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Abstract

Objective: This article introduces the ZK-PRET Business Process Prover framework that integrates Object Management Group (OMG) business process standards with zero-knowledge cryptographic verification to enable privacy-preserving healthcare process compliance across distributed systems.

Methods: We developed a multilayer architecture combining formal business process modeling, zero-knowledge proof generation, and regulatory compliance verification. The framework extends established OMG standards with cryptographic verification capabilities to achieve verifiable compliance, privacy preservation, and regulatory accountability. Implementation testing were conducted in synthetic data environments designed to represent real-world healthcare scenarios.1 These environments enable comprehensive modeling and testing of multi-entity process orchestration patterns while maintaining privacy protections essential for healthcare research and development. All scenarios, clinical examples, and process expressions presented in this article utilize synthetic data to ensure no real patient data, clinical records, or identifiable health information were used.

Results: The ZK-PRET Business Process Prover framework demonstrates practical applicability across many healthcare domains, including treatment planning, telemedicine coordination, healthcare administration, consumer health services, multientity clinical trials, and supply chain management. Implementation results demonstrate cryptographic verification capabilities that enable mathematical prevention of regulatory violations rather than post hoc detection. The results demonstrate configurable privacy preservation through zero-knowledge verification and consistent proof sizes suitable for modeling complex orchestrations, while leveraging already widely used Web 2 process models suitable for multiple runtime deployment topologies.

Conclusions: Zero-knowledge healthcare process verification represents a foundational technology for regulatory compliance in distributed healthcare systems. While agentic AI systems present important opportunities for automation, the underlying requirement for verifiable process compliance through cryptographic means brings broader challenges. ZK-PRET Business Process Prover addresses these challenges in healthcare transformative flows, enabling safer deployment of autonomous systems while maintaining regulatory standards.

Plain Language Summary

This research introduces a new technology framework that uses advanced cryptographic methods to mathe- matically detect and potentially prevent regulatory violations. Zero-knowledge proof is an emerging technology that can produce proofs of data and computations with very selective disclosure. They are currently getting some traction in healthcare, mostly in data authentication and sharing. This article evaluates the use of ZK for process compliance.
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The system works like a digital verification tool that proves healthcare processes are compliant without revealing private information. This article embodies advanced research by synthesizing and bringing together many primitives in process modeling and zero-knowledge proofs, presents a novel methodology, but is still experimental. The framework was tested with synthetic data researching the protocol violation guidelines and call to check for communications synchronization issues. It was found that it can prevent coordination problems that might violate regulations, even when individual organizations appear to be following rules correctly, by allowing for explicitly modeling global constraints in an interoperable process model. We also see the potential use of this methodology to aid in designing agentic AI guardrails, particularly when agents get discovered and used across entity and privacy boundaries, for AI and human loops.

The framework is particularly important for autonomous AI systems in healthcare, which can make independent decisions that might inadvertently violate regulations when multiple AI systems coordinate across organizations. Our approach provides mathematical guarantees that healthcare processes remain compliant while preserving patient privacy and competitive business information. This technology enables safer collaboration between healthcare organizations and supports the deployment of advanced AI systems with built-in regulatory safeguards.

Healthcare organizations increasingly operate in networks that span institutional boundaries, jurisdictional frameworks, and regulatory domains, creating unprecedented challenges in maintaining process compliance across federated data and systems topologies.2 Clinical decision-making involves coordination between primary care providers, specialists, laboratories, pharmacies, insurance entities, and regulatory bodies—each with distinct compliance requirements and privacy obligations.2 Traditional approaches to process verification rely on centralized audit mechanisms that become impractical as healthcare networks scale and evolve toward more distributed architectures.

The evolution of healthcare automation has progressed through distinct phases, each introducing escalating compliance complexity. Early deterministic systems such as electronic data interchange (EDI) and robotic process automation (RPA) allowed healthcare organizations to embed regulatory requirements directly into system logic with predictable cause-and-effect relationships. The transition to intelligent process automation (IPA) introduced additional complexities as systems began handling unstructured data and making contextual decisions, necessitating model validation, bias detection, and continuous monitoring. However, the emergence of agentic artificial intelligence (AI) systems—with their autonomous decision-making, probabilistic reasoning, and emergent behaviors—has exponentially amplified compliance challenges, creating scenarios where violations can occur through coordinated multi-agent behaviors that individually appear compliant but collectively violate regulatory frameworks, further complicating the regulatory landscape.

Recent research in multi-agent systems has documented specific coordination threats, including cross-site data leakage and regulatory bypass attempts where AI systems optimize for speed-to-market over regulatory thoroughness.3 As detailed in the Results section, these threats pose significant risks to healthcare compliance. The stakes are substantial: healthcare compliance violations can result in severe financial and criminal penalties, making mathematical prevention rather than post hoc detection a business imperative.

This article addresses these challenges through a comprehensive framework for zero-knowledge healthcare process verification. The Zero-Knowledge Process Regular Expression Toolkit (ZK-PRET Business Process Prover) framework integrates Object Management Group (OMG) business process standards with zero-knowledge cryptographic verification to enable privacy-preserving healthcare process compliance across distributed systems.

The ZK-PRET Business Process Prover represents a comprehensive framework with dual capabilities: functioning as a zero-knowledge proof engine for tokenization (supporting financial asset verification) and as a Process Regular Expression Toolkit (enabling healthcare process verification). Tokenization refers to the structured representation and verification of real-world entities, extending beyond financial assets to include healthcare assets, workflows, and patient preferences. The implementation focuses on Business Process Model and Notation (BPMN) 2.04 as the most widely adopted OMG standard for business process compliance, with design extending across the OMG Triple Crown standards: BPMN, CMMN (Case Management Model and Notation), and DMN (Decision Model and Notation).

Our approach builds upon established OMG business process standards and enhances them with cryptographic verification capabilities to achieve verifiable compliance, privacy preservation, and regulatory accountability.4 This represents a fundamental shift from reactive compliance detection to proactive mathematical guardrails that could make violations cryptographically impossible before execution.

The framework extends beyond traditional blockchain applications in healthcare by providing cryptographic verification of process compliance without exposing sensitive patient information or proprietary business logic. This approach enables healthcare organizations to participate in distributed networks while maintaining individual compliance obligations and protecting competitive advantages.

The key objectives for the article include the following:


	Mathematical Guardrails: To prove a workable methodology to make business processes provable cryptographically through finite state constraints and to make it available and integrated to the widely used BPMN 2.0 process modeling framework.


	Multientity Privacy Enforcement: Cryptographic enforcement of complex privacy boundaries by effectively modeling global and inter-entity constraint guardrails as explicit process steps in a familiar process modeling BPMN 2.0 framework and generating proofs enabling selective disclosure between entities.


	Emergent Behavior Management: Evaluate documented threats, including implicit behaviors like implicit alignment, collusion, competition from earlier rounds, cognitive bias expansion, and coordinated regulatory bypass attempts that are possible in agentic AI orchestrations, and use the methodology as a mechanism to address these threats.


	Paradigm Transformation: Gradually use this methodology as a mechanism to shift from “detect and recover” to “mathematically prevent” compliance violations.




Background and Related Work

Regulatory Compliance in Distributed Healthcare Systems

Healthcare process compliance has evolved from simple documentation requirements to complex, multistakeholder verification needs. The Health Insurance Portability and Accountability Act (HIPAA), General Data Protection Regulation (GDPR), and emerging AI governance requirements create overlapping compliance obligations that must be satisfied simultaneously across different jurisdictions and organizational boundaries.5,6

Recent developments in healthcare regulation have emphasized the need for “verifiable compliance” rather than mere adherence to documented procedures. The Centers for Medicare & Medicaid Services (CMS) has increasingly required demonstrable evidence of process compliance in value-based care arrangements, while the Food and Drug Administration (FDA) has introduced guidance requiring audit trails for AI-assisted clinical decision-making.7,8

Traditional compliance approaches rely on retrospective auditing and human oversight, mechanisms that become insufficient as healthcare processes increasingly involve automated systems and real-time decision-making. The challenge is particularly acute in distributed scenarios9 where multiple entities must coordinate without exposing sensitive information enabled by zero knowledge technology10 or compromising individual and collective compliance obligations.

BPMN 2.0 and Healthcare Process Modeling

The OMG’s BPMN 2.0 standard is one of the widely used frameworks for healthcare process modeling, providing standardized notation for representing complex clinical workflows, administrative processes, and regulatory requirements.4 Healthcare organizations have successfully implemented BPMN 2.0 for clinical pathway management, care coordination protocols, and regulatory compliance documentation.

However, existing BPMN implementations lack cryptographic verification capabilities, limiting their effectiveness in distributed systems where process compliance must be verified without exposing sensitive information. This limitation is particularly problematic in healthcare contexts where patient privacy requirements prohibit sharing detailed process execution data across organizational boundaries.

Recent research had explored extending BPMN11 primitive ZK methods and had not addressed the specific requirements and complexities of healthcare compliance privacy-preserving verification in distributed systems. Notable work in zero-knowledge proofs for business processes has demonstrated the feasibility of proving properties of BPMN-described systems using ZK-SNARK protocols without disclosing sensitive process details.11 As detailed in the Introduction, the integration of zero-knowledge cryptographic techniques with established process modeling standards represents a novel approach to addressing these limitations.

Zero-Knowledge Proofs in Healthcare Applications

In recent years, use of ZK proofs in healthcare has been reported increasingly, but mostly in identity authentication,12 data authorization and sharing situations13 and patient eligibility verification for clinical trials.14 While these systems address important individual use cases and demonstrate the technical viability of zero-knowledge proofs in healthcare, they lack comprehensive process verification capabilities, particularly in multi-entity contexts.

In healthcare contexts, ZK capability is particularly valuable for compliance verification, audit trail generation, and collaborative analytics where sensitive patient information must be protected. There is not enough literature around specifically the use of ZK in interoperable process modeling standards, hence this article explores ZK for process modeling and compliance steps combining primitives in ZK and process modeling.

The Critical Need for Zero-Knowledge Approaches Alongside Other Privacy-Preserving Technologies

Healthcare multientity workflows require process-level privacy in addition to computational privacy. As shown in Table 1, existing approaches have critical limitations that necessitate zero-knowledge process verification to fill these gaps and enable mathematical proof of workflow compliance while preserving competitive confidentiality essential for healthcare markets.




Table 1.Privacy technology comparison for healthcare multi-entity workflows.


	Technology
	Primary function
	Healthcare limitations
	Economic feasibility
	Process compliance
	Competitive protection





	Trusted Execution Environments
	Hardware-based isolation
	Cannot enforce cross-organizational workflow compliance
	High infrastructure costs
	No sequence verification
	Limited to single-entity scope



	Fully Homomorphic Encryption
	Computation on encrypted data
	$5,000 per token cost prohibitive for real-time coordination 15
	Economically unfeasible
	Arithmetic operations only
	Strong computational privacy



	Differential Privacy
	Statistical privacy through noise
	Cannot prevent coordinated multi-entity violations
	Moderate computational overhead
	No workflow sequence awareness
	Accuracy loss unacceptable



	Multi-Party Computation
	Collaborative computation
	Limited to mathematical operations
	High communication overhead
	Cannot model regulatory frameworks
	Good for specific calculations



	Zero-Knowledge Process Verification
	Mathematical proof of compliance
	Designed specifically for workflow verification
	Cost-effective circuit verification
	Complete process sequence validation
	Selective disclosure capabilities




Healthcare Process Automation: Evolution and Compliance Challenges

Healthcare organizations have undergone a progressive evolution in process automation, moving from basic rule-based systems to sophisticated AI implementations. This technological progression has fundamentally altered the compliance landscape, creating new challenges for regulatory oversight and verification.

Healthcare process automation has evolved from deterministic, rule-based systems such as RPA and EDI to sophisticated IPA incorporating machine learning and data analytics capabilities. While traditional automation systems presented compliance challenges through their requirement for predefined rules and audit trails, these deterministic workflows allowed healthcare organizations to embed regulatory requirements directly into system logic with predictable cause-and-effect relationships.

The transition to IPA introduced additional compliance complexities as systems began handling unstructured data and making contextual decisions, necessitating model validation, bias detection, and continuous monitoring to ensure adherence to clinical guidelines and regulatory frameworks. However, the emergence of agentic AI systems—with their autonomous decision-making, probabilistic reasoning, and emergent behaviors—has exponentially amplified these compliance challenges, creating an urgent need for advanced cryptographic guardrails that can provide verifiable assurance of regulatory adherence across adaptive, goal-directed healthcare automation systems.

The Emergence of Agentic AI in Healthcare Process Automation

The latest evolution in healthcare automation represents a paradigm shift toward agentic AI systems—autonomous agents capable of goal-directed behavior, multistep reasoning, and adaptive decision-making with minimal human intervention. Unlike traditional chatbots or rule-based systems that respond reactively to specific inputs, agentic AI systems proactively pursue objectives, break complex tasks into subtasks, and continuously refine their approaches based on environmental feedback.16

Defining Agentic AI in Healthcare Context

Agentic AI systems differ fundamentally from conventional AI applications through their autonomous, goal-oriented behavior. These systems can perceive their healthcare environment, set objectives based on clinical protocols, plan multistep interventions, and execute coordinated actions across different healthcare domains. Rather than simply processing requests, agentic AI agents can interpret clinical guidelines, coordinate care across multiple providers, generate treatment recommendations, and adapt their strategies based on patient responses and emerging clinical data.16

In healthcare settings, agentic AI manifests as autonomous systems that can analyze patient data across multiple dimensions, identify emerging health concerns, initiate personalized intervention recommendations, and coordinate complex care plans without requiring constant human oversight. These systems leverage large language models (LLMs) and multi-modal foundation models to process vast datasets, including clinical notes, patient histories, laboratory results, medical imaging, and real-time monitoring data.16

Escalating Compliance Requirements

The autonomous nature of agentic AI systems creates unprecedented challenges for healthcare compliance and regulatory oversight. Traditional compliance mechanisms, designed for static or predictable automation systems, prove insufficient for systems that can adapt their behavior, generate novel solutions, and make independent decisions based on changing clinical conditions.

The compliance requirements for agentic AI systems extend beyond traditional model validation and output monitoring to encompass continuous verification of decision-making processes, adaptive behavior patterns, and goal-directed actions. Healthcare organizations must ensure that autonomous agents consistently operate within approved clinical guidelines, maintain patient safety standards, and preserve regulatory accountability even as they independently modify their approaches to achieve therapeutic objectives.

Multi-Entity Agentic AI: Amplified Guardrail Requirements

When agentic AI systems operate across multiple healthcare entities, the compliance challenges multiply exponentially. Multi-entity agentic AI deployments require coordinated verification across different organizational boundaries, regulatory jurisdictions, and clinical domains. Each autonomous agent must maintain compliance not only with its individual institutional requirements but also with the complex web of inter-organizational agreements, data-sharing protocols, and cross-jurisdictional regulatory frameworks.

The distributed nature of multi-entity agentic AI systems creates new categories of compliance risks, including autonomous decision-making that affects multiple organizations, adaptive behaviors that may diverge across different institutional contexts, and goal-directed actions that must simultaneously satisfy conflicting regulatory requirements. Traditional audit mechanisms become inadequate when autonomous agents can independently modify their coordination strategies, adapt to new multi-entity scenarios, and pursue collaborative objectives without direct human oversight.

This escalation in compliance complexity necessitates sophisticated cryptographic verification mechanisms that can provide real-time assurance of regulatory adherence across distributed autonomous systems. Recent research by Apple demonstrates that even the most advanced reasoning models exhibit fundamental limitations, with Large Reasoning Models (LRMs) facing “complete accuracy collapse beyond certain complexities” and failing to “use explicit algorithms” consistently across problem domains.17 This finding reinforces the critical need for mathematical guardrails in healthcare applications, where unpredictable reasoning could have severe regulatory and patient safety consequences. The characterization of current AI reasoning capabilities as potentially an “illusion of thinking” underscores why cryptographic verification mechanisms are essential during this maturation phase of AI technology deployment. The need for verifiable process compliance becomes paramount when agentic AI systems must operate within the intricate regulatory landscape of multi-entity healthcare networks while maintaining their autonomous, goal-directed capabilities.

Methods

Framework Development Methodology

We developed a multi-layer architecture combining formal business process modeling, zero-knowledge proof generation, and regulatory compliance verification. The framework extends established OMG standards with cryptographic verification capabilities to achieve verifiable compliance, privacy preservation, and regulatory accountability.

Synthetic Data Environment Design

Implementation testing was conducted in a synthetic data environment derived from real-world healthcare scenarios and evolving generic guidance on protocol guidelines on violations and calls for synchronizing communications.1,2,18 These environments enable comprehensive modeling and testing of multi-entity process orchestration patterns while maintaining privacy protections essential for healthcare research and development. All scenarios, clinical examples, and process expressions presented in this article utilize synthetic data to ensure no real patient data, clinical records, or identifiable health information was used. The FDA’s December 2024 Draft Guidance on Protocol Deviations explicitly recognizes that “unanticipated problems may be adverse events or other types of problems” and that coordination failures represent a significant challenge in multi-site trials.18 The synthetic data used are set up to reflect the possibilities referred to and called for in the contemporary guidance from FDA on protocol deviations and the monitoring needed, including systemic coordination monitoring.

Zero-Knowledge Circuit Implementation

The system uses Zero-Knowledge Succinct Non-Interactive Arguments of Knowledge (ZK-SNARKs) for efficient verification. ZK-SNARKs are cryptographic proofs that allow one party to prove to another that they know a value or have performed a computation correctly, without revealing any information about the value itself or the computation details.19 They work by converting the computation into a mathematical circuit and using cryptographic techniques to generate a compact proof that can be verified quickly with selective disclosure capabilities of the original input data. Core workflow components utilize open-source zero-knowledge proof libraries, while healthcare-specific privacy algorithms remain proprietary.

Proof generation occurs at multiple checkpoints throughout process execution. These include (1) pre-execution verification that confirms that participating entities have necessary authorizations and capabilities. (2) runtime monitoring that generates proofs for each process step demonstrating compliance with approved workflows, and (3) post-execution attestation, which provides comprehensive proof of entire process completion with regulatory compliance.

Multi-Layer Architecture Development

The ZK-PRET Business Process Prover framework consists of four integrated layers that work together to provide comprehensive healthcare process verification:

Layer 1: Business Process Modeling and Verification

This foundational layer implements BPMN 2.0 standard process modeling with cryptographic verification capabilities. Healthcare processes are formally specified using BPMN notation, with each process element assigned cryptographic identifiers that enable zero-knowledge verification.

Layer 2: Regulatory Compliance Framework

The compliance layer implements specific regulatory requirements as verifiable process constraints. This includes automated verification of Health Insurance Portability and Accountability Act of 1996 (HIPAA) minimum requirements, GDPR consent management, U.S. Food and Drug Administration (FDA) audit trail requirements, and clinical guideline adherence.

Layer 3: Zero-Knowledge Proof Generation

This layer implements the cryptographic infrastructure for generating and verifying zero-knowledge proofs of process compliance.

Layer 4: Verification Infrastructure

The verification infrastructure provides decentralized proof validation and audit trail management. This layer integrates with existing healthcare information systems through standardized Application Programming Interfaces (APIs) while maintaining cryptographic isolation of sensitive data.

Performance Measurement Criteria

Performance evaluation focuses on proof generation efficiency, verification scalability, and privacy preservation effectiveness. Key metrics include proof size consistency, proof-to-verification time ratios, and cryptographic security validation across diverse healthcare network configurations.

Testing and Validation Procedures

The enhanced clinical trial coordination (ECLNTL) process illustrates how BPMN 2.0 business process patterns are compiled into zero-knowledge circuits for cryptographic verification, representing the type of multi-agent healthcare coordination increasingly deployed in clinical settings.17

ZK-PRET Business Process Prover Framework Architecture

Core Design Principles

The ZK-PRET Business Process Prover framework is built upon four fundamental design principles for healthcare process verification:


	Verifiable Compliance: Cryptographic proofs demonstrating adherence to approved clinical guidelines, regulatory requirements, and institutional policies without exposing sensitive information.


	Privacy Preservation: Zero-knowledge cryptographic techniques ensure compliance verification does not compromise individual privacy or competitive advantages.


	Regulatory Accountability: Support for audit trail generation and regulatory reporting across multiple jurisdictions and compliance frameworks.


	Scalable Architecture: Support for healthcare networks from small clinical practices to large multi-institutional collaborations with real-time verification capabilities.




Process Verification and Compilation

Healthcare processes are formally specified using BPMN notation, with each process element assigned cryptographic identifiers that enable zero-knowledge verification. The process modeling layer supports complex healthcare workflows, including parallel activities, conditional decision points, and iterative processes. Clinical pathways, treatment protocols, and administrative workflows are encoded as BPMN process models with embedded compliance requirements and verification checkpoints.

Process verification occurs through compilation of BPMN models into regular expressions that encode all valid execution paths. This compilation process optimizes for zero-knowledge circuit efficiency while preserving the semantic accuracy of healthcare process specifications.

Regulatory Compliance

Regulatory compliance is modeled as steps, and data requirements in the process flow combined to address multi-jurisdictional requirements. Each module provides cryptographic verification of specific regulatory obligations without exposing the underlying compliance logic or patient data.

Though the methodology proposed in the article is experimental, BPMN and its derivatives lend themselves to well-aligned steps indicated in the Clinical Data Interchange Standards Consortium framework for data analysis and the evolving guidance from FDA on the protocol deviation guidelines and their reporting across multiple entities involved in clinical trials and add sequencing, missing step detection, and privacy concepts. These efforts are still evolving in 2025, and the run-time implementation of such systems could be designed in a number of ways, including the use of agentic AI, with many deployment mechanisms, including AI monitoring other AI, human loops interspersed on top of it, and distributed ledger technologies for tracing, which is beyond the scope of this article and can potentially be taken up as a separate project in the future.

Privacy Boundary Matrix

The ZK-PRET Business Process Prover framework is configurable to support a comprehensive privacy boundary matrix that defines information disclosure permissions across different healthcare entities and regulatory scenarios. This matrix addresses the complex requirements of multi-entity healthcare workflows while maintaining strict privacy protections (Table 2).




Table 2.Privacy boundary matrix for healthcare entities.


	Entity type
	Owns data
	Can verify
	Cannot access
	ZK proof required





	Healthcare Provider
	Patient records, Clinical protocols, Treatment decisions
	Medical necessity, Treatment outcomes, Safety compliance
	Other providers’ data, Insurance algorithms, Regulatory inspection details
	Treatment efficacy, Safety monitoring, Guideline compliance



	Insurance Entity
	Coverage algorithms, Claims processing, Risk assessments
	Claim validity, Medical necessity, Fraud detection
	Detailed clinical data, Provider methods, Competitor algorithms
	Medical necessity, Prior authorization, Coverage determination



	Pharmaceutical Company
	Drug formulations, Research data, Safety profiles
	Clinical efficacy, Safety monitoring, Manufacturing compliance
	Patient identities, Competitor research, Provider patient data
	Drug safety, Clinical trial integrity, Supply chain verification



	Regulatory Authority
	Compliance frameworks, Oversight protocols, Violation histories
	Regulatory adherence, Safety oversight, Audit completeness
	Proprietary methods, Patient identities, Competitive strategies
	GMP compliance, Controlled substance tracking, Cross-border compliance



	Patient
	Personal health data, Consent preferences, Treatment choices
	Own medical records, Consent compliance, Billing accuracy
	Provider business logic, Insurance algorithms, Other patients’ data
	Identity verification, Consent validity, Treatment authorization


	GMP: good manufacturing practice; ZK: Zero-Knowledge.





The privacy boundary matrix is supported by specific regulatory citations that define legal requirements for information sharing and privacy protection across healthcare entities. These regulatory frameworks provide the legal foundation for the cryptographic verification requirements implemented in the ZK-PRET Business Process Prover framework.

Healthcare Implementation Domains

The ZK-PRET Business Process Prover framework addresses compliance challenges across multiple healthcare scenarios, each presenting unique regulatory requirements and privacy boundaries that benefit from cryptographic verification.

Healthcare Application Scenarios

Treatment Planning and Clinical Decision Support: Multi-disciplinary oncology care coordination requires cryptographic verification of NCCN guideline compliance, tumor board participation, and insurance authorization across specialists, primary care providers, radiologists, pathologists, and payers while protecting patient clinical details and institutional treatment protocols.

Telemedicine and Remote Care Coordination: Cross-border specialist consultations between U.S. and EU providers require simultaneous HIPAA and GDPR compliance verification, professional licensing validation across jurisdictions, and data residency compliance without exposing patient location or provider qualification details.

Healthcare Administration and Revenue Cycle Management: Claims processing coordination between providers, payers, and regulatory entities requires verification of medical necessity, fraud detection, and billing compliance while protecting patient conditions, insurance algorithms, and proprietary business processes.

Consumer Health Services: Personal health management platforms must demonstrate FDA digital health tool compliance while protecting user privacy and proprietary recommendation algorithms through cryptographic verification of evidence-based protocols and consent management.

Multi-Entity Clinical Trials: Pharmaceutical research coordination between sponsors, research institutions, regulatory authorities, and investigational review boards requires verification of protocol approval, patient enrollment criteria, and safety monitoring while maintaining strict isolation of patient identities, proprietary protocols, and site performance data.

Pharmaceutical Supply Chain Management; Drug distribution verification across manufacturers, distributors, pharmacies, and regulatory bodies requires proof of Good Manufacturing Practice compliance, authorized distribution channels, and anti-counterfeiting measures while protecting proprietary formulations, distribution networks, and pricing structures.

Single-Entity Versus Multi-Entity Privacy Complexity

As healthcare processes transition from single-entity to multi-entity coordination, privacy requirements escalate dramatically, creating increasingly complex verification challenges that necessitate sophisticated cryptographic solutions.

Single-Entity Healthcare Systems

Operate within unified organizational boundaries where HIPAA Privacy Rule permits internal data sharing for treatment purposes, creating streamlined compliance requirements with simplified consent and audit mechanisms. Privacy boundaries remain within institutional control, enabling direct verification of compliance without cross-organizational coordination.

Multi-Entity Healthcare Networks

These situations have exponentially increased privacy complexity. Research demonstrates that “obtaining informed consent from patients can be challenging due to complex data flows and the potential for data sharing with multiple entities,” while “multisite medical data sharing faces the challenge of conducting data sharing that preserves individual privacy across institutions.”20 Clinical trials frequently require collaborations across multiple healthcare institutions, with formidable challenges in protecting privacy, as federated learning scenarios involving decentralized data processing across multiple entities must prevent indirect data leakage—a prevalent issue in collaborative environments.3

Privacy Verification Complexity Scaling

Single_Entity_Verification = ZK_Verify(

Internal_Compliance ∈ Institutional_Policies, WITHOUT revealing {Internal_Processes}

)

Multi_Entity_Verification = ZK_Verify(

Cross_Entity_Compliance ∈ {Regulatory_Framework_A, Regulatory_Framework_B, ...},

Entity_Coordination ∈ Approved_Protocols,

Privacy_Boundaries ∈ Jurisdictional_Requirements,

WITHOUT revealing {Entity_Data, Business_Relationships, Competitive_Information}

)

The exponential increase in privacy verification complexity as healthcare processes span organizational and jurisdictional boundaries validates the critical need for cryptographic verification mechanisms that can maintain compliance while preserving competitive advantages and patient privacy across diverse healthcare ecosystems.

Implementation

The methodology is implemented by understanding the expected process model by parsing the BPMN file, constructing the valid paths, and converting it into a regular expression (regex). The system converts the regex pattern into a graph where each node represents a “state” (being at different stages when matching the pattern) and the edges represent possible transitions between states when specific characters indicating an event are encountered. The proof works by tracking these valid state transitions represented by the expected BPMN as the system reads the flowing events abstracted character by character from the actual BPMN, creating mathematical evidence that the required pattern was found without revealing what characters were actually processed.

This methodology is used to bridge the gap between enterprise web2 systems that are more familiar to a large group of people, including business analysts, and are used widely, and utilize that in mapping it to the emerging ZK tech for proof generation to be used either stand-alone or along with distributed ledger technology that can actually log the evaluation metadata and the results and distribute it selectively to the intended recipient for verification.

For the security guarantees, the ZK-PRET Business Process Prover Implementation uses the public key cryptographic keypairs of the origin source that are typically organizational or organizational role or organizational user-level digital signatures and checks for the validity to check that the content, the BPMN files, actually came from that source through public key cryptography. Furthermore, every piece of compliance data are cryptographically anchored to tamper-evident Merkle trees using Poseidon hashing optimized for zero-knowledge circuits, making any data modification immediately detectable and creating an immutable fingerprint of the exact dataset used for verification to make sure that there is no tampering anywhere in the middle and the ZK proofs are created for the same exact data that was retrieved from the sources.

Usability

The main objective of the effort to integrate into the interoperable process modeling standards like BPMN2.0 and derivatives is to keep the business user workflow as-is, with their familiar modes of WEB 2 operations. Basically, they can still use tools such as bpmn.io, to produce the .bpmn files that model the multi-entity flow, including AI or human checkpoints or hybrid to monitor the agentic AI orchestration, and this methodology simply uses those interoperable bpmn files as the starting point to produce the needed circuits, preserving selective disclosure between the multiple entities and to monitor the execution to detect and potentially prevent any violations.

Healthcare Process Modeling Results

The ZK-PRET Business Process Prover framework demonstrates practical applicability across complex healthcare workflows involving multiple stakeholders. The implementation shows how pharmaceutical sponsors, research institutions, hospitals, regulatory authorities, and IRBs can maintain strict privacy boundaries while enabling verifiable process compliance.

Appendix A shows the Execution for Actuals Valid—Accepted. The zero-knowledge circuit execution diagram shows successful verification when actual process execution matches approved BPMN patterns, resulting in cryptographic proof acceptance. Appendix B shows the Execution for actuals invalid—rejected.

This implementation demonstrates how complex healthcare workflows involving multiple stakeholders (pharmaceutical sponsors, research institutions, hospitals, regulatory authorities, and IRBs) can maintain strict privacy boundaries while enabling verifiable process compliance. Each execution path through the process requires cryptographic proof of regulatory adherence without exposing sensitive competitive information or patient data to unauthorized entities.

Fig. 1.Actual Valid and Invalid example paths.

BPMN: Business Process Model and Notation; ECLNTL: Enhanced Clinical Trial Coordination.

Note: For illustration purposes of how the system works, VALID paths are shown below, but in practice, these execution paths will not be exposed or visible to maintain zero-knowledge privacy guarantees.

Process Flow Visualization Legend: - Site Selection (c|d): Hospital A vs. Hospital B selection - Patient Stratification (f|g|h):

Mild, Moderate, Severe condition severity - Randomization Method (j|k): Simple randomization vs. Block randomization - Data Collection Frequency (m|n|o): weekly, bi-weekly, or monthly intervals

Privacy Boundaries Enforced: ✓ [image: BHTY-8-430-I1.jpg]Hospital A cannot access Hospital B patient data

✓ [image: BHTY-8-430-I1.jpg]Sites cannot access pharmaceutical formulation details

✓ [image: BHTY-8-430-I1.jpg]Individual patient identities remain cryptographically protected

✓ [image: BHTY-8-430-I1.jpg]Competitive trial strategies isolated between entities

✓ [image: BHTY-8-430-I1.jpg]Regulatory compliance verified without exposing proprietary methods

Process Complexity Analysis: Total Process Steps: 19 sequential and branching nodes; Branching Points: 4 major decision branches with 2–3 options each, Execution Combinations: 36 mathematically valid paths (2×3×2×3 = 36). Zero-Knowledge Circuit Size: Optimized for healthcare-specific verification requirements. Privacy Boundary Enforcement: 5 distinct entity types with cryptographic isolation.

[image: BHTY-8-430-F1.jpg]

Results

The Agentic AI Challenge in Healthcare Compliance

The deployment of agentic AI systems in healthcare presents unprecedented compliance challenges that traditional regulatory frameworks cannot adequately address. Unlike conventional AI applications that respond reactively to specific inputs, agentic AI systems proactively pursue objectives, adapt strategies based on environmental feedback, and can develop coordinated behaviors across multiple entities that individually appear compliant but could collectively violate regulatory requirements.21

Recent analysis of autonomous agent frameworks reveals that “by their nature, autonomous agents can produce unpredictable results” including situations where “agents get stuck in a loop, make obviously incorrect decisions, or collectively veer off course,” with early autonomous agents such as AutoGPT becoming “infamous for sometimes looping infinitely,” while even improved frameworks like CrewAI with structured roles “reduce (but don’t eliminate) such risks.”22

For example, in a multi-hospital clinical trial scenario, Hospital A’s AI agent might independently optimize patient enrollment by reducing screening intervals from 14 to 7 days (within protocol allowances), Hospital B’s agent might accelerate laboratory processing by batching samples to reduce turnaround from 72 to 48 h (technically compliant), and the pharmaceutical sponsor’s agent might expedite interim safety analyses at the earliest allowable timepoints per protocol. Each individual optimization appears compliant when evaluated against institutional guidelines. However, their coordinated acceleration compresses the overall trial timeline, creating a protocol deviation: the study protocol requires a 28-day observation period between dose cohorts, but the accelerated timeline results in dose escalation approval at day 20, creating an 8-day protocol violation despite each agent operating within its individual compliance boundaries.

The study protocol requires a 28-day observation period between dose cohorts for patient safety. Individual Entity Optimizations (all technically compliant):

Timeline Compression Analysis

Individual Entity Level: All optimizations within compliance boundaries ✓✓✓✓

Multi-Entity Collective Level EXPECTED: [Day 0]→[Day 28] = 28 days ✓ COMPLIANT

Multi-Entity Collective Level ACTUAL: [Day 0]→[Day 20] = 20 days × VIOLATION

Compliance Paradox. Individual Level: All entities follow their specific institutional rules ✓✓✓✓. Multi-Entity Collective Level: Combined optimizations violate 28-day safety requirement ×. Violation Magnitude: 8-day protocol deviation (20 vs. 28 days required).

Traditional Detection Problem

This violation, without immediate detection through human intervention, could remain unidentified until routine audit cycles—potentially 6–18 months later—creating the possibility for patient safety risks and regulatory violations to occur during this interval.

Agentic AI Autonomy Challenge

Unlike regular rule-based automation systems, agentic AI systems operate with autonomous decision-making capabilities that require incrementally observable mathematical guardrails rather than static policy rules, as these agents can independently adapt and coordinate in ways that traditional compliance monitoring cannot anticipate or prevent.

Fig. 2.Expected BPMN process model.
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Framework Encoding

The framework encodes the protocol-specified 28-day safety requirement as a cryptographic constraint in the BPMN process model:

LastPatientDosed(≥28days)SafetyReview (COMPLETE)DoseEscalation.

Selective Disclosure Capability

ZK-PRET Business Process Prover enables healthcare entities to prove specific compliance requirements without exposing sensitive competitive information, patient data, or proprietary processes—only what absolutely needs verification is cryptographically proven while everything else remains private (Table 3).




Table 3.Collective agentic AI guardrails with ZK-PRET Business Process Prover showing the progression of the process across the multi-entity graph.


	Entity
	Entity
	Global compliant
	Local optimized
	ZK-PRET Element





	Last Cohort N patient dosed
	Hospital A
	Day 0
	Day 0
	T_lastDose (disclosed)



	Clinical observation
	Sites A & B
	14 days
	7 days
	



	Lab sample processing
	Hospital B
	72 hours
	48 hours
	



	Safety package
	Sponsor
	4 days
	4 days
	



	Committee review
	IDMC
	7 days
	5 days
	



	Collective Attestation
	All Entities
	Available on Day 28
	Not Available on Day 20
	All attest: “FINALIZED”



	Constraint Check
	IDMC
	✓Valid
	𐌗 Rejected
	Temporal ∧ safety ∧ finality




Entity Proof Requirements

Each participating entity must cryptographically prove their process step completion times, while the zero-knowledge circuit validates that the protocol-defined observation period is maintained before allowing dose escalation approval.

ZK-PRET addresses this through selective disclosure of non-PHI guardrail elements across the multi-entity graph. While individual agents execute in-flight process optimizations, ZK-PRET enforces a collective attestation checkpoint at the approval gate (potentially IDMC)—the independent safety gate for dose escalation decisions. At a timestamp exceeding the required observation period, all participating entities must attest that their toxicity reporting is finalized. Only when the temporal constraint is satisfied (T_current − T_lastDose ≥ 28 days), zero adverse events are confirmed, and all entity attestations are collected and proofs validated. This multi-party attestation model allows agents to optimize locally while ensuring global protocol finality before any irreversible action proceeds—transforming an auditable policy into an executable cryptographic constraint (Table 4).




Table 4.Compliance approach comparison of the differences between single-entity static rules and selective disclosure-based multi-entity guardrails.


	Approach
	Static rules
	Mathematical guardrails





	Enforcement
	Reactive (after violation)
	Proactive (prevention)



	Scope
	Individual actions
	End-to-end processes



	Multi-Agent Coordination
	Cannot handle emergent behaviors
	Cryptographically prevents coordination violations



	Guarantees
	“Best effort” compliance
	Mathematical proof of compliance



	Circumvention
	Vulnerable to creative interpretation
	Cryptographically impossible




Prevention Outcome

This cryptographically prevents dose escalation regardless of individual step compliance, making protocol deviation violations mathematically impossible rather than detectable only after occurrence.

Documented Emergent Behavior Issues

Multi-agent systems research has identified coordination threats that pose significant risks to healthcare compliance. Key threats include cross-site data leakage in clinical trials, where AI agents engage in implicit collusion to accelerate trial enrollment over privacy compliance, and regulatory bypass through optimization, where AI systems optimize for speed-to-market over regulatory thoroughness.25

Static Rules Versus Mathematical Guardrails

Traditional compliance approaches rely on static rules that check individual actions but cannot prevent coordinated violations:

Mathematical Validation Example: If Hospital A submits proof that the last patient was dosed on Day 0, Hospital B proves adverse event reporting complete by Day 14, Sponsor proves safety package submission on Day 18, and Safety Committee proves escalation approval on Day 20, the mathematical constraint evaluates: Day_20 – Day_0 = 20 days < 28 days required returns Bool(false).

Real-World Example

In multi-state telemedicine, static rules might verify that a rural hospital can prescribe medications (✓), cross-state practice requires a valid license (✓), controlled substances require DEA verification (✓), and HIPAA compliance is required (✓). However, agents can satisfy all individual rules while violating the overall process by using valid licenses from different states or showing outdated DEA verification. Mathematical guardrails make such coordinated bypass attempts cryptographically impossible by requiring specific sequence verification: abc(d|e)f(g|h|i)jk(l|m)n(o|p|q)rstuv where any deviation results in Bool(false) regardless of individual rule compliance.

To address these mathematical requirements for process-level compliance verification, sophisticated cryptographic frameworks become essential.

Regulatory Compliance Violation Impact Analysis

Healthcare violations can trigger cascading penalties across multiple jurisdictions simultaneously, creating severe financial and operational consequences for organizations. The regulatory landscape presents complex penalty structures that can result in substantial financial exposure, criminal liability, and operational restrictions when violations occur.

Cascading Violation Example

A single telemedicine consultation that improperly shares patient data across state lines without proper licensing could simultaneously violate multiple regulations, resulting in combined penalties exceeding $2M plus imprisonment.

Traditional detection approaches typically identify violations 6 to 18 months after occurrence, by which time patient harm has occurred and regulatory violations have been completed. ZK-PRET Business Process Prover provides mathematical impossibility of violation before execution, representing a fundamental shift from reactive to proactive compliance assurance.

Performance Scalability Analysis

The ZK-PRET Business Process Prover framework demonstrates practical performance characteristics suitable for enterprise healthcare deployment. Our implementation achieves consistently predictable proof sizes of less than 22 KB, even for complex composed proofs involving deep multi-entity workflows with extensive branching patterns. This consistency in proof size is critical for healthcare networks where bandwidth and storage constraints vary significantly across different organizational infrastructures.

Proof Generation and Verification Performance

The framework exhibits favorable proof-to-verification time ratios ranging from 1:15 to 1:30, meaning verification operations are 15–30 times faster than proof generation. For healthcare applications, this asymmetric performance profile is ideal since (1) Proof Generation occurs once per process execution by the participating entities. (2) Verification occurs multiple times by various stakeholders (regulators, auditors, and compliance officers). (3) Real-time verification enables immediate compliance checking without computational bottlenecks.

Enterprise Deployment Characteristics

Our framework targets heavy-weight off-chain business processes rather than microsecond-latency transactions. Healthcare workflows typically involve complex multi-step procedures where the value proposition lies in avoiding expensive re-verification procedures and enabling trusted collaboration across organizational boundaries. The cryptographic verification allows for prevention of violation before execution rather than post hoc detection, representing a fundamental shift from reactive to proactive compliance.

Scalability Across Healthcare Networks

The framework’s modular architecture supports deployment across diverse healthcare environments. These include (1) Small Clinical Practices: Lightweight verification for basic compliance workflows, (2) Large Multi-Institutional Collaborations: Composed proofs for complex research and treatment protocols, and (3) Cross-Border Healthcare Services: Consistent performance regardless of jurisdictional complexity.

Process Complexity Handling

The system supports up to 9-level Merkle tree depth for complex workflow compositions, enabling healthcare networks to model intricate regulatory requirements while maintaining cryptographic verification integrity. This depth capacity accommodates the most complex healthcare scenarios, including multi-institutional clinical trials, cross-border telemedicine consultations, and pharmaceutical supply chain coordination.

Economic Efficiency

The ZK-PRET Business Process Prover framework provides cost-effective circuit verification that scales economically with healthcare network growth, as detailed in Table 1.15 The predictable proof sizes and efficient verification times ensure that compliance costs decrease per transaction as network utilization increases.

Privacy Preservation Effectiveness

Comprehensive privacy analysis demonstrates that the ZK-PRET Business Process Prover framework maintains strong privacy protections while enabling effective compliance verification. The framework successfully prevents exposure of sensitive patient information, proprietary business processes, and competitive intelligence across multi-entity healthcare workflows.

The zero-knowledge cryptographic approach ensures that compliance verification occurs without revealing underlying data structures, organizational relationships, or confidential business arrangements. Healthcare entities can participate in distributed verification processes while maintaining full control over their proprietary information and competitive advantages.

Cryptographic Guardrails for Agentic AI Systems

The integration of agentic AI systems with the ZK-PRET Business Process Prover framework demonstrates how autonomous healthcare systems can be deployed with verifiable compliance guarantees while maintaining the benefits of AI-driven automation. Comprehensive risk management frameworks for agentic AI systems emphasize the critical importance of implementing robust trust, risk, and security management protocols across LLM-based multi-agent deployments in healthcare environments.25

Mathematical Guardrail Implementation

The framework enables verification of autonomous AI system behavior through cryptographic constraints that are not just detectable but also make violations mathematically impossible:

// Cross-site data isolation enforcement

CONSTRAINT: Entity_A_data ∩ Entity_B_data = ∩ (enforced at circuit level)

A violation is detected when (Entity_A_data ∩ Entity_B_data ≠ ∅)

// Regulatory sequence verification

Required_Pattern: abc(d|e)f(g|h|i)jk(l|m)n(o|p|q)rstuv

Agent_Trace: “abcefgjklnrstuv”

Circuit_Result: Bool(false) - mathematically invalid sequence

// Emergent behavior guardrails

CONSTRAINT: Process_Pattern_Match(Actions, Approved_Patterns) = TRUE

A coordinated bypass attempt is detected when coordinated_bypass_attempted

These mathematical constraints address documented threats in multi-agent systems while enabling beneficial emergence within verified safe zones. Unlike traditional approaches that focus on detecting violations after they occur, ZK-PRET Business Process Prover makes coordinated rule violations cryptographically impossible regardless of agent sophistication. Recent findings demonstrating fundamental limitations in reasoning model capabilities further validate the need for mathematical rather than heuristic approaches to AI system constraints.17

Guardrail Implementation Framework

Agentic_AI_Compliance_Proof = ZK_Verify

(AI_Decision_Process ∈ Approved_Clinical_Guidelines,

Patient_Consent ∈ AI_Usage_Authorization, Data_Handling ∈ Privacy_Requirements,

Audit_Trail ∈ Regulatory_Documentation,

WITHOUT revealing {AI_Model_Parameters, Patient_Clinical_Data, Proprietary_Algorithms})

Autonomous System Verification

The framework enables verification of autonomous AI system behavior through multiple cryptographic guardrails. These include (1) Process Boundary Enforcement: Cryptographic verification that AI systems operate within approved clinical and administrative processes, (2) Real-Time Compliance Monitoring: Continuous verification of AI system decisions against regulatory requirements, (3) Privacy-Preserving Audit Trails: Generation of compliance documentation without exposing AI decision-making details, and (4) Regulatory Accountability: Verifiable evidence of AI system compliance for regulatory reporting and oversight.

These performance characteristics enable a fundamental transformation in healthcare compliance paradigms.

Discussion and Implications

Transforming Healthcare Process Verification

The implementation of zero-knowledge healthcare process verification represents a fundamental shift in how healthcare organizations approach regulatory compliance and quality assurance. Traditional approaches that rely on retrospective auditing and manual documentation are being replaced by real-time, cryptographically verifiable compliance systems that provide continuous assurance without compromising privacy or competitive advantages.

This transformation is particularly significant in the context of healthcare digitization and the increasing adoption of distributed ledger technologies. Healthcare organizations can now participate in network-based care delivery models while maintaining individual compliance obligations and protecting sensitive information. The ability to verify compliance without exposing underlying data or processes enables new forms of healthcare collaboration that were previously impossible due to privacy and regulatory constraints.

Implications for Healthcare Network Development

The ZK-PRET Business Process Prover framework enables healthcare organizations to participate in distributed networks with confidence that compliance obligations will be met and privacy protections will be maintained. This capability is essential for the development of value-based care networks, multi-institutional research collaborations, and cross-border healthcare services.

Healthcare networks can now operate with cryptographic guarantees of process compliance rather than relying on contractual agreements and trust relationships. This shift toward verifiable compliance creates new opportunities for healthcare innovation while maintaining the regulatory protections that are essential for patient safety and privacy.

Paradigm Shift: From Detection to Prevention

The ZK-PRET Business Process Prover framework represents a fundamental transformation in healthcare compliance philosophy, moving from reactive detection of violations to proactive mathematical prevention of violations before they can occur.

Traditional Compliance Approach

“Train AI to be compliant and hope it stays compliant”—This approach relies on post-violation detection occurring 6–18 months after incidents through audit processes, by which time patient harm has occurred, competitive intelligence has been compromised, and regulatory violations have been completed. The economic and legal consequences are severe, with healthcare organizations facing penalties that can exceed $2M plus criminal charges for coordinated violations.

ZK-PRET Business Process Prover Transformation

The novel framework provides mathematical constraints, cryptographic verification and guarantees about business process compliance in multi-entity agentic systems while preserving competitive confidentiality through zero-knowledge proofs and could reduce violations much before they occur by checking key privacy-preserved process compliance data share between entities including data elements and proofs of execution of sequences and state changes.

Economic and Strategic Advantages

The ZK-PRET Business Process Prover framework provides cost-effective circuit verification that scales economically with healthcare network growth, offering significant advantages over computationally expensive alternatives detailed in Table 1.15 The predictable proof sizes (less than 22 KB) and efficient verification times ensure that compliance costs decrease per transaction as network utilization increases.

Enabling Beneficial Emergence

Rather than eliminating emergent behaviors, the framework provides mathematical boundaries that enable beneficial emergence while preventing harmful violations. The system allows for innovative agent coordination patterns within cryptographically verified safe zones, supporting autonomy and innovation while maintaining regulatory compliance. By constraining the system state space to cryptographically verified safe zones, beneficial emergent behaviors can flourish while harmful violations become mathematically impossible.

This paradigm shift enables safe deployment of agentic AI systems in regulated environments by providing robust frameworks to control and understand AI’s unpredictable nature with mathematical guarantees rather than probabilistic detection.

The availability of cryptographic verification for healthcare processes has significant implications for regulatory policy and oversight31–33. Regulatory bodies can now verify compliance across healthcare networks without requiring access to sensitive patient data or proprietary business information. This capability enables more effective regulation while reducing the burden on healthcare organizations to provide detailed documentation for compliance verification.

The framework also enables new approaches to cross-jurisdictional healthcare regulation by providing verifiable evidence of compliance with multiple regulatory frameworks simultaneously. This capability is particularly important for telemedicine, medical tourism, and international healthcare collaboration.

Economic and Operational Benefits

Healthcare organizations implementing the ZK-PRET Business Process Prover framework report significant operational benefits including reduced compliance costs, improved audit readiness, and enhanced ability to participate in value-based care arrangements. The automation of compliance verification reduces administrative burden while providing stronger assurance of regulatory adherence.

The framework also enables new business models in healthcare by reducing the friction associated with multi-entity collaboration. Healthcare organizations can participate in network-based care delivery with confidence that compliance obligations will be met and competitive advantages will be protected.

Notable Contributions and Strategic Impact

The ZK-PRET Business Process Prover framework addresses the most critical unsolved challenge in agentic AI deployment: ensuring multi-entity systems operate within regulatory boundaries while maintaining competitive confidentiality. Unlike existing privacy-preserving approaches that focus on computational privacy (TEE, FHE, differential privacy), ZK-PRET Business Process Prover provides process-level compliance verification that makes coordinated rule violations cryptographically impossible.

Quantified Impact Evidence includes the following: (1) Economic Viability—Cost-effective verification versus expensive FHE approaches (Table 1);15 (2) Regulatory Severity—Prevention of violations carrying severe penalties (Table 5);4 (3) Performance Superiority—Cryptographic verification with predictable proof sizes; Emergent Behavior Control—Mathematical prevention of coordinated multi-agent violations that individually appear compliant.3




Table 5.Healthcare regulatory violation penalties.


	Regulation
	Violation type
	Financial penalties
	Criminal penalties
	Additional consequences





	HIPAA Privacy Rule
	Unauthorized PHI disclosure
	$100–$50,000 per violation, up to $1.5M per incident27
	Up to 10 years imprisonment
	Professional license suspension, federal program exclusion



	DEA Controlled Substances Act
	Improper controlled substance handling
	$14,502 per violation28
	Up to 20 years imprisonment, mandatory minimums
	DEA license revocation, criminal forfeiture



	Ryan Haight Act
	Illegal telemedicine prescribing
	CSA penalties apply
	Federal felony charges
	Practice prohibition, mandatory minimums



	GDPR
	Cross-border data violations
	4% of global revenue or €20M29
	N/A
	Data processing prohibition, reputational damage



	FDA Good Manufacturing Practice
	Manufacturing compliance failures
	$10,000–$100,000 per state30
	Misdemeanor charges
	Facility shutdown, product recalls


	CSA: Controlled Substances Act; DEA: Drug Enforcement Agency; FDA: U.S. Food and Drug Administration; GDPR: General Data Protection Regulation; HIPAA: Health Insurance Portability and Accountability Act of 1996; PHI: Protected Health Information.





Notable Capabilities Demonstrated include the following: (1) Mathematical Guardrails: Makes business process provable cryptographically through finite state constraints, thus aiding in detection and potentially moving towards prevention. (2) Emergent Behavior Management: Addresses documented threats including implicit collusion, cognitive bias expansion, and coordinated regulatory bypass attempts. (3) Multi-Entity Privacy Enforcement: Cryptographic enforcement of complex privacy boundaries while enabling selective disclosure, and (4) Paradigm Transformation: Shifts from “detect and recover” to “mathematically prevent” compliance violations.

This transformation enables safe deployment of agentic AI systems in regulated environments while maintaining the autonomous, goal-directed capabilities that make these systems valuable for healthcare innovation.

Limitations

While the ZK-PRET Business Process Prover framework addresses significant challenges in healthcare process verification, several limitations and areas for future research remain:

Technical Limitations

Current zero-knowledge proof systems impose computational overhead that may be problematic for very high-volume healthcare applications—The framework requires technical expertise for implementation and maintenance that may not be available in all healthcare organizations—Integration with legacy healthcare information systems requires careful planning and may involve significant technical challenges.

Regulatory Limitations

The legal recognition of cryptographic compliance proofs varies across jurisdictions and may require regulatory clarification. The framework’s effectiveness depends on the accuracy and completeness of underlying process models and regulatory requirements—Cross-border healthcare applications may require international coordination on technical standards and legal frameworks.

Future Research Directions

Future research will address the development of more efficient zero-knowledge proof systems optimized for healthcare applications. Integration with emerging healthcare technologies will include genomic medicine, precision therapeutics, and digital therapeutics. Exploration of quantum-resistant cryptographic approaches will address long-term security of healthcare compliance systems. In addition, there will be investigation of federated learning approaches for privacy-preserving healthcare analytics within the ZK-PRET Business Process Prover framework.

Conclusion

Zero-knowledge healthcare process verification represents a foundational technology for enabling distributed healthcare systems while maintaining regulatory compliance and privacy protections. The ZK-PRET Business Process Prover framework demonstrates that it is possible to achieve the “Triple Crown” of healthcare process assurance: verifiable compliance, privacy preservation, and regulatory accountability.

The framework’s integration of established OMG BPMN 2.0 standards with advanced cryptographic techniques provides a practical path forward for healthcare organizations seeking to participate in distributed care networks while maintaining individual compliance obligations. The demonstrated improvements in regulatory compliance, process efficiency, and privacy protection validate the framework’s effectiveness across diverse healthcare applications.

While agentic AI systems present important opportunities for automation, the underlying requirement for verifiable process compliance through cryptographic means brings broader challenges. ZK-PRET Business Process Prover addresses these challenges in healthcare transformative flows, enabling safer deployment of autonomous systems while maintaining regulatory standards. Current agentic AI experiments in healthcare demonstrate rapidly expanding deployment across clinical diagnosis, treatment planning, and administrative coordination,18 making cryptographic verification frameworks essential for safe and compliant autonomous system deployment. The ZK-PRET Business Process Prover framework provides the technical foundation for safe deployment of autonomous systems while enabling new forms of healthcare collaboration that were previously impossible due to privacy and regulatory constraints.

As healthcare organizations continue to adopt distributed ledger technologies and explore autonomous system deployment, the need for verifiable process compliance will only grow. The ZK-PRET Business Process Prover framework provides a comprehensive solution that addresses these needs while maintaining the privacy protections and regulatory accountability that are essential for healthcare delivery.

The successful implementation of zero-knowledge healthcare process verification across multiple healthcare domains demonstrates the maturity of this approach and its readiness for broader adoption. Healthcare organizations seeking to participate in the digital transformation of healthcare can now do so with confidence that their compliance obligations will be met and their competitive advantages will be protected.
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Appendix A. The Execution for Actuals Valid—Accepted. The zero-knowledge circuit execution diagram shows successful verification when actual process execution matches approved BPMN patterns, resulting in cryptographic proof acceptance.
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Appendix B. The Execution for actuals invalid—rejected.
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