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Abstract: Insurance and healthcare prior-authorization operations continue to receive clinically and administratively 

relevant information through heterogeneous documents, including scanned forms, physician notes, referral packets, 

diagnostic attachments, and payer correspondence. Optical character recognition (OCR) can convert pixels into text, 

but reliable automation requires a broader mechanism that determines document type, extracts semantically typed 

entities, normalizes values, verifies them against enterprise records and domain constraints, and controls downstream 

actions under uncertainty. This paper presents a reference architecture for AI-driven intelligent document processing 

(IDP) that separates perceptual confidence from operational validity. The proposed pipeline combines document 

classification, OCR or visual-document understanding, entity extraction, terminology normalization, multilayer 

validation, risk-aware routing, and idempotent downstream orchestration. A formal decision model is defined in 

which each extracted entity is evaluated by recognition confidence, field criticality, syntactic validity, cross-field 

consistency, and enterprise-reference agreement before it can trigger an automated action. Because no proprietary 

insurance corpus or production measurements were supplied for this study, the paper deliberately avoids invented 

performance results. Instead, the framework is evaluated through requirements traceability to FHIR-based prior-

authorization standards, failure-mode analysis, scenario walkthroughs, and a reproducible empirical protocol 

specifying OCR, extraction, validation, automation, latency, and safety metrics. The resulting design provides a 

technically testable path from document recognition to controlled enterprise automation while preserving human 

review for ambiguous or high-risk cases. 

 

Keywords: Intelligent Document Processing, Optical Character Recognition, Document AI, Prior Authorization, 

Insurance Automation, Enterprise Validation, FHIR, Human-In-The-Loop, Workflow Orchestration, Healthcare 

Interoperability. 

 

1. Introduction 
Insurance and healthcare administrative workflows are 

document intensive even when the surrounding enterprise is 

digitally mature. Prior-authorization requests can include 

physician orders, clinical notes, referral forms, treatment 

plans, and laboratory reports, imaging reports, coverage 

documents, and supporting correspondence. The information 

required for a payer decision may therefore be distributed 

across machine-generated PDFs, portal exports, scanned 

paper, faxes, or images. The operational problem is not 

simply that the documents are unstructured; it is that the 

same concept may be represented differently across 

documents and must ultimately be reconciled with member, 

provider, benefit, authorization, and clinical records. The 

persistence of manual prior-authorization work is well 

documented. The American Medical Association has 

reported a substantial physician and staff burden associated 

with prior authorization, while the Centers for Medicare & 

Medicaid Services (CMS) has pursued API-based 

interoperability requirements intended to reduce 

administrative friction [16], [19]. 

 

OCR is a necessary technology for many scanned-

document workflows, but OCR alone does not solve the 

enterprise problem. A string can be recognized correctly and 

still be unusable because its semantic type is wrong, its 

format is invalid, its context is inconsistent, or the 

corresponding enterprise record does not exist. Modern 

document-AI research has progressively addressed this 

limitation by combining textual, spatial, and visual 

information. LayoutLM and its successors jointly model text 

and page layout [5]-[7]; DocFormer integrates text, vision, 

and spatial features [10]; FormNet and BROS emphasize 

structural and two-dimensional relationships [11], [12]; LiLT 

addresses language-independent layout representations [13]; 

and UDOP unifies vision, text, and layout for multiple 

document-processing tasks [14]. OCR itself has also moved 

toward transformer-based recognition, as illustrated by 

https://doi.org/10.63282/3050-9416.IJAIBDCMS-V7I2P151


Srikanth Reddy Gudi / IJAIBDCMS, 7(2), 398-408, 2026 

 
399 

TrOCR [8], while Donut demonstrates an OCR-free 

document-understanding alternative that avoids OCR error 

propagation in some settings [9]. 

 

These advances improve the perceptual and semantic 

layers of document understanding, yet an insurance or prior-

authorization platform must additionally answer an 

operational question: when is an extracted value sufficiently 

trustworthy to trigger an enterprise action? This question 

becomes critical for identifiers, diagnosis and procedure 

codes, dates, coverage fields, provider data, and 

authorization attributes because an automated error may 

propagate into claims, utilization-management, clinical-

administrative, or member-facing systems. Healthcare 

interoperability standards reinforce this requirement. FHIR 

defines a common resource model for exchanging healthcare 

information [17], and the HL7 Da Vinci Prior Authorization 

Support (PAS) implementation guide specifies FHIR-based 

structures and workflows for prior-authorization exchange 

[18]. Thus, document processing must eventually produce 

data that are not merely readable but conformant, 

contextually coherent, traceable, and safe to consume. 

 

The engineering context further complicates the 

problem. AI components are embedded in distributed 

software systems whose reliability depends on service 

contracts, dependency management, observability, 

idempotency, retries, and resource behavior. Production-

focused work has emphasized the operational impact of 

memory leaks, dependency conflicts, concurrency problems, 

and performance degradation in enterprise Java systems [1]. 

More broadly, machine-learning systems accumulate hidden 

technical debt through data dependencies, feedback loops, 

configuration complexity, and undeclared consumers [22], 

while software-engineering studies of ML systems show that 

reliable deployment requires practices beyond model training 

[23]. In regulated settings, assurance must span the machine-

learning lifecycle rather than only the predictive component 

[24]. 

 

This paper therefore treats intelligent document 

processing as a controlled enterprise decision pipeline. The 

central contribution is an architecture in which recognition 

confidence is necessary but not sufficient for automated 

commitment. Extracted fields pass through syntactic, 

semantic, contextual, and enterprise-reference validation 

before a risk-aware policy decides whether to auto-accept, 

request further validation, send to manual review, or reject. 

The framework incorporates provenance and audit logging, 

data minimization, secure handling of electronic protected 

health information (ePHI), and failure isolation. It is 

intentionally compatible with OCR-based and OCR-free 

document-understanding models so that organizations can 

select the most appropriate perceptual technology without 

changing the validation and orchestration contract. 

 

The paper makes four contributions. First, it formalizes 

the distinction between textual correctness and operational 

validity. Second, it defines an end-to-end IDP architecture 

for insurance and prior authorization with explicit validation 

and routing stages. Third, it derives safety and reliability 

properties that can be tested independently of a specific OCR 

or transformer model. Fourth, it specifies a reproducible 

empirical evaluation protocol without inventing data or 

results. The latter is important because no proprietary 

production corpus, labeled authorization dataset, or measured 

runtime log was provided for this study; accordingly, all new 

numerical performance claims are intentionally omitted. 

 

2. Related Work and Technical Context 
2.1. OCR and Visual Document Understanding 

Classical OCR systems separate page analysis, character 

recognition, and language post-processing. Transformer-

based recognition reduces some of these hand-engineered 

boundaries. TrOCR, for example, uses pretrained image and 

text transformers for end-to-end text recognition and 

demonstrates the value of transfer learning across printed, 

handwritten, and scene text [8]. Nevertheless, downstream 

enterprise tasks rarely operate on characters alone. They 

require relations among labels, values, tables, sections, and 

document regions. 

 

Layout-aware pretraining addresses this requirement. 

LayoutLM jointly models text and layout and showed that 

spatial information materially improves form understanding 

and other document tasks [5]. LayoutLMv2 adds image 

features and multimodal alignment objectives [6], while 

LayoutLMv3 unifies text and image masking within a 

general-purpose Document AI architecture [7]. DocFormer 

similarly combines text, vision, and spatial features through 

multimodal attention [10]. FormNet and BROS demonstrate 

that structural modeling and two-dimensional spatial 

relations can improve key-information extraction, 

particularly when conventional token serialization loses 

layout semantics [11], [12]. LiLT extends structured 

document understanding across languages by decoupling 

layout learning from language-specific text encoders [13]. 

UDOP further treats heterogeneous document tasks through 

a unified vision-text-layout model [14]. 

 

OCR-free approaches provide an alternative. Donut 

maps document images directly to structured outputs and 

was motivated partly by the computational cost and error 

propagation associated with external OCR pipelines [9]. An 

enterprise architecture should therefore avoid coupling 

validation logic to a single recognition strategy. Whether text 

is produced by OCR, multimodal token classification, 

sequence generation, or a hybrid system, the downstream 

contract should express typed entities, confidence or 

uncertainty information where available, provenance, and 

spatial evidence. 

 

2.2. Datasets and Evaluation Practice 

Public datasets such as FUNSD provide annotated noisy 

scanned forms for text detection, OCR, entity labeling, and 

relation extraction [15]. Such datasets are valuable for 

benchmarking document understanding, but they do not 

reproduce the complete operational environment of prior 

authorization. Real workflows contain organization-specific 

forms, mixed-quality attachments, clinical terminology, 
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payer-specific requirements, member and provider lookups, 

and downstream state transitions. Consequently, high entity-

level F1 on a public dataset cannot by itself establish safe 

automation. 

 

This distinction parallels evaluation lessons from other 

machine-learning domains. Gunda compared multiple 

classifiers for software defect prediction using multiple 

performance measures rather than a single score [2], and 

further compared Random Forest, Logistic Regression, and 

K-Nearest Neighbors across accuracy, precision, recall, F1, 

and ROC-oriented measures [3]. Although software-fault 

prediction is a different task, the methodological principle 

transfers: a system should be evaluated according to the 

operational consequences of different error types. For IDP, 

character error rate, field exact match, entity F1, and false 

auto-accept rate, manual-review rate, and downstream 

transaction correctness measure different failure surfaces and 

should not be collapsed into one metric. 

 

2.3. Healthcare and Prior-Authorization Interoperability 

FHIR R4 provides a resource-oriented standard for 

healthcare information exchange [17]. The Da Vinci PAS 

implementation guide builds on FHIR and defines structures 

and operations for electronic prior-authorization workflows, 

including interactions between requesting systems and payer 

systems [18]. CMS has also finalized interoperability and 

prior-authorization requirements for impacted payers, 

including a Prior Authorization API that supports 

documentation requirements and request/response exchange 

[16]. These standards are central to downstream processing 

because an IDP system should not terminate at extracted 

JSON; it should map validated content into governed 

enterprise and interoperability representations. 

 

Healthcare document automation must also operate 

within privacy and security constraints. The HIPAA Security 

Rule requires administrative, physical, and technical 

safeguards for ePHI, including access control, audit controls, 

integrity protection, authentication, and transmission security 

[20]. The proposed architecture therefore treats security and 

auditability as cross-cutting system properties, not optional 

post-processing features. 

 

2.4. Enterprise Reliability and Responsible AI 

Enterprise AI reliability is affected by both software and 

model lifecycle concerns. Bandari discusses production 

challenges such as memory leaks, dependency conflicts, and 

performance degradation in Java enterprise systems [1]. 

Sculley et al. identify hidden technical debt specific to 

machine-learning systems [22], while Amershi et al. describe 

software-engineering challenges observed across industrial 

ML development [23]. Ashmore et al. argue that assurance 

evidence must be generated throughout the ML lifecycle 

[24]. NIST AI RMF 1.0 similarly frames AI risk 

management around governance, mapping, measurement, 

and management activities [21]. These perspectives motivate 

explicit controls for model versioning, monitoring, fallback 

behavior, provenance, and human oversight. 

 

Domain-adjacent studies also illustrate the broader 

movement from raw AI predictions toward integrated 

applications. Krishna et al. combine deep visual learning 

with an application-level human-computer interaction 

objective [4], while Gudi describes an OCR- and 

microservices-oriented framework for digitizing fax-based 

prescription workflows [25]. The present work differs by 

making enterprise validation and risk-controlled downstream 

commitment the primary architectural boundary. 

 

3. Problem Formulation and Design Objectives 
3.1. Document and Entity Model 

Let an incoming document package be represented by D 

= {I, T, L, M}, where I is the image or rendered page 

content, T is recognized or generated text, L is the 

spatial/layout representation, and M is document metadata 

such as source channel, timestamp, sender context, and file 

attributes. A document-understanding component produces a 

set of candidate entities E = {e1, e2, en}. Each candidate 

entity is represented as: 

eᵢ = (vᵢ, τᵢ, cᵢ, pᵢ, qᵢ)    (1) 

 

Where vᵢ is the extracted value, τᵢ is the predicted 

semantic type, cᵢ is model confidence or an uncertainty 

proxy, pᵢ identifies page/spatial provenance, and qᵢ captures 

extraction metadata such as model version and evidence 

span. The representation is deliberately model agnostic: an 

OCR-plus-NER pipeline and an OCR-free generative model 

can emit the same enterprise contract. 

 

The critical distinction is between recognition 

correctness and operational acceptability. Define Xᵢ as the 

event that the textual or semantic extraction is correct and Oᵢ 

as the event that the value is operationally acceptable for 

downstream use. In general: 

P (Oᵢ | cᵢ) ≠ P (Xᵢ | cᵢ)    (2) 

 

Because operational acceptability depends on constraints 

that are not visible to the recognizer. A member identifier 

may be read perfectly but fail an eligibility lookup; a 

procedure code may be valid but inconsistent with a 

diagnosis or date; a provider identifier may be syntactically 

correct but inactive for the request context. Therefore, cᵢ 

cannot be used as the sole automation gate. 

 

3.2. Validation State 

For each entity, the framework computes four validation 

components. Sᵢ denotes syntactic validity, including length, 

checksum, type, and regular-expression constraints. Tᵢ 

denotes semantic or terminology validity, such as 

membership in an allowed code system. Cᵢ denotes 

contextual consistency across fields and documents, 

including temporal and relational rules. Xᵢ denotes external 

or enterprise-reference agreement, obtained through 

governed lookups to systems of record. The validation vector 

is: 

Vᵢ = [Sᵢ, Tᵢ, Cᵢ, Xᵢ]    (3) 

 

Each component can be binary, categorical, or 

probabilistic depending on the use case. For example, an 
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unavailable reference service should not be interpreted as a 

failed lookup; it should be represented as an indeterminate 

technical state. This separation prevents infrastructure errors 

from being misclassified as business invalidity. 

 

3.3. Risk-Aware Routing 

Let kᵢ represent field criticality and let hᵢ summarize 

document-level quality or anomaly indicators. The routing 

policy selects a disposition R (eᵢ) from {auto-accept, 

validate/hold, manual-review, reject/request-information}: 

R (eᵢ) = f (cᵢ, kᵢ, Vᵢ, hᵢ, π)    (4) 

 

Where π denotes enterprise policy. A practical 

implementation should use stricter thresholds for high-

impact fields than for low-risk metadata. The policy can be 

deterministic, probabilistic, or learned, but the final decision 

must be explainable in terms of observable evidence and 

policy state. The architecture therefore separates model 

inference from policy commitment. 

 

3.4. Design Objectives 

Table 1: Design Objectives for Enterprise IDP 

Objective Property Operational interpretation 

O1 Contain uncertainty No low-confidence or validation-failed critical field directly commits a 

downstream action. 

O2 Preserve traceability Every output is linked to source page/region, model version, validation events, 

and final disposition. 

O3 Support interoperability Validated entities can be mapped to enterprise schemas and FHIR/PAS resources. 

O4 Be recoverable Technical failures are retryable without duplicating business actions. 

O5 Protect ePHI Access, encryption, audit, and data-minimization controls span ingestion through 

retention. 

O6 Remain model agnostic OCR-based, layout-aware, and OCR-free recognizers can share the same 

validation contract. 

 

4. Proposed Ai-Driven IDP Architecture 
Fig. 1 summarizes the proposed pipeline. The stages are 

intentionally separated by typed contracts so that model 

upgrades, enterprise integrations, and policy changes can be 

tested independently. Provenance, security, observability, 

and idempotency are cross-cutting concerns rather than 

isolated services. 

 

 
Fig 1: End-To-End Intelligent Document Processing Pipeline 

 

4.1. Secure Ingestion and Document Assembly 

Ingestion accepts files from portals, APIs, batch 

interfaces, fax gateways, object stores, or other approved 

channels. The service assigns an immutable document 

identifier, validates file type and size, performs malware 

scanning where applicable, records source metadata, and 

computes a content hash. Multi-page packets are assembled 

deterministically so that subsequent retries operate on the 

same logical package. Raw documents are stored only in 

approved encrypted repositories with role-based access and 

retention controls consistent with enterprise policy and 

HIPAA safeguards [20]. 

 

Duplicate suppression should occur before expensive 

inference. A combination of source identifier, content hash, 

and business key can detect exact or near-duplicate 

submissions. Importantly, duplicate detection must not delete 

evidence; it should link equivalent submissions to a single 

processing lineage while retaining audit history. 

4.2. Document Classification and Page Segmentation 

A prior-authorization packet may mix request forms, 

clinical notes, laboratory reports, imaging results, letters, and 

unrelated pages. A document classifier therefore operates 

before field extraction. The classifier can use text, visual, and 

layout features from models such as LayoutLM-family 

architectures [5]-[7], DocFormer [10], or UDOP [14]. Page-

level predictions are aggregated into document-level 

segments so that extraction models receive context-

appropriate inputs. 

 

Classification confidence is itself a routing signal. A 

low-confidence page should not be silently forced into the 

nearest class because an incorrect class can activate the 

wrong schema and create systematic extraction errors. The 

framework permits an “unknown/other” class and routes 

ambiguous documents to a generic extractor or review 

queue. 
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4.3. OCR or Visual-Document Understanding 

For scanned documents, OCR produces tokens, 

bounding boxes, confidence values, and page coordinates. 

TrOCR is one example of a transformer-based recognizer 

[8]. Layout-aware models then combine the recognized text 

with geometry and image evidence. Where suitable, OCR-

free models such as Donut can directly produce structured 

outputs [9]. The architecture does not assume one of these 

strategies is universally superior; instead, it requires that the 

chosen recognizer return evidence sufficient for downstream 

provenance and quality analysis. 

 

Image-quality preprocessing may include orientation 

correction, deskewing, contrast normalization, de-noising, 

and page-cropping. However, preprocessing must be 

versioned because aggressive transformations can alter 

clinical or administrative evidence. The original image 

remains the source of record for review and audit. 

 

4.4. Entity Extraction and Structured Representation 

Entity extraction identifies business-relevant fields such 

as member identifiers, patient names, dates of birth, provider 

identifiers, service dates, diagnosis codes, procedure codes, 

and requested service descriptions, place of service, urgency 

indicators, and authorization-related fields. Depending on 

document type, extraction may use token classification, key-

value linking, sequence generation, table parsing, or rules 

combined with ML. Structural models such as FormNet and 

BROS are particularly relevant to form-like inputs because 

they model neighborhood and spatial relationships [11], [12]. 

Each extracted entity is emitted with value, semantic 

type, source coordinates, confidence, extraction model 

version, and optional alternatives. No field is yet considered 

enterprise valid at this stage. That design prevents an 

extraction service from assuming authority over business 

truth. 

 

4.5. Normalization and Terminology Mapping 

Normalization converts equivalent surface forms into 

canonical representations. Dates are mapped to an enterprise 

date format; identifiers are stripped of formatting characters 

under explicit rules; names are normalized without 

destroying original evidence; and clinical or administrative 

codes are mapped only when the mapping source is 

governed. Free-text service descriptions may be retained 

alongside coded values rather than overwritten. 

 

The normalizer must distinguish deterministic 

transformation from semantic inference. Removing 

punctuation from a known identifier format is deterministic; 

inferring an ICD code from narrative text is a model-based 

transformation and therefore requires its own confidence, 

provenance, and validation path. 

 

4.6. Multilayer Enterprise Validation 

The proposed validation stack is shown in Fig. 2. 

Validation proceeds from low-cost local checks to higher-

cost enterprise queries. This order reduces unnecessary 

external calls while preserving a clear failure explanation. 

 

 
Fig 2: Four-Layer Validation Stack Preceding Automated Commitment 

 

Layer 1 performs syntactic validation: required-field 

presence, data type, allowed character set, length, checksum, 

and format rules. Layer 2 performs semantic validation 

against governed dictionaries, terminology services, code 

sets, and document-specific schemas. Layer 3 evaluates 

cross-field and temporal consistency, such as whether dates 

occur in a permissible order or whether requested-service 

attributes are compatible with the document type. Layer 4 

reconciles the data with enterprise systems of record, 

including member, provider, coverage, authorization, and 

reference services. 

 

Validation services should return structured outcomes 

rather than Boolean values. Recommended statuses include 

Valid, Invalid, Not Found, Conflict, Not Applicable, 

Technical Failure, and Indeterminate. This taxonomy is 

important because a temporary enterprise outage must not be 

treated as evidence that the extracted field is wrong. 

 

4.7. Risk-Aware Decision and Human Review 

The routing service combines model uncertainty, field 

criticality, validation state, and workflow policy. Fig. 3 

illustrates the decision boundary. High-confidence, low-risk 

fields that satisfy all required validation constraints can be 
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auto-accepted. High-confidence fields with unresolved 

enterprise validation are held rather than committed. Low-

confidence or conflicting high-risk fields are presented to 

reviewers with the original page region, candidate value, 

alternatives, and validation explanation. 

 

 
Fig 3: Risk-Aware Routing From Extracted Entity to Operational Disposition 

 

Human review is therefore not a generic “fallback 

screen.” It is an evidence-based exception path. Reviewer 

corrections are recorded separately from model outputs so 

that they can support error analysis and, after governance 

approval, future retraining. Direct online learning from 

reviewer edits is not assumed because unreviewed feedback 

loops can introduce drift and technical debt [22]. 

 

4.8. Downstream Processing and Idempotent Orchestration 

After validation and routing, accepted entities are 

assembled into a canonical request model and mapped to the 

destination contract. In a FHIR-based implementation, this 

layer may construct resources and operations aligned with 

the Da Vinci PAS guide [18]. The orchestrator then performs 

downstream actions such as case creation, attachment 

indexing, request submission, status update, or work-queue 

assignment. Each action uses an idempotency key derived 

from the document package and business operation so that 

retries cannot create duplicate authorizations or duplicate 

workflow tasks. 

 

Infrastructure retries are separated from business retries. 

A network timeout can be retried automatically under 

bounded policy. A payer response requesting additional 

information creates a new business state rather than a blind 

retry. This separation is essential for safe automation. 

 

4.9. Observability, Provenance, and Governance 

Every processing stage emits structured events 

containing correlation identifiers, timestamps, model and 

rule versions, decision codes, latency, and error categories. 

Sensitive values should not be copied into general-purpose 

logs; tokenization, masking, or secure audit stores are 

preferred. Model-monitoring dashboards should separate 

input-quality drift, extraction drift, validation mismatch 

rates, reviewer correction rates, and downstream failure 

rates. 

 

AI governance follows the principle that risk 

management spans the lifecycle. The NIST AI RMF 

functions of govern, map, measure, and manage provide a 

useful organizational frame [21]. Model replacement, 

threshold adjustment, terminology updates, and rule changes 

should therefore be version-controlled and subject to test 

evidence appropriate to the risk of the affected workflow. 

 

5. Formal Safety and Reliability Properties 
5.1. No-Invalidated-Commit Property 

For a critical entity eᵢ, define Req (Vᵢ) as the set of 

validation predicates required by policy. Let Commit (eᵢ) 

indicate that the value is used in a downstream side-effecting 

action. The primary safety invariant is: 

Commit (eᵢ) ⇒ ∀v ∈ Req (Vᵢ), v = PASS    (5) 

 

This invariant prevents OCR confidence from bypassing 

enterprise controls. If a required validator is unavailable, the 

predicate does not equal PASS and the commit is blocked or 

routed to a governed exception policy. 

 

5.2. Provenance Completeness 

For every committed value, the system must retain a 

chain from destination field to normalized value, extracted 

candidate, source coordinates, source document, and 

model/rule versions. If Prov (eᵢ) denotes that complete chain, 

then: 

Commit (eᵢ) ⇒ Prov (eᵢ) = complete    (6) 

 

The property supports audit, reviewer explanation, 

incident reconstruction, and model regression analysis. 

Provenance is especially important when multiple documents 

contain conflicting values. 

 

5.3. Idempotent Side Effects 

Let A (k, x) be a downstream action executed with 

idempotency key k and payload x. For duplicate delivery of 

the same logical operation: 

A (k, x) ∘ A (k, x) = A (k, x)    (7) 

 

This property can be implemented through destination-

side idempotency support, an orchestration ledger, or 

transactional outbox patterns. It reduces the risk that retries 

caused by network or dependency failures generate duplicate 

cases or submissions. 
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5.4. Uncertainty Containment 

For each field type τ, policy defines an auto-accept 

threshold θτ and a criticality-adjusted validation requirement. 

If cᵢ < θτ, automatic commitment is disallowed regardless of 

downstream availability. For high-impact fields, policy may 

also require agreement between two evidence channels, such 

as extraction plus enterprise lookup. This creates a 

conservative boundary in which uncertainty increases review 

rather than increasing silent error. 

 

6. Evaluation Methodology 
A credible evaluation of the proposed system requires a 

labeled document corpus and production-like integration 

environment. Because neither was supplied to this study, this 

section defines a reproducible protocol instead of reporting 

invented results. Researchers or practitioners can execute the 

protocol on de-identified or synthetic documents that reflect 

their document mix and then report the metrics below. 

6.1. Dataset Construction and Splitting 

The evaluation corpus should stratify document type, 

source channel, and image quality, number of pages, 

handwritten content, table presence, language, and known 

difficult cases. At minimum, the annotation should identify 

document class, target entities, entity spans or bounding 

boxes, normalized values, and enterprise-validation ground 

truth. Public form datasets such as FUNSD [15] can be used 

for component benchmarking, but domain-specific prior-

authorization documents are necessary for end-to-end 

conclusions. 

 

Data should be split at the document-package or case 

level so that pages from the same authorization do not appear 

in both training and test sets. If templates repeat frequently, 

template-aware splitting should be used to measure 

generalization to unseen layouts. A temporal holdout is 

recommended when documents or payer rules change over 

time. 

6.2. Baselines 

Table 2: Recommended Baselines for Empirical Evaluation 

ID Baseline Purpose 

B0 Manual processing Human extraction and entry; used for workflow-time and error 

comparison where measured. 

B1 OCR + fixed templates OCR followed by coordinates/regex; no learned layout model. 

B2 OCR + layout-aware model OCR plus LayoutLM/DocFormer/FormNet-family extractor. 

B3 OCR-free VDU Direct image-to-structure model such as Donut where 

appropriate. 

B4 Proposed full pipeline Best extraction baseline + multilayer enterprise validation + 

risk-aware routing. 

 

6.3. Extraction Metrics 

OCR should be measured with character error rate 

(CER) and word error rate (WER) on a representative subset. 

Structured extraction should report exact match for high-

impact fields and micro/macro precision, recall, and F1 for 

entity types. Table and key-value extraction should 

additionally report relation accuracy when downstream 

semantics depend on links between labels and values. The 

use of multiple metrics is consistent with broader machine-

learning evaluation practice [2], [3]. 

 

Confidence calibration should also be assessed because 

the architecture uses confidence in routing. Expected 

calibration error or reliability diagrams can determine 

whether a nominal confidence corresponds to observed 

correctness. Poorly calibrated scores should be transformed 

or replaced by empirically validated uncertainty estimates 

before policy thresholds are set. 

 

6.4. Validation and Safety Metrics 

The most important enterprise metric is the false auto-

accept rate (FAAR): the proportion of automatically 

committed critical fields that are incorrect or operationally 

invalid. This differs from extraction accuracy because it 

measures error after validation and routing. 

FAAR = N (wrong auto-commits) / N (all auto-commits)    (8) 

 

Other required metrics include validation 

precision/recall, enterprise lookup mismatch rate, manual-

review rate (MRR), straight-through processing rate (STP), 

reviewer correction rate, and unresolved/indeterminate rate. 

A useful comparison is to hold FAAR below a predefined 

safety bound and then compare STP among routing policies. 

This avoids optimizing automation volume at the expense of 

hidden error. 

 

6.5. Performance and Reliability Metrics 

Latency should be reported at the component and end-to-

end levels using median, p95, and p99 values. Throughput 

should be measured in pages or document packages per unit 

time at defined concurrency. Resource metrics include CPU, 

memory, GPU utilization where applicable, queue depth, and 

external-call volume. Production concerns such as memory 

behavior and dependency failures are relevant because a 

high-accuracy model that destabilizes the hosting system is 

not operationally acceptable [1]. 

 

Resilience testing should inject dependency timeouts, 

transient network failures, malformed documents, duplicate 

deliveries, and partial downstream failures. The primary 

reliability measures are retry success rate, duplicate-side-

effect count, mean time to recovery for transient incidents, 

and percentage of failed cases that retain complete 

provenance. 

 

6.6. Statistical Analysis 

For paired document-level comparisons, bootstrap 

confidence intervals can be used for F1, exact match, FAAR, 
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and STP differences. McNemar-type tests can compare 

paired correctness outcomes where assumptions hold. 

Latency distributions should be compared with 

nonparametric summaries because service latency is typically 

skewed. Reported improvements should include confidence 

intervals and absolute differences, not only relative 

percentages. No such values are claimed in this paper 

because the required test corpus and measured runtime 

observations were not supplied. 

7. Analytical Validation and Scenario-Based 

Results 
This section evaluates the architecture logically against 

representative failure conditions. The “result” is the expected 

system behavior implied by the formal policy and component 

contracts; it is not a claim of measured production 

performance. This form of analysis is appropriate for 

establishing whether the design can contain known failure 

classes before an empirical deployment study is executed. 

 

Table 3: Scenario-Based Analytical Validation 

Scenario Condition Expected disposition Validated property 

S1 Clean typed form; high-confidence 

extraction; all validations pass 

Auto-accept and construct 

downstream request 

Normal straight-through path. 

S2 Low-quality scan; critical identifier 

confidence below threshold 

Manual review; no commit Uncertainty containment. 

S3 Identifier recognized with high 

confidence but member lookup 

conflicts 

Block auto-commit; show lookup 

conflict 

Separates recognition from 

operational validity. 

S4 All fields valid but downstream API 

times out 

Retry with same idempotency key Prevents duplicate side effects. 

S5 Two documents provide conflicting 

service dates 

Hold case; contextual conflict 

presented to reviewer 

Cross-document consistency 

control. 

S6 Terminology service unavailable Mark technical failure; do not 

classify code invalid 

Failure-domain separation. 

S7 Unknown document type mixed into 

packet 

Route page to generic/unknown 

path 

Avoids forced misclassification. 

 

Scenario S1 verifies the normal-path composition of 

extraction, validation, and orchestration. The significance is 

not that a high-confidence output is accepted; it is that 

acceptance occurs only after all policy-required validation 

states are PASS. Scenario S2 verifies that low recognition 

confidence on a critical field increases review rather than 

silently reducing data quality. Scenario S3 is the central 

enterprise case: an OCR engine can be correct at the 

character level while the business value is still invalid. 

Because enterprise validation is independent of recognition 

confidence, the architecture blocks the transaction and 

preserves both pieces of evidence. 

 

Scenarios S4 and S6 test technical failure isolation. A 

timeout during a downstream write is not a document error 

and is handled through retry using an idempotency key. By 

contrast, an unavailable terminology service leaves semantic 

validation indeterminate rather than invalid. This prevents 

operational outages from contaminating model-quality 

metrics or triggering inappropriate denial logic. S5 tests 

contextual consistency when two otherwise plausible values 

conflict. The architecture does not guess which date is 

correct; it escalates the evidence for review. S7 protects 

against schema poisoning caused by forced document 

classification. 

 

The scenario analysis also demonstrates why a 

monolithic “AI confidence” score is insufficient. The same 

extraction confidence can lead to different operational 

outcomes depending on field criticality, validation state, 

document context, and downstream availability. This 

supports the paper’s core claim that enterprise automation 

must treat recognition and commitment as separate control 

planes. 

 

8. FHIR/Pas Integration and Enterprise 

Mapping 
The proposed canonical model is intended to bridge 

unstructured evidence and structured prior-authorization 

exchange. FHIR provides a standardized representation for 

healthcare information [17], while the Da Vinci PAS 

implementation guide defines profiles and operations 

relevant to prior-authorization requests and responses [18]. 

The mapping layer should therefore operate only on 

validated canonical entities. For example, patient/member 

identity, provider identity, requested service, diagnosis, and 

supporting information can be mapped to the required 

FHIR/PAS structures according to the implementation guide 

and enterprise policy. 

 

The mapping service should perform schema validation 

before transmission and retain both canonical and 

destination-specific representations. This allows a future 

PAS version or payer-specific contract to change without 

retraining the document model. It also makes failures 

attributable: extraction errors belong to the document layer, 

terminology errors to normalization/validation, and profile-

conformance errors to the interoperability layer. 

 

CMS requirements for impacted payers increase the 

practical importance of this separation because electronic 

prior-authorization APIs are expected to communicate 
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documentation requirements and request/response status 

[16]. IDP can complement such APIs by converting legacy 

or attachment-heavy inputs into structured, validated data, 

but it should not bypass the semantics or governance of the 

standardized exchange. 

 

9. Security, Privacy, and Auditability 
Prior-authorization documents may contain ePHI and 

other sensitive information. The HIPAA Security Rule 

establishes requirements for administrative, physical, and 

technical safeguards, including access control, audit controls, 

integrity, authentication, and transmission security [20]. An 

IDP platform should therefore encrypt documents and 

derived data at rest and in transit, enforce least-privilege 

access, maintain security-relevant audit logs, and isolate 

production data from development and model-training 

environments unless a governed de-identification or 

authorization process exists. 

 

Data minimization is particularly important in AI 

pipelines because intermediate artifacts can multiply copies 

of sensitive information. Token caches, OCR text, model 

prompts, embeddings, reviewer screenshots, and debug logs 

should each have an explicit purpose and retention policy. 

General-purpose application logs should store identifiers and 

error codes rather than unrestricted document text. Where 

external model services are used, data-processing 

agreements, retention behavior, geographic constraints, and 

training-use policies must be reviewed before protected data 

are transmitted. 

 

Auditability must cover both AI and non-AI decisions. 

For every automated downstream action, the platform should 

be able to reconstruct the source document, extracted 

evidence, model version, normalized value, validation 

responses, policy version, user or service identity, and final 

action. This evidence supports investigation, appeals, quality 

review, and controlled model updates. 

 

10. Implementation Considerations 
10.1. Service Boundaries and Technology Choices 

A practical implementation can use independently 

deployable services for ingestion, classification, OCR/VDU, 

extraction, normalization, validation, policy routing, and 

orchestration. The architecture does not require 

microservices for every function; service boundaries should 

follow change rate, scaling behavior, security boundaries, 

and ownership. GPU-bound inference, for example, often 

scales differently from rules-based validation and API 

orchestration. 

 

Enterprise Java, Python, or other platforms can host 

these components, but runtime behavior must be monitored. 

Production engineering concerns such as memory leaks, 

dependency conflicts, thread management, and performance 

degradation remain relevant to AI-enabled systems [1]. 

Model-serving containers should therefore expose health 

checks, bounded queues, timeouts, circuit breakers, and 

resource limits. 

10.2. Model Selection and Versioning 

No single model family should be assumed optimal for 

every document type. OCR plus LayoutLM-family 

extraction may be advantageous when token-level 

provenance is important [5]-[7]. OCR-free generative models 

may simplify some pipelines [9]. FormNet or BROS-like 

structural encoders may be useful for forms [11], [12], and 

language-independent layout representations may be relevant 

to multilingual documents [13]. Selection should be based on 

measured task performance, calibration, runtime cost, data-

governance constraints, and ease of audit. 

 

Every production inference result should record model 

identifier, model artifact hash or immutable version, 

preprocessing version, and configuration. Model upgrades 

should be evaluated on a frozen regression set that includes 

previously observed failure cases. Shadow evaluation is 

preferable before changing routing behavior for high-impact 

fields. 

 

10.3. Human-in-the-Loop Operations 

Review interfaces should minimize cognitive load by 

presenting the source region next to the extracted candidate 

and the precise reason for escalation. Reviewers should not 

need to infer whether the system is uncertain because of low 

OCR confidence, a member mismatch, conflicting 

documents, or a technical outage. Distinct reason codes 

support faster resolution and more reliable feedback data. 

 

Reviewer actions should be captured as structured 

labels: confirm, correct, reject, request-more-information, or 

override-with-reason. These labels can later support 

supervised improvement, but retraining should use curated 

datasets rather than automatically learning from every 

operational edit. This avoids amplifying systematic reviewer 

shortcuts or transient business policies. 

 

11. Discussion 
The architecture addresses a recurrent gap between 

Document AI research and enterprise automation. Research 

benchmarks typically stop after classification, extraction, 

question answering, or structured generation. Enterprise 

workflows begin at that boundary. A payer or provider 

system must determine whether extracted data correspond to 

the correct member and provider, whether codes are allowed, 

whether required documentation is present, whether fields 

conflict, and whether the receiving system is available. By 

modeling these checks explicitly, the proposed design avoids 

treating a model confidence score as a business authorization 

signal. 

 

The framework is also compatible with the continuing 

evolution of document models. If a future model materially 

improves extraction, only the inference component and its 

calibration may need replacement; validation contracts and 

downstream safety invariants remain stable. This reduces 

coupling and some forms of hidden technical debt described 

in production ML literature [22], [23]. Assurance similarly 

becomes compositional: model evidence, validation 
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evidence, policy evidence, and orchestration evidence can be 

tested separately and then combined [24]. 

 

The inclusion of the user-supplied software-defect-

prediction studies [2], [3] is methodologically relevant rather 

than domain-equivalent. Those studies reinforce the need to 

compare models across multiple error-sensitive metrics. In 

IDP, a single accuracy number can obscure the difference 

between harmless formatting mistakes and unsafe auto-

commit errors. Likewise, the inclusion of EmoVision [4] 

illustrates an application-level pattern in which perceptual AI 

is embedded within a broader interaction system; the present 

work extends that idea toward validated enterprise 

transaction processing. 

 

The architecture does not imply that maximum straight-

through automation is always the correct objective. In high-

impact workflows, a lower automation rate with very low 

false auto-accept may be preferable to a higher automation 

rate with poorly characterized errors. Operational 

optimization should therefore be constrained by explicit 

safety bounds, not driven only by throughput or labor 

reduction. 

 

12. Limitations and Threats to Validity 
The principal limitation is the absence of a proprietary, 

labeled insurance or prior-authorization dataset and 

measured production telemetry. This paper therefore does 

not claim new OCR accuracy, extraction F1, latency 

reduction, cost savings, denial reduction, or staff-time 

improvement. Any such number would be unsupported. The 

evaluation is architectural and methodological, consisting of 

standards traceability, formal invariants, scenario analysis, 

and a specified empirical protocol. 

 

Second, prior-authorization rules vary across payers, 

lines of business, jurisdictions, and clinical services. The 

validation taxonomy is general, but concrete rule logic must 

be derived from the applicable policy and maintained as 

those policies change. Third, FHIR/PAS integration does not 

eliminate legacy channels; organizations may need to 

support portals, X12-related workflows, attachments, and 

payer-specific interfaces concurrently. Fourth, human-review 

quality is itself a source of uncertainty and should be 

measured through inter-reviewer agreement and correction 

audits when the system is evaluated empirically. 

 

Finally, privacy, fairness, and model drift require 

ongoing governance. Document quality may correlate with 

source organization, geography, device, or workflow, 

potentially creating uneven automation rates. Monitoring 

should therefore compare error and review rates across 

operationally meaningful cohorts where such analysis is 

lawful and appropriate. NIST AI RMF provides a general 

framework for continuous risk management [21], but 

organization-specific governance remains necessary. 

 

13. Conclusion 
This paper presented an AI-driven intelligent document-

processing framework for insurance and prior authorization 

that extends beyond OCR and entity extraction. The central 

design principle is the separation of perceptual confidence 

from operational validity. Documents are classified and 

interpreted using OCR or visual-document-understanding 

models; extracted values are normalized; syntactic, semantic, 

contextual, and enterprise-reference validation is applied; 

and a risk-aware routing policy determines whether 

information can be automatically committed, requires further 

validation, must be reviewed, or should be rejected/requested 

again. 

 

The architecture aligns document intelligence with 

enterprise realities: FHIR/PAS interoperability, ePHI 

security, auditability, idempotent downstream processing, 

dependency failures, model lifecycle governance, and human 

exception handling. Formal invariants define no-invalidated-

commit, provenance completeness, idempotent side effects, 

and uncertainty containment. A reproducible evaluation 

protocol specifies the metrics necessary to test the system 

without inventing results. Future work should execute that 

protocol on a de-identified prior-authorization corpus, 

compare OCR-based and OCR-free baselines, calibrate risk-

sensitive routing thresholds, and quantify the tradeoff 

between straight-through processing and false auto-accept 

under production-like conditions. 
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