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Introduction

Ethan Wright , Chloe Bennett , Jack Turner1 1* 2

Hospital discharge delays are rooted in fragmented coordination across clinical, administrative, and logistical work.
Discharge readiness depends on many interdependent tasks that must be completed in the correct sequence. No
current system fully orchestrates discharge sub-tasks by reasoning across care plans, medication reconciliation,
transport requests, follow-up scheduling, and pending orders in real time. Existing digital tools often support isolated
functions rather than end-to-end coordination. This article proposes an agentic AI system that perceives discharge
requirements, plans task sequences, executes coordination actions, and monitors completion under human
supervision. The system is conceptual and should be understood as an emerging design pattern rather than an
evaluated intervention. The proposed system includes a task decomposition engine, goal-oriented reasoning core,
EHR data adapters, follow-up scheduling rules engine, transport request interfaces, and human override dashboard.
These components would allow the agent to coordinate discharge logistics while preserving clinician authority. The
system would function as a virtual discharge coordinator that continuously tracks task status and identifies stalled
work. It could reduce idle coordination time, prevent overlooked tasks, and allow nurses and case managers to focus
on higher-value clinical and relational work. Agentic AI could transform discharge management from a manual,
interruption-prone process into an automated, accountable, and scalable workflow. Safe deployment would require
interoperability, auditability, constrained autonomy, and rigorous evaluation.

1

2

Hospital discharge is a clinically consequential and operationally complex transition that requires simultaneous attention
to readiness, documentation, medications, follow-up, transport, and unresolved orders. Delays can arise when one
dependent task remains incomplete, even if the patient is otherwise clinically ready to leave the hospital. Predictive work
on discharge timing and discharge readiness shows that machine learning can support anticipation of discharge needs,
but prediction alone does not coordinate the downstream actions needed to complete the transition [1, 2]. An agentic



Bennett et al. J. Health Inform. Digit. Syst. (2026) 6:125
Page 2 of 16

https://doi.org/10.68159/y283179347

Background

discharge system would therefore need to move beyond forecasting toward structured coordination of the entire task
chain [3, 4].

Current discharge coordination remains heavily dependent on nurses, case managers, pharmacists, physicians, transport
teams, and scheduling staff who must communicate across fragmented systems. Manual workflows are vulnerable to
omissions, duplicated effort, unclear ownership, and delays caused by unresolved handoffs. Studies on discharge
prediction and discharge planning requirements indicate that workflow support must be aligned with multidisciplinary
rounds, operational timing, and the lived constraints of inpatient teams [3, 5]. In this context, an agentic system would be
valuable only if it complements existing roles rather than adding another monitoring burden [6].

Agentic AI introduces the possibility of systems that can interpret goals, generate plans, invoke digital tools, monitor task
states, and adapt when exceptions arise. Recent discussions of autonomous agents in health care and clinical LLM
agents suggest that AI systems are beginning to shift from passive information retrieval toward action-oriented support
within constrained digital environments [7, 8]. Clinical workflow applications of large language models also point toward
future systems that could summarize, triage, schedule, and coordinate work when embedded in safe governance
structures [9, 10]. However, the discharge setting requires especially careful design because administrative actions can
still affect safety, timing, and patient experience.

This article proposes an emerging agentic AI system for coordinating hospital discharge tasks using care plans,
medication reconciliation data, transport requests, follow-up scheduling rules, and pending order status. The core thesis
is that a supervised agent could autonomously maintain a dynamic discharge task graph, initiate permissible coordination
actions, and escalate unresolved clinical dependencies to humans. Virtual EHR environments and standards-based
decision support suggest that realistic testing of such agents should occur before deployment in operational care settings.
The intended role is not to make discharge decisions, but to coordinate the work required after clinicians determine that
discharge planning should proceed.

The hospital discharge process and its bottlenecks
The discharge process involves a tightly coupled sequence of tasks, including confirming readiness, reconciling
medications, completing orders, preparing instructions, arranging transport, and scheduling follow-up care. Bottlenecks
emerge because these steps are distributed across teams and systems, and because some tasks cannot safely proceed
until prior dependencies are resolved. Discharge prediction studies indicate that readiness can be anticipated, but they
also show that operational action must follow prediction if the hospital is to reduce avoidable waiting [1, 2]. An agentic
discharge coordinator would therefore need to model discharge as a dependency-sensitive workflow rather than a single
endpoint [5, 11].

Agentic AI and autonomous systems in healthcare
Agentic AI can be understood as a class of systems that pursue goals through planning, tool use, monitoring, and revision
under defined constraints. In healthcare, such systems remain emerging because clinical environments require
accountability, safety boundaries, and human supervision for actions that affect care. Surveys and conceptual analyses of
AI agents in healthcare describe opportunities for autonomous workflow support, while also emphasizing the need for
oversight, interoperability, and robust evaluation [7, 8]. LLM-based clinical agents further illustrate how language
understanding and tool invocation could be combined, but discharge coordination would require domain-specific
guardrails and operational integration [9, 10].

Task decomposition and workflow reasoning
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System Architecture Overview

Task decomposition is central to agentic discharge coordination because the high-level goal of “prepare discharge” must
be translated into concrete sub-tasks with owners, prerequisites, and completion conditions. A reasoning engine could
represent these sub-tasks as a dynamic plan, allowing independent work such as transport preparation and appointment
scheduling to proceed while gated tasks await clinician action. Prior work on clinical workflow optimization and discharge
planning requirements supports the view that AI systems should assist with sequencing, prioritization, and handoff
visibility rather than merely predicting discharge timing [3, 6]. In this design, the agent would maintain a structured
representation of what must happen next, why it must happen, and who can authorize it.

Data sources for discharge coordination
Discharge coordination requires data from care plans, medication reconciliation records, pending orders, transport
systems, follow-up scheduling platforms, and clinical communication channels. Medication-related work is especially
important because unresolved discrepancies can prevent safe discharge and require escalation to a prescriber or
pharmacist. Machine learning studies on medication discrepancies and medication-error risk suggest that structured
medication data can support earlier identification of reconciliation problems, but an agentic system would still need human
confirmation for clinically meaningful changes [12, 13]. Interoperable medication records and EHR data standards would
be necessary for the agent to retrieve current information without relying on manual transcription [14, 15].

Human-in-the-loop models and safety in autonomous systems
Human-in-the-loop design is essential because a discharge agent would operate in a safety-critical environment where
administrative coordination can still influence clinical outcomes. The agent should present its plan, rationale, evidence
sources, and pending actions to clinicians, while allowing approval, modification, cancellation, or escalation at any point.
End-to-end clinical AI implementation frameworks emphasize governance, monitoring, user trust, and workflow fit as
prerequisites for responsible adoption [16]. Standards-based clinical decision support also provides a useful model for
constraining recommendations and actions within auditable, institutionally governed rules [17, 18].

High-level agent design
The proposed architecture could be centralized, with one discharge coordination agent maintaining the full task graph, or
multi-agent, with specialized sub-agents for medications, transport, follow-up, and pending orders. In either configuration,
the system would perceive the discharge state from clinical data sources, plan a task sequence, execute permitted
coordination actions, and monitor outcomes through connected systems. Virtual EHR benchmarking environments
suggest that such agents should be evaluated in simulated clinical contexts before they are trusted in live workflows [19].
The supervising clinician or case manager would remain the accountable human authority, with the agent acting as an
always-on coordinator rather than an autonomous clinician.

Figure 1 illustrates the proposed agentic AI discharge coordination architecture, showing how clinical and operational
inputs are transformed into a dynamic task graph, constrained coordination actions, human-supervised escalation, and
auditable discharge workflow outputs.
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Discharge Task Decomposition and Dependency Modeling

Figure 1. Agentic AI Architecture for Human-Supervised Hospital Discharge Task Coordination

Core inputs and action space
The system’s core inputs would include care plan goals, medication reconciliation status, transport requirements, follow-
up rules, pending orders, and discharge documentation readiness. Its action space would be deliberately constrained to
coordination tasks such as requesting transport, checking appointment availability, sending secure reminders, notifying
responsible clinicians, and marking administrative sub-tasks as complete. FHIR-based interoperability and standards-
based clinical decision support provide the conceptual foundation for connecting the agent to EHR data and executable
policy artifacts [15, 17]. The system would not independently order medications, cancel clinical orders, or determine
whether the patient is medically fit for discharge.

Design principles
The architecture should be transparent, interruptible, auditable, workflow-compatible, and safe by design. Transparency
requires that each plan step be explainable in relation to a care plan item, medication status, scheduling rule, or pending
order. Interruptibility means that authorized users can pause the agent, override a decision, or redirect the plan when
clinical circumstances change. These principles are consistent with implementation guidance for end-to-end clinical AI
and with the need to assess clinical AI tools within governance structures that account for safety, accountability, and
adoption [16, 18].

Extracting discharge criteria and sub-tasks from the care plan
The agent would parse structured and unstructured care plan elements to derive required discharge tasks such as
specialty follow-up, home services, equipment evaluation, pending laboratory review, patient education, and transport
needs. LLM-based summarization studies show that clinical text can be transformed into structured discharge-relevant
content, but coordination requires the additional step of converting that content into actionable tasks [20, 21]. The agent
would map each extracted task to an owner, completion condition, relevant data source, and escalation pathway.
Because extraction errors could propagate into workflow errors, every derived task should remain visible for human
review before the agent executes consequential coordination actions.

Medication reconciliation as a prerequisite
Medication reconciliation should be represented as a prerequisite for final discharge coordination because unresolved
discrepancies can affect instructions, prescriptions, follow-up needs, and patient safety. The agent would compare
admission medications, inpatient medication changes, and proposed discharge medication lists, then flag inconsistencies
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for pharmacist or prescriber review. Predictive models for medication discrepancies and medication-error risk indicate that
AI can help identify cases requiring closer attention, but such outputs should support rather than replace clinical judgment
[12, 13]. A discharge agent could therefore treat medication reconciliation status as a gating signal while routing
unresolved items to the responsible human.

Modeling task dependencies and parallel execution
A dynamic dependency graph would allow the agent to distinguish tasks that can proceed in parallel from tasks that must
wait for clinical completion. For example, follow-up appointment search and transport preparation could begin while the
agent monitors pending orders, whereas final patient instructions may need to wait until reconciliation and discharge
documentation are complete. Discharge prediction and workflow studies suggest that operational timing depends not only
on readiness but also on coordination across multiple concurrent activities [3, 5, 11]. The agent would update the graph
continuously as tasks complete, fail, become blocked, or require escalation.

Table 1 clarifies how each discharge coordination input would be converted into dependency-aware tasks, constrained
agent actions, and human escalation pathways within the proposed system.

Table 1. Agentic Discharge Coordination Logic: From Data Inputs to Task Dependencies, Permitted Actions, and Human
Escalation

Discharge
Coordination

Domain

Primary Data
Inputs

Task Logic
Represented
by the Agent

Dependency
or Gating
Function

Permitted
Agentic

Coordination
Actions

Required
Human

Oversight or
Escalation

Operational
Value Added

Care plan
interpretation

Structured care
plan items;

progress notes;
discharge goals;

specialty
recommendations

Converts
broad

discharge
goals into
actionable

sub-tasks with
owners,

completion
conditions,

and
escalation

routes

Determines
which

discharge
activities are

required
before final
coordination
can proceed

Extract task
candidates;

propose task
list; map tasks
to responsible
role; display

rationale

Human review
required
before

consequential
actions based
on extracted

text

Reduces
missed

discharge
requirements
and makes

hidden care-
plan

dependencies
visible

Medication
reconciliation

Admission
medication list;

inpatient
medication
changes;
proposed
discharge

medications;
pharmacist notes

Compares
medication
states and
identifies

unresolved
reconciliation

items

Functions as
a safety gate
before final
instructions,

prescriptions,
and discharge

packet
completion

Flag
discrepancy
status; notify
pharmacist or

prescriber; hold
downstream

administrative
completion until

reviewed

Pharmacist or
prescriber

must resolve
medication

discrepancies;
agent cannot

alter
medication

orders

Prevents
unsafe

downstream
coordination

when
medication

status remains
unresolved

Pending orders
and consults

Active orders;
pending

laboratory results;

Distinguishes
completed,
pending,

Blocks final
discharge
workflow

Monitor order
state; alert
responsible

Clinician
decides
whether

Prevents
premature

administrative
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imaging status;
consult requests;

discharge-
dependent clinical

tasks

clinically
blocked, and
newly added

tasks

when
unresolved

clinical
dependencies

remain

clinician;
update task
graph when

status changes

pending items
affect

discharge
readiness

completion
when clinical

dependencies
remain active

Follow-up
scheduling

Specialty follow-
up rules; urgency
categories; clinic

availability; patient
preferences;
insurance or

referral
requirements

Identifies
required

appointment
type, urgency,

acceptable
timing

window, and
fallback
pathway

Can proceed
in parallel

once follow-up
need is

confirmed, but
may require
escalation if
no slot exists

Query
appointment
availability;

prepare
scheduling

request; notify
scheduler; flag

capacity
conflict

Human
scheduler or

clinician
resolves

unavailable
capacity,
clinical

urgency
conflicts, or

patient
preference

issues

Shortens
appointment
coordination
delays and

standardizes
follow-up
routing

Transport
coordination

Mobility status;
destination;

equipment needs;
caregiver pickup
plan; ambulance

or wheelchair
requirements

Converts
transport

needs into
appropriate

request
category and

timing
estimate

Can proceed
in parallel with

other
administrative
tasks but may
be blocked by
destination or

readiness
uncertainty

Prepare
transport

request; check
request status;
notify transport
team; update

task completion
state

Human review
required when

transport
mode, safety

needs, or
destination

plan is
uncertain

Reduces idle
waiting after

clinical
readiness by

preparing
logistics earlier

Discharge
documentation

readiness

Discharge
summary status;

patient
instructions;
education
materials;

required forms;
after-visit
summary

Tracks
whether
required

documents
are drafted,

reviewed, and
ready for

patient-facing
use

Final patient-
facing

discharge
packet

depends on
medication

reconciliation,
order

resolution,
and clinician

approval

Monitor
document
readiness;

send reminder;
display missing
documentation

item

Clinician
remains

responsible for
content

accuracy and
final approval

Prevents
overlooked

documentation
gaps and
improves

visibility of final
readiness

Communication
and handoff
coordination

Secure
messages; team
assignments; role

directory;
escalation rules;

unit workflow
roles

Routes the
right

notification to
the right

responsible
role at the
right time

Supports
recovery from
blocked tasks

and failed
coordination

attempts

Send secure
reminders;
notify task

owner;
escalate stalled

dependency;
document

communication
trigger

Human
supervisor can
pause, modify,

or cancel
notifications

Reduces
duplicated

calls, unclear
ownership,

and
interruption-

prone manual
follow-up
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Agentic Reasoning and Task Execution Engine

Integration With Clinical Data Sources

Audit and
governance

record

Action logs; data
sources; rule

triggers;
approvals;
overrides;

escalations;
completion
timestamps

Creates
traceable
record of
what the

agent
observed,
planned,

executed, and
escalated

Applies
across all

agent actions
as a

governance
layer

Log
observation,

rationale,
action,

approval,
override, and

outcome

Governance
team reviews
logs for safety,
compliance,
and workflow
performance

Supports
accountability,

incident
review, model

monitoring,
and iterative
improvement

Goal-oriented reasoning and plan generation
The reasoning engine would translate the discharge goal into an initial plan, revise the plan as new information appears,
and maintain a current explanation of why each task is active, blocked, or complete. This core could combine rule-based
planning for institution-specific policies with LLM-based interpretation of care plans, messages, and discharge
summaries. Clinical LLM agent research suggests that tool-using models may support complex workflows, but also
highlights the importance of evaluation in realistic clinical environments before deployment [9, 19]. In discharge
coordination, the agent should reason over operational dependencies while leaving clinical determinations to human
professionals.

Action execution through APIs and digital interfaces
The execution layer would carry out permitted coordination actions through EHR APIs, transport request systems,
scheduling platforms, and secure communication tools. FHIR-based interoperability could support retrieval of patient data,
order status, medication information, and care plan elements, while standards-based decision support could encode the
policies that constrain agent behavior [15, 17, 22]. The agent might request transport, check appointment availability,
notify a clinician about a blocked order, or document that a nonclinical coordination task has been completed. Each action
would be logged with its trigger, data source, rule basis, and human review status.

Continuous monitoring and plan adaptation
After the initial plan is generated, the agent would monitor pending orders, transport status, appointment confirmations,
medication reconciliation state, and discharge documentation readiness. If a task fails, a new order is entered, or the
patient’s status changes, the agent would revise the task graph and notify the appropriate human supervisor. Work on
automated discharge summaries, LLM-assisted discharge documentation, and clinical workflow support suggests that AI
systems can assist with information organization, but the agentic step is to connect that information to monitored actions
[21, 23, 24]. Continuous monitoring would make the system a coordinator of evolving discharge work rather than a one-
time checklist generator.

Care plan and pending order extraction
The discharge agent would require a reliable interface to the EHR for retrieving care plan items, active orders, pending
consults, recent sign-outs, and discharge-related documentation. These data sources would allow the agent to distinguish
between tasks that are already complete, tasks that remain clinically blocked, and tasks that are ready for administrative
coordination. FHIR-based interoperability offers a conceptual pathway for representing patient data, orders, and care plan
elements in a computable form that an agent could monitor without manual re-entry [15, 22]. Because care plans and
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Human-in-The-Loop Oversight and Escalation

orders can change rapidly, the system should treat every extracted item as provisional until reconciled with the latest EHR
state.

Medication reconciliation feeds
Medication reconciliation feeds would allow the system to compare admission medication histories, inpatient medication
changes, and proposed discharge medication lists. The agent could flag discrepancies, identify missing reconciliation
status, and route unresolved medication issues to pharmacists or prescribers without independently altering medication
orders. Work on medication-error prediction, medication discrepancy detection, and interoperable medication records
suggests that structured medication data can support safer coordination when used within supervised workflows [12-14].
In this design, reconciliation status would function as a safety gate that determines whether downstream discharge
instructions and coordination steps can proceed.

Transport request and scheduling APIs
Transport and follow-up scheduling interfaces would connect the agent to operational systems outside the core clinical
record. For transport, the agent could check whether the patient requires wheelchair assistance, ambulance coordination,
caregiver pickup, or facility transfer support, then prepare the appropriate request for human-visible review. Research on
transport decision support and machine learning for patient transportation indicates that logistics can be represented as a
structured operational problem, although discharge-specific transport coordination would still require local workflow
adaptation [25, 26]. For scheduling, the agent would query availability and propose appointments that satisfy clinical
urgency, provider constraints, and patient-specific needs.

Follow-up scheduling rules and guidelines
The follow-up scheduling rules engine would encode institution-specific policies, specialty pathways, urgency categories,
provider availability, and patient preferences into a machine-readable policy layer. The agent could use these rules to
identify the appropriate clinic type, appointment priority, and escalation pathway when no suitable slot is available. Work
on post-discharge appointment adherence suggests that scheduling support should account for practical barriers and
follow-up reliability rather than treating appointment booking as a purely clerical step [27]. Standards-based decision
support provides a model for representing such rules as auditable artifacts that can be reviewed and updated by clinical
governance teams [17, 18].

The supervisor console and alerts
The supervisor console would present the agent’s current discharge plan, completed coordination tasks, blocked
dependencies, pending human approvals, and recent alerts in a single operational view. Clinicians and case managers
could approve, modify, pause, or cancel agent actions, with the interface emphasizing why each action is proposed and
what data source supports it. Human-in-the-loop clinical AI frameworks emphasize that workflow integration,
transparency, and clear accountability are essential for safe adoption [16]. The console would therefore be designed as a
shared control surface rather than a black-box automation layer.

Escalation triggers
Escalation triggers would define the conditions under which the agent must stop autonomous coordination and notify a
human. Examples include unresolved medication discrepancies, conflicting discharge instructions, failed transport
coordination, unavailable follow-up capacity, new pending clinical orders, or changes in the patient’s condition. Medication
reconciliation research and clinical workflow studies both support the need to distinguish routine coordination from safety-
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Safety Guardrails, Logging, and Explainability

Evaluation Strategy

relevant exceptions that require professional judgment [12-14]. The agent would be expected to escalate early when
uncertainty affects discharge safety, documentation accuracy, or patient readiness.

Learning from human corrections
Human overrides, edits, cancellations, and approvals would be captured as governance-relevant feedback for improving
future coordination behavior. The system could learn local preferences, recurring bottlenecks, preferred escalation routes,
and specialty-specific scheduling practices, while maintaining strict limits on autonomous clinical action. Clinical LLM and
AI-agent research suggests that adaptive systems may become more useful when they learn from realistic workflow
interactions, but such learning should remain monitored and auditable [8-10]. In this architecture, feedback would refine
coordination patterns rather than permit unsupervised expansion of clinical authority.

Operational boundaries and constrained actions
The discharge agent’s operational boundaries would need to be explicit, enforceable, and visible to users. It should not
order medications, determine medical readiness, alter clinical documentation, cancel clinical orders, or make independent
care decisions. Its permitted actions would be limited to coordination, communication, scheduling preparation, transport
request initiation, status tracking, and escalation of unresolved dependencies. This constrained design aligns with
implementation guidance for end-to-end clinical AI, which emphasizes safety governance, workflow fit, and accountability
before autonomous tools are embedded in care delivery [16].

Explainable planning and reasoning traces
Each proposed plan step should include a human-readable rationale, the data source used, the rule or dependency that
triggered the step, and the expected next action. For example, the agent might explain that follow-up scheduling is active
because the care plan requires specialty review, while final discharge instruction preparation remains blocked because
medication reconciliation is incomplete. Work on automated discharge summaries and LLM-generated clinical
documentation illustrates the value of converting complex clinical information into readable summaries, but coordination
requires traceability from each summary element to an operational action [20, 23, 28]. Explainability would therefore
serve both usability and auditability.

Comprehensive audit logging
The agent should maintain comprehensive audit logs for all observations, plan updates, user approvals, automated
coordination actions, escalations, and overrides. These logs would allow retrospective review of whether the agent
followed institutional rules, respected operational boundaries, and appropriately escalated exceptions. Studies of
standards-based clinical decision support show that computable artifacts and rule-driven actions must be testable,
inspectable, and governed over time [17, 18]. Audit logging would also support incident review, model monitoring,
compliance assessment, and iterative improvement of the discharge coordination workflow.

Task completion and time metrics
Evaluation should examine whether the agent can correctly identify discharge sub-tasks, represent dependencies, initiate
permitted coordination actions, and keep the task graph current as clinical information changes. Time-related measures
could assess the interval between discharge planning milestones and task completion, but results should be interpreted
as workflow indicators rather than proof of clinical benefit. Prior discharge prediction and discharge planning studies
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provide useful foundations for defining readiness, workflow bottlenecks, and operational endpoints [1-3, 6]. Any evaluation
should distinguish between the agent’s ability to coordinate tasks and the separate clinical judgment required to discharge
the patient.

Safety and error rates
Safety evaluation should focus on incorrect task execution, missed dependencies, inappropriate escalation, failure to
escalate, and conflicts between agent actions and current clinical status. The system should also be assessed for
whether it preserves medication reconciliation safeguards, respects pending orders, and avoids actions outside its
permitted scope. Medication safety research and automated discharge documentation studies show that AI can assist
with complex clinical information processing, but also that errors in source interpretation could affect downstream
workflows [13, 20, 24, 29]. For this reason, evaluation should include human review of representative agent plans,
rationales, and audit trails before live deployment.

Clinical staff satisfaction and workload
Evaluation should include clinician, nurse, pharmacist, scheduler, and case manager perspectives on usability, trust,
workload, interruption burden, and perceived accountability. A discharge agent could be technically capable but
operationally unsuccessful if staff experience it as intrusive, opaque, or misaligned with local routines. Research on
discharge planning requirements and clinical AI implementation emphasizes that adoption depends on workflow fit,
perceived usefulness, and the ability to support rather than disrupt existing professional roles [6, 16]. Staff feedback
should therefore shape interface design, escalation thresholds, and the boundaries of autonomous coordination.

Table 2 provides a deployment-readiness framework linking evaluation domains, measurable indicators, safety risks,
governance safeguards, and implementation decisions for the proposed agentic discharge coordination system.

Table 2. Deployment Readiness and Evaluation Framework for a Human-Supervised Agentic Discharge Coordination
System

Evaluation
Domain

Core
Question

Suggested
Measures

Failure Modes
to Detect

Governance or
Safety Safeguard

Evidence
Needed

Before Live
Deployment

Implementatio
Decision

Supported

Task
identification

accuracy

Does the
agent correctly

identify
discharge-

relevant sub-
tasks from
care plans,

orders,
medications,

and
scheduling

rules?

Sensitivity and
specificity of

task
extraction;

proportion of
missed

required tasks;
proportion of

irrelevant
tasks

proposed;
reviewer

agreement

Missing a
required follow-

up; creating
unnecessary

tasks;
misreading
care plan
language;
treating

outdated
information as

current

Human-visible task
list; source-linked
rationale; review

requirement before
consequential
coordination

Simulation
testing
against

annotated
discharge
cases and

expert-
reviewed task

lists

Whether the
agent can safe

generate
discharge task

graphs

Dependency
modeling

Does the
agent correctly

distinguish

Correct
dependency
classification;

Allowing
downstream
coordination

Dependency rules;
medication

reconciliation gate;

Retrospective
testing using

discharge

Whether the
agent can

support real-
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active,
blocked,

parallel, and
completed
discharge

tasks?

blocked-task
detection rate;
graph update

latency;
agreement
with case
manager

assessment

before
medication

reconciliation;
failing to detect

pending
orders;

incorrectly
marking tasks

complete

pending-order gate;
continuous EHR

state refresh

timelines and
manually

reconstructed
dependency

maps

time discharge
workflow

sequencing

Constrained
action

execution

Does the
agent remain

within its
permitted

coordination
authority?

Number of
actions

outside scope;
proportion of

actions
requiring
reversal;

successful
completion of

permitted
tasks; API
execution
reliability

Ordering or
altering clinical

care;
cancelling

clinical tasks;
sending

inappropriate
notifications;
documenting

beyond
allowed scope

Hard-coded action
boundaries; role-

based permissions;
pre-action policy
check; automatic

audit logging

Sandbox and
virtual EHR

testing
showing no

unauthorized
clinical
actions

Whether the
system can be
connected to

operational too

Escalation
reliability

Does the
agent stop and
notify humans

when
uncertainty,
conflict, or

safety
relevance is
detected?

Escalation
sensitivity;

false
escalation

rate; time from
blocked state

to alert;
unresolved
escalation
backlog

Failure to
escalate

medication
discrepancy;
alert fatigue

from excessive
escalation;

routing alert to
wrong role

Defined escalation
triggers; severity

tiers; responsible-role
routing; override

dashboard

Scenario-
based stress
testing with
medication,
transport,

scheduling,
and pending-

order
exceptions

Whether
escalation

thresholds are
clinically and
operationally
acceptable

Human
oversight
usability

Can staff
understand,

supervise, and
override the

agent without
added

cognitive
burden?

Usability
scores; time to

approve or
modify plan;

override
frequency;
perceived

trust;
interruption
burden; role

clarity

Staff ignore
agent; unclear
accountability;

excessive
clicks; alert

fatigue; parallel
manual

workaround
workflows

Supervisor console;
explainable plan

steps;
pause/cancel/modify

controls; visible
accountability

Usability
testing with

nurses, case
managers,

pharmacists,
physicians,
schedulers,

and transport
staff

Whether the
agent fits loca

discharge
routines

Coordination
efficiency

Does the
agent reduce

avoidable
discharge

Time from
discharge
planning

initiation to

Faster but
unsafe

coordination;
shifting

Balanced workflow
and safety metrics;
stratified monitoring

Pilot
evaluation in
simulated or

shadow

Whether
operational

value justifies
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friction without
compromising

safety?

task
completion;

transport
request lead

time; follow-up
scheduling
completion;
number of

stalled tasks;
discharge

coordination
idle time

workload to
another team;

incomplete
documentation;

unresolved
patient-facing

barriers

by unit and patient
complexity

mode before
active

coordination

phased
implementatio

Medication
safety

preservation

Does the
system protect

medication
reconciliation
as a required
safety gate?

Unresolved
discrepancies

detected;
reconciliation-

related
escalation

rate;
inappropriate
downstream
progression

rate;
pharmacist

review
concordance

Final discharge
preparation

before
reconciliation;

overlooked
medication

discrepancy;
incorrect

medication-
status

interpretation

Medication
reconciliation gate;

pharmacist/prescriber
escalation; no

medication-order
authority

Expert
medication
review of

agent plans
and

reconciliation-
triggered

escalations

Whether
medication dat

can be safely
incorporated

into coordinatio
logic

Auditability
and

accountability

Can every
observation,

rationale,
action,

approval,
override, and
escalation be

reconstructed?

Completeness
of audit logs;
proportion of
actions with

source trace;
override

documentation
rate; rule-

trigger
documentation

Untraceable
action; unclear
data source;

undocumented
human

approval;
inability to

review adverse
workflow event

Immutable logs;
source references;

timestamped
approvals;

governance review
dashboard

Audit review
of simulated

and pilot
cases by
clinical

governance
and

compliance
teams

Whether the
system meets

institutional
accountability
requirements

Equity and
access impact

Does the
agent

coordinate
discharge

reliably across
patient groups
and discharge
destinations?

Task
completion by

language,
age, disability,

destination
type,

insurance
status, and

social needs;
follow-up

scheduling
success;

Unequal
follow-up

access; missed
needs for

patients with
complex social

barriers;
biased

prioritization of
easier-to-
coordinate
discharges

Stratified monitoring;
human review of

high-risk discharge
barriers; equity

dashboard

Pre-
deployment

fairness
analysis and

post-pilot
subgroup

review

Whether
deployment ma
widen or reduc

discharge
coordination
disparities
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Limitations

Conclusion

transport
failure

patterns

Organizational
readiness

Is the hospital
environment

technically and
operationally
prepared for

agentic
coordination?

API
availability;

data
completeness;

workflow
mapping

maturity; staff
training

completion;
governance
ownership;
downtime

procedures

Incomplete
EHR feeds;
inconsistent
local rules;

unclear
ownership;
inability to

pause system
during

workflow
disruption

Governance board;
local rule validation;

staged rollout;
downtime and
rollback plan

Readiness
assessment
across IT,
nursing,

pharmacy,
case

management,
transport, and

scheduling
teams

Whether
implementatio
should proceed
be delayed, o

remain in
simulation

Scope and system integration
The proposed agent is limited to administrative and logistical coordination, while all clinical decisions remain the
responsibility of licensed professionals. In practice, reliable integration may be difficult because care plans, medication
records, transport systems, scheduling tools, and pending order feeds may not be exposed through consistent APIs.
FHIR and standards-based decision support provide useful foundations, but real-world EHR implementations may differ in
data completeness, terminology, workflow configuration, and interface maturity [15, 17, 22]. These integration constraints
could limit the agent’s ability to maintain an accurate real-time view of discharge readiness.

Trust and adoption
Trust and adoption may be challenging because staff may resist an autonomous coordinator that changes familiar
discharge routines or appears to redistribute responsibility. The system would need transparent reasoning, clear
escalation behavior, easy override controls, and visible accountability to avoid becoming another source of cognitive
burden. Clinical AI implementation frameworks emphasize that governance, stakeholder engagement, monitoring, and
local adaptation are necessary for safe and sustainable adoption [16]. Therefore, the agent should be introduced
gradually, with careful attention to how it affects professional roles, communication patterns, and patient-facing discharge
processes.

An agentic AI system for hospital discharge coordination could unify care plan interpretation, medication reconciliation
status, transport logistics, follow-up scheduling, and pending order monitoring into a single supervised workflow. Rather
than functioning as a passive checklist, the system would maintain a live task model that identifies what is complete, what
is blocked, what can proceed, and what requires escalation.

Its main strength would be autonomous multi-task orchestration under clearly bounded authority. By adapting to new
information in real time and keeping humans in control of clinical decisions, the system could support safer, more
consistent, and more accountable discharge coordination.
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