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Abstract

Interdisciplinary rounds, discharge planning meetings, and tumor boards contain high-value clinical reasoning that is
often only partially reflected in the medical record. These discussions shape treatment priorities, medication decisions,
consult plans, and discharge readiness, yet their verbal and collaborative nature makes them difficult to document
comprehensively. Manual summarization of care team discussions requires time, attention, and clinical synthesis that
busy clinicians may not have during or immediately after meetings. Existing documentation practices often capture
final decisions but omit uncertainty, rationale, task ownership, and evolving care coordination needs. This article
proposes a large language model pipeline that could summarize interdisciplinary care discussions using secure
meeting transcripts combined with active problem lists, medication lists, and discharge planning notes. The objective
is to describe a conceptual architecture for generating accurate, structured, and clinically reviewable summaries of
team communication. The proposed approach uses retrieval-augmented generation to ground the language model in
structured clinical context while processing a diarized transcript of the care discussion. The model would focus on
identifying decisions, medication changes, unresolved issues, discharge barriers, and action items requiring follow-up.
Conceptually, the pipeline would generate a note-ready summary with lower hallucination risk because the model is
constrained by structured clinical anchors and transcript evidence. It could help distinguish new decisions from
repeated background information and convert a documentation-light meeting into a structured clinical artifact. A
secure, grounded large language model system could support safer and more complete documentation of
interdisciplinary care discussions. By combining transcript evidence with patient-specific structured data, such a
system could reduce cognitive burden and improve continuity across clinical teams.
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Introduction

Interdisciplinary care team discussions are central to safe inpatient care because they bring together physicians, nurses,
pharmacists, case managers, therapists, and specialists to reconcile competing priorities and coordinate next steps.
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Tumor boards, rounds, and discharge planning meetings frequently contain nuanced reasoning about clinical trajectory,
risks, treatment preferences, and operational constraints that may not be fully captured in standard notes. Prior work on
multidisciplinary team meetings and clinical decision support suggests that artificial intelligence could help organize these
complex conversations, but the clinical record still often reflects only the final plan rather than the reasoning process that
produced it [1-3]. A dedicated summarization system would therefore address a communication gap at the intersection of
documentation quality, team cognition, and patient safety.

Current documentation workflows rely on handwritten notes, post-meeting dictation, copied forward plans, or fragmented
updates entered by different team members. These practices can omit medication rationale, discharge barriers,
responsibility assignments, and unresolved concerns, particularly when discussions involve multiple speakers and rapidly
evolving information. Clinical summarization research has shown that hospital course narratives, discharge summaries,
and medical notes require synthesis across long, heterogeneous sources rather than simple extraction of isolated facts
[3-6]. For interdisciplinary discussions, the challenge is greater because spoken exchanges must be converted into a
coherent summary while preserving the distinction between confirmed decisions, tentative plans, and background
context.

Large language models create an opportunity to rethink this workflow because they can generate fluent summaries,
follow structured prompts, and integrate retrieved patient-specific context into a coherent output. Recent studies on
clinical summarization, radiology impression generation, and medical note generation show that transformer-based and
large language model approaches can be adapted to clinical language, although they require careful grounding and
human evaluation [7-10]. Domain-specific language models and clinical pretraining further indicate that medical
vocabulary, abbreviations, and documentation conventions benefit from specialized adaptation rather than generic
language modeling alone [11-13]. This makes the present moment suitable for a purpose-built system that summarizes
team discussions while remaining constrained by clinical evidence.

The thesis of this EAI article is that a secure, structured large language model pipeline could ingest real-time meeting
transcripts together with active problem lists, medication changes, and discharge planning notes to produce a verified
care-team summary. The system would not replace clinician judgment; instead, it would generate a reviewable draft that
surfaces decisions, pending tasks, and areas of disagreement while linking each claim to transcript or structured data
sources. Work on factual consistency, radiology report generation, and privacy-preserving clinical language models
supports the need for explicit safeguards against hallucination, unsupported claims, and unauthorized data exposure. A
clinically responsible implementation would therefore combine retrieval, source attribution, post-generation verification,
and clinician approval before any summary becomes part of the electronic health record.

Background
The role of interdisciplinary care meetings

Interdisciplinary care meetings include intensive care rounds, oncology tumor boards, discharge planning conferences,
complex case reviews, and specialty coordination meetings. These settings are information dense because they integrate
disease status, treatment response, medication decisions, social needs, patient preferences, bed availability, and follow-
up logistics into a shared plan. Studies involving tumor boards and multidisciplinary clinical workflows show that natural
language processing and conversational artificial intelligence may support decision organization, but they also reveal the
complexity of aligning recommendations with guidelines and local practice constraints [1, 2, 14, 15]. Documentation
deficits arise when the final note records only selected conclusions while losing the spoken rationale, role-specific
contributions, and conditional plans discussed by the team.

Clinical summarization and documentation
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Earlier clinical summarization research has focused largely on written sources such as progress notes, inpatient records,
discharge summaries, hospital course sections, radiology reports, and doctor-patient conversations. These studies show
that summarization in healthcare requires more than compression: the model must preserve clinical chronology,
distinguish active from resolved problems, and maintain consistency with source evidence [4-6, 16]. The shift toward
large language models and conversational note generation has broadened the field from document summarization to
ambient clinical intelligence, where spoken interactions can be converted into structured documentation [9, 16, 17]. An
interdisciplinary meeting summarizer would extend this trajectory from dyadic encounters and written notes to multi-
participant care coordination.

Large language models in medicine

Large language models in medicine can support summarization, question answering, documentation drafting, and
decision support, but their outputs must be treated as probabilistic drafts rather than authoritative clinical facts. Reviews
of large language models in medicine emphasize both their potential and their risks, including hallucination, outdated
knowledge, uncalibrated confidence, and variable performance across clinical contexts [18]. Clinical summarization
studies similarly indicate that model adaptation and domain-specific prompting may improve usability, yet safety requires
independent verification and clinician oversight [7, 19]. For team-discussion summarization, these limitations are
especially important because a fluent but unsupported statement could propagate into handoffs, medication plans, or
discharge instructions.

Multi-source and grounded summarization

Multi-source grounded summarization is essential when a clinical meeting references information distributed across
transcripts, problem lists, medication records, orders, imaging reports, and discharge planning notes. Work on hospital-
course summarization demonstrates the need to synthesize longitudinal clinical information rather than merely summarize
a single note, while radiology and clinical entity extraction studies show how structured concepts can support factual
anchoring [4, 5, 20]. A retrieval-augmented approach could use active problems, medications, and discharge tasks as
grounding anchors so that generated claims remain tied to patient-specific evidence. This design would be expected to
reduce unsupported content by requiring the model to retrieve relevant structured context before drafting the final
summary.

Operational benefits of summarization for team communication

A high-quality team-discussion summary could reduce information loss by preserving decisions, task ownership,
discharge barriers, and follow-up needs in a single shared artifact. Work on emergency medicine handoff notes,
automatic note generation, and multidisciplinary meeting support suggests that summarization tools may help clinicians
manage transitions of care and preserve context across teams [1, 8, 21]. In discharge planning, a grounded summary
could highlight whether a barrier is clinical, logistical, medication-related, or social, allowing team members to coordinate
around the same representation of the plan. The operational value would therefore come not only from reducing
documentation burden but also from improving continuity between rounds, handoffs, consults, and discharge workflows.

Summarization Pipeline Overview
High-level architecture

The proposed architecture begins with secure audio capture and speech-to-text transcription, followed by speaker
diarization that separates contributions from attending physicians, residents, nurses, pharmacists, case managers, and
other participants. The diarized transcript would be paired with an electronic health record pull of active problems,
medication lists, recent medication changes, discharge planning notes, and relevant orders, after which a retrieval-
augmented language model would generate a structured summary. A post-processing verifier would compare each
generated claim against transcript segments and structured data elements before the draft is presented for clinician
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review. This architecture draws conceptually from ambient clinical intelligence, clinical note generation, and hospital-
course summarization work, while adding safeguards for multi-participant team communication [8, 9, 16].

Figure 1 illustrates the proposed secure, grounded LLM pipeline for transforming interdisciplinary care team discussions
into structured, source-linked, clinician-reviewable documentation.
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Figure 1. Secure Grounded LLM Architecture for Summarizing Interdisciplinary Care Team Discussions

Core input components

The core inputs would include a timestamped, diarized meeting transcript; an active problem list mapped to clinical
terminology; a current medication list with recent starts, stops, dose changes, and holds; and discharge planning notes
that identify barriers, responsibilities, and pending milestones. The transcript would provide the conversational evidence,
while structured data would supply stable anchors for diagnoses, therapies, and disposition plans. Prior clinical
summarization studies show that reliable summaries require awareness of patient-specific context, while entity and
relation extraction work in radiology illustrates how structured clinical concepts can support downstream verification [4,
20, 22]. In this design, the transcript and structured records would be treated as complementary evidence sources rather
than interchangeable text fields.

Design principles

The design should be safety-first, privacy-preserving, clinician-in-the-loop, and embedded within the normal rounding or
meeting workflow. Every generated statement should be traceable to a transcript timestamp or structured data element,
and unsupported statements should be withheld or marked for review. Privacy-preserving deployment may involve on-
premise inference, encrypted processing, access controls, and data minimization to reduce exposure of protected health
information [23, 24]. Clinician review remains central because the model’s role is to draft, organize, and surface evidence,
not to independently determine the official clinical plan.

Table 1 defines the safety-critical design logic required to convert multidisciplinary discussion into clinically reviewable
documentation without allowing unsupported model generation to enter the record.

Table 1. Safety-Critical Design Logic for a Grounded LLM Summarization System in Interdisciplinary Care

Clinical risk
addressed

Design
domain

Core design
requirement

Required system
mechanism

Expected contribution to
documentation quality
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Transcript
integrity

Clinical
grounding

Medication
safety

Discharge
coordination

Factual
consistency

Human
oversight

Privacy
governance

Data Sources and Preprocessing

Preserve speaker turns,
timestamps, and
uncertainty markers

Link generated claims to
active problems,
medications, and
discharge notes

Distinguish medication
starts, stops, holds, dose
changes, and
reconciliation issues

Identify barriers,
responsibilities, and
pending milestones

Require every summary
statement to be source-
supported

Require clinician review
before EHR integration

Minimize exposure of
protected health
information

(2024) 4:92

Misattributed
decisions or loss of
qualifications

Hallucinated or
context-free
summaries

Unsafe medication
misstatement or
omitted rationale

Lost follow-up tasks
or unclear discharge
readiness

Unsupported
conclusions
entering the EHR

Automation bias
and premature
acceptance of draft
content

Unauthorized data
reuse or disclosure

Role-aware diarization,
timestamped transcript
segmentation,
confidence scoring

Retrieval-augmented
generation using
patient-specific
structured anchors

Medication-change
extraction and
structured medication-
record comparison

Discharge-barrier
extraction, task-role
mapping, and action-

item routing

Source attribution,
contradiction detection,
unsupported-claim

flagging

Editable review
interface, evidence
links, approval gate

Encryption, role-based
access, data
minimization, audit
logging

Secure transcript acquisition and speaker diarization
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Maintains accountability
and allows reviewers to
trace who said what

Ensures summaries reflect

the current clinical situation

rather than generic medical
knowledge

Improves visibility of
treatment changes and
reduces ambiguity during
handoffs

Converts verbal planning
into accountable workflow
artifacts

Reduces hallucination risk
and improves clinician trust

Keeps final responsibility
with the clinical team

Supports responsible
deployment in high-stakes
clinical environments

Secure transcript acquisition would rely on encrypted microphones or approved conferencing infrastructure, role-aware
speaker diarization, and clinical speech-to-text systems configured for protected health information. The preprocessing
layer would label speakers by role when possible, preserving accountability without unnecessarily exposing identity
beyond clinical need. Ambient clinical intelligence datasets and doctor-patient conversation note-generation research
demonstrate that spoken clinical language can be transformed into documentation-oriented text, but interdisciplinary
meetings require additional handling because multiple speakers may interrupt, correct, or qualify one another [9, 16, 17].
The resulting transcript should preserve timestamps, speaker turns, and uncertainty markers so that downstream
summarization can distinguish confirmed decisions from conversational exploration.

Alignment with active problem and medication lists
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Alignment with active problem and medication lists would allow the model to ground spoken phrases such as “heart
failure,” “CHF,” or “volume overload” in coded clinical problems and related therapies. This preprocessing step would
normalize abbreviations, identify synonyms, and link discussion fragments to active or historical conditions so that the
summary reflects the current clinical frame rather than isolated utterances. Domain-specific biomedical and clinical
language models provide a foundation for recognizing medical vocabulary, abbreviations, and contextualized concepts in
clinical text [11-13]. By grounding conversational statements in structured records, the pipeline could reduce ambiguity
and make the summary easier for clinicians to verify.

Extraction of medication changes and discharge planning notes

Medication change extraction would identify spoken signals such as starting, stopping, holding, continuing, increasing,
decreasing, or reconciling a medication, then compare those signals with the structured medication record. The same
process would apply to discharge planning content, where verbal statements about equipment, home services,
placement, transportation, follow-up, or caregiver readiness would be linked to discharge planning notes. Prior work on
hospital-course summarization and medical note generation shows that clinically useful summaries must synthesize
treatment decisions and care transitions across multiple sources rather than simply restate narrative text [4, 5, 8]. A model
designed for interdisciplinary care discussions should therefore treat medication and discharge content as high-priority
domains for extraction, verification, and task routing.

Preprocessing for privacy and data minimization

Privacy-oriented preprocessing would remove or mask patient-identifiable details that are not necessary for the
summarization task, strip conversational filler, and retain only clinically relevant content for model ingestion. The system
should minimize exposure by processing the smallest adequate data slice, enforcing access controls, and preventing
reuse of identifiable transcripts outside approved clinical governance. Research on privacy-preserving large language
models and federated or distributed approaches indicates that clinical deployment must address data security, model
access, and institutional control of sensitive records [23, 24]. Data minimization is therefore not only a compliance
measure but also a safety design principle that limits the model’'s opportunity to generate irrelevant or unauthorized
content.

LLM Architecture and Adaptation
Language model choice and fine-tuning strategy

The language model could be a compact, domain-adapted system deployed within a secure hospital environment, with
parameter-efficient adaptation applied to de-identified clinical meeting transcripts when governance permits. Adaptation
would focus on clinical discourse patterns, role-based utterances, medication-change language, discharge planning
terminology, and the distinction between decisions, concerns, and action items. Clinical summarization and domain-
specific language model studies suggest that adaptation to medical language and documentation conventions is
necessary for safe and useful generation [7, 11, 13, 19]. The model should remain constrained as a drafting tool whose
outputs require source support and clinician approval before use.

Retrieval-augmented generation for grounding

Retrieval-augmented generation would retrieve relevant problem list entries, medication records, discharge notes, and
transcript segments at generation time so that the summary remains anchored in patient-specific evidence. Rather than
asking the model to rely on latent knowledge, the pipeline would require it to compose a summary from retrieved sources
that correspond to the current discussion. Work on factual consistency, radiology report correctness, and clinical
summarization highlights the importance of grounding generated text in source material to reduce unsupported or
contradictory claims [25-27]. In this framework, retrieval is not an optional enhancement but the central safety mechanism
that determines what the model is allowed to summarize.
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Structured output and template enforcement

The output should be constrained to a structured format that includes clinical impression, care decisions, medication
changes, action items with responsible roles, discharge readiness, unresolved questions, and items requiring review.
Template enforcement could be implemented through controlled prompting, schema-constrained decoding, or post-
generation validation that checks whether each section contains only supported content. Studies of emergency medicine
handoff notes, doctor-patient conversation documentation, and clinical note generation suggest that structured outputs
are more likely to align with workflow needs than free-form summaries alone [9, 16, 21]. A template also allows the
system to separate clinically confirmed decisions from pending issues, thereby reducing the risk that tentative discussion
becomes documented as a final plan.

Lightweight local deployment and latency considerations

A lightweight local deployment would be appropriate for hospitals that require strict control over clinical transcripts and
structured patient data. The model could be optimized for local inference on hospital-grade servers, with privacy
safeguards, audit logs, and role-based access integrated into the clinical environment. Privacy-preserving large language
model research and broader work on federated learning with language models support the principle that sensitive
healthcare data should be processed under strong institutional governance rather than exposed unnecessarily to external
systems [23, 24]. Latency should be addressed as a workflow requirement, because the summary is most useful when it
is available for review soon after the meeting while the discussion remains fresh.

Ensuring Factual Accuracy and Safety
Hallucination mitigation through source attribution

Hallucination mitigation should begin by requiring every generated statement to map back to a transcript timestamp,
structured problem-list entry, medication record, or discharge planning source. This approach would prevent the model
from presenting plausible but unsupported clinical content as fact, which is particularly important when summaries
influence handoffs, medication reconciliation, or discharge decisions. Prior work on factual consistency in radiology
reporting and clinical summarization shows that fluent language is insufficient unless the generated content remains
faithful to source evidence [25-27]. The proposed system should therefore flag unsupported statements for clinician
review rather than silently include them in the final note.

Medical contradiction detection and escalation

A post-generation contradiction checker would compare the draft summary against the active problem list, medication
record, allergies, and relevant structured orders. For example, if the summary suggested initiation of a medication while
the structured record indicated a contraindication, hold order, or unresolved safety concern, the system should escalate
that claim for clinician verification. Clinical entity and relation extraction methods could support this verification layer by
identifying whether generated statements preserve the relationships present in source records [20, 22]. This checker
would not make autonomous safety decisions, but it would help surface inconsistencies that might otherwise be missed in
a busy clinical workflow.

Human-in-the-loop verification and correction

Human-in-the-loop verification is essential because the proposed model would function as a clinical documentation
assistant rather than an independent decision maker. The attending physician or designated reviewer should be able to
inspect evidence links, edit summary language, confirm action items, and approve the note before it enters the electronic
health record. Studies of clinical note generation, handoff summarization, and medical large language models emphasize
that clinician judgment remains necessary to assess adequacy, safety, and usefulness in context [9, 18, 21]. Logged
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corrections could also become governed feedback for later model refinement, provided privacy and institutional review
requirements are met.

Interpretability, Verification, and Clinical Review
Traceable summary annotations

Traceable annotations should allow clinicians to click from each generated claim to the corresponding transcript line,
medication record, problem-list entry, or discharge planning note. This interface design would make verification faster
because reviewers would not need to search manually across the transcript and electronic health record to confirm the
basis for a statement. The need for traceability is consistent with factuality-focused work in radiology report generation
and clinical summarization, where source grounding helps distinguish supported findings from generated assumptions
[25-27]. For team discussions, traceability also helps preserve accountability by showing whether a decision was explicitly
stated, inferred from context, or still unresolved.

Clinician feedback loop for continuous improvement

A clinician feedback loop would capture edits, deletions, reordered sections, and rejected claims as signals for future
adaptation of the summarization system. These corrections could reveal recurring local patterns, such as how a particular
ICU team phrases discharge readiness, how pharmacists discuss medication reconciliation, or how oncology boards
frame guideline-based recommendations. Parameter-efficient fine-tuning and domain adaptation approaches suggest that
models can be adjusted toward clinical documentation needs without requiring wholesale retraining of a foundation model
[11, 13, 19]. Such learning should occur under governance that separates quality improvement from unsafe automatic
updating, ensuring that clinician feedback improves reliability without introducing unreviewed behavior.

Verification metrics and trust-building

The system should present simple verification indicators, such as whether each summary section is fully source-linked,
partially source-linked, or requires review. These indicators would support appropriate trust by encouraging clinicians to
inspect uncertain content instead of treating the generated note as self-validating. Prior clinical summarization and
ambient documentation studies show that human evaluation must consider completeness, accuracy, safety, and practical
usefulness rather than relying only on automated text-similarity metrics [4, 7, 16]. A useful interface would therefore make
model uncertainty visible and actionable, helping clinicians trust the workflow while still maintaining final responsibility for
the clinical note.

Integration into Care Team Workflow
Post-meeting summary and EHR integration

After clinician approval, the summary could be posted as a structured “Team Rounds Note” or similar documentation
artifact within the electronic health record. The note would ideally include current clinical impression, decisions made,
medication changes, discharge readiness, unresolved issues, and assigned action items, making the meeting output
visible to all care team members. Work on emergency medicine handoff notes, discharge summarization, and
multidisciplinary team meeting support suggests that structured summaries may improve continuity when care
responsibility shifts across clinicians and services [1, 4, 21]. Integration into the electronic health record should be
designed to reduce duplication rather than add another documentation burden.

Real-time action item alerts
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The same pipeline could identify action items during or immediately after a meeting and route them through secure
messaging or task management systems to the responsible clinician or team role. Examples could include requesting a
consult, confirming a medication reconciliation issue, arranging home services, or clarifying discharge transportation, but
each alert should remain reviewable and grounded in the transcript. Prior work on clinical note generation and
multidisciplinary care support indicates that summarization has operational value when it transforms conversation into
actionable workflow artifacts [1, 8, 15]. Real-time alerts should therefore be treated as an extension of the approved
summary, not as independent automated orders.

Evaluation Strategy
Intrinsic summary quality metrics

Intrinsic evaluation should assess whether generated summaries are coherent, complete, source-faithful, and clinically
well structured when compared with manually written meeting notes. Automated metrics such as lexical overlap, semantic
similarity, and factual consistency measures could be used as supporting signals, but they should not be treated as
sufficient evidence of clinical safety. Research on hospital-course summarization, radiology report generation, and factual
consistency evaluation shows that automated metrics can help characterize model behavior while still missing clinically
important omissions or unsupported claims [4, 5, 10, 27]. The evaluation strategy should therefore use automated
measures as screening tools alongside clinician review.

Table 2 provides a clinical readiness evaluation matrix that separates linguistic quality from factual safety, workflow utility,
and governance requirements.

Table 2. Evaluation Matrix for Clinical Readiness of Interdisciplinary Meeting Summarization

Evaluation Primary assessment Suggested evidence Minimum Deployment
dimension question source acceptable implication
standard
Completeness Does the summary capture Blinded No clinically Determines whether
major decisions, medication multidisciplinary important category the system can
changes, discharge barriers, reviewer scoring consistently omitted support team
unresolved questions, and documentation

action items?

Source Is each generated claim Claim-level evidence = Unsupported clinical Determines
faithfulness supported by transcript or audit claims must be rare hallucination safety
structured EHR evidence? and clearly flagged
Medication Are medication starts, stops, Pharmacist review No unflagged Determines suitability
accuracy holds, dose changes, and against transcript and  clinically meaningful for medication-
rationales represented medication record medication errors sensitive workflows
correctly?
Discharge Does the summary clarify Case manager and Action items and Determines workflow
planning utility ~ barriers, responsibilities, and  discharge coordinator barriers must be value beyond
readiness status? review assignable and documentation burden
verifiable reduction
Contradiction Are conflicts between Structured-record High-risk Determines safety of
detection generated summary and comparison and contradictions must EHR integration

structured record identified?  clinician adjudication
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be escalated before

approval
Reviewer Does the draft reduce or Time-motion study  Review time must be  Determines practical
burden increase clinician and user feedback  justified by improved adoption feasibility
documentation workload? completeness and
safety
Trust Do clinicians appropriately Interface-use logs Users should not Determines whether
calibration inspect uncertain or flagged and qualitative accept flagged the system promotes
content? interviews claims without review safe reliance
Governance  Are privacy, audit, access, and Institutional No deployment Determines
readiness accountability controls compliance and without auditable institutional readiness
operational? security review access and approval for pilot
workflows implementation

Clinical adequacy and safety review

Clinical adequacy should be assessed through blinded review by physicians, nurses, pharmacists, case managers, and
other team members who understand the meeting context. Reviewers should judge whether the summary captures the
major decisions, medication changes, discharge barriers, unresolved questions, and responsibilities without adding
unsupported or unsafe content. Prior work on large language model clinical summarization and ambient clinical
intelligence emphasizes the importance of human evaluation for adequacy, completeness, clinical usefulness, and safety
[7, 9, 16]. This review process should also distinguish minor wording edits from clinically meaningful corrections, because
the latter carry greater implications for deployment readiness.

Prospective workflow and efficiency impact

Prospective evaluation should examine whether the system improves documentation completeness, reduces duplicated
documentation work, supports handoffs, and improves team awareness of pending tasks. It could also assess clinician
satisfaction, perceived cognitive burden, timeliness of documentation, and whether discharge-related issues are surfaced
earlier in the workflow. Studies involving handoff notes, automated clinical note generation, and multidisciplinary meeting
support suggest that workflow impact should be evaluated in the setting where the tool is actually used rather than
inferred solely from offline summary quality [1, 8, 21]. The strongest evaluation would therefore combine intrinsic
summary review with prospective observation of team communication and documentation processes.

Limitations
Speech recognition and diarization errors

The pipeline would depend on accurate audio capture, transcription, and speaker diarization, all of which may be
challenged by noisy rooms, overlapping speech, accents, interruptions, and role changes during meetings. If the
transcript misattributes a medication recommendation to the wrong speaker or omits a qualification, the generated
summary could propagate an error unless the verification interface makes the source uncertainty visible. Work on
ambient clinical intelligence and conversation-based note generation shows that spoken clinical documentation requires
careful handling of dialogue structure before it can be converted into reliable notes [9, 16, 17]. For this reason, transcript
quality and diarization confidence should be treated as safety-relevant inputs rather than purely technical preprocessing
details.

Clinical context and trust
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A language model may miss nonverbal cues, institutional context, team hierarchy, or subtle uncertainty conveyed through
tone and timing. Clinicians may also overtrust a polished generated summary or undertrust the system because of
concern about hallucination, privacy, or workflow disruption. Reviews of large language models in medicine emphasize
that clinical deployment must account for limitations in reasoning, factuality, transparency, and user trust [18, 23, 27].
Adoption would therefore require careful governance, training, auditability, and a culture in which the model is understood
as a documentation support tool rather than a substitute for professional judgment.

Conclusion

The proposed large language model pipeline would transform interdisciplinary care discussions into structured,
reviewable clinical summaries. By combining secure meeting transcripts with active problem lists, medication changes,
and discharge planning notes, the system could preserve decisions, rationale, unresolved questions, and action items
that are often lost after rounds or tumor boards.

Its key strengths are real-time capture, grounded generation from structured patient data, source traceability, and
integration into documentation and task workflows. These features would allow the system to support team
communication while preserving clinician oversight and accountability.

Important challenges remain, including speech recognition errors, diarization uncertainty, hallucination risk, privacy
governance, and cultural adoption in high-stakes clinical environments. The system would need to be evaluated carefully
as a safety-sensitive communication tool rather than simply as a generic summarization model.

Future pilot implementations in intensive care units, oncology tumor boards, and discharge planning meetings should
examine safety, efficiency, clinician workload, and communication outcomes. Such pilots would help determine whether
secure, grounded summarization can become a reliable part of clinical team documentation.
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