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Background: Autonomous medical documentation has become a central challenge in

modern healthcare, as clinicians increasingly spend substantial portions of their
workday on electronic health record (EHR) tasks rather than direct patient care,
contributing to dissatisfaction, burnout, and workflow inefficiencies. Large language
models (LLMs) and cloud-based speech services offer a potential solution by
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and EHR Workflow Bottlenecks. Objectives: To map and characterize the emerging evidence on autonomous or semi-
Epidemiology and Health Data Insights. autonomous documentation pipelines that integrate LLMs, cloud speech services, and
2026;2(4):ehdi045. EHR workflows, focusing on technical architecture, workflow integration, safety,
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governance, and clinician experience.

IRy By i (s Methodology: A systematic search of PubMed, ACM Digital Library, and Dimensions
s - Al was conducted for studies published from 2019 to March 2026, supplemented by
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publisher. Published by Australasia reports and policy documents. Eligible studies included empirical research, reviews,
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article distributed under the terms and Findings: Evidence indicates that layered pipelines combining speech processing,
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integration can reduce documentation time, decrease after-hours charting, improve
note quality, and enhance clinician satisfaction. Human oversight remains essential to

@ mitigate risks from hallucination, transcription errors, and workflow misalignment.
Governance, consent, and data security are critical for safe adoption.
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Conclusion: Overall, autonomous documentation pipelines are most effective when
implemented as assisted automation tools embedded within context-sensitive clinical
workflows, with iterative evaluation and robust governance. These insights provide a
foundation for future research, clinical validation, and scalable deployment strategies.

Keywords: Clinical Documentation; Large Language Models; Cloud Speech Services;
Electronic Health Records; Al Scribes; Workflow Optimization; Clinician Burnout

Epidemiol Health Data Insights. 2026,;2(4):ehdi045 https://doi.org/10.63946/ehdi/18797


https://doi.org/10.63946/ehdi/18797
https://creativecommons.org/licenses/by/4.0

Heimbruch et al.

Epidemiol Health Data Insights. 2026,2(4):ehdi045

Introduction

Clinical ~documentation is central to
high-quality patient care, continuity, communication,
quality measurement, and legal compliance. The shift
from paper to electronic health records (EHRs) was
originally intended to improve accessibility and data
exchange, but in practice it has also introduced a
substantial administrative burden for clinicians [1].
Clinicians across specialties now routinely report
spending a disproportionate share of their workday
interacting with EHR systems rather than with patients,
contributing directly to dissatisfaction, burnout, and
reduced capacity for direct clinical care [2].

Studies indicate that up to half of a clinician’s
time may be consumed by charting, order entry, inbox
management, and billing documentation [3]. These
demands are compounded by complex regulatory
requirements, structured reporting obligations, and
reimbursement processes, all of which reduce
workflow flexibility and create inefficiencies [4].
Consequently, technological solutions that can reduce
clerical workload while preserving accuracy and safety
are increasingly sought.

Artificial intelligence (Al) and large language
models (LLMs) have emerged as promising tools to
automate aspects of clinical documentation [5]. LLMs
generate human-like text, summarize information,
extract key data, and structure content for clinical use
[6]. Their integration into healthcare has moved rapidly
from theoretical frameworks to pilot implementations
across diverse clinical environments [7]. Parallel
advancements in cloud speech and automatic speech
recognition (ASR) technologies have improved
transcription accuracy and domain-specific term

Methodology

Study Design

This study was conducted as a scoping review
to map and characterize the emerging evidence on
autonomous medical documentation pipelines
integrating large language models (LLMs), cloud
speech services, and electronic health record (EHR)
workflows. A scoping review design was chosen
because the literature is heterogeneous, encompassing
technical, clinical, and implementation studies, and
because the aim is to identify the breadth, range, and
key concepts of the evidence. The review sought to
clarify how autonomous or semi-autonomous
documentation  systems  are  conceptualized,
implemented, and evaluated, and to highlight gaps in
clinical, technical, and governance knowledge.

Information Sources

Relevant literature was identified through
searches of PubMed, ACM Digital Library, and

recognition, enabling near-real-time capture of
clinician—patient interactions [8].

Ambient documentation systems, which
passively record encounters and generate draft notes
for review, illustrate how these technologies can
operate synergistically. Evidence suggests Al scribes
and related systems reduce documentation time,
decrease after-hours charting, and improve same-day
note completion, while preserving clinician oversight
[9]. However, limitations in methodology, short-term
evaluation, and variable note quality underscore the
need for rigorous investigation [4]. Persistent
challenges include LLM hallucinations, accuracy
variation across settings, privacy concerns, and
integration complexities with heterogeneous EHR
systems [5, 3, 6]. FHIR-based interoperability offers
promise, but real-world implementation remains
limited [10].

Accordingly, this scoping review aims to map
and characterize the emerging evidence on
autonomous medical documentation pipelines that
integrate LLMs, cloud speech services, and EHR
workflows. The review focuses on system
conceptualization, design, implementation, and
evaluation, with particular attention to documentation
burden, workflow efficiency, interoperability, coding
support, governance, and safety. Specifically, it
addresses the following questions: what types of
autonomous or semi-autonomous documentation
pipelines have been reported; how have LLMs, cloud
speech services, and EHR integration been combined;
what outcomes have been evaluated; and what
evidence gaps remain for safe, scalable adoption.

Dimensions Al, selected for their coverage of
healthcare, engineering, and technology research. In
addition to the reports retrieved from these primary
sources, reports and policy documents from reputable
organizations were searched. This inclusion ensures
that the review incorporates both academic studies and
practical reports that can provide insights into real-
world applications and challenges.

Search Strategy

The search focused on publications from 2019
to the search date (March 29, 2026), reflecting recent
advances in LLMs, cloud speech technologies. For
PubMed, search strategies combined MeSH terms with
title and abstract keywords, while ACM Digital Library
and Dimensions Al relied on keywords in titles and
abstracts. Boolean operators “AND” and “OR” were
applied to combine concepts of clinical documentation,
Al-enabled transcription, workflow, and clinician
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burden. Table 1 detailed the search strings adopted for
each database.

Inclusion and Exclusion Criteria

Studies were included if they examined Al-
enabled clinical documentation, cloud speech
recognition, EHR integration, or related workflow
outcomes. Eligible sources comprised empirical
studies, reviews, implementation reports, and technical
papers that provided evidence on efficiency,
documentation quality, or clinician experience. Studies
were excluded if they focused on general Al
applications unrelated to clinical documentation, non-
clinical speech recognition, opinion pieces without
evidence, or publications outside the 20192026 range.

Study Selection

Search results were screened for relevance
based on titles and abstracts, followed by full-text
review. This screening was handled by two
independent reviewers and discrepancies were

resolved by discussion. Sources were selected if they
contributed evidence to the review objectives. The
study selection process was documented in a Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 flow diagram (Figure 1).

Data Collection and Presentation of Findings

Data were systematically extracted from each
included study using a structured charting framework
capturing study design, setting, technologies used,
pipeline components, and key outcomes relating to
efficiency, safety, and workflow integration. The data
were iteratively refined through cross-checking for
consistency. Findings were then grouped thematically
to describe technical architecture, workflow
integration, safety and accuracy, governance, clinician
acceptance, and research gaps, providing a
comprehensive overview of the current landscape of
autonomous documentation systems.

Identification of studies via databases and registers ]

Records identified from:
Pubmed (n = 164)

Dimensions ai (n =13)

AMC Digital Library (23)
Other sources (11)

Total: 211

v

Records screened based on Title
and abstract
n=99)

v

(n=46)

v

Studies included in review

(=27)

Total records removed before screening: 112
104: Through application of appropriate filters
8:Duplicate records removed

Total records excluded: 53
2: not retrieved
51: based on exclusion criteria

Reports assessed for eligibility | BN

Total reports excluded: 19
Did not report outcome of interest

Figure 1: Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 flow diagram.

Results

Overview of the Included Studies

The systematic search identified a total of 211
records. Following removal of 104 records through
appropriate database filters and 8 duplicates removed
in reference manager (Zotero), 99 records were
screened at title and abstract stage, of which 46 were
assessed at full-text. 27 publications ultimately met all
eligibility criteria and were included in this review.
Table 1 summarized the characteristics of the included
studies.

The included studies reflect a rapidly
expanding and methodologically diverse body of
evidence on autonomous clinical documentation
pipelines. Across the twenty-seven studies, there is a
clear predominance of evidence syntheses, including
scoping and systematic reviews, alongside an emerging
but substantial proportion of empirical and
implementation-based investigations. Most studies
concentrate on large language models, speech-to-text
systems, and retrieval-augmented generation, either
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individually or as integrated components within
broader documentation ecosystems. A significant
cluster of the literature also draws attention to
interoperability =~ frameworks such as FHIR,
underscoring the centrality of structured data exchange
in enabling real-world deployment of these systems
within electronic health record environments.

In terms of application domains, ambulatory
and emergency care settings feature most prominently,
reflecting where documentation burden is most acutely
experienced and where Al-enabled solutions are being
most actively tested. Several studies report measurable

reductions in documentation time, clinician workload,
and after-hours charting, while others focus more
critically on safety, hallucination risk, and governance
considerations. Notably, patient-facing and ethical
dimensions such as consent and trust appear
consistently across the literature, indicating a maturing
awareness of implementation realities beyond technical
performance. Collectively, the evidence portrays a field
in transition, moving from isolated technological
innovation toward integrated, workflow-sensitive
documentation ecosystems shaped by both efficiency
gains and persistent safety and governance challenges.

Table 1: Characteristics of the included studies

Study ID Study Focus Area Technology Clinical/Wo Key Key Findings Relevance to
Type Component rkflow Outcomes Autonomous
Domain Reported Documentation
Pipeline
Woo et al. Scoping LLMs in LLM systems Clinical Efficiency, LLMs improve note | Establishes overall
(2026) [6] review documentation documentati | safety, quality but have evidence base
on readability safety risks
Saadatetal. | Technical Al Al-assisted Clinical Error Improves Supports Al-driven
(2025) 8] review documentation | documentation | note-taking reduction, documentation documentation
enhancement tools interoperabil | quality and systems
ity workflow
Artsi et al. Systematic | Real-world LLM Clinical Implementat | LLMs feasible but Shows real-world
(2025) [10] review LLM integration workflows ion variable across deployment
workflows outcomes settings challenges
Klusty etal. | Technical Automated Speech-to-text | Clinical Accuracy, Enables automated Core speech layer of
(2025) [11] study transcription systems transcription | feasibility clinical transcription | pipeline
Gargari & Narrative RAG in Retrieval- Knowledge Model RAG improves Retrieval layer
Habibi review healthcare Augmented grounding accuracy, contextual reliability | support
(2025) [12] Generation hallucination
reduction
HL7 (FHIR Technical Health FHIR API EHR Data Enables Core integration
v5.0) [13] standard interoperabilit integration exchange standardized EHR infrastructure
y capability connectivity
Ng et al. Systematic | Clinical speech | Speech Documentati | Accuracy, Variable accuracy Speech-to-text
(2026) [14] review Al recognition on usability across settings limitations
systems workflows
Brownetal. | Foundatio | LLM Transformer NLP Language Basis for modern Underpins LLM
(2020) [15] nal ML | architecture LLMs generation generation LLM systems layer
paper capability
Neupane et | Experimen | Clinical LLM Clinical Summary LLMs generate Note generation
al. (2024) tal study summarizatio | summarization | notes quality structured layer
[16] n tools summaries
Bednarczyk | Scoping Text LLM Clinical Quality  of | Promising but Evidence synthesis
et al. (2025) review summarizatio | summarization | documentati | summaries variable quality support
[17] n on
Hou et al. Experimen | Clinical coding | Fine-tuned Billing/codin | ICD High coding Coding automation
(2025) [18] tal study LLMs g workflows | accuracy performance after layer
tuning
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Study ID Study Focus Area Technology Clinical/Wo Key Key Findings Relevance to
Type Component rkflow Outcomes Autonomous
Domain Reported Documentation
Pipeline
Lietal Framewor | Interoperabilit | FHIR-GPT EHR Data LLMs can integrate EHR interoperability
(2024) [19] k study y integration integration with FHIR APIs layer
efficiency
Neha et al. Comprehe | RAG systems Retrieval Clinical AL Grounding RAG improves Retrieval
(2025) [20] nsive systems systems improvemen | factual accuracy enhancement
review t
ONC (2026) | Policy Health API FHIR APIs Health Adoption Increasing API use System-level
[21] brief adoption systems trends in hospitals interoperability
Nellutla Technical Compliance DevOps Governance | HIPAA Enables continuous Governance layer
(2021) [22] framework | systems pipelines compliance compliance
Tajirian et al. | Mixed- EHR burden EHR systems Clinical Time High documentation | Baseline workflow
(2025) [23] methods workflow burden, burden persists inefficiency
burnout
Ma et al. Observatio | Ambient Al Al scribe Clinical Time Reduced Core autonomous
(2025) [24] nal study scribes systems documentati | reduction documentation time | pipeline evidence
on
Olson et al. Multi-site Burnout Ambient Al Ambulatory Burnout, Reduced burnout Workforce impact
(2025) [25] study reduction scribes care workload and workload evidence
Song et al. Experimen | ED LLM assistant | Emergency Time Faster discharge High-intensity
(2025) [26] tal study documentation care efficiency documentation workflow use
Anderson et | Simulation | Al scribe Ambient Clinical Errors, Risk of omissions Safety validation
al. (2025) study safety scribe tools documentati | completenes | and inaccuracies layer
[27] on s
Lawrence et | Survey Consent ethics | Al Governance | Consent Consent is essential Ethical governance
al. (2025) study documentation perception for adoption layer
(28] systems
Leiserowitz Survey Patient Voice Al Patient Trust, Patients generally User acceptance
et al. (2025) study attitudes systems interaction acceptance receptive evidence
[29]
Ramsay et Mixed- Al Al deployment | Health Adoption Governance Implementation
al. (2025) methods procurement systems systems barriers challenges affect constraints
[30] rollout
Alboksmaty | Systematic | Voice-to-text Speech Primary care | Care quality | Improves efficiency Speech layer
et al. (2025) review Al recognition but safety unclear evidence
[31] tools
Topaz et al. Review Al scribe risks | Al scribes Clinical Risk analysis | Identifies Safety risk
(2025) [32] documentati hallucination and framework
on safety risks
Palm et al. Validation | Note quality LLM scribes Clinical Note quality | LLM notes Output validation
(2025) [33] study documentati | metrics comparable but layer
on imperfect
Klusty etal. | Technical Clinical Automated Speech layer | Accuracy Clinical transcription | Reinforces speech-
(2025) [34] study transcription transcription architecture to-text layer
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Technical Architecture of Autonomous
Documentation Pipelines

The reviewed studies consistently describe
autonomous documentation pipelines as layered
systems, combining cloud speech processing, large
language model (LLM) generation, retrieval of
structured EHR data, and integration back into EHRs
[6, 11-13]. The cloud speech layer captures clinician—
patient  interactions, performing  speech-to-text
conversion, speaker diarization, noise handling, and
recognition of medical vocabulary [8, 11, 14]. The LLM
layer generates structured clinical notes, organizes
content into templates such as SOAP, extracts key
findings, proposes coding, and provides patient-facing
instructions [6, 15-18]. The retrieval layer accesses prior
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often using retrieval-augmented generation (RAG)
techniques to anchor note content in patient-specific
context [12, 19, 20]. Integration into EHRs relies heavily
on FHIR APIs, enabling secure data exchange, context
retrieval, and note write-back [13, 21].

Figure 2 illustrates this pipeline, showing the
flow from audio capture to final EHR update with
clinician oversight. Evidence indicates that pipeline
design is critical: well-coordinated systems reduce
manual effort while preserving safety and clinical
relevance [6, 11, 12]. Deployment models varied across
studies, with cloud-hosted, hybrid, and private
solutions reported depending on institutional
infrastructure and data governance requirements.
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Figure 2: Technical Architecture of Autonomous Documentation Pipelines

Table 2 presents the technological features,
integration models, and study settings for each pipeline
reported in the included literature. This mapping

demonstrates the diversity of system architectures and
highlights common functional layers.

Table 2: Evidence Matrix of LLM and Cloud Speech Documentation Studies

Auth | Country | Clinica | Techno | Document | Type Outcome Reported Reported Relevance to
or /Health |1 logy ation Task | of Measured | Benefits Risks / Autonomous
(Year | System Setting | Used Automate | Integra Limitations Documentati
) d tion on Pipelines
Woo Multiple Mixed LLM- Note Varied Efficiency, Up to 40% Hallucination, | Establishes
etal, | countries | medical | based generation, readability, | time privacy, bias, broader
2025 (literatur | and docum | discharge note savings, weaker evidence base
[6] e-based) | nursing | entatio | summaries quality, improved performance for LLM-
settings | n , encounter safety readability | in complex driven
systems cases, limited
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Auth | Country | Clinica | Techno | Document | Type Outcome Reported Reported Relevance to
or /Health |1 logy ation Task | of Measured | Benefits Risks / Autonomous
(Year | System Setting | Used Automate | Integra Limitations Documentati
) d tion on Pipelines
documenta standardizatio | documentatio
tion n n systems
Song | South Emerge | On-site | Discharge Direct Writing Median Single clinical Demonstrates
etal., | Korea, ncy LLM note use time, note note- context, task- LLM utility in
2025 tertiary depart assistan | drafting during | quality writing specific design | high-volume
[26] academic | ment t docum time ED
hospital entatio reduced documentatio
n task from 69.5s n
to 32s, no
decline in
assessed
quality
Maet | USA, Ambul | Ambie | Visit note Routine | Time per Reduced Short Shows Al
al., large atory nt Al generation | patient | note, daily | time per evaluation integration
2025 | academic | specialt | scribe encoun | documenta | note by period, can reduce
[27] medical ies powere ters tion, after- | 0.57 min, heterogeneous | documentatio
center d by hours daily clinician use n burden in
LLM documenta | documenta real-world
tion, total tion by workflows
EHR time 6.89 min,
after-hours
by 5.17
min, total
EHR by
19.95
min/day
Olson | USA, six | Ambul | Ambie Clinical Real- Burnout, Burnout Self-reported Connects Al
etal., | health atory nt Al note world cognitive declined outcomes, documentatio
2025 systems care scribe drafting deploy | load, after- | 51.9% — short follow- n to clinician
[25] ment hours 38.8%, up well-being
work, improved and workflow
patient patient relief
attention focus,
reduced
after-hours
work
Albo | Multiple | Primar | Al- Clinical Varied | Efficiency, | Improved Safety Demonstrates
ksmat | countries | ycare/ | powere | consultatio care documenta | evidence role of cloud
y et outpati | d voice- | n quality, tion speed, | inconclusive, speech as
al., ent to-text documenta patient- administra | heterogeneous | front-end for
2025 systems | tion centeredne | tive study designs | documentatio
[32] ss, safety burden, n pipelines
patient
interaction
Nget | Multiple | Mixed Al- Speech Varied Accuracy, Reduced Errors with Highlights
al., countries | clinical | based transcripti adaptabilit | manual specialized importance of
2025 settings | speech | on for Yy, entry, terms, accents, | high-quality
[14] recogni | documenta workflow faster inconsistent speech
tion tion integration | documenta | workflow capture for
tion integration, downstream
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Auth | Country | Clinica | Techno | Document | Type Outcome Reported Reported Relevance to
or /Health |1 logy ation Task | of Measured | Benefits Risks / Autonomous
(Year | System Setting | Used Automate | Integra Limitations Documentati
) d tion on Pipelines
need for LLM
human review | processing
Ande | USA Simulat | Ambie | Transcript | Platfor | Note Generated | Varying Reinforces
rson ed nt and note m- completen | notes quality across need for
etal., ambula | digital generation | based ess, clinically platforms, clinician
2025 tory scribe simulat | omission/c | useful omissions, oversight and
[28] encoun | platfor ion ommission inaccuracies safety
ters ms errors, validation
safety
Hou USA, Clinical | Fine- ICD-10 Coding | Exact 69.2% Tested as a Extends
etal., | research docum | tuned code - match, exact model task, pipeline
2025 | environ entatio | LLM generation | focused | category match, not mature concept from
[18] ment n for model match 87.2% live workflow | note
dataset | coding category generation
S match after toward
domain- coding
specific assistance
fine tuning

Workflow Integration and Implementation
Models

Autonomous documentation systems have
been implemented in ambulatory care, emergency
departments, inpatient units, and specialty clinics [11,
23, 27, 25]. Across these settings, studies report
reductions in documentation time, after-hours charting,
total EHR interaction, and clicks per encounter. Song et
al. (2025) [26] found that LLM-assisted discharge notes
in an emergency department reduced median note-
writing time from 69.5 seconds to 32.0 seconds. Ma et
al. (2025) [27] reported that ambient Al scribes reduced
daily documentation by nearly 7 minutes and after-
hours work by 5 minutes, improving clinician focus on
patient care. Olson et al. (2025) [25] observed a decrease
in clinician burnout from 51.9% to 38.8% after 30 days
of Al scribe use.

Integration challenges were noted when
pipelines interfaced with heterogeneous EHR systems,
requiring adaptations to local workflows and attention
to interoperability [11, 14, 21]. These studies suggest
that workflow improvements rely on embedding
automation into existing processes rather than merely
providing transcription tools, emphasizing the
alignment of Al systems with clinician task flow [6, 27].

Safety and Accuracy of AI Documentation

The literature reports variability in note quality
and accuracy. LLM-generated notes improve efficiency
but can contain hallucinations, omissions, or
misclassified findings [6, 28, 33, 34]. Speech recognition

systems may introduce errors due to accents,
background noise, or specialized terminology, which
propagates downstream to the LLM layer [11, 14].

Coding and billing assistance was tested in
some pipelines. Hou et al. (2025) [18] reported 69.2%
exact match and 87.2% category match for ICD-10
coding after fine-tuning LLMs. Anderson et al. (2025)
[28] found that ambient digital scribes required
clinician review to ensure completeness and safety.
Overall, studies emphasize that human oversight
remains essential, and Al outputs must be treated as
draft content until clinician verification. Table 2
captures reported outcomes, including risks and
limitations related to accuracy and workflow reliability.

Governance, and Ethical
Considerations

Studies highlight the importance of consent,
privacy, and accountability in pipeline deployment [6,
10, 29, 30]. Lawrence et al. (2025) [29] and Leiserowitz
et al. (2025) [30] note that clear patient consent for
ambient recording is critical. Privacy risks exist at
multiple points, including audio capture, cloud storage,
transcription, model processing, and EHR write-back
[6, 10]. Vendor accountability, encryption, audit trails,
and role-based access were consistently recommended
for mitigating risk [12, 31].

Table 3 presents a governance and
implementation readiness checklist summarizing risks,
safeguards, responsible actors, and monitoring
indicators. It provides a structured overview of

Privacy,
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operational requirements for safe and compliant
deployment of autonomous documentation systems.

Table 3: Evidence Matrix of LLM and Cloud Speech Documentation Studies

Governance Main Risk Pipeline Stage Required Responsible Monitoring Evidence Needed Before
Domain Affected Safeguard Actor Indicator Scale-Up
Consent and | Weak or poorly | Audio capture | Clear patient | Clinician, Consent Demonstrated  patient
Recording understood education, explicit | Health System | completion understanding and
consent consent,  opt-out rate, patient | ability to decline
route concerns
logged
Data Privacy Unauthorized Audio, Encryption, access | Privacy Officer, | Access Approved privacy
access, unclear | transcript, logs, retention | IT, Vendor anomalies, review and data flow
retention, storage, model | rules, vendor data privacy map
secondary data use | processing agreements incidents
Speech Misheard Speech-to-text | Local validation, | Informatics Correction rate, | Evidence of acceptable
Recognition terminology, conversion specialty Team, Clinical | critical term | accuracy across real care
Accuracy accent-related vocabulary testing, | Leads error rate settings
errors error review
LLM Fabricated Note Source grounding, | AI Governance | Hallucination Demonstrated safety and
Hallucination findings, plans, or | generation constrained Group, audit results note quality in
consent language templates, Clinicians representative cases
mandatory
clinician review
Clinical Coding | Incorrect or | Coding and | Human validation, | Coding & | Coding Concordance with
Error inflated coding | billing support | billing audit Compliance mismatch rate accepted coding
suggestions Team standards
EHR Integration | Wrong patient | EHR Identity ~ checks, | EHR Team, IT Failed update | Stable integration
Failure write-back, integration sandbox  testing, rate, correction | performance in pilot
delayed posting, rollback tickets testing
note misplacement procedures
Bias Across | Unequal Speech  and | Stratified testing | Equity = Lead, | Subgroup Evidence of acceptable
Accents or | documentation generation across user and | Data  Science | accuracy performance across
Languages quality layers patient groups Team differences diverse populations
Clinician Over- | Automation bias, | Review  and | Training, Clinical Review Competency evidence for
Reliance reduced  critical | approval stage | attestation Leadership completion users before routine
review prompts, visible rate, edit | deployment
edit workflow behavior
Vendor Opaque updates, | Entire pipeline | Contracted update | Procurement, Service outages, | Supplier documentation
Accountability unstable  service, disclosure, audit | Legal, Info | unreported and governance
unclear liability rights, service | Governance model changes | acceptance
reliability terms
Audit and | Repeated  errors | Post- Audit trail, | Quality & | Incident closure | Regular reports
Feedback remain unnoticed | submission, incident reporting, | Safety time, audit | demonstrating corrective
monitoring periodic  quality | Committee frequency action and learning
review

Clinician Acceptance and User Experience

Clinician perception varied by setting and
system maturity. Studies report increased satisfaction,
reduced cognitive load, and improved focus on patients
when Al scribes or LLM pipelines were implemented
[25, 27, 32]. Trust and acceptance depended on
perceived reliability, accuracy, and the ability to review

and correct notes [6, 10, 29, 30]. User experience was
sensitive to workflow alignment and EHR integration;
poor integration diminished efficiency gains and
clinician trust [11, 14].

Evidence Gaps and Research Needs

Despite promising results, the evidence base
remains limited by small sample sizes, short follow-up

EHDLI: https://www journalehdi.com




Heimbruch et al.

Epidemiol Health Data Insights. 2026,2(4):ehdi045

periods, focus on high-resource settings, and
concentration in specific specialties [6, 25, 32]. There is
a scarcity of data from rural or low-resource
environments and limited long-term safety or real-

Discussion

The findings of this scoping review elucidate
the evolving but still emergent nature of autonomous
documentation pipelines that combine large language
models (LLMs), cloud speech services, and EHR
workflows. Overall, the evidence aligns with earlier
reviews indicating that Al-powered documentation
systems can streamline routine text generation and
reduce clinician time on electronic tasks [35], while also
illustrating  persistent challenges in accuracy,
integration, and real-world deployment. Efficiency
gains, as observed in reductions in documentation time
and after-hours work, appear tied to systems that align
closely with clinician workflows and enable iterative
human review rather than standalone automation. This
suggests that the value of autonomy in this context lies
more in assisted automation than in unsupervised note
creation.

Technically, layered architectures that
incorporate cloud speech processing, LLM drafting,
and retrieval of structured EHR data appear essential to
contextualized documentation, but their benefits are
contingent on robust interoperability and workflow
alignment. Systematic reviews of Al speech recognition
emphasize that performance variability across clinical
environments and terminology can undermine utility
unless models are calibrated to domain-specific
vocabularies [22]. Similarly, a scoping by Gebauer
(2025) [36] on evaluation frameworks highlights the
lack of standardized metrics for assessing
completeness, factuality, and clinical relevance—
metrics crucial for comparing systems and fostering
iterative improvements.

Safety and accuracy remain central concerns.
Ambient Al scribes may produce structured notes
comparable to clinician-authored documents on quality
instruments, but they also exhibit tendencies toward
hallucination and verbosity, which necessitate rigorous
review workflows [34]. These observations align with
emergent research noting potential patient safety risks
flagged by end-user feedback, particularly when
transcription errors involve critical clinical details [37].
Implementation studies also reveal that the impact of

Conclusion

This review found that autonomous medical
documentation pipelines integrating large language
models and cloud speech services hold substantial
promise for reducing clinician administrative burden

world deployment studies. Few studies evaluated
patient-centered outcomes, cost-effectiveness, or
workflow redesign beyond transcription automation.
These gaps highlight areas for future research.

automation on after-hours EHR use is complex, with
some clinicians experiencing an increase in
documentation time when review processes are not
sufficiently streamlined, underscoring the importance
of workflow design and human-in-the-loop structures
[22, 36].

Ethical and governance considerations stand
out as prerequisites for safe adoption. Frameworks for
evaluating ambient digital scribing tools explicitly
incorporate human evaluation, automated metrics, and
iterative testing to ensure clinical and factual fidelity
[38]. Effective governance structures must address
consent, privacy, and model monitoring while ensuring
accountability for final documentation, as pipelines that
process identifiable health information raise significant
confidentiality concerns. These findings echo broader
work on Al in clinical workflows that emphasize
regulatory  compliance  and  post-deployment
monitoring as critical to maintaining safety and trust
[10].

Clinician acceptance is influenced by both
perceived reliability and integration friction. Studies
outside of core documentation pipeline research report
that workflows with poor integration into existing EHR
interfaces may negate potential efficiency gains, as
clinicians spend time reconciling draft text or correcting
structure [35]. Qualitative synthesis suggests clinicians
appreciate draft generation but are cautious about
over-reliance on outputs that may propagate errors or
undermine clinical reasoning.

Despite demonstrable promise, the evidence
base remains constrained by methodological
heterogeneity, small sample sizes, and limited
specialty-specific evaluation, particularly in real-world,
low-resource, or rural contexts. Longitudinal research
is needed to assess sustained impacts on burnout,
workflow, patient experiences, and system-level
outcomes. Moreover, standardized evaluation
frameworks that combine clinical quality metrics with
usage analytics will be essential to advancing the field
beyond pilot implementations toward safe, scalable
deployment.

and improving EHR workflow efficiency. Evidence
indicates that these systems can streamline note
generation, decrease after-hours charting, and enhance
clinician focus on patient care, particularly when
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designed with layered architectures that combine high-
accuracy speech transcription, structured data retrieval,
and contextualized LLM drafting. However, it was also
found that wvariability in transcription accuracy,
hallucinations, and integration challenges remain
significant barriers to fully realizing these benefits,
highlighting the necessity of clinician oversight and
human-in-the-loop review. Ethical, privacy, and
governance  considerations  were  consistently
emphasized, demonstrating that safe deployment
requires robust consent procedures, auditability, and
clear accountability for final documentation.
Practically, institutions should prioritize pilot
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