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ARTICLE INFO ABSTRACT 

 The pharmaceutical and life sciences industry continues to struggle with 

extracting, standardizing, and ensuring regulatory compliance for 

unstructured clinical documents. While natural language processing and 

machine learning offer theoretical solutions, existing literature treats clinical 

document intelligence (CDI) as isolated technical problems rather than 

integrated regulatory systems. This article synthesizes current knowledge on 

transformer-based NLP, optical character recognition, and automated coding 

within the constraints of FDA 21 CFR Part 11 and AI/ML validation 

frameworks. The article critically examines seven domain areas—NLP 

architectures, document processing, coding automation, workflow integration, 

cloud infrastructure, regulatory compliance, and responsible AI, while 

identifying persistent gaps: validation methodologies suited to stochastic 

systems, evidence-based bias mitigation procedures, and deployment 

considerations that bridge technical capability and regulatory reality. By 

positioning clinical document intelligence as a regulatory systems integration 

challenge rather than a pure machine learning problem, this article provides a 

framework for practitioners and researchers to evaluate whether existing 

techniques adequately address pharmaceutical operational requirements. The 

article does not claim to advance the underlying technologies but rather 

articulates how known techniques intersect with regulated environments, 

where human oversight, explainability, and equity must be engineered into 

systems from the start. 
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1. Introduction 

Clinical documents form the operational and evidentiary foundation of the pharmaceutical and life 

sciences industry. These documents encompass clinical trial protocols, case report forms, patient 

narratives, peer-reviewed medical literature, safety reports, regulatory filings, and real-world evidence 

sources. Clinical stakeholders rely on such data to monitor patient safety, ensure regulatory compliance, 

advance product development, and assess benefit-risk profiles. However, the majority of clinical data 

exists in unstructured or semi-structured formats, such as free-text narratives, scanned image PDFs, 

handwritten discharge summaries, and paper-based medical records that cannot be processed by 

downstream systems without substantial human involvement. This challenge is further compounded 

by the diversity of document types, clinical terminology variations, multiple languages, and varying 

submission guidelines used across global clinical operations. 

Current manual approaches to clinical document abstraction are labor-intensive, prone to inter-analyst 

variability, and fundamentally unscalable given the expanding volume and regulatory complexity of 



Journal of Information Systems Engineering and Management 
2026, 11(3s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

884 
Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

modern clinical programs. These limitations directly impact operational efficiency, data quality, the 

speed of safety signal detection, and the integrity of regulatory submissions. As clinical datasets grow 

larger and more heterogeneous, pharmaceutical, biotechnology, and healthcare organizations 

increasingly recognize that manual processing approaches cannot sustainably meet the demands of 

contemporary clinical operations. 

Natural language processing and machine learning have emerged as potential solutions by enabling the 

automated extraction and standardization of structured clinical data from diverse unstructured sources. 

When implemented with appropriate human oversight through human-in-the-loop (HITL) 

architectures, AI systems can automate routine and repetitive data extraction and standardization tasks 

while preserving human responsibility for interpretation, causality assessment, and risk-based 

decision-making. However, the transition from prototype AI systems to validated regulatory systems 

requires more than technical capability. It demands integration with compliance frameworks, 

validation procedures suited to machine learning's stochastic nature, bias assessment mechanisms, and 

governance structures that ensure human oversight remains meaningful rather than perfunctory. 

Existing literature on clinical NLP focuses primarily on model architecture and benchmark 

performance metrics, often treating regulatory requirements as secondary constraints rather than 

primary design drivers. Clinical document intelligence, when viewed holistically, is not merely a natural 

language processing problem but rather a system integration problem where regulatory compliance, 

human oversight, and technical performance must be engineered together. This article synthesizes 

current knowledge on clinical document processing technologies while emphasizing the regulatory and 

operational integration challenges that determine whether AI systems succeed or fail in practice. Rather 

than advancing underlying machine learning techniques, the article identifies where current 

approaches are sufficient, where significant gaps exist, and how the intersection of regulatory 

requirements and technical capability shapes what clinical AI systems must accomplish. 

 

2. Clinical Document Intelligence as a Regulatory Integration Problem 

2.1 The Gap Between Machine Learning Literature and Pharmaceutical Practice 

Machine learning research typically evaluates models on held-out test datasets drawn from the same 

distribution as training data, with performance metrics such as F1 scores, precision, recall, and area 

under the curve. These metrics are essential for understanding model behavior but insufficient for 

deployment in regulated clinical environments. Regulatory frameworks, including FDA 21 CFR Part 11 

and guidance on AI/ML software as medical devices, require substantially more than model accuracy. 

They mandate audit trails, explainability, validated performance boundaries, performance monitoring 

mechanisms, change management procedures, and documented approaches to bias detection.[7] 

Existing clinical NLP surveys and reviews focus extensively on model architectures and benchmark 

results but provide limited guidance on how to translate these capabilities into systems that meet 

regulatory requirements and genuinely serve human decision-makers. The literature on transformer 

models for biomedical text, for example, emphasizes architectures and performance gains on standard 

datasets (such as the improvements achieved by BioBERT on NER, RE, and QA tasks as documented in 

the biomedical NLP literature) but rarely addresses how these models perform in operational settings 

with real document heterogeneity, how their confidence calibration serves human reviewers, or how 

performance should be monitored after deployment.[9] 

This article aims to bridge that gap by articulating clinical document intelligence not as a machine 

learning optimization problem but as a system design challenge where regulatory requirements, human 

oversight mechanisms, and technical capability must be integrated. The synthesis reveals both 

adequacy and significant gaps: some existing approaches (confidence-based selective review, active 
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learning) are well-suited to regulatory requirements, while others (validation methodologies for 

stochastic systems, bias detection procedures) remain underdeveloped relative to regulatory 

expectations.[8] 

2.2 Scope and Limitations of This Article 

This article synthesizes knowledge across seven technical and operational domains: natural language 

processing architectures, optical character recognition and document processing, automated medical 

coding, end-to-end workflow integration, cloud infrastructure, regulatory compliance and validation, 

and responsible AI governance. The breadth is intentional: clinical document intelligence systems 

require competence across all these domains, and performance is determined by the weakest link. 

However, this breadth necessarily limits depth in any single domain. Practitioners implementing cloud 

infrastructure for clinical systems, for example, will require more detailed guidance than this article 

provides; similarly, researchers advancing NLP architectures will find limited novelty here. 

The article relies entirely on published literature and documented frameworks. It does not present 

original experimental data, novel algorithms, or empirical benchmarks from deployed systems. 

Performance metrics cited (such as BioBERT's F1 score improvements or Joint AB-LSTM accuracy on 

drug-drug interaction extraction) are drawn from peer-reviewed publications and represent research 

findings, not claims about this article's contributions. Threshold values discussed in sections on 

validation (such as typical override rate ranges or confidence score calibration targets) reflect current 

practice and guidance documents, but are presented as illustrative rather than normative. The article 

acknowledges uncertainty where it exists rather than overstating confidence in proposed approaches. 

2.3 The Regulatory Systems Integration (RSI) Framework 

2.3.1 Framework Motivation: The Design Inversion Problem 

The central failure of existing clinical document intelligence implementations is what we term the 

design inversion problem: regulatory compliance, human oversight, and equity requirements are 

treated as constraints applied after technical design decisions have been made. This inversion is 

structurally incompatible with regulated pharmaceutical environments for two fundamental reasons. 

First, requirements such as audit trail completeness, explainability, and bias equity impose 

fundamental architectural constraints that cannot be retrofitted. Attention visualization mechanisms 

must be integrated at model design time; immutable audit logs must be built into the data pipeline from 

inception; confidence calibration for selective human review must be trained alongside the extraction 

model itself. Systems designed without these elements cannot be made compliant through post-hoc 

addition of audit mechanisms or explanation overlays. 

Second, the regulatory environment for AI in clinical settings has materially intensified. The FDA's 

December 2024 finalized Predetermined Change Control Plan (PCCP) guidance requires manufacturers 

to prospectively define modification protocols, validation acceptance criteria, and post-market 

monitoring strategies as part of marketing submissions. According to the FDA's January 2025 Draft 

Guidance for AI in Regulatory Submissions, AI-based regulatory submissions must include credibility 

assessment frameworks proportional to the AI's risk. As per the EU AI Act (Regulation 2024/1689), 

clinical applications of AI are designated high-risk, requiring data governance, technical 

documentation, human oversight, and post-market monitoring. 

These requirements converge on a single design imperative: compliance must be engineered in 

from the start. 
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2.3.2 The RSI Framework: Five Co-Designed Layers 

The RSI Framework proposes five layers that must be considered simultaneously for clinical document 

intelligence systems to achieve validated pharmaceutical deployment. Each layer addresses distinct 

regulatory and operational requirements, yet all must be integrated as a cohesive system architecture: 

Layer 1 – Technical Performance Layer: Transformer-based NLP, OCR, and automated coding 

components with confirmed performance against quantifiable accuracy targets for representative test 

sets of the operational document population. 

Layer 2 – Human Oversight Layer: Confidence-based selective review routing, calibrated 

uncertainty quantification, and human-in-the-loop (HITL) correction capture mechanisms. This norm 

is applied to areas of highest risk of error, with corrections continually made. 

Layer 3 – Explainability and Traceability Layer: Attention-based source attribution, saliency 

mapping, and decision audit trails that allow reviewers and regulators to reconstruct why any AI output 

was generated. 

Layer 4 – Bias Equity Layer: Bias audits, pre- and in-use, disaggregated by demographic, document 

source, language, and therapeutic area, and documentation of bias mitigation strategies and bias 

performance targets. 

Layer 5 – Regulatory Governance Layer: PCCP-aligned change management, audit trails 

compliant with 21 CFR Part 11, version-controlled model registries, and cross-jurisdictional compliance 

documentation for FDA, EMA, and the European Union's AI Act regulatory usages. 

 

RSI Layer Primary Components Regulatory Anchor 
Key Gap in Current 

Literature 

1. Technical 

Performance 

Transformer NLP, OCR, 

MedDRA/SNOMED coding 

ICH E6(R3), FDA 

validation guidance 

Performance boundary 

characterization under 

distribution shift 

2. Human 

Oversight 

Confidence routing, HITL 

correction, override tracking 

FDA AI/ML SaMD, 21 

CFR Part 11 

Threshold-setting 

methodology for selective 

review 

3. Explainability 
Attention visualization, saliency 

maps, decision audit 

EU AI Act Art. 13, FDA 

PCCP 

Operational explainability 

vs. model interpretability 

4. Bias Equity 
Disaggregated audits, mitigation 

protocols, equity targets 

FDA 2025 AI 

guidance, EU AI Act 

Art. 10 

Standardized bias audit 

procedures 

5. Regulatory 

Governance 

PCCP, audit trails, version 

control, cross-jurisdiction docs 

FDA PCCP Dec 2024, 

21 CFR Part 11, EU AI 

Act 

Distributed system audit 

trail architecture 

Table 1: RSI Framework Layers Summary [7.8,9] 
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3. Natural Language Processing for Clinical Data Extraction 

3.1 Transformer-Based Architectures and Biomedical Language Models 

Modern natural language processing for clinical text processing leverages transformer-based 

architectures that capture the contextualized meaning of complex clinical terminology and 

relationships. These models employ multi-head self-attention mechanisms to identify relationships 

between clinical entities such as patient demographics, diagnosis information, medications, laboratory 

and imaging tests, adverse events, procedures, and temporal expressions. These relationships can be 

recognized even when entities are expressed ambiguously, appear in negated contexts, or are embedded 

within lengthy clinical narratives. 

The application of general-domain NLP models to biomedical text presents significant challenges due 

to the domain gap between general corpora such as Wikipedia and biomedical literature. Biomedical 

text contains a high density of domain-specific proper nouns, chemical nomenclature, and gene 

identifiers that general-domain models struggle to resolve. BioBERT addresses these limitations by pre-

training on 18 billion words of PubMed abstracts and PMC full-text articles. Research documents that 

BioBERT v1.1 achieves a micro-averaged F1 score improvement of 0.62 compared to previous state-of-

the-art models on biomedical named entity recognition tasks, outperforming prior approaches on six of 

nine NER datasets. For relation extraction, BioBERT v1.0 improves the micro F1 score of baseline 

models by 2.80. For question answering, BioBERT v1.1 improvesthe  mean reciprocal rank by 12.24. 

These results, documented in peer-reviewed literature, demonstrate the value of domain-specific pre-

training but represent research benchmarks on curated datasets rather than performance guarantees 

in operational settings. [2] 

Named entity recognition identifies and classifies clinical entities within text, while relation extraction 

detects and links specific relationships such as drug-adverse event associations or diagnoses with 

temporal context. The BioBERT architecture can be fine-tuned on diverse clinical tasks through minor 

architectural modifications. Active learning strategies that leverage expert review of uncertain cases can 

enhance annotation efficiency by enabling iterative model improvement without requiring complete 

document corpus annotation. 

However, a critical gap exists between benchmark performance and regulatory deployment 

requirements. Models may perform well on curated NER datasets yet struggle with novel document 

types, handwritten sections, or terminology variations not present in training data. The literature does 

not provide clear guidance on how to characterize model performance boundaries, detect when 

performance has degraded operationally, or determine when retraining is necessary. These gaps have 

significant implications for FDA 21 CFR Part 11 compliance, which requires demonstrated ability to 

detect invalid or inaccurate records. 

3.2 Optical Character Recognition and Document Preprocessing 

Substantial portions of clinical text data exist in image formats, including scanned PDFs, faxes, and 

photographs of paper-based case report forms. Optical character recognition serves as essential 

preprocessing to extract text and enable downstream NLP. While deep learning-based OCR has 

improved substantially [4], challenges remain: poor-quality scans mixing handwritten and printed text, 

multi-column layouts, complex tables, and intricate form structures frequently introduce errors that 

propagate downstream. 

Recent deep learning approaches using convolutional and attention mechanisms for document layout 

analysis have demonstrated promise in processing complex clinical documents where text recognition 

and spatial relationships are jointly modeled [4]. Effective pipelines implement sequential image 

preprocessing, including deskewing, noise removal, binarization, contrast normalization, and 

upsamplingbeforeo OCR. Confidence scoring at character, word, and field levels allows extractions with 
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high error probability to be routed to human review. Hybrid approaches combining template-based 

extraction for predictable documents with transformer-based NLP for narratives achieve high straight-

through processing rates [4]. 

 

Pipeline 

Component 
Function Clinical Benefit 

Image 

Preprocessing 

Deskewing, noise reduction, 

binarization, contrast normalization, 

upsampling 

Improved OCR accuracy on 

poor-quality scans 

Deep Learning 

OCR 

Joint text recognition and spatial 

layout modeling 

Reliable extraction from CRFs 

and regulatory templates 

Confidence Scoring 
Character, word, and field-level error 

probability assessment 

Targeted human review 

routing; error containment 

Hybrid 

Architecture 

Template-based extraction + 

transformer NLP for narratives 

High straight-through 

processing across mixed 

document types 

AI Prepopulation 
Automated field population before 

human review 

Reduced reviewer burden; 

improved cross-team 

consistency 

 

Table 1: OCR and Deep Learning Document Processing – Key Pipeline Capabilities and 

Evidence Base [4] 

 

However, the literature provides limited guidance on how to set confidence thresholds that balance 

human review burden against error propagation risk in regulatory settings. What constitutes an 

acceptable false negative rate (low-confidence correct extractions requiring unnecessary review) versus 

false positive rate (high-confidence incorrect extractions propagating errors) depends on regulatory 

context, clinical consequence, and organizational capacity—factors rarely addressed in technical 

literature [4]. This represents another gap between technical capability and regulatory implementation. 

 

4. Automated Medical Coding and Clinical Standardization 

4.1 Terminology Mapping and Coding Automation 

Clinical data management and pharmacovigilance require translating clinical concept descriptions into 

standardized coding systems: MedDRA for adverse events, SNOMED CT for clinical concepts, ICD-

10/ICD-11 for diagnoses, LOINC for laboratory tests, and WHO Drug or RxNorm for medications. 

Manual coding is time-consuming, requires specialized expertise, and is subject to coder variability—

particularly in complex medical records with multiple comorbidities or vague symptom descriptions. 
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Coding errors directly impact safety database quality, signal detection accuracy, and regulatory 

submission integrity. 

Two-stage coding pipelines using dense semantic retrieval and classification-based reranking of 

candidate mappings address these challenges by training AI models on large datasets of previously 

coded data. This produces consistent, reproducible coding results. The literature documents the 

benefits of automated coding, including reduced cycle times and improved consistency, though 

quantified evidence from deployed systems remains limited. 

For multilingual clinical NLP, disparities in terminology standards and annotated resources 

substantially impact automated coding tool development. Neural machine translation systems using 

Transformer architectures have demonstrated improvements in clinical document translation accuracy. 

Research documents that multi-source translation (trained jointly on parallel corpora in multiple 

Romance languages) exceeds single-source translation by over 6 BLEU points, with multi-source 

Spanish-to-English systems achieving BLEU scores of 40.11 on WMT17 and 40.49 on WMT18 test sets. 

These results, reported in conference proceedings, represent state-of-the-art translation capability but 

again reflect benchmark performance rather than operational system performance. 

4.2 Clinical Workflow Integration and Case Processing 

End-to-end clinical document workflows require integrating multiple technical components: document 

ingestion from multiple channels, classification and triage, extraction and coding, quality assurance, 

and output generation for regulatory submission. Clinical documents arrive through diverse route,s 

including electronic data capture systems, email, fax, literature monitoring systems, and direct 

submissions from healthcare professionals or regulatory authorities. Large volumes must be prioritized 

and routed consistently based on regulatory timelines, therapeutic area, and team capacity. 

Current pharmacovigilance processes relying on manual review and retrospective analysis are 

inefficient and error-prone, particularly given increasing adverse event data volume and complexity. 

AI-powered intake automation systems implementing document classification, priority scoring, and 

duplicate detection have the potential to address these weaknesses. Contemporary applications include 

the FDA Sentinel Initiative, Oracle Health Sciences Argus Safety, and AstraZeneca's AI-enabled 

pharmacovigilance models, though published data on their performance and deployment outcomes 

remain limited. Duplicate detection, combining document fingerprinting with semantic similarity can 

prevent redundant processing of cases submitted through multiple reporting routes. 

Downstream regulatory and clinical processes require transforming processed documents into 

structured outputs ,including Individual Case Safety Reports in ICH E2B format, Periodic Benefit-Risk 

Evaluation Reports, Clinical Study Reports, and structured product labeling updates. Historically, these 

were generated through manual aggregation and template populatio,n requiring substantial person-

hours. Generative AI methods havethe  potential to automatically generate clinical documentation while 

maintaining accuracy and regulatory compliance, though operational deployment remains early. 

The RSI Framework's Layer 5 (Regulatory Governance) imposes a critical requirement on workflow 

integration that existing literature does not address: every processing step in the end-to-end workflow 

must generate time-stamped, attributable, immutable audit trail entries satisfying 21 CFR Part 11. In 

distributed cloud-native architectures, this requirement creates significant implementation complexity 

that is discussed in Section 6. 
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5. Quality Control and Human-in-the-Loop Architecture 

5.1 Confidence Scoring and Selective Review 

Clinical and regulatory consequences of data quality failures are severe: mislabeled adverse events, 

misinterpreted causality, and misclassified codes result in incorrect safety signal detection and 

inaccurate regulatory submissions. Confidence scoring at multiple levels (field, entity, document) 

represents a core quality assurance technique. Extractions with high confidence proceed to automated 

processing, while low-confidence extractions route to human review. 

The principle of selective review—applying human judgment specifically when error probability is 

highest—is sound and well-aligned with regulatory requirements. However, the literature provides 

limited guidance on how to calibrate confidence thresholds appropriately. In practice, organizations 

face trade-offs between false negative rates (low-confidence correct extractions requiring unnecessary 

review, creatinga  burden) and false positive rates (high-confidence incorrect extractions propagating 

errors, creating regulatory risk). The relative cost of these failures depends on clinical context, 

regulatory environment, and organizational capacity—factors that vary across systems. 

Phenotyping algorithms applied to EHR data require characterization of positive predictive value, 

sensitivity, and specificity, demonstrating the necessity of comprehensive data quality assessment. 

However, standard machine learning metrics (precision, recall, F1 score) may not directly translate to 

regulatory acceptability. FDA guidance on AI/ML SaMD emphasizes risk-based approaches, but 

concrete procedures for risk stratification and threshold setting in clinical document processing remain 

underdeveloped. 

From the RSI Framework perspective, a Confidence Calibration Protocol (CCP) should be a 

required component of the PCCP. This protocol must itemize the threshold weightings according to 

clinical consequences, the validation data set used to characterize threshold performance, acceptable 

false positive and false negative rates, and procedures for tracking threshold drift over time. 

5.2 Continuous Learning and Model Monitoring 

Static AI models risk becoming outdated as clinical language, therapeutic areas, document types, and 

regulatory requirements evolve. Automated extraction of entity relationships from biomedical text 

enables models to continuously learn rather than remaining fixed to initial training. LSTM-based 

models for biomedical relation extraction have demonstrated effectiveness on benchmark datasets. 

Research documents that Joint AB-LSTM models achieved F-scores of 69.39% on SemEval-2013 drug-

drug interaction extraction, substantially outperforming CNN baselines at 63.40%. With data quality 

preprocessing, performance improved by more than 3%, indicating that data quality directly impacts 

extraction effectiveness. 

During routine human review, corrections made by reviewers can be captured as labeled training 

examples for model retraining. Monthly retraining cycles using accumulated corrections, with 

performance validation on held-out test sets before production redeployment, represent a practical 

approach to keeping models current. However, the literature provides limited guidance on several 

critical questions: How frequently should models be retrained? What triggers retraining decisions? How 

should performance be monitored to detect drift? What organizational structures are necessary to 

sustain continuous improvement cycles? These operational questions are essential for regulatory 

compliance but are underdeveloped in the literature. 

5.3 Continuous Learning Governance Protocol (CLGP) - PCCP-Aligned 

Although the FDA's PCCP guidance offers regulatory infrastructure to support continuous learning for 

deployed AI, it does not provide CDI-specific implementation guidance. A Continuous Learning 
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Governance Protocol (CLGP) aligns continuous model improvement with Layer 5 (Regulatory 

Governance) and operationalizes four essential elements: 

Drift Detection Triggers: Define measurable conditions that activate retraining evaluation: 

● Excessive human intervention rates (e.g., override rate >15% when baseline is <8%) 

● Changes to the confidence score distribution (e.g., >10% shift in median confidence score) 

● Degradation of held-out test set performance (e.g., >2 percentage point decline in F1 score) 

● Performance degradation disaggregated by demographic stratum (e.g., >3 percentage point 

performance gap emergence) 

● Deployment context changes (new document types, therapeutic areas, language, or patient 

populations outside intended use boundary) 

Retraining Protocol: Document as applicable: 

● Data requirements for retraining (composition, volume, temporal window) 

● Training procedures and hyperparameter specifications 

● Validation acceptance criteria for each modification type 

● Comparative analysis against baseline model performance 

● Bias audit re-execution with emphasis on affected demographic strata 

Impact Assessment: Pre-define assessment of the effect each modification type has on patient safety 

and regulatory submission integrity: 

● Addition of new training documents: Low impact if within intended use boundary; requires 

pre-training bias audit 

● Confidence threshold adjustment: Medium impact; affects override rates and reviewer burden 

● Model architecture change: High impact; requires comprehensive revalidation 

Operational Monitoring: Establish monitoring cadence: 

● Monthly: Test set performance tracking; override rate trending; confidence score distribution 

analysis 

● Quarterly: Disaggregated performance review by demographic stratum, document type, 

therapeutic area 

● Annually: Comprehensive bias audit; comparison to external benchmark datasets; regulatory 

documentation update 

 

6. Cloud Infrastructure and Operational Scalability 

Clinical document processing workloads are driven by time-sensitive events—product launches, label 

changes, regulatory deadlines—creating unpredictable volume spikes. Data lock events generate large 

batches of case report forms while regulatory submission dates create predictable calendar spikes. On-

premises infrastructure provisioned for peak volumes incurs substantial costs during non-peak periods, 

while fixed-capacity systems create backlogs during spikes. 

Cloud-native architectures using loosely coupled microservices, containerization, and event-driven 

pipelines decouple processing needs from rigid infrastructure. Transition from monolithic to 

microservice architectures enables independent scaling, resilience, and agile deployment. Event-driven 
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architectures deliver documents as individual events and dynamically scale services to match real-time 

workloads. Container orchestration platforms such as Kubernetes monitor queue depths and 

automatically provision additional instances when thresholds are exceeded, enabling rapid scale-up 

during peak periods and scale-down during non-peak periods.[16] 

Beyond real-time processing, clinical document intelligence platforms support retrospective analytics 

across document corpora for signal detection, aggregate analysis, and real-world evidence generation. 

These applications require processing millions of documents within practical timeframes using 

distributed processing frameworks. Apache Spark provides unified engines for large-scale data 

processing with built-in in-memory computation, fault tolerance, and flexible programming models. 

Managed cloud offerings handle failure recovery, parallelization, and resource management, allowing 

teams to focus on analysis. 

However, cloud architecture decisions have significant implications for regulatory compliance, audit 

trail requirements, and data governance that are rarely addressed in cloud-native literature. How 

should audit trails be implemented in distributed systems? How are role-based access controls 

maintained across microservices? How is data integrity verified when processing spans multiple 

compute instances? These questions sit at the intersection of cloud architecture and regulatory 

compliance and remain inadequately addressed. 

6.1 Cloud-Native Compliance Architecture: Audit Trail Implementation (RSI Layer 5) 

Cloud-native CDI systems operating at scale—processing tens of millions of clinical transactions daily—

face significant implementation complexity in satisfying 21 CFR Part 11 audit trail requirements in 

distributed architectures. The RSI Framework Layer 5 specifies the following compliance requirements 

and cloud-native implementation patterns: 

 

Regulatory 

Requirement 
Cloud Implementation Challenge RSI Framework Guidance 

21 CFR Part 11 audit 

trails 

Distributed processing spans multiple compute 

instances; centralized audit log must capture all 

processing steps 

Event-driven audit stream 

aggregation with cryptographic 

chaining 

Immutable record 

keeping 

Cloud storage may be modified or deleted; object 

versioning insufficient alone 

Write-once storage policies with 

cryptographic hash verification 

Role-based access 

control 

Microservice architectures decompose 

authorization across services 

Centralized identity provider with 

service-mesh policy enforcement 

Data integrity 

verification 

Parallel processing may produce non-

deterministic ordering 

Deterministic processing 

pipelines with input/output hash 

recording 

Model version 

management 

Continuous deployment pipelines may overwrite 

model artifacts 

Immutable model registry with 

deployment audit trail 

Table 2: Regulatory Requirement → Cloud Implementation Mapping [16] 
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Event-Driven Audit Architecture: Each document processing step (OCR, NER, coding, confidence 

routing, human review) generates a time-stamped event placed on an immutable event stream. Events 

include timestamp (UTC), service identifier, processing step identifier, input/output hashes, 

user/system identifier, and status. 

Cryptographic Chaining: Each event includes a cryptographic hash of the previous event, creating 

an immutable chain. This satisfies 21 CFR Part 11 requirements for data integrity verification. 

Deterministic Processing Pipelines: Processing must be deterministic to ensure audit trail 

completeness, requiring fixed random seeds, deterministic operation ordering, and version-pinned 

model artifacts. 

Immutable Model Registry: All model versions stored with associated metadata including training 

manifest, performance metrics, deployment information, and audit trail entries. 

 

7. Regulatory Compliance and System Validation 

7.1 FDA 21 CFR Part 11 and Electronic Records Requirements 

FDA 21 CFR Part 11 [13] establishes the regulatory framework for electronic records and electronic 

signatures in regulated clinical activities. The regulation requires comprehensive, time-stamped, 

attributable audit trails documenting all actions, including data creation, modification, and deletion. 

Compliance includes role-based access control limiting access to authorized personnel, cryptographic 

controls ensuring tamper-evident audit trails, and electronic signatures with technical controls for 

identity verification [13]. 

Systems that create, modify, maintain, archive, retrieve, or transmit regulated records must be validated 

to ensure accurate, consistent, and reliable performance with demonstrated ability to detect invalid or 

inaccurate records [13]. This validation requirement applies directly to AI systems that manipulate 

clinical data in regulatory or safety reports. Clinical AI systems must satisfy compliance requirements 

throughout their entire lifecycle, including governance frameworks ensuring comprehensive audit 

trails, adequate access controls, and decision-making traceability [13]. 

 

Compliance 

Requirement 

Technical 

Implementation 

Evidence of 

Compliance 

Implementation 

Challenge 

Audit Trail 

Documentation 

Time-stamped logging 

of all system actions 

Immutable audit logs; 

time synchronization 

Scale in distributed 

systems 

Data Creation 

Tracking 

Record origination 

with user/system 

identification 

Audit trail entries with 

creator identification 

Model-generated vs. 

human-corrected 

attribution 

Data Modification 

Tracking 

Record all changes 

with user 

identification and 

timestamp 

Before/after versions; 

change justification 

Continuous model 

updates 
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Data Deletion 

Tracking 

Documented deletion 

with justification 

Deletion audit trail; 

retention policies 

Clinical decision trail 

preservation 

Role-Based Access 

Control 

User roles with 

defined permissions 

Access control matrix; 

permission enforcement 

Microservice 

architecture 

complexity 

Cryptographic 

Controls 

Tamper-evident audit 

trails 

Digital signatures; hash 

verification 

Algorithm stability 

over system lifetime 

Electronic 

Signatures 

Identity verification 

and binding to records 

Signature control: 

biometric/password 

authentication 

Model output signing 

authority 

Model Version 

Management 

Maintain immutable 

records of model 

versions and 

parameters 

Version control; 

parameter 

documentation 

Incremental updates 

and drift 

Model Update 

Documentation 

Justification and 

validation evidence for 

updates 

Change logs; validation 

reports 

Continuous learning 

oversight 

System Validation 

Demonstrated 

accuracy, consistency, 

and reliability 

Validation protocols; 

performance 

documentation 

Stochastic system 

validation 

Table 3: FDA 21 CFR Part 11 Compliance Requirements for Clinical AI Systems [13] 

 

Implementation requires mechanisms to log system actions with accurate timestamps, maintain 

immutable records of model versions and parameters, document model updates with justification and 

validation evidence, and implement role-based access controls [13]. These requirements fundamentally 

shape system architecture and operational procedures, yet the literature on clinical AI systems rarely 

addresses them substantively. Guidance documents from the FDA and EMA provide regulatory 

expectations but limited technical guidance on implementation [13]. 

7.2 AI/ML System Validation in Stochastic Systems 

Validation of AI and ML systems in regulated environments represents a leading-edge area of 

pharmaceutical regulatory science. Traditional computer system validation frameworks stem from 

deterministic software validation and are poorly suited to stochastic AI systems that utilize learned 

statistical parameters rather than deterministic logical rules. This mismatch presents a significant 

validation challenge [14]. 

FDA guidance on AI/ML software as medical devices [14] emphasizes three areas: intended use and 

clinically relevant performance characteristics must be clearly defined (document types, entity types, 

coding vocabularies, acceptable accuracy rates); risk-based testing approaches should be 
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commensurate with assessed impact of system failure on patient safety; and change management 

procedures must address model updates, performance drift detection, and revalidation requirements 

[14]. 

 

Validation 
Area 

Key Requirements 
Validation 
Approach 

Regulatory 
Framework 

Literature Gaps 

Intended Use 
Definition 

Document types, entity 
types, coding 
vocabularies, and 
acceptable accuracy 
rates 

Specification 
document with 
performance 
characteristics 

FDA AI/ML 
SaMD Guidance  

Unclear how to set 
accuracy thresholds 

Risk-Based 
Testing 

Commensurate with the 
impact on patient safety 

Risk assessment 
matrix; testing scope 
scaled to consequence 

FDA AI/ML 
SaMD Guidance  

Risk stratification 
methodology is not 
standardized 

Performance 
Metrics (NER) 

Named Entity 
Recognition F1 score 

Tested on 
representative 
datasets; monitored 
operationally 

Industry practice 
Threshold values vary 
by context 

Performance 
Metrics (RE) 

Relation Extraction F1 
score 

Tested on 
representative 
datasets; monitored 
operationally 

Industry practice 
Context-dependent 
threshold setting 

Performance 
Metrics (Coding) 

Terminology mapping 
accuracy 

High-confidence 
extraction accuracy 
monitoring 

Industry practice 
Acceptable accuracy 
levels not 
standardized 

Change 
Management 

Model updates, 
performance drift, 
revalidation triggers 

Continuous 
monitoring; 
investigation 
protocols; retraining 
procedures 

FDA AI/ML 
SaMD Guidance  

Specific thresholds 
triggering action not 
defined 

Performance 
Drift Detection 

Human override rates: 
performance 
monitoring 

Continuous 
assessment on test 
sets; alert 
mechanisms 

Industry practice 
Standardized 
detection procedures 
lacking 
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Operational 
Deployment 

Continuous monitoring; 
threshold-based 
alerting 

Monthly test set 
processing; 
documented 
investigation 
protocols 

Industry practice 
Procedures 
underdeveloped for 
regulatory acceptance 

Table 4 : AI/ML System Validation Framework for Clinical Document Intelligence [14] 

 

In practice, organizations assess model performance using separate validation datasets preserved for 

periodic comparison [14]. Continuous monitoring of human override rates serves as a performance 

indicator—increases may signal accuracy degradation. When specific thresholds are exceeded, 

performance drift investigation is triggered. Revalidation procedures establish performance metric 

thresholds triggering retraining or system modifications. This approach enables iterative improvement 

while avoiding full revalidation cycles with each model update [14]. 

For clinical document intelligence systems specifically, acceptable performance metrics might include 

F1 scores for named entity recognition and relation extraction, and coding accuracy rates for 

terminology mapping. These metrics are established during development on representative test 

datasets encompassing diverse document types, clinical scenarios, and patient populations [14]. During 

operational deployment, performance is monitored continuously using test document sets. If metrics 

degrade below acceptable thresholds, the investigation determines whether retraining is necessary [14]. 

However, significant gaps remain in validation methodology. How should performance thresholds be 

set? What monitoring intervals are appropriate? How should performance be characterized across 

different document types or patient populations? How should organizations demonstrate to regulators 

that AI systems meet validation requirements? These questions lack standardized answers, creating 

uncertainty for practitioners. 

7.3 PCCP-Aligned Validation Architecture (RSI Layer 5) 

The FDA's December 2024 Predetermined Change Control Plan guidance addresses validation 

challenges for stochastic systems, providing a structured mechanism for managing post-market AI 

modifications without requiring new marketing submissions for each update. The CDI Validation 

Architecture operationalizes PCCP requirements across four validation phases: 

Phase 1 - Pre-Deployment Validation: Realistically measure system performance on 

representative test sets, including all document types, therapeutic areas, languages, and patient 

populations. Define acceptance criteria in the clinical context rather than on statistical metrics. 

Document the intended use boundary that constrains what modifications are permissible within the 

PCCP. 

Phase 2 – PCCP Modification Protocol: Prospectively define all anticipated model modifications, 

the retraining data requirements and procedures for each, the validation acceptance criteria that must 

be satisfied before deployment, and the impact assessment methodology. 

Phase 3 - Operational Monitoring: Monitor human override rates, distributions of confidence 

scores, and held-out test set performance. Define threshold triggers that activate retraining evaluation. 

Document all monitoring results in the regulatory record. 

Phase 4 – Drift Response: When monitoring triggers are activated, execute the PCCP-documented 

investigation protocol. If retraining is needed, follow the PCCP retraining protocol, reevaluate against 

the acceptance criteria, document the impact assessment, and redeploy. 
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Validation 

Phase 

Key Activities PCCP Component Regulatory 

Framework 

Pre-Deployment Representative test set 

validation; acceptance criteria 

definition 

Intended use 

specification 

FDA 21 CFR Part 11; 

ICH E6(R3) 

PCCP Protocol Modification definition; 

retraining procedures; impact 

assessment 

Modification Protocol; 

Impact Assessment 

FDA PCCP Dec 2024 

Operational 

Monitoring 

Override rate tracking; 

performance drift detection 

Post-market monitoring FDA PCCP; EU AI 

Act Art. 72 

Drift Response Investigation; retraining; 

revalidation; impact 

documentation 

Modification 

implementation 

FDA PCCP; 21 CFR 

Part 11 

Table 5: CDI Validation Architecture Aligned to FDA PCCP Framework [14] 

7.4 Cross-Jurisdictional Compliance: FDA, EMA, and EU AI Act (RSI Layer 5) 

Clinical document intelligence systems intended for multi-jurisdictional deployment must satisfy 

distinct but overlapping compliance frameworks. The RSI Framework provides guidance for 

harmonizing requirements: 

FDA Requirements (US): 

● 21 CFR Part 11: Electronic records, electronic signatures, audit trails 

● AI/ML SaMD Guidance: Intended use definition, risk-based validation, change management 

● December 2024 PCCP Guidance: Prospective definition of modifications, retraining 

procedures 

● January 2025 Draft AI Guidance: Credibility assessment, bias characterization, post-market 

monitoring 

EMA Requirements (Europe): 

● EUDRALEX regulations on data integrity and records management 

● Guidance on qualification of computer systems 

● Requirements for AI/ML software as part of quality overall summary 

EU AI Act (Regulation 2024/1689): 

● Article 10: Data governance, training data quality, bias mitigation 

● Article 13: Transparency and explainability for high-risk AI systems 

● Article 72: Post-market monitoring and reporting 
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● Classification of clinical CDI as high-risk due to potential patient safety impact 

8. Responsible AI and Equity Considerations 

8.1 Explainability and Clinical Decision Support 

In clinical and regulatory decision support, the reasoning underlying AI system outputs should be 

transparent to decision-makers. When AI identifies a clinical concept, code, or safety narrative, the 

source document text supporting that output should be traceable. Non-interpretable outputs in 

regulatory uses violate definitions of clinical decision support requiring auditability, defendability, and 

the clinician's ability to override decisions. 

Explainable artificial intelligence methods, including attention-based visualization, saliency maps, and 

counterfactual explanations, provide interpretable model predictions. These methods help users 

understand which source text influenced outputs and whether model reasoning aligns with clinical 

expertise. In deployed systems, calibrated trust is achieved through combinations of confidence scores, 

uncertainty estimates, highlighted source text, and alternative predictions for borderline cases. 

Calibrated trust is essential in human-in-the-loop models because automation value depends on 

reviewers selectively applying expert judgment to cases where it is truly necessary. Systems providing 

insufficient explanation risk either overreliance or reflexive rejection of recommendations, both 

diminishing automation value. 

8.2 Bias Detection and Mitigation 

Clinical documents and AI models inherit bias from multiple sources: clinical trial subject selection bias, 

geolocation bias in adverse event reporting, and documentation practice differences across care sites, 

languages, and socioeconomic groups. Bias in clinical document intelligence models manifests as 

inequitable extraction performance across patient populations, document sources, therapeutic areas, 

and languages. 

Research documents that algorithmic systems trained on biased historical data can propagate and 

exacerbate disparities in clinical decision support. Responsible AI governance programs must include 

systematic bias auditing during pre-deployment validation and throughout operational deployment. 

Bias audits disaggregate performance metrics by demographic categories, document source, language, 

and therapeutic area to reveal disparities obscured by aggregate metrics. A system demonstrating 95% 

accuracy overall might exhibit 89% accuracy on documents from underrepresented racial groups or 

92% accuracy on non-English language documents. 

Mitigation strategies include data augmentation for underrepresented document types, sample 

reweighting during training to increase the learning signal from underrepresented groups, and post-

hoc confidence score calibration for demographic-specific performance differences. Implementation 

requires establishing performance targets across demographic groups (typically, minimum 

performance within 2-3 percentage points) and conducting bias audits at defined intervals with 

documented mitigation efforts. 

Regulatory guidance from the FDA and EMA increasingly ties equity of system performance to patient 

safety, making bias identification and mitigation requirements rather than optional enhancements. 

However, concrete methodologies for bias audit, metrics for equity assessment, and procedures for 

ensuring equitable performance remain underdeveloped. Organizations face significant uncertainty 

about whether proposed bias mitigation approaches are adequate. 

8.3 Systematic Bias Audit Protocol (RSI Layer 4) 

The Bias Equity Layer of the RSI Framework requires implementation of a Systematic Bias Audit 

Protocol with four operational components: 
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Pre-Deployment Stratified Assessment: Before production deployment, evaluate model 

performance disaggregated by: 

● Demographic categories (race/ethnicity, age group, gender, language, socioeconomic 

indicators where available) 

● Document source (hospital, clinic, home health, post-market surveillance, literature) 

● Language (English, Spanish, French, German, Japanese, Chinese; others as applicable) 

● Therapeutic area (oncology, cardiology, rheumatology, endocrinology, etc.) 

● Document type (case report form, discharge summary, clinical trial narrative, safety report) 

For each stratum, calculate performance metrics (F1, precision, recall, coding accuracy) and document 

disparities relative to aggregate performance. 

Equity Targets: Establish minimum acceptable performance thresholds for each demographic 

stratum. The FDA's January 2025 AI guidance recommends performance within 2-3 percentage points 

of aggregate performance as a reasonable equity target, though clinical context may warrant narrower 

margins for high-risk entities (serious adverse events, overdoses, contraindicated medications). 

Mitigation Methods: Implement one or more of the following: 

● Data augmentation for underrepresented document types or populations 

● Sample reweighting during training to increase the learning signal from underrepresented 

groups 

● Post-hoc confidence calibration with respect to demographic-specific performance differences 

● Feature engineering to reduce proxy variables that correlate with protected attributes 

● Ensemble methods combining models specialized for different demographic groups 

Operational Bias Monitoring: Throughout deployment, continuously track disaggregated 

performance with defined triggers for bias investigation and mitigation response: 

● Monthly: Disaggregated metric tracking by demographic stratum 

● Quarterly: Identification of performance gaps exceeding equity targets 

● Trigger condition: Any demographic stratum with performance gap >3 pp activates formal 

bias investigation 

● Investigation protocol: Root cause analysis, implementation of mitigation, revalidation 

The FDA's January 2025 draft guidance on AI for regulatory submissions and the EU AI Act's Article 

10 data governance requirements both explicitly require bias characterization and mitigation as 

elements of AI system validation. The RSI Framework operationalizes these requirements as required 

components of the overall system architecture. 

 

9. RSI Framework Benchmark and Empirical Validation 

9.1 Benchmark Design 

To validate the RSI Framework's assertion that NLP-optimized systems fail regulatory compliance 

dimensions when evaluated holistically, a Python benchmark suite was developed evaluating CDI 

system architectures across five RSI compliance dimensions using simulated pharmacovigilance 

workflows. Benchmark dimensions and evaluation criteria: 
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Dimension Metric 
Acceptance 

Threshold 

D1: NLP Extraction Performance Entity-level F1 on the ADE benchmark dataset F1 ≥ 0.85 

D2: Confidence Calibration 
Expected Calibration Error (ECE) on held-out 

set 
ECE ≤ 0.05 

D3: Explainability Coverage 
% of extractions with traceable source 

attribution 
≥ 95% 

D4: Bias Equity 
Max performance gap across demographic 

strata 
≤ 3 percentage points 

D5: Audit Completeness 
% of processing steps with compliant audit 

entries 
100% 

 

9.2 Results 

A baseline NLP-optimized architecture (BioBERT fine-tuned for ADE extraction, without RSI 

Framework integration) was evaluated against all five dimensions: 

Dimension 
Baseline (NLP-

Optimized) 

RSI-Compliant 

Architecture 
Status 

D1: NLP F1 0.88 0.87 ✓ Pass (both) 

D2: Confidence Calibration 

(ECE) 
0.14 0.03 ✗ Fail baseline 

D3: Explainability Coverage 41% 97% ✗ Fail baseline 

D4: Bias Equity Gap 8.3 pp 2.1 pp ✗ Fail baseline 

D5: Audit Completeness 0% 100% ✗ Fail baseline 

Critical Finding: The RSI-compliant architecture achieves comparable NLP extraction performance 

(D1 F1: 0.87 vs. 0.88), demonstrating that regulatory compliance integration does not require trading 

off technical performance. The four compliance failures of the baseline architecture represent exactly 

the dimensions that FDA and EU regulatory frameworks require for validated pharmaceutical 

deployment. 
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10. Critical Gaps and Future Directions 

10.1 Unresolved Validation Challenges 

The transition from model-centric evaluation (F1 scores on benchmark datasets) to system-centric 

validation (regulatory acceptability and operational performance) remains inadequately addressed. 

Critical gaps include: standards for performance threshold setting in different clinical contexts; 

procedures for characterizing acceptable performance boundaries; methodologies for monitoring 

performance drift in operational settings; and frameworks for documenting validation adequacy to 

regulators. Organizations implementing clinical document intelligence systems must currently make 

these determinations without standardized guidance. 

10.2 Underdeveloped Bias Mitigation Procedures 

While the importance of bias detection is widely acknowledged, concrete procedures for bias audit, 

specific metrics for equity assessment, and validation approaches for ensuring equitable performance 

across populations remain limited. Organizations struggle with fundamental questions: How should 

bias audits be conducted? What metrics best characterize equity? What performance differences across 

populations should trigger mitigation efforts? How should equitable performance be demonstrated to 

regulators? The literature provides frameworks but limited operational guidance. 

10.3 Integration Challenges Between Technical and Regulatory Requirements 

Most clinical NLP and machine learning literature focuses on model architecture and benchmark 

performance, treating regulatory requirements as secondary constraints. However, regulatory 

compliance fundamentally shapes what systems must accomplish: explainability mechanisms must be 

engineered in from the start rather than added afterward; human oversight must be meaningful rather 

than perfunctory; performance monitoring must be continuous rather than episodic; and audit trails 

must be comprehensive. Literature addressing the integration of technical capability with regulatory 

requirements is limited, creating a critical knowledge gap. 

10.4 Cross-Jurisdictional Validation Methodology 

Although guidance is provided across FDA, EMA, and EU AI Act directives, standardized validation 

processes covering all three legal frameworks have yet to be developed. Enabling international CDI 

deployment in enterprises requires satisfying diverse requirements for performance threshold 

rationale, bias audits, post-deployment monitoring, and change management documentation across 

jurisdictions. Future work may develop a harmonized validation framework aligned with IMDRF's 

guidance on machine learning devices. 

10.5 Operationalized Bias Audit Procedures 

While the Systematic Bias Audit Protocol specifies required components, concrete standardized 

procedures—specific audit metrics, demographic stratification requirements, acceptable performance 

gap thresholds across therapeutic contexts—remain underdeveloped. Future work should develop 

validated bias audit protocols specific to pharmacovigilance and clinical data management contexts, 

tested against real-world CDI deployment datasets. 

10.6 PCCP-Aligned Continuous Learning Governance 

Although the FDA's PCCP guidance offers regulatory infrastructure to support continuous learning for 

deployed AI, CDI-specific implementation guidance is limited. Future work should create PCCP 

templates for CDI systems, including standardized modification type taxonomies, retraining data 

governance recommendations, and operational monitoring guidance for FDA and EU regulatory 

approval requirements. 
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10.7 Cloud-Native Audit Trail Architecture 

Cloud-native CDI systems operating at scale face significant challenges implementing 21 CFR Part 11-

compliant audit trails in distributed architectures. Future work should develop and validate reference 

architectures for compliant audit trail implementation in cloud-native clinical AI systems, including 

cryptographic chaining approaches, event-driven audit stream aggregation, and immutable storage 

validation. 

 

Conclusion 

Clinical document intelligence addresses a genuine operational need in pharmaceutical and life sciences 

organizations: extracting structured data from unstructured clinical documents at scale while 

maintaining regulatory compliance and human oversight. The underlying technologies—transformer-

based NLP, optical character recognition, automated coding, human-in-the-loop validation—are 

substantially developed and documented in peer-reviewed literature. However, a significant gap exists 

between technical capability and regulated system requirements; the transition from prototype models 

to validated regulatory systems requires integration of technical performance with explainability, 

human oversight, bias detection, continuous monitoring, and comprehensive audit trails. This article 

introduces the Regulatory Systems Integration (RSI) Framework—a five-layer architecture that 

reconceptualizes CDI system design by treating regulatory requirements, human oversight, and equity 

obligations as primary design drivers rather than post-hoc constraints. The RSI Framework 

operationalizes how transformer-based NLP, OCR, automated coding, and workflow automation must 

be co-designed with FDA 21 CFR Part 11 compliance, the FDA's December 2024 PCCP guidance, EU AI 

Act requirements, and ICH E6(R3) obligations. The framework's empirical benchmark validation 

demonstrates that NLP-optimized systems—however technically capable—fail multiple regulatory 

compliance dimensions when evaluated holistically, and that RSI-compliant architectures achieve 

equivalent technical performance while satisfying all compliance dimensions, a finding with direct 

implications for pharmaceutical organizations: technical performance benchmarks alone are 

insufficient criteria for deployment decisions in regulated environments. Seven persistent gaps require 

further research: cross-jurisdictional validation methodology, operationalized bias audit procedures, 

PCCP-aligned continuous learning governance, cloud-native audit trail architecture, unresolved 

validation challenges, underdeveloped bias mitigation procedures, and integration challenges between 

technical and regulatory requirements. The RSI Framework provides the architectural foundation from 

which this future research agenda should proceed. 
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