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Introduction

James Walker , Olivia Harris1* 1

Patient transfer delays from the emergency department, post-anaesthesia care unit, and outside facilities are a major
source of hospital congestion. These delays can convert local unit constraints into system-wide capacity failure when
demand and transfer readiness are not coordinated in real time. Hospital command centres increasingly monitor bed
status, queue length, and operational pressure, but many remain reactive. They often identify congestion only after
transfer queues have formed, particularly when demand, cleaning delays, isolation needs, and staffing shortages
converge. This article proposes an AI-enabled hospital command centre framework for predicting patient transfer
bottlenecks. The system would fuse real-time admission requests, unit occupancy, bed cleaning duration, isolation
requirements, and staffing constraints into a dynamic bottleneck risk score. The framework includes an admission
request projection module, a unit occupancy forecasting engine, a bed-cleaning-time estimation model, an isolation-
delay calculator, and a staffing-aware transfer-capacity reasoner. Together, these components would estimate whether
each receiving unit can absorb expected transfer demand. The system would provide command centre staff with a
rolling risk map of potential transfer bottlenecks up to four hours ahead. This would support earlier load-balancing,
cleaning prioritisation, staffing escalation, and transfer-routing decisions. A predictive command centre could shift
hospital flow management from reactive queue monitoring to proactive bottleneck prevention. Such a framework
should be evaluated prospectively before operational deployment.

1

Patient transfer bottlenecks are a central mechanism through which local hospital constraints become system-wide
congestion, particularly when emergency department admissions, intensive care step-downs, surgical recovery transfers,
and external referrals compete for the same staffed beds. Studies of emergency department crowding and hospital flow
have shown that delayed admission decisions, high occupancy, and boarding pressures are closely linked to downstream
care disruption, safety risks, and reduced operational resilience [1-4]. High bed occupancy has also been associated with
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deterioration in quality indicators and readmission-related strain, demonstrating that transfer delay is not simply a
logistical nuisance but a system-level performance issue [5, 6]. In this context, predicting where the next transfer
bottleneck could emerge is an essential capability for hospitals seeking to maintain access, safety, and continuity of care.

Centralised command centres were introduced to improve situational awareness by combining operational data streams
into real-time dashboards for bed managers, nursing leaders, and hospital administrators. Early evaluations and
benchmarking work suggest that these centres can strengthen visibility across admissions, discharges, transfers, and
operational escalation, but their dominant function remains monitoring rather than anticipatory prediction [7-9]. Protocols
and evaluations of AI-oriented command centres further indicate that the safety and patient-flow implications of these
systems depend on how predictive outputs are integrated into decision-making routines [10, 11]. Therefore, the key
design challenge is not only to display current queues, but to estimate whether specific units are likely to become transfer
bottlenecks before the queue becomes clinically harmful.

AI and machine learning have been applied to hospital admission prediction, emergency department disposition, bed
occupancy forecasting, and resource requirement estimation, creating a methodological foundation for predictive patient-
flow systems [12-16]. These models show that data available near triage, admission request creation, and real-time
census updates can support forward-looking operational estimates, although many applications remain focused on
individual admission likelihood or aggregate occupancy rather than transfer-capacity constraints [2, 3, 17]. COVID-19
bed-demand models further illustrate the feasibility of forecasting ward and intensive care unit occupancy under changing
demand conditions [18-21]. However, the transfer decision itself sits at the intersection of demand, bed readiness,
infection-control suitability, and staff availability, which requires a more integrated AI systems framework.

This article proposes an AI-enabled hospital command centre framework that could predict patient transfer bottlenecks in
real time by synthesising admission request volumes, unit occupancy, bed cleaning duration, isolation requirements, and
staffing constraints. The framework builds on evidence that centralised operations centres can coordinate patient flow,
that machine learning can forecast admission and occupancy pressures, and that operational bottlenecks emerge when
physical beds, environmental services, infection-control rules, and staffed capacity are not aligned. Rather than
presenting experimental results, the article specifies a conceptual architecture, data logic, prediction workflow, and
evaluation strategy for a future deployable system. The aim is to define how a command centre could move from current-
state visibility toward anticipatory transfer-capacity reasoning.

The hospital transfer ecosystem
The hospital transfer ecosystem includes emergency department-to-floor admissions, intensive care unit step-downs,
post-anaesthesia care unit transfers, inter-unit transfers, and direct admissions from outside facilities. Delays occur when
receiving units lack clean, clinically appropriate, and staffed beds at the moment the sending location needs to move a
patient, creating boarding in upstream areas and congestion across the hospital [1, 3, 4]. Emergency department
admission prediction studies show that transfer demand can often be anticipated from early clinical and operational
signals, but the receiving-unit consequences of that demand depend on bed supply and unit-level readiness [2, 13, 14]. A
command centre framework for bottleneck prediction must therefore treat each transfer not as an isolated transaction, but
as part of a dynamic system of competing requests and constrained destinations.

Table 1 analytically decomposes how distinct operational domains interact to generate transfer bottlenecks beyond
simple bed availability constraints.

Table 1. Analytical Decomposition of Transfer Bottleneck Formation Across Operational Domains
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Operational
Domain

Primary
Constraint

Type

Temporal
Behaviour

Interaction with
Other Domains

Bottleneck
Amplification
Mechanism

Implication for
Prediction Models

Admission
Demand

Stochastic
inflow pressure

Rapid, bursty,
short-term
variability

Drives occupancy
and staffing strain

Demand exceeds
short-term

absorption capacity

Requires
probabilistic

forecasting and
queue-based

modelling

Unit
Occupancy

Capacity
saturation

Gradual
accumulation with

discharge
uncertainty

Constrains available
beds for incoming

demand

High baseline
occupancy reduces
buffering capacity

Needs dynamic
census forecasting

with uncertainty
distributions

Bed Cleaning Throughput
delay

Time-lagged,
process-

dependent

Delays conversion
of discharge into
usable capacity

Cleaning backlog
creates hidden
capacity deficit

Must model as
time-to-availability,

not binary state

Isolation
Requirements

Compatibility
constraint

Episodic but
restrictive

Reduces effective
bed pool and

increases cleaning
complexity

Limits substitutability
of beds across

patients

Requires
constraint-based
matching logic in

prediction

Staffing
Capacity

Functional
capacity
limitation

Shift-based
fluctuation with

predictable
troughs

Governs whether
physical beds are

operationally usable

Understaffing
converts available
beds into unusable

capacity

Must integrate
staffing-aware

capacity thresholds

Command centre operations and current capabilities
Hospital command centres and capacity coordination hubs are designed to centralise situational awareness by combining
admissions, discharge planning, transfer queues, census status, and escalation workflows in one operational
environment. Evaluations of command centre implementation suggest that such systems can improve data quality,
visibility, and coordination, while benchmarking studies show variation in how hospitals operationalise these centres and
connect them to patient-flow decision-making [7-9]. AI command centre evaluation protocols also indicate that predictive
tools must be assessed not only for technical validity but for their effects on patient safety, workflow, and managerial
action [10, 11]. The remaining gap is that many command centres can show where pressure exists now, but do not
systematically estimate where the next transfer bottleneck will form.

The role of bed cleaning and environmental services
Bed turnover is a critical throughput process because a discharged bed does not become transfer-ready until it is
cleaned, released, and confirmed as usable for the next patient. Just-in-time bed assignment research highlights that
delays in the bed assignment process can be reduced when operational timing and readiness are actively managed,
while patient-bed assignment models show that physical availability must be linked to decision rules for matching patients
to beds [22, 23]. Infection-control modelling further demonstrates that isolation and organism-specific precautions can
alter patient placement options and bed-use flexibility, especially when cleaning protocols and cohorting constraints are
involved [24]. Therefore, a predictive transfer-bottleneck system should represent bed cleaning not as a binary status, but
as a time-dependent process that modifies expected bed availability.

Staffing constraints and unit-level transfer capacity
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Framework Overview

A physical bed can be clean and technically available while still being unusable for transfer if nurse staffing, skill mix, or
shift coverage prevents safe acceptance of another patient. Capacity and occupancy studies show that hospital flow
cannot be understood solely through bed counts, because operational performance also depends on the ability of units to
absorb demand without degrading safety or quality [4-6]. Patient-flow strategies aimed at reducing crowding often require
coordination across departments, escalation pathways, and staffing-sensitive decisions rather than simple queue
movement [25]. An AI-enabled command centre should therefore estimate staffed transfer capacity, not just physical bed
supply.

Machine learning for hospital flow and bed management
Machine learning models have been used to predict hospital admission from emergency department triage, disposition
decisions, and aggregate admission flows, creating useful building blocks for proactive hospital operations [2, 12-16]. Bed
occupancy forecasting studies, including those developed during COVID-19, demonstrate that ward and intensive care
demand can be projected under uncertainty and updated as new information becomes available [18-21, 26, 27].
Operational models for patient-bed assignment and admission estimation further show that forecasting and optimisation
can be combined to support bed management decisions [22, 28, 29]. Yet these strands have not been fully integrated into
a command centre system that predicts transfer bottlenecks by jointly modelling admission demand, occupancy, cleaning
duration, isolation suitability, and staffing-constrained capacity.

High-level architecture
The proposed framework is a multi-layer AI system embedded in the hospital command centre, where real-time
admission-discharge-transfer data, bed management feeds, environmental services tracking, isolation flags, and staffing
rosters are ingested into a common operational model. The architecture draws on command centre evidence showing the
value of centralised flow visibility while extending it with predictive components informed by admission, occupancy, and
bed assignment modelling [7, 9, 12, 22]. Each receiving unit would receive a continuously updated bottleneck risk score
that reflects whether projected demand is likely to exceed clinically appropriate and staffed capacity. The dashboard
would then translate this score into operational signals for bed managers, nursing supervisors, and hospital
administrators.

Figure 1 illustrates the hierarchical architecture of the proposed AI-enabled command centre, showing how multi-source
operational inputs are transformed into predictive bottleneck risk and actionable decision support.
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Admission Request and Unit Occupancy Integration

Figure 1. Hierarchical AI Framework for Predicting Hospital Transfer Bottlenecks

Core inputs and outputs
The core inputs include the current admission request queue, projected emergency and elective demand, real-time unit
occupancy, expected discharge timing, bed cleaning status, isolation requirements, and staffed-bed counts. Prior
admission prediction and occupancy forecasting studies support the feasibility of using early patient-flow signals and
time-series demand information to estimate future hospital load [2, 12, 18, 27]. The key outputs would be a per-unit
bottleneck probability, an expected time-to-bottleneck, and a ranked explanation of contributing factors such as pending
admissions, delayed cleaning, restricted isolation compatibility, or reduced staffed capacity. These outputs would be
conceptual decision-support estimates rather than deterministic instructions, because transfer decisions remain clinically
governed.

Design principles
The framework should be real-time, probabilistic, transparent, workflow-aligned, and capable of being evaluated before
active deployment. Real-time operation is essential because command centre value depends on up-to-date patient-flow
data, while probabilistic output is necessary because discharge timing, cleaning completion, and admission demand are
uncertain [10, 11, 19, 21]. Transparency is equally important because command centre staff must understand why a unit
is labelled high risk, especially when the model recommends cleaning prioritisation, staffing escalation, or transfer
redistribution [8, 9, 25]. The system should therefore expose the operational drivers behind each prediction rather than
presenting bottleneck risk as an unexplained algorithmic score.

Admission request projection
The admission request projection module would model incoming demand from the emergency department, operating
rooms, procedural areas, and outside facilities using continuously updated time-series and queue-based signals.
Research on emergency admission prediction shows that triage, operational, and early clinical variables can support
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Bed Cleaning Duration and Isolation Requirement Modelling

forward-looking estimates of hospitalisation and disposition, while aggregated admission forecasting demonstrates how
real-time demand can be projected at the system level [2, 3, 12-14]. In the proposed framework, each newly registered
admission request would update the demand distribution for relevant receiving units rather than merely adding to a visible
queue. The output would be a probabilistic estimate of transfer demand over the next several hours, structured by unit
type, acuity, service line, and clinical placement rules.

Real-time unit occupancy and discharge forecasting
The unit occupancy component would estimate future bed availability by combining current census, expected discharges,
internal transfer movements, and occupancy trends within each unit. Bed occupancy forecasting studies show that ward
and intensive care census can be estimated prospectively using statistical, simulation, and machine-learning approaches,
especially when forecasts are updated as new data arrive [18-21, 26, 27]. In the proposed command centre, discharge
timing would be represented as an uncertain distribution rather than a fixed timestamp, because late discharges and
documentation delays can materially change transfer readiness. This would allow the system to estimate not only how
many beds might open, but when they could become operationally useful.

Interaction of demand and supply
The core transfer-bottleneck logic would compare projected admission demand with expected unit-level bed supply and
identify mismatches where cumulative demand exceeds expected availability within the prediction window. Prior models
of hospital admissions, bed demand, and patient-bed assignment demonstrate that demand estimation and allocation
logic need to be combined when hospitals seek to manage scarce receiving capacity [22, 23, 28, 29]. The system would
also account for transfer policies, clinical appropriateness, and neighbouring-unit options, so that surplus demand is not
treated as interchangeable across all beds. A bottleneck would therefore be conceptualised as a local failure of suitable,
clean, and staffed capacity to absorb clinically appropriate demand at the required time.

Bed cleaning duration estimation
The bed cleaning duration module would estimate the interval between discharge, environmental services assignment,
cleaning start, cleaning completion, and bed-ready confirmation. Just-in-time bed assignment research indicates that
reducing wait time for inpatients requires attention to operational timing and coordination around bed readiness, while
patient-bed assignment models show that bed availability must be linked to assignment decisions rather than treated as
static inventory [22, 23]. The proposed system would learn typical cleaning-to-ready patterns by unit, time of day, cleaning
type, and current environmental services workload. These estimates would then modify the predicted availability of beds
that are technically vacated but not yet ready to receive a transfer.

Isolation-driven delay amplification
Isolation requirements introduce both cleaning-duration effects and placement constraints because some patients require
specific bed types, infection-control precautions, or compatibility rules that limit the usable bed pool. Simulation work
incorporating infection-control policies for organisms such as methicillin-resistant Staphylococcus aureus and
vancomycin-resistant Enterococcus illustrates how isolation and cohorting rules can affect patient flow and bed
assignment options [24]. In the proposed framework, isolation status would act as both a time modifier for terminal
cleaning and a constraint on which future admissions can use a given bed. This would prevent the command centre from
overestimating transfer capacity when beds are physically available but clinically unsuitable for the next patient.

Dynamic bed-ready timestamp refinement
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Staffing Constraint and Transfer-Capacity Analysis

Real-Time Bottleneck Prediction and Alerting Engine

The framework would continuously refine bed-ready timestamps as cleaning status changes, new discharge information
appears, or environmental services delays are recorded. Command centre studies emphasise the importance of real-time
operational data quality, while AI command centre evaluation work suggests that predictive systems must be assessed in
relation to the timeliness and reliability of the data streams on which they depend [7, 10, 11]. If a bed cleaning task is
delayed, reprioritised, or completed earlier than expected, the bottleneck risk score for the affected unit would be
recomputed immediately. This design would allow cleaning logistics to become an active component of transfer prediction
rather than a downstream manual update.

Staffed-bed model
The staffed-bed model would distinguish between physical bed availability and operational transfer capacity, because a
bed should be considered transfer-ready only when it is clean, clinically appropriate, and supported by adequate staff
coverage. Studies of hospital occupancy and patient flow show that high census pressure can degrade quality and
intensify downstream congestion, while broader analyses of crowding-reduction strategies indicate that staffing-sensitive
escalation is often needed to sustain flow [4-6, 25]. In the proposed framework, real-time staffing rosters, nurse-to-patient
ratios, unit skill mix, and temporary closures would be linked to bed-ready forecasts so that the command centre does not
overstate capacity. This would allow the AI system to identify a unit as high risk even when beds appear open, if those
beds cannot safely receive transfers under current staffing conditions.

Floating and reallocation logic
The framework would incorporate floating and reallocation logic to evaluate whether a predicted bottleneck could be
mitigated by temporarily shifting staff, redirecting patients, or opening contingency capacity. Patient-bed assignment and
just-in-time bed allocation research suggests that operational benefit depends on matching patients to suitable beds while
preserving system-wide capacity, rather than solving each unit’s queue independently [22, 23]. Command centre
benchmarking also shows that centralised coordination can support cross-unit action when local constraints threaten
hospital-wide flow [8, 9]. In this framework, the system would present feasible reallocation options as decision-support
recommendations, while leaving final action to operational leaders who can account for clinical appropriateness, staff
fatigue, and local context.

Shift-change and break impact
Shift changes, handovers, meal breaks, and temporary staffing troughs can reduce a unit’s ability to accept transfers even
when bed and cleaning indicators appear favourable. Hospital flow studies emphasise that crowding is shaped by the
interaction of demand, occupancy, staffing, and operational timing, while command centre evaluations highlight the need
for real-time data that reflects current capacity rather than nominal capacity [4, 7, 11, 25]. The proposed system would
therefore model predictable staffing troughs as time-varying reductions in transfer capacity and would increase bottleneck
risk when projected demand overlaps with reduced staff availability. Such modelling would be expected to support earlier
escalation, such as requesting float coverage or delaying non-urgent transfers until safe receiving capacity is restored.

Bottleneck risk score construction
The bottleneck prediction engine would compute a composite risk score for each receiving unit by combining projected
admission demand, expected bed availability, cleaning-modified readiness, isolation compatibility, and staffing-
constrained capacity. Prior work on admission prediction, occupancy forecasting, and patient-bed assignment provides
the methodological basis for combining demand forecasts with allocation and capacity logic, although this framework
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Command Centre Dashboard and Decision Support
Integration

applies those methods specifically to transfer bottleneck prediction [19, 18, 22, 27]. A unit would be flagged as high risk
when the estimated probability of demand exceeding suitable staffed capacity crosses a configurable threshold defined
by hospital policy. The score would remain interpretable by displaying the relative contribution of admission volume,
discharge uncertainty, cleaning delay, isolation restriction, and staffing limitation.

Tiered alerting and escalation
The alerting engine would translate bottleneck risk into tiered operational signals that match command centre escalation
protocols. A moderate-risk signal could appear as a visual dashboard flag, a higher-risk state could notify the bed
manager, and persistent or critical constraints could prompt escalation to hospital operations leadership [2, 4, 5]. This
tiered design reflects evidence that command centre value depends on integration with real workflows and that predictive
systems must be evaluated for their effects on safety, coordination, and staff behaviour [2, 3]. The alert would not dictate
a single action but would focus attention on the unit, predicted timing, and operational drivers most likely to create transfer
delay.

Predictive bottleneck display
The dashboard would present a map-style display in which each receiving unit is colour-coded by predicted bottleneck
risk over the next operational window. Command centre studies show that centralised visibility can improve coordination,
but predictive usefulness depends on whether the display helps staff understand both current state and emerging risk [7-
9]. When command centre users inspect a unit, the interface would show contributing factors such as pending admission
requests, uncertain discharge timing, delayed cleaning, isolation-limited beds, and insufficient staffed capacity. This
design would make the system’s reasoning visible, supporting trust and reducing the risk that staff treat the risk score as
an unexplained algorithmic label.

Table 2 presents a conceptual mapping between predictive signals, model components, and the operational interventions
they enable within the command centre.

Table 2. Conceptual Mapping Between Predictive Signals, Model Components, and Operational Interventions

Predictive
Signal

Model
Component

Type of
Inference

Bottleneck
Insight

Generated

Operational
Intervention Lever

Decision-Making
Value

Rising
admission
requests

Admission
Projection

Module

Probabilistic
demand

forecasting

Imminent surge in
transfer demand

Pre-emptive bed
allocation and load

balancing

Enables early
redistribution of

demand

Delayed
discharges

Occupancy
Forecasting

Engine

Time-to-
availability
estimation

Reduced near-
term bed release

Discharge
acceleration review

Improves timing
alignment between
supply and demand

Cleaning
backlog

Cleaning-Time
Estimation Model

Process duration
prediction

Hidden delay in
bed readiness

Cleaning
prioritisation and

staffing adjustment

Converts latent
capacity into usable

capacity faster

Isolation
mismatch

Isolation
Constraint

Compatibility
filtering

Reduced usable
bed pool

Cohorting and
reassignment

Prevents
overestimation of
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Evaluation Strategy

Processor planning effective capacity

Staffing
shortfall

Staffing Capacity
Model

Constraint-based
capacity
inference

Beds unavailable
despite physical

readiness

Staff reallocation or
escalation

Aligns operational
capacity with safety

requirements

Multi-factor
convergence

Transfer-
Capacity

Reasoning
Engine

Integrated
probabilistic
reasoning

High-risk
bottleneck
formation

Coordinated multi-
domain intervention

Supports system-level
rather than local

optimisation

Proactive decision support
The decision-support layer would suggest operational mitigations, such as prioritising a cleaning task, reviewing a
pending discharge, floating staff, redirecting an appropriate transfer, or activating escalation capacity. Evidence from
hospital crowding strategies and bed assignment research indicates that patient-flow improvement often requires
coordinated cross-departmental action rather than isolated unit-level optimisation [23, 25]. The proposed system would
estimate which mitigation is most relevant to the predicted bottleneck driver, while avoiding unsupported claims about
guaranteed operational improvement. Its role would be to help command centre staff act earlier and more consistently,
not to replace clinical judgement or local managerial authority.

Predictive performance metrics
The framework should be evaluated using unit-hour predictions that compare predicted bottleneck risk with observed
transfer delay states, while avoiding premature claims of effectiveness before prospective validation. Admission prediction
and resource forecasting studies commonly assess discrimination, calibration, and decision relevance, and similar
principles would apply to transfer bottleneck prediction [2, 14-17]. Candidate metrics could include precision, recall,
calibration, and probabilistic error across intensive care, medical-surgical, procedural, and specialty units. The evaluation
should also examine whether the system remains reliable under high occupancy, infection-control restrictions, and staffing
variation, because these are the conditions in which command centre decisions are most consequential.

Temporal and prospective validation
Temporal validation should use retrospective data ordered by time, so that the system is assessed on future operational
periods rather than randomly mixed historical examples. COVID-19 bed occupancy and hospital demand forecasting
studies illustrate the importance of evaluating predictions under changing demand conditions, while AI command centre
protocols emphasise the need to study safety and workflow impacts before active intervention [10, 18-21, 26]. A
prospective silent-mode deployment would be especially appropriate, because it would allow predicted bottlenecks to be
compared with actual transfer delays without influencing staff behaviour during the evaluation period. This would help
determine whether the framework is ready for operational trials in which alerts are visible to command centre users.

Operational impact assessment
Operational impact assessment should examine whether activating the system changes transfer-request-to-bed timing,
emergency department boarding pressure, surgical flow disruption, staff workload, and user trust, while recognising that
causal evidence would require careful study design. Prior command centre evaluations and crowding-reduction research
suggest that operational technologies must be assessed in relation to patient safety, workflow integration, and
coordination behaviour, not only predictive accuracy [7, 8, 11, 25]. Usability assessment should capture whether bed
managers understand the risk score, whether explanations are actionable, and whether alerts align with escalation
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Limitations

Conclusion

Acknowledgements

protocols. The evaluation should also monitor for unintended consequences, such as excessive alerts, inappropriate
transfer redistribution, or perceived loss of unit autonomy.

Data latency and integration challenges
The framework depends on timely and accurate data from admission-discharge-transfer systems, bed management
platforms, environmental services tracking, isolation documentation, and staffing rosters. Command centre studies
indicate that data quality and integration are central to operational usefulness, while AI command centre evaluation work
underscores the need to understand how technical systems affect safety and workflow in real settings [7, 10, 11]. Staffing
data may lag actual availability, cleaning logs may not perfectly reflect bedside activity, and isolation status may change
before it is updated in structured systems. These integration challenges mean the framework should include data-quality
checks, uncertainty representation, and fallback workflows rather than assuming that all feeds are complete and current.

Behavioural and organisational barriers
Predictive bottleneck alerts may fail to improve flow if they are ignored, misunderstood, or perceived as conflicting with
unit-level autonomy. Command centre benchmarking and patient-flow studies suggest that centralised coordination
requires organisational trust, clear escalation authority, and alignment between data-driven recommendations and local
clinical realities [8, 9, 25]. There is also a risk that staff may over-rely on predictions or discount alerts after false alarms,
particularly during periods of extreme demand or staffing shortage. For this reason, implementation should include
governance, user training, alert review, and continuous monitoring of how predictions influence real transfer decisions.

An AI-enabled hospital command centre for predicting patient transfer bottlenecks would provide a conceptual pathway
from reactive capacity monitoring to proactive operational coordination. By estimating where transfer demand is likely to
exceed suitable receiving capacity, the system could help command centre staff intervene before congestion becomes
visible as a queue.

The main strength of the proposed framework is its integration of admission demand, unit occupancy, bed cleaning
duration, isolation requirements, and staffing constraints into a unified bottleneck risk score. Its real-time updating and
explanatory dashboard design would allow staff to see not only that a unit is at risk, but why the risk is emerging and
which operational lever may be most relevant.

Important challenges remain before such a system could be used in routine hospital operations. These include integrating
data across disparate vendor systems, ensuring that staffing and cleaning information are current, building trust among
unit leaders, and evaluating whether predictive alerts improve coordination without creating unintended workflow burdens.

Future work should focus on pilot implementations in high-volume hospitals, silent-mode validation, prospective
evaluation, and the development of open benchmark datasets for transfer bottleneck prediction. A carefully governed
approach would allow hospitals to test whether predictive command centre systems can improve patient flow while
preserving clinical judgement and operational accountability.
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