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Introduction

Isabella Garcia , Diego Herrera1* 1

Hospital accreditation requires organizations to demonstrate that clinical, operational, safety, and governance
processes are aligned with externally defined standards. This demonstration depends on extensive internal
documentation, including current policies, procedure manuals, audit reports, quality dashboards, meeting records,
training logs, and department-level evidence files. Accreditation preparation is often conducted through manual
document searches across fragmented repositories. This process is slow, resource-intensive, and vulnerable to
missed evidence, outdated documents, inconsistent interpretations, and duplication of staff effort. This article
proposes a retrieval-augmented generation system designed to support hospital accreditation preparation without
replacing human judgment. The system indexes internal accreditation-relevant documents and allows authorized
users to ask natural-language questions that receive synthesized, citation-backed responses. The proposed system
includes a multi-source ingestion pipeline, a metadata-rich vector database, a permissioned large language model, a
citation-grounding layer, and a human review dashboard. Together, these components would support evidence
retrieval, gap identification, traceability, and accreditation team collaboration. The system could assist accreditation
teams by reducing time spent locating and cross-referencing evidence. It would also be expected to improve the
completeness and consistency of preparation materials by grounding responses in authoritative internal sources. A
specialized retrieval-augmented generation system could help hospitals move from episodic accreditation preparation
toward continuous audit readiness. Its value would depend on document quality, governance safeguards, human
review, and rigorous evaluation in real accreditation workflows.

1

Hospital accreditation is a strategic mechanism through which healthcare organizations demonstrate compliance with
safety, quality, governance, and clinical performance expectations. Preparation for accreditation requires hospitals to
assemble large bodies of documentary evidence that connect standards to policies, audit findings, quality indicators, staff
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training records, and departmental practice. Systematic reviews of hospital accreditation have emphasized its relationship
to quality improvement while also showing that accreditation is embedded in complex organizational processes rather
than isolated inspection events [1, 2]. For this reason, accreditation readiness depends not only on the existence of
policies, but also on the ability to retrieve, interpret, and connect evidence across the institution.

The current preparation process is often fragmented because the required evidence is distributed across policy
management systems, shared drives, quality dashboards, audit archives, departmental folders, and individual staff
knowledge. Studies on registration and quality monitoring burden indicate that documentation work can become a
substantial operational load, particularly when staff must repeatedly collect, validate, and reformat information for external
reporting or internal governance [3, 4]. Commentary on governance complexity further suggests that the perceived and
real burden of documentation can increase when multiple oversight systems require similar but non-identical evidence [5].
In accreditation preparation, these dynamics can turn evidence assembly into a laborious search-and-reconciliation
exercise rather than a focused quality review.

Retrieval-augmented generation offers a promising architecture for institutions that need trustworthy question answering
over large, specialized document collections. Recent healthcare RAG studies and reviews show how retrieval systems
can ground language model responses in selected source documents, making them more suitable for clinical,
educational, and organizational contexts than unconstrained generation alone [6-9]. Medical RAG applications have been
explored for laboratory regulations, radiology, liver disease, nephrology, nursing, and medical question answering,
indicating that the architecture can be adapted to domain-specific knowledge bases [10-21]. Although accreditation
preparation has distinctive governance requirements, these prior applications support the conceptual feasibility of using
RAG for high-volume, high-stakes document synthesis.

This article proposes an Emerging AI system for hospital accreditation preparation that unifies policy documents, audit
findings, quality indicators, regulatory standards, and departmental evidence files into a single queryable knowledge
base. The system is not presented as an autonomous compliance engine, but as a governed decision-support layer that
could assist accreditation coordinators, quality officers, department leaders, and survey preparation teams. Its central
premise is that RAG can make institutional evidence more discoverable, interpretable, and traceable when combined with
strict citation grounding, role-based access, and mandatory human review. The intended contribution is a conceptual
system design that frames accreditation preparation as a retrieval, synthesis, and governance problem rather than merely
a document management problem.

Hospital accreditation and documentation requirements
Hospital accreditation systems evaluate whether healthcare organizations meet defined standards related to patient
safety, clinical governance, infection prevention, medication management, emergency preparedness, quality
improvement, and leadership accountability. The evidence submission process typically requires hospitals to demonstrate
that formal policies are current, that practice is monitored through audits and indicators, and that corrective actions are
documented. Reviews of accreditation show that its impact depends on how organizations integrate standards into daily
quality systems rather than treating surveys as episodic events [1, 2]. Therefore, a digital system for accreditation support
should be designed around evidence continuity, version control, and traceable alignment between standards and
institutional documents.

The documentation burden and current evidence assembly
Evidence assembly remains burdensome because hospitals often maintain relevant materials in separate systems that
were not designed around accreditation logic. A single accreditation question may require locating a policy in one
repository, a related audit in another, a quality indicator trend in a dashboard, and meeting minutes in a departmental
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folder. Research on quality registration burden shows that documentation tasks can consume professional attention and
may affect staff perceptions of administrative workload and joy in work [3, 4]. A RAG system could assist by reducing
repetitive searching, but it would still depend on the completeness and reliability of the underlying document ecosystem.

Retrieval-Augmented Generation (RAG) – core concepts
Retrieval-augmented generation combines a retriever that searches a defined corpus with a language model that
generates an answer based on retrieved evidence. In healthcare applications, this architecture is attractive because it can
ground responses in institutional or domain-specific texts rather than relying only on a model’s internal parameters [7-9].
Reviews of biomedical RAG emphasize that retrieval, generation, and evaluation must be considered together,
particularly when answers are used in settings where factual accuracy and source traceability matter [9, 21]. For
accreditation preparation, the relevant corpus would be local institutional evidence and applicable standards rather than
general web or textbook knowledge.

Prior NLP and AI applications in hospital compliance and quality
Prior NLP and AI work in healthcare has addressed question answering, document retrieval, summarization, guideline
interpretation, and extraction of information from electronic records. RAG studies have demonstrated conceptual utility in
answering medical questions, interpreting clinical regulations, summarizing electronic health record content, and
supporting specialized biomedical education [6, 7, 14, 22]. Embedding-based retrieval research in electronic health
records also indicates that retrieval performance depends on model choice, pooling strategy, and the representational fit
between queries and documents [23]. These findings are relevant to accreditation because policy language, audit
terminology, and regulatory standards often require precise retrieval rather than broad semantic similarity alone.

Challenges of AI in high-stakes governance contexts
AI systems used for hospital governance must address risks related to hallucination, misinterpretation, privacy,
accountability, and overreliance. Ethical and safety analyses of healthcare AI emphasize that accountability cannot be
delegated to automated systems, particularly when outputs influence clinical or organizational decisions [24, 25]. Privacy
scholarship also highlights the need to protect health information and institutional data when AI systems process sensitive
internal documents [26, 27]. For an accreditation RAG system, these concerns require strict access controls, audit logs,
source-grounding validation, and human approval before any generated material is used in formal submissions.

High-level architecture
The proposed architecture begins with a secure ingestion pipeline that extracts text and metadata from accreditation-
relevant documents, chunks them into retrievable units, embeds them, and stores them in a vector database. When a
user submits a query, the system embeds the query, retrieves relevant chunks, optionally re-ranks them, and passes only
the selected evidence to a permissioned language model for synthesis. Healthcare RAG studies show that retrieval
design, context construction, and grounding constraints are central to producing useful responses in specialized domains
[8, 12, 15, 18]. In the accreditation setting, the generated answer would include inline citations to source chunks, explicit
uncertainty when evidence is insufficient, and links back to original documents for review.

Figure 1 illustrates how accreditation-relevant institutional documents can be converted into a permissioned, citation-
grounded, human-reviewed RAG workflow for continuous audit readiness.



Garcia et al. J. Health Inform. Digit. Syst. (2026) 6:135
Page 4 of 14

https://doi.org/10.68159/q638866091

Knowledge Base Construction – Document Ingestion and
Indexing

Figure 1. Governed Retrieval-Augmented Generation Workflow for Hospital Accreditation Preparation.

Core document sources
The system would index several classes of institutional evidence: clinical policies, standard operating procedures, internal
audit findings, external survey reports, quality indicator dashboards, trend reports, training logs, committee minutes,
equipment checks, and departmental evidence folders. It would also include regulatory and accreditation standards used
by the organization, such as standards from accrediting bodies, government payers, or state authorities, subject to
licensing and access requirements. RAG applications in laboratory regulation and specialty-specific medical domains
suggest that narrow, authoritative corpora are especially important when the system must answer questions about rules,
procedures, and evidence requirements [14, 16, 17]. For hospital accreditation, the corpus must therefore distinguish
approved policies from drafts, current documents from retired versions, and organization-wide requirements from
department-specific artifacts.

Design principles
The design principles are exhaustive source grounding, full auditability, role-based access, human-centered workflow
integration, and mandatory review before external use. These principles reflect the high-stakes nature of accreditation,
where an apparently fluent but unsupported answer could misrepresent compliance status or obscure a real safety gap.
Reviews of healthcare RAG and broader AI safety literature indicate that grounding, validation, and human oversight are
essential when systems are used in sensitive clinical or governance contexts [21, 24, 25]. Accordingly, the proposed
system would operate as an evidence navigation and drafting assistant rather than as an independent compliance
authority.

Document harvesting and preprocessing
Document harvesting would use secure connectors to policy libraries, shared drives, quality databases, audit archives,
and departmental repositories approved for accreditation work. Preprocessing would extract text from PDFs, word-
processing files, spreadsheets, and reports while preserving headings, tables, dates, document owners, and page
references needed for citation fidelity. Work on clinical information extraction and RAG-based summarization from
electronic health records illustrates the importance of transforming heterogeneous source materials into structured,
retrievable representations before generation occurs [7]. In accreditation preparation, preprocessing should also preserve
the difference between narrative evidence, tabular quality indicators, policy requirements, and corrective action records.

Chunking strategy and metadata enrichment
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The chunking strategy should divide documents into semantically meaningful units such as policy sections, audit finding
summaries, corrective action descriptions, indicator definitions, and meeting-minute decisions. Each chunk would receive
metadata for standard number, department, document type, approval status, effective date, review date, owner, source
system, and confidentiality level. Medical RAG research on long-context retrieval and specialized question answering
suggests that retrieval quality depends on providing the generator with context that is specific enough to answer the
question but broad enough to preserve meaning [8, 18]. Metadata enrichment would therefore allow the system to filter
for current policies, prioritize authoritative evidence, and separate hospital-wide standards from local departmental
procedures.

Table 1 defines the accreditation knowledge architecture required for a RAG system to retrieve evidence according to
source authority, document currency, metadata integrity, and governance relevance.

Table 1. Accreditation RAG Knowledge Architecture: From Institutional Evidence Sources to Governed Retrieval Units

Knowledge
layer

Accreditation-
specific content

Metadata required for safe
retrieval

Retrieval role in the
RAG system

Governance value
added

Regulatory and
accreditation

standards

External standards,
survey requirements,
interpretive guidance,
government or payer

requirements

Standard number, issuing
body, effective date, version,

licensing restrictions,
applicability scope

Anchors user queries
to specific compliance

expectations and
supports standard-

aware retrieval

Prevents generic
answers by tying

evidence synthesis to
the exact requirement

being examined

Approved
policies and
procedures

Hospital-wide
policies, clinical

procedures,
administrative

protocols, emergency
preparedness plans

Policy owner, approval status,
effective date, review date,

version, department,
retired/superseded status

Provides formal
institutional intent and
documented process

evidence

Distinguishes current
authoritative

documents from
drafts, outdated
policies, or local

informal practices

Internal audit
findings

Audit reports, tracer
findings, compliance
checks, corrective

action records,
closure

documentation

Audit date, department,
finding type, severity,

responsible owner, corrective
action status, closure

evidence

Retrieves evidence of
monitoring,

nonconformance
detection, and follow-

up action

Shows whether
policies are

operationally
monitored rather than

merely stored

Quality
indicator
evidence

Dashboards, metric
definitions, trend

reports, performance
summaries,

improvement plans

Indicator name,
numerator/denominator,

reporting period, responsible
committee, benchmark, action

plan linkage

Connects
accreditation
standards to

measurable quality
performance and

improvement activity

Supports readiness
narratives that show
monitoring, review,

and action rather than
isolated metric

reporting

Training and
competency

records

Staff training logs,
competency

checklists, orientation
materials, annual
education records

Staff group, training topic,
completion period,
department, trainer,

competency validation method

Retrieves evidence
that required practices

are communicated
and reinforced

Helps identify
whether a policy
requirement is
supported by

workforce training
evidence
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RAG Architecture – Retrieval and Generation for
Accreditation Queries

Committee and
governance

records

Meeting minutes,
board reports, quality
committee reviews,
leadership decisions

Committee name, meeting
date, agenda item, decision,
responsible party, follow-up

status

Links operational
evidence to oversight

and leadership
accountability

Demonstrates that
quality and
compliance

information is
reviewed through

governance
structures

Departmental
evidence files

Unit-specific
checklists, local

audits, equipment
checks, readiness

binders, service-line
documentation

Department, source folder,
document owner, evidence

type, date range,
confidentiality level

Supplies localized
proof for standards

that require
department-level

demonstration

Prevents hospital-
wide policies from
being mistaken as

sufficient evidence of
local implementation

Generated
response
records

RAG-generated
summaries, cited

answer drafts,
reviewer edits,

rejected outputs,
approved readiness

materials

Query, retrieved chunks,
citation map, reviewer identity,
edit history, approval status,

timestamp

Creates a traceable
record of how
evidence was

assembled and
reviewed

Makes the
preparation process

auditable and
accountable rather

than opaque

Embedding and vector store
Each chunk would be embedded using a domain-suitable representation model and indexed in a vector store that
supports semantic retrieval, keyword matching, metadata filtering, and re-ranking. For accreditation questions, hybrid
retrieval is conceptually important because users may search by exact standard numbers, regulatory phrases,
department names, or natural-language descriptions of evidence. Research comparing embedding strategies in electronic
health record retrieval shows that retrieval effectiveness is not generic and should be tuned to the structure and language
of healthcare documents [23]. The vector database should therefore be treated as a governed accreditation knowledge
infrastructure rather than a simple storage layer.

Continuous update and document lifecycle management
Accreditation knowledge bases must remain current because policies are revised, indicators change, standards are
updated, and evidence files are added throughout the survey cycle. The system would integrate with document
management systems to detect newly approved documents, superseded versions, retired policies, and updated
standards, while preserving prior versions for auditability. Healthcare AI privacy and accountability discussions indicate
that lifecycle governance is a core safety requirement, not an optional technical enhancement [24, 26, 27]. In this system,
document lifecycle management would help prevent outdated evidence from being presented as current proof of
compliance.

Query understanding and intent recognition
The query layer would classify user requests into categories such as standard-specific evidence requests, gap analysis
questions, policy clarification requests, audit-history searches, quality indicator summaries, or cross-department



Garcia et al. J. Health Inform. Digit. Syst. (2026) 6:135
Page 7 of 14

https://doi.org/10.68159/q638866091

Evidence Synthesis, Citation, and Answer Grounding

comparisons. This classification would guide retrieval filters, source prioritization, and response format so that a request
for “evidence for emergency preparedness training” is handled differently from a request for “current policy owner for
emergency generator testing.” RAG studies in medical reasoning and question answering show that retrieval must be
aligned with the user’s intent and the type of answer expected [6, 11, 18]. In accreditation work, intent recognition would
be expected to reduce irrelevant retrieval and improve the usefulness of generated evidence summaries.

Retrieval with standard-aware ranking
Standard-aware retrieval would first identify candidate chunks through dense and keyword search, then re-rank them
according to relevance to the standard, authority of the source, document currency, and evidentiary strength. A current
approved policy would generally be weighted differently from a draft procedure, while a completed audit with corrective
action closure would be interpreted differently from a planning note. RAG applications in laboratory regulations and
radiology illustrate the importance of domain-specific retrieval constraints when users need answers grounded in
authoritative materials [14, 15]. For accreditation, re-ranking should therefore incorporate the evidence hierarchy used by
quality and compliance teams.

LLM generation with strict instruction
The generation layer would be instructed to synthesize answers only from retrieved chunks, avoid unsupported claims,
identify conflicting evidence, and state when the available documents do not establish compliance. The response would
be structured around the accreditation question, the relevant standard or requirement, supporting evidence, source
citations, possible gaps, and suggested items for human review. Biomedical RAG reviews and clinical implementations
emphasize that strict grounding is necessary to reduce hallucination and make outputs inspectable in high-stakes settings
[9, 20, 21]. The system should therefore privilege cautious, citation-rich synthesis over confident but weakly supported
narrative.

Handling multi-standard queries and cross-referencing
Many accreditation questions span multiple standards because a single domain, such as infection prevention or
emergency preparedness, may involve policies, staff training, equipment checks, performance indicators, committee
oversight, and incident review. The system would map broad user questions to multiple standards or document
categories, retrieve evidence for each, and highlight areas where documents align, conflict, or leave gaps. Medical RAG
systems developed for specialty-specific reasoning suggest that cross-document synthesis is one of the key advantages
of retrieval-grounded language models when evidence is dispersed across a corpus [10, 11, 16, 19]. In accreditation
preparation, this cross-referencing capability could help teams move from isolated document collection toward integrated
readiness review.

Inline citation and source traceability
The system would link every factual claim in a generated response to the exact retrieved source chunk from which it was
derived, including the document title, version, page or section, approval date, and source repository. This traceability is
essential because accreditation specialists must be able to verify not only that evidence exists, but also that it is current,
authoritative, and applicable to the standard under review. Scoping and systematic reviews of medical RAG emphasize
citation accuracy, evidence grounding, and retrievability as core requirements for safe use in healthcare knowledge tasks
[21, 28]. In this accreditation system, inline citations would therefore function as both a usability feature and a governance
safeguard.

Evidence gap identification
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When retrieved documents do not provide sufficient support for a standard element, the system should explicitly report
that the evidence base appears incomplete rather than generating a plausible but unsupported answer. For example, if a
policy mentions staff training but no current training logs or competency records are retrieved, the response would identify
the policy as partial evidence and flag the missing departmental documentation for human follow-up. Studies of RAG in
healthcare question answering show that retrieval-grounded systems should be evaluated not only for correct answers,
but also for their ability to avoid unsupported synthesis when relevant evidence is absent or ambiguous [8, 9, 18]. In
accreditation preparation, this conservative behavior would be central to distinguishing genuine readiness from superficial
document availability.

Aggregation and trend analysis of quality indicators
The system could retrieve quality indicator definitions, dashboard exports, committee reports, and improvement plans,
then generate plain-language summaries that connect performance trends to accreditation standards. Such summaries
would be especially useful when survey preparation requires evidence that the hospital monitors performance, reviews
variation, and acts on quality concerns through governance processes. Research on documentation burden and quality
indicator reporting shows that collecting and explaining indicator data can impose substantial work on healthcare
professionals, especially when information must be reformatted for governance or external review [3, 4]. A RAG system
would not replace statistical interpretation, but it could assist teams by locating relevant indicator narratives and
connecting them to documented action plans.

Guardrails against hallucination and misrepresentation
A post-generation validator would check whether each claim in the response is supported by one or more retrieved
chunks, and unsupported statements would be removed, highlighted, or routed for human review. This mechanism would
be particularly important when the model summarizes compliance status, because an unsupported assertion could create
false confidence or obscure a gap requiring corrective action. Healthcare AI safety literature stresses that accountability,
external validation, and responsible oversight are necessary when algorithmic outputs may influence organizational
decisions [24, 29]. In the proposed system, guardrails would be designed to make uncertainty visible rather than to
automate accreditation judgment.

Collaborative review dashboard
The review dashboard would allow accreditation coordinators, quality officers, department leaders, and subject matter
experts to inspect generated answers alongside retrieved evidence. Users could edit the narrative, reject weak evidence,
request additional retrieval, assign follow-up tasks, and approve a final version for inclusion in internal readiness
materials. Human-centered RAG design is consistent with healthcare AI scholarship that frames these systems as tools
for augmenting expert work rather than replacing accountable professional judgment [21, 24, 25]. The dashboard would
therefore serve as the operational boundary between automated evidence synthesis and human accreditation decision-
making.

Audit trail and evidence of the preparation process
The system would maintain a complete audit trail of user queries, retrieved documents, generated drafts, citations, human
edits, approvals, and rejected outputs. This log would support internal quality assurance by showing how evidence was
assembled, what gaps were identified, and which staff members reviewed the final materials. Privacy and governance
analyses of healthcare AI emphasize that sensitive institutional and patient-related information must be protected through
access control, monitoring, and accountability mechanisms [26, 27]. In accreditation preparation, the audit trail could also
help demonstrate that the organization used a structured and reviewable process to prepare for survey activities.
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Evaluation Strategy

Embedding in accreditation project management
The system would be integrated into the accreditation project timeline so that each standard, chapter, department, or
readiness workstream has a linked evidence workspace. Team members could query evidence for specific requirements,
identify missing documentation, attach reviewed responses to task records, and monitor whether standards have
sufficient supporting material. Prior research on accreditation and documentation burden suggests that the preparation
process is organizationally distributed and requires coordination across clinical, administrative, and quality teams [1-5].
Embedding RAG into project management would therefore help convert evidence retrieval from an ad hoc search activity
into a structured readiness workflow.

From preparation to continuous readiness
Beyond a formal survey cycle, the system could support continuous readiness by monitoring newly approved policies,
updated departmental evidence, audit findings, and quality indicator narratives for relevance to accreditation standards.
When a policy changes or a quality report signals a potential compliance concern, the system could prompt responsible
staff to review affected standards and update evidence links. RAG studies in specialized medical domains show that
retrieval-grounded systems are most useful when they are tied to a maintained, authoritative knowledge base rather than
treated as one-time answer generators [10, 14, 15, 17]. In this way, accreditation preparation could evolve from periodic
document assembly into an ongoing knowledge management process.

Answer quality and citation accuracy
Evaluation should begin with expert review of generated answers for factual correctness, completeness, relevance to the
accreditation question, and accuracy of citations to source documents. Accreditation specialists could compare RAG-
assisted responses with manually assembled responses, focusing on whether the system retrieved appropriate evidence
and avoided unsupported claims. Reviews of healthcare RAG emphasize the need for domain-specific evaluation criteria
that examine answer quality, citation fidelity, and safety rather than relying only on generic language model benchmarks
[9, 21, 28]. For this proposed system, evaluation should be framed as validation of a governed evidence-support workflow
rather than measurement of autonomous compliance performance.

Table 2 proposes an evaluation and governance framework that treats accreditation RAG performance as a combined
problem of retrieval quality, citation accuracy, evidence completeness, workflow fit, and accountable human review.

Table 2. Evaluation and Governance Framework for Accreditation-Focused Retrieval-Augmented Generation

Evaluation
domain

Core assessment
question

Suggested evaluation
approach

Failure mode
detected

Governance
response

Retrieval
relevance

Does the system retrieve
evidence that directly

addresses the
accreditation question or

standard?

Expert review of top
retrieved chunks for
standard alignment,

department relevance, and
evidence type

appropriateness

Retrieval of
semantically similar
but non-applicable

documents

Improve standard-
aware filters,

metadata quality, and
re-ranking logic

Citation fidelity Does every generated
factual claim link to the

correct source document,

Claim-by-claim citation
audit by accreditation

Incorrect citation,
missing citation, or

Require citation
validation before

reviewer approval;
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section, page, version,
and date?

specialists or quality
officers

citation to weak
evidence

suppress
unsupported claims

Evidence
currency

Does the system prioritize
current approved

documents over drafts,
retired policies, or

superseded evidence?

Comparison of retrieved
sources against document

lifecycle records

Outdated policy or
retired evidence

presented as current
support

Strengthen lifecycle
controls and

metadata-based
exclusion rules

Evidence
completeness

Does the answer identify
all major evidence types
needed for the standard?

Compare RAG-assisted
response against a

manually prepared gold-
standard evidence packet

Partial evidence
presented as

sufficient readiness

Require explicit
“missing evidence”

sections in generated
responses

Gap
identification

Does the system clearly
flag missing, conflicting,
or insufficient evidence?

Scenario testing with
intentionally incomplete

evidence sets

Hallucinated
readiness claim or

failure to detect
missing logs, audits,

or action plans

Route gap findings to
human follow-up

tasks and readiness
workstreams

Cross-
document

consistency

Does the system detect
contradictions across

policies, audits,
indicators, and

departmental files?

Expert review of multi-
source queries involving
known inconsistencies

Conflicting
documents

synthesized into a
falsely coherent

answer

Require conflict alerts
and reviewer

adjudication before
use

Access control
and privacy

Does the system restrict
retrieval and generation
according to user role,

confidentiality level, and
source permissions?

Permission testing across
user roles and document

classes

Unauthorized
exposure of sensitive

institutional or
patient-related

information

Enforce role-based
access, logging, and

restricted-context
generation

Human review
quality

Do reviewers understand,
edit, approve, or reject
outputs appropriately?

Review dashboard
analytics, edit tracking, user

interviews, and approval
audits

Overreliance on AI-
generated text or
approval without
source inspection

Require reviewer
attestation and

source-inspection
checkpoints

Workflow
efficiency

Does the system reduce
repetitive evidence

searching while
preserving expert

oversight?

Time-motion comparison of
manual versus RAG-

assisted evidence
assembly

Faster output with
reduced verification

rigor

Pair efficiency
metrics with citation

accuracy and
reviewer-quality

metrics

Continuous
readiness

impact

Does the system help
teams maintain updated
evidence between formal

survey cycles?

Longitudinal monitoring of
evidence gaps, updated

policies, task closure, and
readiness packet revisions

System used only as
an episodic

document search
tool

Integrate alerts into
accreditation project

management and
document lifecycle

workflows

Efficiency and user satisfaction
The evaluation should also examine whether accreditation coordinators and quality officers perceive the system as
useful, trustworthy, and aligned with their workflow. Representative accreditation queries could be used to compare
manual evidence search with RAG-assisted search, but the results should be interpreted conceptually and operationally
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Limitations

Conclusion

rather than as proof of guaranteed efficiency gains. Research on quality registration burden indicates that staff
experience, perceived workload, and documentation complexity are important dimensions of governance processes in
hospitals [3-5]. User evaluation should therefore include whether the system reduces search frustration, clarifies evidence
ownership, and supports more meaningful review of gaps.

Operational impact on accreditation outcomes
A later evaluation phase could examine whether the system helps teams identify evidence gaps earlier, improve the
consistency of readiness materials, and support more coherent preparation across departments. Any assessment of
operational impact should be conducted cautiously because accreditation outcomes are influenced by leadership, culture,
staffing, survey scope, and the maturity of existing quality systems. Studies of accreditation impact and healthcare AI
validation both caution against attributing complex organizational outcomes to a single intervention without careful
contextual analysis [1, 2, 29]. The appropriate evaluation question is therefore whether the RAG system contributes to a
more transparent, reviewable, and continuously updated preparation process.

Document quality and completeness
The proposed system would be only as reliable as the documents it ingests, because outdated policies, missing audit
files, incomplete dashboards, or inconsistent departmental records would directly affect retrieval and synthesis. Even a
well-designed RAG architecture cannot infer evidence that was never documented or correct governance weaknesses
embedded in the source corpus. Studies of RAG in healthcare repeatedly show that retrieval quality and corpus
construction are central determinants of answer usefulness [7-9, 23]. For accreditation preparation, document hygiene,
version control, and source ownership would therefore be prerequisites for safe and meaningful deployment.

Organizational trust and change management
Accreditation teams may initially resist relying on an AI-assisted system because compliance work is high-stakes,
reputation-sensitive, and closely tied to professional accountability. A phased introduction would be needed, beginning
with internal evidence discovery and parallel manual review before any RAG-assisted content is used in formal survey
preparation. Ethical analyses of healthcare AI emphasize that trust should be earned through transparency, oversight,
validation, and clear assignment of responsibility [24-26]. The system should therefore be positioned as a support tool for
expert review rather than as a substitute for accreditation judgment.

The proposed retrieval-augmented generation system would support hospital accreditation preparation by transforming
fragmented institutional evidence into a searchable, traceable, and reviewable knowledge base. It would allow authorized
users to ask natural-language questions about standards, policies, audits, quality indicators, regulatory requirements, and
departmental evidence files. Its purpose would be to assist accreditation teams in locating and synthesizing evidence, not
to independently determine compliance.

The main strength of the system is its ability to unify evidence that is normally scattered across multiple repositories and
organizational units. By grounding generated answers in retrieved source documents, it could make preparation materials
more transparent and easier to verify. By identifying gaps and conflicts, it could also help teams focus attention on
substantive readiness issues rather than repetitive document searching.

Important challenges would remain. The system would depend on accurate, current, and well-governed documents, as
well as careful access control for sensitive institutional and patient-related information. It would also require cultural
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acceptance, expert oversight, and rigorous validation before being trusted in real accreditation workflows.
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