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Introduction

Fernando Diaz , Lucia Morales , Diego Perez , Valeria Soto , Martin Alvarez1 1* 2 1 2

Navigating specialty care often requires patients to understand referral reasons, appointment logistics, preparation
rules, insurance requirements, and follow-up expectations. These instructions are frequently distributed across
separate documents and portals, creating avoidable confusion for patients and caregivers. No unified system currently
converts fragmented referral, clinic, insurance, preparation, and scheduling information into one personalized, plain-
language care navigation guide. As a result, patients may miss critical steps before appointments or misunderstand
what they need to do. This article proposes a conceptual large language model system for generating patient-friendly
care navigation instructions from clinical, administrative, and scheduling data. The objective is to describe how such a
system could support clearer, safer, and more accessible patient communication. The proposed pipeline would extract
relevant facts from referral orders, clinic requirements, insurance rules, preparation instructions, and scheduling
constraints. A retrieval-augmented LLM would then synthesize these facts into a cohesive instruction sheet with
traceability back to verified institutional sources. Conceptually, the system would generate a clear, step-by-step
appointment guide tailored to the patient’s language, health literacy needs, and preferred communication channel. The
output would be expected to reduce cognitive burden by consolidating complex healthcare logistics into one practical
message. An LLM-based patient navigation instruction system could bridge the communication gap between
healthcare operations and patient understanding. Responsible deployment would require strong grounding, validation,
accessibility design, and human oversight for high-risk instructions.

1

2

Missed appointments, incomplete preparation, and delayed follow-through often arise not only from patient choice but
also from unclear navigation instructions that fail to translate healthcare logistics into actionable steps. Patient-facing
discharge and appointment materials can contain dense terminology, fragmented sequencing, and assumptions about
literacy or digital access, all of which can increase confusion during transitions of care [1, 2]. Studies of AI-generated
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Background

discharge and patient-facing explanations suggest that LLMs could help reframe institutional language into clearer
formats, but only when outputs remain accurate, complete, and contextually appropriate [1, 3]. For referral-based care,
the communication burden is especially high because patients must often coordinate clinical instructions, administrative
requirements, and scheduling tasks without a single coherent guide [4, 5].

Referral navigation commonly draws on multiple disconnected information sources, including referral orders, specialty
clinic letters, appointment reminders, insurance authorization notices, preparation sheets, and portal messages.
Research on patient-facing AI responses and radiology explanations demonstrates that patients often benefit from
language that is simplified, organized, and adapted to their immediate questions, yet many health systems still distribute
instructions as separate documents rather than as an integrated care pathway [6-8]. A patient may receive one message
about appointment time, another about fasting, another about insurance approval, and another about what to bring,
creating a fragmented experience that is difficult to manage. An LLM-based navigation assistant could conceptually
consolidate these sources into one patient-friendly guide while preserving the institutional facts from which each
instruction was derived [9, 10].

Recent advances in LLMs and generative AI show increasing capacity to transform clinical and administrative text into
human-centered narratives, including plain-language discharge summaries, patient education materials, and responses to
patient questions [11-13]. These systems are not substitutes for clinicians or administrative staff, but they can serve as
communication assistants that restructure source information into more usable language. Studies on plain-language
medical information and readable patient education materials indicate that generative models may improve accessibility
when carefully constrained and reviewed [14-16]. For care navigation, this capability could be directed toward producing
stepwise instructions that explain what the appointment is for, where to go, how to prepare, what documents to bring, and
whom to contact if questions remain.

The thesis of this article is that a dedicated LLM system could generate safe, accurate, and patient-centered navigation
instructions by combining retrieval-augmented generation, structured fact extraction, health-literacy controls, and
workflow integration. Unlike a general chatbot, the proposed system would be anchored to institutional source data such
as referral content, clinic protocols, insurance rules, and scheduling records, thereby limiting unsupported generation. It
would be expected to produce a practical guide rather than clinical advice, with uncertain or high-risk instructions routed
to staff review before patient delivery. This approach aligns with emerging evidence that LLMs can support patient
communication, but it also recognizes concerns about factuality, bias, readability, privacy, and over-trust in AI-generated
health information.

Patient navigation and communication in healthcare
Patient navigation depends on clear communication across clinical, administrative, and logistical steps, yet many patients
receive instructions that are difficult to interpret or incomplete for their specific appointment context. Conversational
agents and AI-assisted communication tools have been explored as ways to improve healthcare access, answer common
questions, and support patient understanding, although their safety depends on accurate scope definition and escalation
pathways [17, 18]. In referral care, clear instructions are not merely educational; they affect whether the patient arrives at
the correct location, completes required preparation, brings required documents, and understands next steps. A patient
navigation LLM would therefore need to focus on practical, task-oriented communication rather than broad clinical
diagnosis or treatment recommendation [19].

Large language models for patient-facing content
LLMs have shown promise in converting technical clinical language into more patient-centered text, including discharge
summaries, pediatric admission summaries, radiology explanations, and responses to patient questions [1, 4, 7, 20]. At
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Instruction Generation Pipeline Overview

the same time, these models can introduce unsupported statements, omit important caveats, or produce fluent text that
appears authoritative despite being incomplete. Studies comparing AI-generated responses with clinician-authored
communication show that tone and readability may improve, but factual accuracy and clinical appropriateness require
careful evaluation [6, 21]. For navigation instructions, this means the model should not invent policies, preparation rules,
costs, or appointment details; it should generate only from verified source information.

Transforming structured clinical data into natural language
Natural language generation from structured and semi-structured clinical data provides a foundation for converting orders,
summaries, and institutional facts into readable patient communication. Generative models have been used to summarize
electronic health record content, extract key clinical information, and transform technical documents into plain-language
explanations, suggesting a pathway for referral-to-instruction generation [22, 23]. However, care navigation differs from
traditional clinical summarization because it must combine clinical indications with operational facts such as time,
location, required documents, and preparation steps. The gap is therefore not simply producing understandable medical
language, but producing an integrated, accurate, action-oriented guide from heterogeneous source systems [2, 5].

Health literacy and readability of patient instructions
Health literacy is central to patient navigation because patients must translate written instructions into concrete actions
before, during, and after an appointment. Studies of LLM-generated patient education materials have examined
readability, simplification, and accessibility, showing that AI-generated text can potentially reduce jargon but may still
require human review for completeness and cultural appropriateness [10, 14-16]. Patient-facing instructions should use
short sentences, familiar words, direct sequencing, and explicit action verbs, especially when communicating preparation
rules or administrative requirements. A navigation LLM should therefore be designed not only to summarize information
but also to adapt it for health literacy, language preference, disability access, and patient context [24, 25].

Multi-source grounding and factual accuracy in instruction generation
Multi-source grounding is essential because navigation instructions depend on facts that may vary by clinic, procedure,
insurer, appointment type, and patient status. Retrieval-augmented generation offers a conceptual mechanism for limiting
hallucination by requiring the LLM to retrieve policy snippets, preparation protocols, scheduling facts, and insurance
summaries before composing the final instruction [22, 26]. For patient communication, grounding should be paired with
traceability so that staff can verify where each instruction came from and identify claims that are unsupported or outdated.
Current reviews of LLMs in patient care emphasize that safe deployment requires evaluation of accuracy, completeness,
bias, privacy, and governance rather than reliance on fluency alone [27, 28].

High-level workflow
When a referral is placed or an appointment is scheduled, the proposed pipeline would trigger a sequence of data
extraction, fact alignment, LLM prompt assembly, instruction generation, optional human review, and delivery to the
patient. This workflow builds on prior evidence that LLMs can transform discharge and clinical summaries into patient-
friendly language, while also recognizing the need for structured safeguards before release [1, 11, 13]. The system would
first identify the patient-facing facts needed for navigation, then organize them into a coherent appointment guide with
source traceability. High-risk content, such as medication preparation or ambiguous insurance requirements, would be
held for staff verification rather than automatically sent.

Core input domains

https://cirpublications.com/panel/pub-article/257/update#ref-6389db19-392e-4c27-a0ff-ea89baed7eb3
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Data Sources and Information Extraction

The core input domains would include referral details, clinic logistics, insurance requirements, preparation instructions,
and appointment-specific scheduling information. Referral details would clarify the specialty, reason for referral, urgency,
and any clinical note that affects preparation, while clinic logistics would specify location, check-in process, identification
requirements, parking, and telehealth access. Insurance information would describe authorization status and patient
financial obligations in plain language, and preparation data would translate protocol requirements into stepwise actions.
This multi-domain design reflects the broader movement from isolated patient education toward integrated, patient-facing
communication that connects clinical content with practical navigation needs [8, 17, 29].

Design principles
The system should be fact-grounded, health-literate, multilingual, accessible, and aligned with the patient’s preferred
communication channel. Every factual claim would be expected to map to a verified source, while readability controls
would encourage short sentences, familiar words, and clear sequencing for patients with varying literacy levels [10, 24,
25]. Accessibility would require outputs that function in plain text, screen-reader-compatible HTML, large-font formats, and
translated versions when appropriate. These design principles position the LLM as an assistant for communication and
care coordination rather than an autonomous clinical decision-maker [19, 27].

Figure 1 presents the proposed grounded LLM workflow for transforming fragmented referral, clinic, insurance,
preparation, and scheduling data into safe, patient-friendly care navigation instructions.

Figure 1. Grounded LLM Workflow for Generating Patient-Friendly Care Navigation Instructions from Referral, Clinic,
Insurance, Preparation, and Scheduling Data

Parsing referral orders and clinical indications
Referral orders contain essential patient navigation facts, including the referred specialty, clinical reason, urgency,
ordering clinician, and sometimes preparation-relevant notes. An extraction layer could identify these facts and distinguish
patient-facing information from internal clinical shorthand, similar to how LLMs and summarization systems have been
explored for converting clinical documentation into more understandable forms [4, 22]. For example, a referral reason
written in technical language could be translated into a brief explanation of why the visit was scheduled without adding
diagnostic certainty beyond the source data. The system should also recognize when clinical indications are sensitive,
ambiguous, or unsuitable for direct patient wording without clinician review [21, 28].

Extracting scheduling constraints and location details
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Scheduling systems provide practical details that patients need but may not receive in a single coherent message,
including appointment date, time, expected duration, building, floor, parking instructions, check-in requirements, and
telehealth links. AI-supported patient communication studies suggest that patients benefit when information is presented
in direct, organized language rather than scattered across multiple documents or portal notifications [2, 7, 8]. A navigation
LLM could retrieve these scheduling facts and place them near the beginning of the instruction sheet so that patients
immediately understand where and when to act. The model should not infer missing location or timing details; absent
information should be flagged for staff completion or displayed as a prompt to contact the clinic.

Interpreting insurance rules and financial obligations
Insurance rules are often difficult for patients to interpret because authorization status, copay language, coverage
restrictions, and required documents may be communicated through administrative terminology. A care navigation LLM
could conceptually translate verified insurance information into plain language, such as whether authorization is pending,
whether the patient should bring an insurance card, or whether the clinic may contact them if additional information is
needed. Because financial obligations and payer rules are highly variable, the system should avoid definitive guarantees
unless they are explicitly supported by source data. Evidence on patient-facing LLM communication and ethics
emphasizes that AI-generated guidance must manage uncertainty transparently and prevent users from over-trusting
unsupported administrative or clinical claims [19, 25, 27].

Retrieving preparation and pre-visit instructions
Preparation instructions may include fasting, medication adjustments, arrival timing, documents to bring, imaging
preparation, laboratory requirements, or procedure-specific restrictions. LLM studies in patient education and surgical
preparation suggest that generative systems can produce readable preparation guidance, but accuracy and
completeness are critical because omissions may affect appointment completion or safety [12, 29]. The proposed system
would retrieve the correct protocol based on the order, appointment type, patient factors, and clinic rules before
generating the instruction. If the preparation protocol includes medication changes, complex dietary restrictions, or
conflicting instructions, the output should be routed for human review before being released to the patient [11, 28].

Table 1 summarizes the input-to-output generative workflow through which institutional source data are converted into a
consolidated patient-facing navigation guide.

Table 1. Input-to-Output Generative Workflow for an LLM-Based Patient Care Navigation Instruction System

Workflow
component

Operational input Extraction or
processing task

LLM generation
function

Patient-facing
output

Practical
implementation

value

Referral order
interpretation

Specialty referral
order, reason for

visit, urgency,
referring clinician

notes

Identify referred
specialty, visit

purpose, urgency,
and clinically

relevant preparation
cues

Convert referral
rationale into a
brief patient-

friendly
explanation

without adding
unsupported
diagnosis or

advice

“You have an
appointment with

the cardiology
clinic because

your doctor
requested a

heart
evaluation.”

Helps patients
understand why the

appointment was
scheduled and

reduces confusion
about referral

purpose

Clinic
requirement
translation

Clinic check-in
rules, identification

requirements,

Extract required
documents, check-
in timing, reception

Translate
operational

requirements into

“Please arrive
early, bring your
insurance card

Makes clinic
logistics actionable

and reduces
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arrival policies,
building

instructions

location, and clinic-
specific rules

simple,
sequenced
instructions

and photo ID,
and check in at
the third-floor

reception desk.”

avoidable front-desk
clarification

Insurance and
authorization
explanation

Eligibility
response, prior
authorization
status, copay
notes, payer-

specific
documentation

rules

Identify
authorization status,

unresolved
insurance steps,

and patient-facing
financial obligations

Explain
insurance

requirements
cautiously using
verified source

data and
uncertainty

language where
needed

“Your
authorization is

listed as
pending. The

clinic may
contact you if

more information
is needed.”

Reduces
administrative

ambiguity while
avoiding

unsupported cost or
coverage promises

Preparation
instruction
synthesis

Procedure
protocols, fasting

requirements,
medication-related
instructions, pre-

visit testing
requirements

Match the correct
protocol to the

appointment type
and extract

preparation steps

Produce a step-
by-step

preparation
section in plain

language

“Do not eat or
drink before the
visit if your clinic
instruction sheet
says fasting is

required.”

Supports
appointment

readiness and
reduces incomplete

preparation risk

Scheduling and
location

integration

Appointment date,
time, duration,
clinic address,

floor, parking note,
telehealth link

Normalize
appointment-

specific scheduling
and access details

Place date, time,
location, and

access
instructions

prominently in
the guide

“Your
appointment is
on Monday at

9:00 AM in
Building B, Floor

2.”

Consolidates
logistical details that
are often split across
multiple reminders

Patient
preference
adaptation

Preferred
language,

communication
channel,

accessibility
needs, caregiver

involvement

Retrieve
documented

communication
preferences and

accessibility
requirements

Adapt tone,
language, format,

and delivery
channel without
altering factual

content

Portal message,
SMS reminder,

large-font
version,

caregiver-facing
copy, or screen-

reader-
compatible

HTML

Improves access for
patients with

language, literacy,
disability, or

caregiver-support
needs

Source-
grounded

prompt
assembly

Extracted facts,
retrieved policy

snippets, protocol
excerpts,

scheduling fields

Create a structured
generation packet
with allowed facts

and forbidden
assumptions

Instruct the LLM
to generate only

from verified
source content

Draft instruction
sheet with

internal source
links for audit

Reduces
hallucination risk
and supports staff

verification

Structured
patient

instruction
generation

Grounded prompt
packet and patient

communication
rules

Generate a
cohesive navigation
guide organized by

appointment
purpose,

preparation,

Produce patient-
friendly

instructions in a
clear sequence

Single
consolidated

care navigation
guide

Replaces
fragmented

messages with one
practical,

understandable
instruction artifact
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LLM Architecture and Instruction Customization

logistics,
documents, and

contact steps

Delivery and
documentation

Patient portal,
appointment

reminder system,
SMS/email

platform, printed
discharge or

referral materials

Store final
message, version
output, and record
delivery channel

Format final
approved content
for the selected

channel

Portal guide,
reminder

attachment,
printed

instruction sheet,
or caregiver

copy

Integrates generated
instructions into

existing healthcare
communication

workflows

Model choice and fine-tuning
The proposed system would use an instruction-tuned LLM adapted to health communication tasks through curated
examples of high-quality navigation instructions, health-literacy guidance, and controlled output formats. Prior research on
fine-tuned or prompted language models for discharge instructions and patient-facing summaries supports the idea that
model behavior can be shaped toward clearer and more structured communication [5, 13]. However, the system should
not be described as independently learning clinical policy or administrative rules; it would generate from retrieved
institutional facts and predefined templates. Fine-tuning would therefore serve the communication style, not replace
source verification or workflow governance.

Retrieval-augmented generation and fact-grounding
Retrieval-augmented generation would be the central safety mechanism because it would require the model to retrieve
relevant clinic policies, preparation protocols, referral facts, scheduling details, and insurance summaries before
composing the patient-facing output. This approach is consistent with emerging healthcare RAG frameworks that seek to
ground generative AI in source documents rather than relying only on model memory [22, 26]. The prompt assembly layer
could include structured facts, retrieved text snippets, required wording constraints, and forbidden behaviors such as
inventing dates, costs, preparation steps, or clinical advice. The final instruction would be expected to include source-
linked assertions for staff audit, even if the patient-facing version uses simple language.

Health literacy and readability control
Health literacy control would guide the model to use plain language, short sentences, direct action verbs, and a clear
sequence of steps that patients can follow before the appointment. Research on LLM-generated patient education
materials, plain-language evidence summaries, and simplified medical information indicates that readability can improve
when models are explicitly prompted and evaluated for patient comprehension [10, 14, 16, 23]. The system could be
instructed to avoid unexplained medical jargon, define necessary terms, and separate urgent actions from background
information. Although readability formulas can support evaluation, human review remains important because a message
can be easy to read while still incomplete, culturally mismatched, or operationally unclear [24, 25].

Multilingual and accessible output generation
Multilingual and accessible output generation would allow the same verified facts to be expressed in the patient’s
preferred language and format, while preserving meaning across versions. Patient-facing AI systems and conversational
agents have been discussed as tools for improving access, but they must account for language preference, disability,
digital literacy, and the risk of unequal communication quality across patient groups [17-19]. The model could generate
plain-text instructions for SMS, structured HTML for portals, and screen-reader-compatible content for patients using
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Ensuring Accuracy, Safety, and Health Literacy

assistive technologies. Translation and accessibility outputs should still be checked against the same source-grounded
facts so that the system does not introduce discrepancies between language versions.

Source citation and traceability
Source citation and traceability would be essential because patients may act directly on generated instructions about
fasting, arrival time, insurance steps, or required documents. The system should link each factual statement to a verified
source, such as a referral order, scheduling record, clinic policy, or preparation protocol, so staff can audit the origin of
each instruction [22, 26]. This design would extend prior work on patient-friendly discharge summaries and clinical
information extraction by making the generated text not only readable but also accountable to institutional records [1, 13].
Claims that cannot be linked to source data should be highlighted for review rather than included as confident patient-
facing guidance.

Hallucination prevention and safety guardrails
Hallucination prevention would require more than careful prompting because fluent LLM output can still contain
unsupported or misleading information. A post-generation validator should compare the instruction sheet against
extracted source facts, checking whether dates, times, locations, preparation rules, insurance statements, and contact
instructions match the retrieved evidence [27, 28]. Contradictions, missing source support, or critical uncertainty should
prevent automatic release and route the message to staff for correction. Such safeguards are especially important
because studies of patient-facing AI communication show that patients may perceive AI-generated responses as helpful
even when factual completeness and appropriateness still require expert oversight [6, 21].

Human-in-the-loop review for high-risk instructions
Human-in-the-loop review should be reserved for instructions that carry higher clinical, logistical, or financial risk, such as
medication adjustments, fasting requirements, anesthesia preparation, prior authorization uncertainty, or complex
disability accommodations. Evidence from LLM-generated discharge and preparation materials suggests that generative
systems can improve readability, but high-risk patient instructions still require professional verification before release [11,
12, 29]. The review interface should allow staff to see the generated text, source evidence, flagged uncertainties, and
suggested corrections in one view. This would position the model as a drafting and consolidation assistant rather than as
an autonomous authority over patient preparation or care navigation.

Table 2 outlines the safety, quality-control, human-review, and governance safeguards required for responsible
deployment of patient-facing LLM navigation instructions.

Table 2. Safety, Quality Control, Human Review, and Governance Framework for Patient-Facing LLM Navigation
Instructions

Governance
domain

Safety or quality
risk

Control
mechanism

Human review trigger Responsible
implementation

role

Practical
output

https://cirpublications.com/panel/pub-article/257/update#ref-c84c4472-d590-47e9-9ecb-e6396f25ba6c
https://cirpublications.com/panel/pub-article/257/update#ref-5667e190-6726-4ea4-bc76-386ce98030f9
https://cirpublications.com/panel/pub-article/257/update#ref-c60ec3c7-13a2-4f44-ad41-b2f8a23ea390
https://cirpublications.com/panel/pub-article/257/update#ref-6389db19-392e-4c27-a0ff-ea89baed7eb3
https://cirpublications.com/panel/pub-article/257/update#ref-6135ba76-7c69-4ff6-8e6e-393914124525
https://cirpublications.com/panel/pub-article/257/update#ref-6135ba76-7c69-4ff6-8e6e-393914124525
https://cirpublications.com/panel/pub-article/257/update#table-ca907fed-954d-4526-bfdc-c925ab24d378
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Source
grounding

The model
invents

appointment
details,

preparation
steps, costs, or

clinic rules

Retrieval-
augmented

generation with
source-linked facts

and restricted
prompt context

Any generated claim
without a linked

institutional source

Clinical informatics
team, referral

operations lead

Source-
traceable

instruction sheet

Factual
consistency

Generated text
conflicts with
scheduling,
insurance,
protocol, or
referral data

Post-generation
validator compares

output against
extracted facts

Contradiction in date,
time, location,

preparation rule,
insurance status, or
contact instruction

Scheduling
supervisor, patient
navigation team

Corrected or
withheld patient

message

Preparation
safety

Incorrect fasting,
medication,
laboratory,
imaging, or
procedure-
preparation
instructions

High-risk
preparation rules

are routed through
predefined staff
review criteria

Medication changes,
fasting rules,
anesthesia

preparation, complex
diet restrictions, or

unclear protocol match

Nurse, clinic staff,
procedure
coordinator

Staff-approved
preparation

section

Health literacy Output is
readable but still
confusing, too
technical, or

poorly
sequenced

Readability control,
jargon detection,
short-sentence

prompting, action-
step formatting

Complex terminology,
long paragraphs,

unexplained
abbreviations, or

unclear patient actions

Patient education
specialist, health
literacy reviewer

Plain-language
navigation guide

Multilingual
accuracy

Translation
changes the
meaning of
preparation,

location, timing,
or insurance
instructions

Same source-
grounded fact

packet used for
each language;

translation review
for high-risk
instructions

Non-English output
containing preparation,
medication, or financial

information

Interpreter
services, bilingual

staff, patient
communication

team

Language-
concordant

patient
instructions

Accessibility Instructions are
inaccessible to
patients using

assistive
technology or

requiring
alternative

formats

Plain-text structure,
screen-reader-

compatible HTML,
large-font option,
caregiver-facing

version

Document contains
complex formatting,
image-only text, or
inaccessible portal

layout

Patient access
team, digital

accessibility lead

Accessible
communication

artifact

Privacy and
sensitive
content

Generated
message
includes

unnecessary
sensitive clinical

Minimum
necessary content
rule and privacy
screen before

delivery

Sensitive diagnosis,
stigmatizing language,
unnecessary financial
details, or caregiver
disclosure concern

Privacy officer,
compliance team

Privacy-
preserving

patient
communication
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Personalization and Patient Interaction

or insurance
details

Over-trust and
scope creep

Patient treats AI-
generated
navigation

instructions as
clinical advice

Explicit assistant
role, escalation
language, and

boundaries
between logistics

and medical advice

Patient asks clinical,
urgent, or symptom-

related question

Nurse triage team,
clinician, patient

navigator

Safe escalation
to human care

team

Version
control

Patient receives
outdated

instructions after
rescheduling or
protocol change

Versioned outputs
linked to

appointment status
and current source

documents

Appointment
rescheduled, location
changed, preparation
protocol updated, or
authorization status

changed

Scheduling team,
portal operations

team

Updated patient-
facing

instruction
message

Equity and
monitoring

Instructions work
better for some
patient groups

than others

Review by
language, literacy,

disability, age,
digital access, and

communication
channel

Recurrent unclear
feedback from specific
populations or access

groups

Health equity lead,
patient experience

team

Equity-informed
refinement plan

Liability and
accountability

Unclear
responsibility for

AI-generated
patient

instructions

Governance policy
defining approval,
audit, escalation,

and release
responsibilities

High-risk instructions,
patient complaint,

adverse
communication event,

or staff override

Health system
leadership, legal,

clinical
governance board

Auditable
deployment
framework

Continuous
improvement

Repeated
unclear

instructions
persist across

clinics or referral
pathways

Patient feedback,
staff correction

logs, and recurring
error review

Frequent clarification
calls, repeated patient
misunderstanding, or
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Learning patient preferences and history
Personalization would allow the system to adapt navigation instructions to stable patient preferences, including language,
preferred communication channel, accessibility needs, transportation concerns, and caregiver involvement. Patient-facing
AI and chatbot research suggests that conversational systems may improve engagement when they respond to user
needs, but they must avoid over-personalization that assumes unsupported facts or reinforces inequities [17-19]. A
navigation LLM could use documented preferences to determine whether instructions should be sent through the portal,
SMS, email, printed letter, or caregiver-facing format. Personalization should remain transparent, consent-aware, and
limited to communication support rather than inference about sensitive patient attributes.

Two-way conversational refinement
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Integration Into Care delivery and Patient Portals

Evaluation Strategy

Two-way conversational refinement would allow patients to ask practical follow-up questions, such as whether they can
bring a caregiver, where to park, what to do if they are late, or how to access a telehealth link. Prior work comparing AI
and clinician responses to patient questions suggests that LLMs can produce understandable and empathetic language,
but escalation rules are needed when questions become clinical, urgent, or outside the retrieved source content [6, 7, 21].
The system should answer only when the relevant policy or scheduling fact is available and should otherwise direct the
patient to clinic staff. This design would support patient navigation while preserving boundaries between administrative
guidance and clinical decision-making.

Integration with reminder systems and digital front doors
Generated navigation instructions could be attached to appointment reminders, embedded in patient portals, delivered
through digital front doors, or sent as SMS and email when appropriate. Conversational agents and AI-supported
healthcare communication tools have been studied as mechanisms for improving access and patient engagement, but
integration into real workflows is necessary for practical value [18, 19]. A reminder could include the appointment time,
location, preparation steps, required documents, and a link to the full instruction guide. The system should ensure that
each communication channel preserves privacy, accessibility, and consistency with the source-grounded instruction sheet
[17, 25].

Embedding in referral and scheduling workflow
Embedding the system in referral and scheduling workflows would allow instruction generation to occur when the
appointment is booked, rescheduled, or updated. The generated guide could be stored in the patient portal, visible to care
teams, and versioned so staff can review what was sent and when. Prior studies of LLM-assisted clinical summaries and
patient-facing messages show the importance of connecting generated text to actual care processes rather than treating
it as a standalone chatbot response [1-3]. If appointment details or preparation rules change, the system should generate
an updated message rather than relying on the patient to reconcile conflicting communications.

Patient feedback and continuous improvement
Patient feedback could help identify unclear instructions, missing information, confusing terminology, or recurring
navigation problems across clinics. Studies of LLM-generated patient education and plain-language medical information
emphasize that readability alone is insufficient; patient understanding, acceptability, and perceived usefulness should also
be evaluated [23-25]. Feedback should be used to improve templates, retrieval coverage, staff review rules, and patient
communication design, not to allow uncontrolled model self-modification. This approach would support continuous
improvement while maintaining governance over the institutional knowledge base and generation workflow.

Instruction quality metrics: accuracy, completeness, and readability
Evaluation should begin with expert review of generated instructions for accuracy, completeness, readability, and
alignment with source documents. Prior studies have assessed AI-generated patient-facing summaries, radiology
explanations, discharge materials, and education resources using criteria such as factual correctness, clarity, readability,
and appropriateness [4, 8, 10, 16]. For this navigation system, reviewers should examine whether the message includes
all required appointment facts, avoids unsupported statements, and expresses preparation steps in plain language.
Evaluation should remain conceptual and safety-oriented, focusing on whether the system could be responsibly assessed
before operational deployment.

https://cirpublications.com/panel/pub-article/257/update#ref-5667e190-6726-4ea4-bc76-386ce98030f9
https://cirpublications.com/panel/pub-article/257/update#ref-eab0ccf0-c8ff-4c9e-aa65-473c47cb41ca
https://cirpublications.com/panel/pub-article/257/update#ref-f5be0e95-453b-48de-a4b7-d76893565700
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Limitations

Conclusion

Patient-reported understanding and adherence
Patient-reported evaluation should examine whether patients understand where to go, when to arrive, how to prepare,
what to bring, and whom to contact with questions. Studies of patient-facing AI responses and simplified medical
communication suggest that perceived clarity and usefulness are important, but they should be interpreted alongside
expert review because patient preference does not guarantee factual accuracy [2, 6, 9]. A proposed evaluation could
compare standard instructions with LLM-generated navigation guides using surveys or interviews about understanding,
confidence, and perceived burden. Such evaluation should avoid claiming benefit before empirical testing and should be
designed to include patients with diverse literacy, language, disability, and digital access needs [17, 24].

Operational impact on no-shows and completion rates
Operational evaluation could examine whether the system would be associated with fewer missed appointments, fewer
incomplete preparations, improved referral completion, or reduced inbound calls for clarification. However, because this
article is conceptual, these outcomes should be framed as future implementation targets rather than reported results.
Prior work on patient communication, conversational agents, and LLM-based patient-facing content supports the
plausibility of studying operational effects, but real-world impact would depend on workflow design, patient population,
and institutional context [18, 19, 27]. Any future pre-post or pragmatic evaluation should account for confounding factors
such as staffing changes, reminder policies, portal adoption, transportation barriers, and insurance variation.

Data quality and institutional variation
The proposed system would depend on the accuracy, completeness, and timeliness of institutional source data. Clinic
policies, preparation protocols, insurance rules, location instructions, and scheduling records may be inconsistent,
outdated, or unavailable in machine-readable form, which would reduce the reliability of generated instructions [22, 26].
Institutional variation also means that a model configured for one health system may not transfer safely to another without
local validation and governance. These limitations are especially important because LLMs may generate coherent
language even when the underlying source data are incomplete or contradictory [27, 28].

Trust and liability concerns
Trust and liability concerns would remain central because patients may rely on generated instructions when deciding how
to prepare, whether to attend, or whom to contact. Ethical discussions of generative AI for patient-facing information
emphasize the risks of over-trust, privacy exposure, inequitable communication quality, and unclear accountability when
AI-generated content affects health-related decisions [19, 25]. The system should therefore disclose its assistant role,
maintain human escalation pathways, and preserve a review process for high-risk or uncertain instructions. Legal and
governance frameworks for AI-generated patient communication are still developing, so deployment should be cautious,
auditable, and institutionally accountable [27, 28].

A large language model for patient-friendly care navigation instructions could transform fragmented referral, clinic,
insurance, preparation, and scheduling information into one coherent guide. The system would not replace clinicians,
schedulers, or patient navigators, but it could assist them by drafting clear, practical, source-grounded instructions for
patients. Its primary role would be communication support: helping patients understand what appointment they have, why
it matters, where to go, how to prepare, and what to do next.

https://cirpublications.com/panel/pub-article/257/update#ref-93cdb737-d8ec-46b6-84c1-d9a241738674
https://cirpublications.com/panel/pub-article/257/update#ref-bab9e1e2-ee87-49ed-ae86-1aee37397256
https://cirpublications.com/panel/pub-article/257/update#ref-95f53090-fa88-447e-a2d2-f0e5a19ae8a1
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The major strength of this approach is consolidation. Instead of expecting patients to reconcile separate referral notes,
portal messages, preparation documents, and insurance notices, the system could produce one personalized navigation
message tailored to literacy level, language preference, accessibility needs, and communication channel. Traceable fact-
grounding would allow staff to verify the source of each instruction, while health-literacy controls would help ensure that
the final message remains understandable and actionable. In this way, the model could serve as an assistant-oriented
bridge between complex healthcare operations and patient comprehension.

Several challenges would still need to be addressed before such a system could be responsibly deployed. Institutional
data may be incomplete or outdated, insurance rules may change quickly, and preparation instructions may vary by
procedure, clinic, and patient condition. Real-world validation would be necessary to determine whether generated
instructions are accurate, acceptable, accessible, and operationally useful across diverse patient populations. Human
oversight would remain essential, especially for medication-related preparation, ambiguous administrative requirements,
and any instruction that could affect patient safety.

Future work should focus on pilot implementations in large health systems with diverse referral pathways and patient
populations. These pilots should evaluate whether source-grounded LLM navigation instructions improve patient
understanding, appointment readiness, and experience without increasing risk or inequity. Responsible implementation
would require collaboration among clinicians, schedulers, patient navigators, informaticians, privacy officers, and patient
representatives. With careful governance, an LLM-based navigation assistant could become a practical tool for making
healthcare instructions clearer, safer, and more patient-centered.
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