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Abstract

Healthcare administration is document-intensive, communication-heavy, and increasingly dependent on digital
systems that require timely synthesis of clinical and operational information. Generative artificial intelligence has been
proposed as a potential means of reducing administrative workload across documentation, reporting, patient
communication, governance, and workflow coordination. This systematic review examined applications of generative
artificial intelligence across five healthcare administrative domains: documentation support, operational reporting,
patient communication, governance dashboards, and workflow automation. The review aimed to characterize reported
use cases, model types, evaluation approaches, implementation barriers, and evidence maturity from 2017 to 2025. A
PRISMA 2020-compliant search strategy was applied to PubMed, Scopus, IEEE Xplore, and Web of Science for
studies published between January 1, 2017, and December 31, 2025. Screening was conducted in duplicate, and
eligible studies were synthesized narratively by administrative domain. Documentation support was the most mature
domain, particularly for clinical summarization, discharge summaries, patient-message drafting, and document
classification. Operational reporting and governance dashboards were emerging areas, while patient communication
and workflow automation showed diverse prototypes but limited prospective validation. Common challenges included
hallucination, privacy, bias, regulatory uncertainty, integration burden, and limited evidence of real-world administrative
impact. Generative artificial intelligence appears technically capable of supporting multiple healthcare administrative
tasks, but evidence remains uneven across domains. Real-world impact, safety, scalability, and governance require
stronger evaluation before these systems can be relied upon for high-stakes administrative decision-making.
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Introduction

Healthcare administration has become increasingly dependent on digital documentation, structured reporting, quality
monitoring, patient messaging, and payer-facing transaction work. Generative artificial intelligence, particularly large
language models, has therefore attracted attention because many administrative tasks require synthesis, summarization,
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drafting, and translation between clinical and managerial language. Early commentary emphasized both the promise and
risk of generative models in healthcare delivery, especially where outputs may influence clinical or administrative
decisions [1, 2]. More recent medical language-model studies have expanded this discussion by showing that such
systems can encode biomedical knowledge and generate plausible clinical text, while also requiring careful validation
before deployment [3, 4].

The five administrative domains addressed in this review form a continuum from clinical documentation to organizational
governance. Documentation support includes note generation, summarization, discharge summaries, coding assistance,
and document classification, while patient communication includes portal messages, chatbot responses, plain-language
rewriting, and multilingual support [5-8]. Operational reporting and governance dashboards extend the same generative
capabilities into management summaries, utilization reports, board narratives, and quality dashboards, although direct
evidence in these areas remains less mature than documentation research [9-11]. Workflow automation includes the
drafting of referral material, triage messages, prior authorization text, scheduling communications, and other routine
administrative outputs [12-14].

Prior reviews and narrative syntheses have examined broad uses of large language models in medicine, clinical text
summarization, retrieval-augmented generation, and digital health applications. However, much of that literature has
focused on clinical reasoning, medical education, diagnosis, or narrow informatics tasks rather than the full administrative
pipeline [4, 10, 15-17]. Studies of patient messaging and documentation have grown rapidly, but operational reporting,
governance dashboards, and payer-facing workflow automation remain scattered across adjacent literatures [18-21]. This
creates a need for a systematic review that treats healthcare administration as a coherent domain of generative artificial
intelligence use.

This review synthesized peer-reviewed evidence from 2017 to 2025 on generative artificial intelligence for healthcare
administration, using principles to structure search, screening, eligibility, and reporting. The scope included large
language models, transformer-based systems, retrieval-augmented generation, prompt engineering, and related
generative approaches applied to documentation support, operational reporting, patient communication, governance
dashboards, and workflow automation.

Materials and Methods

Search strategy

The search strategy followed PRISMA 2020 principles and covered PubMed, Scopus, IEEE Xplore, and Web of Science
for records published from January 1, 2017, through December 31, 2025. Search strings combined terms for generative
artificial intelligence, large language models, transformers, retrieval-augmented generation, chatbots, summarization,
clinical documentation, operational reporting, governance dashboards, patient communication, prior authorization, referral
letters, and healthcare workflow automation. The search emphasized journals and venues relevant to biomedical
informatics, medical informatics, digital medicine, health services research, and healthcare operations. Because
generative artificial intelligence terminology evolved rapidly after 2022, searches also included older natural-language-
processing and summarization terms where the underlying application aligned with administrative generation or
synthesis.

Inclusion and exclusion criteria

Eligible studies were peer-reviewed articles published in English between 2017 and 2025 that examined generative
artificial intelligence or closely related transformer-based natural-language systems in healthcare administrative contexts.
Inclusion criteria covered original evaluations, implementation studies, methodological studies, systematic or scoping
reviews, and clinically adjacent studies where the outputs supported administrative documentation, communication,
reporting, triage, coding, or workflow coordination. Exclusion criteria removed studies focused solely on diagnostic image
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interpretation, basic biomedical discovery, medical education without administrative relevance, non-healthcare chatbots,
editorials without substantive evidence synthesis, and articles without a DOI. Studies were retained when they addressed
administrative implications even if the technical task was framed as clinical text summarization or patient-message
response generation.

Screening and selection

After database searching and deduplication, 2,412 records were identified for title and abstract screening. Of these, 326
full-text articles were assessed for eligibility, and 97 studies were included in the narrative evidence map, from which 31
core peer-reviewed studies were selected for detailed citation in this review. Exclusions at full-text review most commonly
reflected non-generative methods, insufficient administrative relevance, lack of peer review, absence of a DOI, or a focus
on purely clinical prediction rather than administrative generation [11, 15, 16, 22]. Screening was conducted
independently by two reviewers, with disagreements resolved through consensus and documented in a PRISMA flow
diagram intended for insertion as Figure 1 [17, 23].

Figure 1 shows the PRISMA 2020 study-selection process, including identification, screening, eligibility assessment, and
inclusion of 97 studies in the narrative evidence map.
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PRISMA 2020 Flow Diagram for Study Selection in a Systematic
Review of Generative Artificial Intelligence for Healthcare Administration, 2017-2025.
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PRISMA = Preferred Reporting Items for Systematic Reviews and Meta-Analyses.
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Healthcare Administration, 2017—-2025.

Data extraction

For each included study, extracted data covered publication year, country or setting, journal, administrative domain, task
type, model family, data source, evaluation method, comparator, deployment status, reported benefits, and reported risks.
Particular attention was given to whether a study evaluated model outputs retrospectively, prospectively, in simulation, or
in live clinical-administrative workflows. Extracted task categories included clinical text summarization, discharge
summary generation, patient-message drafting, triage support, document classification, report synthesis, and referral or
administrative letter generation. Risk categories included hallucination, privacy, bias, regulatory ambiguity, workflow misfit,
clinician trust, and insufficient monitoring.

Risk of bias assessment

Risk of bias was assessed qualitatively using principles adapted from model-evaluation frameworks such as PROBAST,
with additional attention to overclaiming, insufficient external validation, and weak reporting of implementation context.
Studies were considered at higher risk of bias when they relied only on small convenience samples, single-institution
data, unblinded human ratings, limited comparator conditions, or model outputs generated outside real workflows.
Particular concern was assigned to studies that reported output acceptability without assessing safety, factual grounding,
equity, downstream administrative consequences, or user behavior after deployment. Reviews and narrative syntheses
were appraised for clarity of search scope, transparency of inclusion criteria, and balance between technical optimism
and implementation risk.

Synthesis methods

A narrative synthesis was used because included studies varied substantially in intervention type, administrative domain,
model architecture, comparator, and outcome measurement. Studies were grouped into five prespecified domains:
documentation support, operational reporting, patient communication, governance dashboards, and workflow automation.
Within each domain, evidence was summarized by maturity level, ranging from conceptual or proof-of-concept work to
retrospective evaluation, user study, embedded deployment, or implementation-oriented evaluation. Vote counting was
used descriptively to characterize whether studies reported favorable, mixed, or cautionary findings, but no pooled
performance estimates were calculated because the review intentionally avoided combining heterogeneous metrics into
artificial summary effects.

Results and Discussion
Study selection

The PRISMA selection process identified a broad and rapidly expanding literature on generative artificial intelligence in
healthcare, with a pronounced increase after the release and diffusion of general-purpose large language models. From
2,412 deduplicated records, 1,821 were excluded at title and abstract review because they did not involve healthcare, did
not use generative or transformer-based methods, or focused only on clinical prediction without administrative relevance.
Full-text review of 326 articles yielded 97 eligible studies, with 31 selected as core references because they represented
the most relevant peer-reviewed evidence across the five administrative domains [11, 16, 17, 22]. The resulting corpus
was strongest for documentation support and patient communication, while operational reporting, governance
dashboards, and workflow automation were represented by fewer direct studies and more inferential evidence [10, 14,
24].

Study characteristics
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Most included studies were published between 2021 and 2025, reflecting the rapid emergence of large language models
and generative artificial intelligence in healthcare. The literature was concentrated in biomedical informatics, digital
medicine, general medicine, and medical informatics journals, including studies on clinical text summarization, patient-
message drafting, medical evidence summarization, and workflow-oriented clinical decision support [9, 7, 25, 26].
Geographically, studies were dominated by North American and European settings, with a smaller number of evaluations
addressing multilingual or non-English healthcare contexts [23, 27]. Study designs were heterogeneous and included
retrospective model evaluations, subjective rating studies, simulated patient-message experiments, scoping reviews,
systematic reviews, and early implementation reports [11, 18, 28, 29].

Documentation support: note generation and summarization

Documentation support was the most developed administrative domain, with studies examining clinical text
summarization, discharge summaries, evidence summarization, and electronic-health-record-oriented language models.
Large language models adapted to medical records demonstrated potential for summarizing complex clinical text, while
evaluations emphasized that output quality must be judged against clinical accuracy, completeness, and potential
workflow fit rather than surface fluency alone [5, 7, 16]. Studies of evidence summarization and clinical text
summarization showed that generative systems can condense information into usable narratives, but also highlighted
risks related to omissions, unsupported statements, and variable performance across clinical contexts [9, 16]. Discharge-
summary research suggested that physician- and large-language-model-generated summaries may be compared for
readability and completeness, but the administrative value of such tools depends on integration into documentation
workflows and oversight practices [30].

Documentation support: coding and billing

Evidence on coding and billing was less direct than evidence on summarization, but several studies demonstrated related
capabilities in clinical document classification, medical necessity reasoning, and structured interpretation of administrative
text. Classification studies using large language models suggested potential for assigning or supporting document
categories, which may inform coding, billing review, and administrative routing [23]. Retrieval-augmented and knowledge-
grounded systems were relevant because billing and coding tasks require traceability to source documentation, payer
rules, and medical necessity criteria rather than plausible free-text generation alone [13, 17]. Across the literature, coding
and billing applications were generally described as promising but under-validated, with limited evidence on audit
outcomes, denial reduction, compliance risk, or downstream revenue-cycle impact [15, 26].

Operational reporting: automated report generation

Operational reporting was an emerging domain in which generative artificial intelligence was proposed for converting
structured quality, utilization, safety, or throughput data into narrative reports. Direct evaluations of automated
management-report generation remained limited, but studies of evidence summarization, clinical text summarization, and
decision-support comment synthesis provided adjacent evidence that models can transform large information sets into
executive-style summaries [9, 16, 26]. These capabilities appeared relevant to utilization reporting, service-line
summaries, and operational briefings, especially where administrators must interpret large volumes of heterogeneous
data. However, the literature provided little prospective evidence that generative reports improve managerial decision-
making, reduce reporting time, or increase accountability in healthcare organizations [10, 11].

Patient communication: chatbots and message drafting

Patient communication was one of the fastest-growing application areas, especially for portal message drafting, chatbot
responses, and clinician-facing response suggestions. Comparative studies reported that artificial-intelligence-generated
answers to patient questions could be rated favorably for empathy or quality, but the review found that such findings
required caution because public-question datasets and simulated workflows may not capture real patient safety risks [6,
8, 28]. Early electronic-health-record message studies described implementation lessons for drafting patient responses,
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including the need for clinician review, careful prompt design, and integration into existing inbox workflows [18, 21]. Other
studies examined the effect of large language models in responding to patient messages and suggested that
communication quality, appropriateness, and workflow impact must be evaluated together rather than independently [19,
20].

Patient communication: language translation and simplification

Generative artificial intelligence was also studied or discussed as a tool for simplifying medical language and supporting
patient-facing communication. Reviews and broad syntheses noted that large language models can convert technical
clinical language into more accessible explanations, but they can also introduce inaccuracies, omit caveats, or generate
advice that exceeds the intended communication scope [4, 11, 15]. Patient-message studies implied that language tone,
readability, and empathy are central evaluation dimensions, particularly when models draft replies that clinicians may
accept with limited editing [8, 19, 24]. Evidence for multilingual support was thinner, although studies in non-English
clinical documentation contexts suggested that local language, regulatory, and workflow factors may significantly affect
deployment feasibility [27].

Governance dashboards: automated board reports

Governance dashboard applications were discussed primarily as an extension of summarization, reporting, and decision-
support synthesis rather than as a mature standalone evidence base. Studies on medical evidence summarization,
decision-support comment summarization, and broad generative artificial intelligence in healthcare indicated that models
can compress information into narratives suitable for governance review, quality oversight, or compliance monitoring [9,
11, 26]. However, board reports and governance dashboards have higher accountability requirements than ordinary
summaries because they may influence resource allocation, regulatory reporting, and institutional risk management. The
reviewed literature therefore supported feasibility in principle but did not provide strong empirical evidence that automated
board-report generation is safe, auditable, or superior to human-prepared governance materials [2, 10, 15].

Workflow automation: prior authorization and referral letters

Workflow automation evidence was most visible in studies involving triage, referral, message classification, and clinical
decision support rather than direct prior authorization trials. Large language model workflows for triage, referral, and
diagnosis suggested that generative systems may help structure or draft administrative communications when tasks are
repetitive and rule-bound [14]. Patient portal triage studies similarly indicated that models may help identify urgency, route
messages, or draft next-step communications, although the safety consequences of misclassification remain substantial
[12, 13]. For prior authorization and referral letters, the literature supported early promise but showed limited deployment
evidence on payer acceptance, turnaround time, denial prevention, or staff workload reduction [15, 17].

Workflow automation: other administrative tasks

Other workflow automation tasks included scheduling communications, consent-related text, staff messaging,
administrative reminders, and the conversion of clinical information into operationally useful language. Studies on patient
message guidance and response drafting showed how generative systems could help users formulate more complete
requests or help staff prepare efficient replies [24, 31]. In-basket message studies also suggested that administrative
communication workflows may benefit from drafting support, but only when outputs are reviewed and adapted by
clinicians or trained staff [8, 20]. Overall, workflow automation remained more advanced for text drafting and routing than
for autonomous task completion, reflecting persistent concerns about safety, accountability, and system integration [18,
29].

Model types and architectures
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The reviewed literature was dominated by large language models, including general-purpose commercial systems,
adapted medical language models, and retrieval-augmented approaches. Electronic-health-record language models and
medically adapted large language models illustrated the trend toward domain adaptation for clinical documentation and
administrative text [5, 7]. Prompt engineering emerged as a practical method for shaping patient-message outputs and
improving consistency without full model retraining [21]. Retrieval-augmented generation was increasingly emphasized as
a way to connect generated text to source documents or knowledge bases, especially for tasks requiring factual
grounding, triage justification, or compliance-sensitive administrative output [13, 17].

Evaluation approaches

Evaluation approaches were heterogeneous and often surface-level, including expert ratings, preference comparisons,
readability assessments, summarization metrics, classification accuracy, and qualitative judgments of usefulness. Studies
of patient-message responses frequently used physician or reviewer ratings of quality, empathy, correctness, or safety,
while summarization studies often examined completeness, factual consistency, and clinical usefulness [6, 7, 9, 19].
Some workflow-oriented studies incorporated task-specific assessments such as triage appropriateness, document
classification, or decision-support comment summarization [12, 23, 26]. However, few studies measured administrative
endpoints such as turnaround time, staff burden, reporting reliability, denial rates, governance actionability, cost, or
sustained user adoption [22, 29].

Implementation and deployment barriers

Common barriers across domains included hallucination, privacy risk, bias, lack of explainability, uncertainty over
regulatory status, weak integration with electronic health records, and limited user trust. Ethical analyses and narrative
reviews repeatedly warned that generative models may produce fluent but unsupported content, which is especially
concerning when administrative documents influence patient access, billing, compliance, or organizational decisions [1, 2,
15]. Implementation reports on patient-message drafting emphasized the practical importance of workflow design, human
oversight, prompt governance, monitoring, and clear responsibility for final communication [18, 20, 29]. The evidence
base therefore suggested that generative artificial intelligence should be treated as an assistive administrative tool rather
than an autonomous administrative agent [4, 11, 17].

Table 1 presents a domain-level evidence maturity matrix showing that documentation support and patient
communication are the most developed areas, whereas operational reporting, governance dashboards, and workflow
automation remain under-validated for real-world administrative impact.

Table 1. Administrative Domain—Evidence Maturity Matrix for Generative Al in Healthcare Administration

Administrative Dominant Relative Main analytical Key unresolved Implementation
domain generative Al tasks evidence contribution to evidence problem interpretation
identified in the maturity healthcare
review administration
Documentation Clinical text Highest  Shows the clearest  Evidence remains Most appropriate
support summarization, maturity  alignment between concentrated in near-term use case,
discharge among language-model retrospective, but only with human
summaries, note reviewed capability and simulated, or output- review, factual
drafting, document domains administrative quality evaluations checking, and
classification, coding- documentation rather than integration into
adjacent burden sustained embedded documentation

interpretation workflow studies workflows
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workflow assistance
with staff approval
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Figure 2 synthesizes the review findings into an evidence-to-implementation map linking administrative domains,
generative Al functions, model patterns, evidence maturity, evaluation gaps, governance risks, and implementation

implications.
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Figure 2. Evidence-to-Implementation Map of Generative Artificial Intelligence for Healthcare Administration

Documentation support is the most mature domain

Documentation support emerged as the most mature application area because it aligns closely with the core strengths of
generative artificial intelligence: summarizing, drafting, rephrasing, and structuring language. Studies on electronic health
record language models, clinical text summarization, discharge summaries, and adapted large language models provided
the clearest evidence that generative systems can support documentation-related tasks [5, 7, 16, 30]. Nevertheless, most
evidence remained retrospective or simulation-based, and relatively few studies tested documentation tools as embedded
workflow interventions. The review therefore found that documentation support is advanced relative to other
administrative domains, but not yet supported by enough prospective implementation evidence to justify autonomous use
[23, 27].

Operational reporting and governance dashboards: emerging with potential

Operational reporting and governance dashboards appeared promising but underdeveloped in the peer-reviewed
literature. Adjacent evidence from summarization, evidence synthesis, and decision-support comment analysis suggested
that large language models can generate concise narratives from complex information streams [9, 16, 26]. These
capabilities could plausibly support quality dashboards, utilization summaries, compliance reports, and board-facing
narratives, particularly in organizations with fragmented reporting infrastructure. However, direct studies of automated
governance reporting were scarce, and the reviewed literature did not establish whether such tools improve oversight,
accountability, or executive decision-making [10, 11].

Patient communication balances efficiency and empathy

Patient communication studies showed that generative systems can draft responses that are often perceived as clear,
empathetic, and useful, but they also highlighted the difficulty of balancing efficiency with safety and personalization.
Comparative studies of chatbot and physician responses suggested potential communication benefits, while electronic-
health-record message studies emphasized that real-world deployment requires clinician review and careful monitoring
[6, 8, 18]. Prompt-engineering and implementation studies further showed that output quality depends on workflow
context, instruction design, and the way clinicians interact with suggestions [20, 21]. Across the literature, generative
patient communication was best understood as assisted drafting rather than replacement of professional judgment [19,
28].

Workflow automation reduces transactional burden

Workflow automation may reduce transactional administrative burden by drafting repetitive communications, triaging
incoming messages, and supporting referral or authorization-related documentation. Studies on patient-message
guidance, triage, referral workflows, and knowledge-grounded message classification illustrated how generative models
could help structure administrative work that currently consumes staff and clinician time [12-14, 31]. Such tasks are
attractive candidates for automation because they often follow recognizable patterns, require synthesis of existing
information, and involve high message volume. However, the evidence remained thin for payer-facing prior authorization,
scheduling automation, and autonomous completion of administrative forms, where consequences of errors may include
delays, denials, or inequitable access [15, 17].

Hallucination and factual grounding: the central technical challenge

Hallucination was the central technical and governance challenge across all five administrative domains. Generative
systems may produce outputs that appear fluent and authoritative while misrepresenting source information, omitting
necessary qualifiers, or inventing details, which is hazardous in documentation, billing, compliance, and patient
communication [2, 4, 15]. Retrieval-augmented generation was repeatedly proposed as one mitigation strategy because it
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can link outputs to source documents or knowledge bases, but it does not eliminate the need for validation and monitoring
[13, 17]. The review found that factual grounding must be treated not only as a technical model feature but also as an
organizational safety requirement involving audit trails, human review, and accountability [1, 10].

Evaluation is surface-level

Many studies evaluated generated outputs using reviewer ratings, text-quality measures, or short-term preference
judgments rather than administrative outcomes. Patient-message studies frequently measured empathy, accuracy, or
usefulness, while summarization studies often assessed completeness or factuality, but few connected these measures to
workload, cost, turnaround time, patient access, or organizational performance [6, 7, 9, 20]. Implementation-oriented work
began to address real workflow effects, yet the evidence base remained dominated by small-scale or early-stage
evaluations [18, 29]. As a result, the literature supported cautious optimism about output quality but offered limited
evidence on whether generative artificial intelligence improves healthcare administration as a system [11, 22].

Missing: prospective, implementation-science work

A major gap was the limited amount of prospective, implementation-science research evaluating generative artificial
intelligence as an embedded administrative workflow tool. Several studies moved toward real-world message drafting or
implementation lessons, but most did not test long-term adoption, safety monitoring, economic effects, or cross-site
scalability [18, 19, 29]. Reviews and scoping studies consistently emphasized the need for stronger evaluation
frameworks, better reporting, and clearer attention to governance and human oversight [11, 16, 22]. Future work should
therefore move from output-level testing to pragmatic studies that measure whether generative systems actually reduce
administrative burden without compromising safety, equity, or accountability [17, 24].

Table 2 proposes an evaluation and governance framework showing that safe implementation requires evidence beyond
text quality, including factual grounding, administrative outcomes, equity monitoring, human oversight, workflow
integration, and economic evaluation.

Table 2. Governance and Evaluation Framework for Translating Generative Al from Administrative Text Generation to
Safe Healthcare Implementation

Evaluation or Why it matters for Minimum evidence Higher-standard Domains where this
governance healthcare needed before evidence needed is especially critical
dimension administration routine use before scaled
deployment
Factual Administrative outputs ~ Source-linked outputs, Prospective monitoring Documentation
grounding may influence citation to institutional  of factual errors, source support, governance
documentation, billing, documents, review of mismatch, and dashboards,
referrals, reports, unsupported claims downstream operational reporting,
compliance, and and omissions administrative prior authorization
governance decisions consequences
Human Generated content may  Clear role assignment Measured reviewer Patient
oversight appear authoritative even for review, editing, behavior, override rates, communication, board
when incomplete, biased, approval, and final automation bias, and reporting, workflow

or wrong responsibility accountability outcomes automation
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Administrative Output fluency does not Task-specific Pragmatic trials Documentation
outcome prove operational value outcomes such as comparing Al-assisted ~ support, operational
measurement completion time, staff workflows with usual reporting, workflow
burden, turnaround administrative automation
time, message processes
volume, or report
timeliness
Safety and False or unsupported Error taxonomy Continuous safety Patient
hallucination administrative statements covering false surveillance, escalation communication,
monitoring can create access, statements, omissions,  pathways, and audit- governance
compliance, billing, or inappropriate advice, ready error reporting dashboards, referral
governance harms and fabricated details letters, prior
authorization
Equity and bias Administrative automation  Subgroup review of Prospective equity Patient
assessment may affect access, output quality, tone, monitoring across communication,
responsiveness, routing, routing, and language, demographic, workflow automation,
documentation quality, or completeness insurance, access, and documentation
payer-facing decisions clinical-complexity support
unevenly groups
Workflow Tools may increase Usability testing and fit  Longitudinal adoption, All five domains
integration burden if they create extra with existing electronic workload transfer
review, editing, or system- health record or analysis, and staff
switching work administrative experience evaluation
platforms
Privacy and Administrative workflows Defined data access Role-based access, Governance
access control often combine clinical, rules, de-identification provenance tracking, dashboards,
operational, financial, and ~ where appropriate, audit logs, and operational reporting,
governance-sensitive and secure processing institutional governance documentation
information environment review support
Economic Administrative Al is often Basic resource-use Full economic Documentation
evaluation justified by efficiency and  estimates and staff- evaluation including support, workflow
cost-reduction claims time analysis cost, productivity, error automation,

burden, maintenance,  operational reporting
monitoring, and
implementation costs

Cross-domain  Administrative work often Clear boundaries Tested cross-domain Integrated
interoperability moves from between data inputs, architecture with administrative
documentation to generated outputs, provenance, access  platforms, governance
communication, reporting, and downstream use control, and governance dashboards, workflow
governance, and workflow across systems automation
action
Limitations

Review limitations
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This review was limited by English-language inclusion, heterogeneity in task definitions, and the rapid evolution of
generative artificial intelligence terminology between 2017 and 2025. Because studies differed substantially in model
type, task, setting, comparator, and outcome measures, meta-analysis was not appropriate and the synthesis remained
narrative [11, 16, 22]. The administrative focus also required interpretive judgment, particularly for studies of clinical text
summarization or patient communication that had both clinical and administrative relevance [7-9]. Publication bias may
have favored positive or technically novel findings, while unsuccessful deployments and negative administrative
outcomes were likely underreported [15, 29].

Evidence base limitations

The evidence base itself was limited by a high proportion of early-stage evaluations, simulated tasks, single-center
studies, and output-quality assessments without prospective administrative endpoints. Many studies demonstrated that
generative systems could draft, summarize, classify, or respond, but fewer evaluated whether these outputs improved
efficiency, reduced costs, prevented errors, or strengthened governance in real healthcare organizations [18, 20, 26, 28].
Vendor-linked deployment environments, changing model versions, and incomplete reporting of prompts or safety
controls also limited reproducibility and external validity [17, 21, 27]. Consequently, the review found that claims about
healthcare administrative transformation remain plausible but not yet proven across the five domains [2, 4, 14].

Comparison with prior reviews

Prior reviews of large language models and generative artificial intelligence in medicine have often focused on broad
clinical use, clinical knowledge encoding, biomedical reasoning, or clinical text summarization rather than healthcare
administration as an integrated organizational function. Reviews of clinical text summarization and medical language
models provided important evidence on documentation support, but they generally did not extend systematically to
operational reporting, governance dashboards, or payer-facing workflow automation [4, 10, 15, 16]. Similarly, retrieval-
augmented generation reviews clarified methods for grounding biomedical outputs, yet their primary emphasis was
usually technical capability and clinical development rather than administrative implementation outcomes [17]. This review
therefore differs by treating documentation, communication, reporting, governance, and workflow automation as
interrelated administrative domains rather than isolated informatics tasks.

This review also extends prior work by including the latest peer-reviewed studies on patient-message drafting, in-basket
response generation, portal-message triage, clinical document classification, and discharge-summary generation. Studies
of patient communication have shown rapid movement from general chatbot comparisons toward embedded electronic-
health-record workflows, prompt engineering, and early implementation lessons [6, 8, 18-21]. Documentation-focused
studies likewise demonstrate movement from general clinical summarization toward adapted large language models,
multilingual documentation settings, document classification, and discharge-summary generation [7, 23, 27, 28]. By
integrating these streams with adjacent evidence on decision-support summarization and workflow-oriented triage, this
review captures the administrative pipeline more comprehensively than prior task-specific reviews [12-14, 26].

A common theme across prior reviews and the present synthesis is that generative artificial intelligence is limited less by
the ability to produce fluent text than by the difficulty of ensuring safe, grounded, auditable, and workflow-compatible
outputs. Narrative and scoping reviews repeatedly identified hallucination, bias, privacy, regulation, and human oversight
as cross-cutting barriers in medical applications [1, 2, 11, 15, 22]. This review found that the same concerns are
intensified in healthcare administration because generated documents may influence billing, referrals, access, reporting,
compliance, and governance decisions. Consequently, the administrative use of generative artificial intelligence requires
evaluation frameworks that move beyond text quality toward accountability, reproducibility, and organizational impact [17,
24, 29].

Research gaps

Prospective implementation and economic studies
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The most important evidence gap is the lack of prospective studies evaluating generative artificial intelligence against
manual or conventional workflows using administrative endpoints. Although several studies assessed patient-message
drafting, clinical summarization, discharge summaries, and triage support, few measured sustained changes in staffing
burden, cost, turnaround time, access delays, documentation completeness, or organizational productivity [7, 12, 19, 30].
Economic studies are especially scarce, even though administrative automation is often justified by claims of efficiency
and cost reduction [11, 22, 24]. Future research should use pragmatic designs that compare generative artificial
intelligence-assisted workflows with usual administrative processes while monitoring safety, equity, and unintended
workload transfer [18, 29].

Safety and hallucination mitigation in administrative contexts

Few studies systematically examined hallucination and factual-error consequences in administrative contexts such as
coding, billing, referral letters, operational reports, or governance dashboards. Existing research and reviews described
hallucination as a general risk, but administrative harms may differ from clinical harms because errors can cause claim
denials, delayed authorizations, inaccurate compliance summaries, misleading board reports, or inappropriate patient
routing [2, 10, 15]. Retrieval-augmented generation, prompt engineering, and domain adaptation may reduce some risks,
yet the evidence does not show that these strategies are sufficient without human review and audit trails [13, 17, 21].
Future studies should report false statements, unsupported claims, omissions, source mismatch, and downstream
administrative consequences as primary safety outcomes [9, 23, 26].

Cross-domain integration

No mature evidence demonstrated a unified generative architecture spanning documentation support, operational
reporting, patient communication, governance dashboards, and workflow automation. Most studies addressed one task at
a time, such as summarization, portal-message response, document classification, discharge-summary generation, or
triage support [8, 14, 16, 20, 30]. Yet healthcare administration often requires information generated in one domain to
feed another, such as clinical documentation informing referral letters, patient communication, quality reporting, and
governance review [5, 26, 31]. Cross-domain systems will therefore require stronger interoperability, provenance tracking,
role-based access control, and governance mechanisms than single-task tools [1, 11, 17].

Conclusion

Generative artificial intelligence for healthcare administration is advancing rapidly, with documentation support leading the
field. The strongest evidence concerns summarization, discharge documentation, patient-message drafting, and
document classification, where the language-centered nature of the task aligns closely with the capabilities of current
models. Even in these relatively mature areas, however, the evidence base remains concentrated in retrospective,
simulated, or early implementation settings.

Operational reporting, governance dashboards, patient communication, and workflow automation are gaining traction but
remain unevenly evaluated in real healthcare environments. These domains may offer substantial administrative value
because they involve repetitive synthesis, communication, and reporting work. Yet the literature does not yet establish
that generative artificial intelligence improves organizational performance, reduces costs, or safely scales across diverse
institutions.

Critical challenges apply across all five domains, including hallucination, weak factual grounding, privacy risk, limited
interoperability, unclear accountability, and insufficient prospective evaluation. The central question is no longer whether
generative artificial intelligence can produce plausible administrative text, but whether it can produce reliable, auditable,
context-appropriate outputs within real healthcare systems. Human oversight remains essential wherever generated
content may affect patients, staff, payers, regulators, or organizational governance.
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A rigorous program of pragmatic trials, standardized administrative outcome measures, safety-first deployment, and
transparent governance is needed before generative artificial intelligence can be trusted to run the administrative
backbone of healthcare. Future research should prioritize real-world implementation, economic evaluation, equity
monitoring, and cross-domain integration. Until that evidence is available, generative artificial intelligence should be
treated as a promising assistive technology rather than an autonomous administrative infrastructure.
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