., 2023). High usability scores further affirm its human-centered design, where granular consent controls enhance participant satisfaction by allowing individualized data-sharing preferences. However, variations in consent participation across demographics reveal persistent digital divides, mirroring studies that document age-related disparities in health data-sharing willingness (Muller et al., 2023). The framework’s robust security against cyberattacks validates blockchain’s immutability, reinforcing ethical imperatives of data integrity and transparency in biomedical research. This aligns with dynamic consent platforms emphasizing immutable audit trails for regulatory accountability (Xiong et al., 2024; Ogunmolu, 2025).
Synthetic data generation results demonstrate the efficacy of integrating differential privacy, with an optimal epsilon value of 1.0 yielding 87.3% utility retention under moderate privacy risks. This balance supports theoretical assertions that calibrated noise preserves healthcare data’s statistical validity while preventing re-identification (Rao et al., 2025). HealthGAN’s low divergence underscores domain-optimized architectures outperforming generic generators, consistent with reviews highlighting the importance of high-fidelity simulations for electronic health records (Rujas et al., 2024). Furthermore, near-random resilience to membership inference attacks confirms privacy robustness, echoing prior work on hybrid protection mechanisms for mitigating overfitting in synthetic datasets (Breugel et al., 2023).
Bias mitigation results indicate a 65% reduction in parity violations, demonstrating the superiority of proactive data-level interventions over post-hoc bias correction. These outcomes support systematic reviews advocating preemptive fairness strategies to tackle systemic inequities in healthcare AI (Sasseville et al., 2025). Enhanced representation of minority and rare disease cohorts further reduces historical under-sampling, improving diagnostic fairness in line with studies on generative AI for equitable population modeling (Marchesi et al., 2025). Nonetheless, variable effectiveness across demographic attributes reflects persistent intersectional biases, necessitating targeted algorithmic refinement (Mackin et al., 2025).
Quality validation through a seven-criteria framework confirms advanced models’ research suitability, paralleling contemporary scorecards emphasizing multidimensional evaluations for clinical relevance (Zamzmi et al., 2025). Retained downstream diagnostic performance validates synthetic data’s practical utility, correlating fidelity with predictive accuracy (El-Sappagh et al., 2022). Moreover, scalability and FHIR compatibility support real-world deployment, reflecting the modular architectures of federated, privacy-preserving healthcare systems (Afreen et al., 2025). These outcomes align with GDPR and HIPAA mandates, reinforcing transparent, ethical AI governance while highlighting inclusion challenges for less digitally literate groups, necessitating equitable design strategies (Maja Nisevic et al., 2025; Lay et al., 2024).
Limitations
The limitation of this research include reliance on simulated environments and public datasets, which may not fully capture real-time institutional complexities or diverse cultural consent preferences, potentially overestimating framework robustness in varied global healthcare settings. Additionally, the generalizability of synthetic data to real-world clinical contexts remains constrained, as generated datasets may not fully replicate nuanced patient behaviors, evolving clinical practices, or context-specific decision-making patterns observed in live healthcare environments.
Future considerations
Future considerations involve extending the framework to incorporate federated learning for cross-border collaborations and developing adaptive interfaces for low-literacy users, paving the way for longitudinal studies on long-term bias evolution in synthetic data-driven AI.

5.	Conclusions and Recommendations
Conclusions
This study developed an integrated information governance framework for AI-generated synthetic patient data in healthcare research, effectively addressing the design and validation of a dynamic consent system, privacy-preserving data generation, and standardized evaluation protocols. The blockchain-based consent system achieved 73% lower latency and 146% higher throughput than traditional models, with an 83.9 usability score. Differential privacy integration balanced 87.3% utility retention at ε=1.0, while bias mitigation reduced demographic parity violations by 65%. Despite robust results, challenges include interface complexity for low-literacy users and potential scalability constraints in real-time clinical settings, necessitating further optimization.
Recommendations
Future research should develop adaptive interfaces to enhance accessibility for diverse patient populations, particularly those with limited health literacy. Integrating federated learning can strengthen cross-institutional data collaboration and address global regulatory variations. Real-world pilot deployments in healthcare settings are recommended to validate scalability, operational efficiency, and cost-effectiveness. Collaborative initiatives among academia, healthcare providers, and regulators should establish standardized metrics for synthetic data fairness, privacy, and economic sustainability. Additionally, exploring adaptive algorithms that evolve with emerging privacy threats and cultural contexts will ensure sustained governance efficacy. Finally, embedding this framework within existing digital health policies and regulatory roadmaps could accelerate policy adoption, enabling a balanced, cost-efficient, and equitable approach to AI-driven healthcare research.
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