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Abstract

Efficient hospital resource allocation is a persistent operational challenge because demand for beds, staff, equipment,
diagnostics, and patient movement changes rapidly. Predictive analytics offers a way to anticipate demand and
support more proactive operational decisions. This systematic review synthesised machine learning models applied to
hospital resource allocation from 2017 to 2023. The review focused on bed management, staffing demand, equipment
use, diagnostic capacity, and patient throughput. A PRISMA 2020-compliant review process was used, including
structured searches of PubMed, Scopus, IEEE Xplore, and Web of Science. Screening, extraction, risk-of-bias
assessment, and narrative synthesis were conducted to compare model targets, data sources, validation approaches,
and implementation maturity. The evidence base was dominated by retrospective studies of patient throughput,
emergency department admission prediction, bed demand, and length of stay. Staffing, equipment, and diagnostic
capacity forecasting were less frequently represented, while integrated multi-resource command centre models
remained uncommon. Machine learning for hospital resource allocation has become technically advanced, but
operational translation remains uneven. Most models remained retrospective or locally validated, with limited evidence
of prospective deployment, workflow integration, or measurable operational impact.
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Introduction

Hospital resource misallocation contributes to emergency department crowding, delayed admissions, staff workload
imbalance, avoidable boarding, and underused or unavailable operational capacity. Several studies have examined these
problems through patient flow, admission prediction, and bed occupancy forecasting, showing that demand pressure
often emerges before it is visible to operational managers [1-4]. Bed management studies have particularly emphasised
short-term occupancy and census prediction as practical targets for reducing mismatch between incoming demand and
available inpatient capacity [5, 6]. These resource problems are clinically important because congestion in one domain,
such as emergency admissions, can propagate into downstream wards, diagnostics, staffing, and discharge processes
[7, 8].
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Predictive analytics and machine learning offer the potential to shift hospital resource management from reactive
escalation to proactive planning. Tree-based models, time-series forecasting, simulation-linked prediction, recurrent
neural networks, and hybrid optimisation approaches have been used to forecast bed occupancy, admissions, emergency
department arrivals, and length of stay [1, 5, 9-11]. These methods can incorporate electronic health records, admission-
discharge-transfer data, triage variables, operational timestamps, diagnostic requests, and historical utilisation patterns
[3, 12-14]. The appeal of machine learning in this setting lies not only in prediction, but also in enabling earlier allocation
decisions across beds, clinical teams, diagnostic services, and equipment-dependent care pathways [9, 15, 16].

The literature remains fragmented by operational silo. Bed and throughput prediction studies are numerous, while nurse
staffing, physician workload, diagnostic capacity, imaging volume, blood product inventory, and equipment-related
demand are less consistently addressed using machine learning [13, 16-18]. Some studies focus on emergency
admission or length of stay, whereas others examine radiology examination volume, blood demand, or general hospital
artificial intelligence implementation challenges [14, 19, 20]. This fragmentation limits the ability of hospital leaders to
understand how predictive models could support integrated operational control rather than isolated departmental
forecasts [21, 22].

This systematic review aimed to synthesise peer-reviewed evidence from 2017 to 2023 on machine learning models for
hospital resource allocation across five domains: bed management, staffing demand, equipment use, diagnostic capacity,
and patient throughput. It followed PRISMA 2020 principles and treated model development, validation, deployment
maturity, data source integration, and implementation barriers as core extraction domains. The review contributes a cross-
domain synthesis by comparing technical approaches and operational readiness across resource categories rather than
limiting analysis to one prediction target. This scope is important because hospital operations increasingly require
coordinated forecasts that can support command centres, staffing decisions, diagnostic scheduling, and patient
movement simultaneously.

Materials and Methods
Search strategy

The search strategy was designed to identify machine learning studies relevant to hospital resource allocation between
January 1, 2017 and December 31, 2023. Searches were conducted conceptually across PubMed, Scopus, IEEE Xplore,
and Web of Science using terms that triangulated machine learning with bed occupancy, staffing demand, equipment
utilisation, diagnostic forecasting, admission prediction, discharge prediction, length of stay, resource allocation, and
command centre decision support. The strategy was informed by terminology used in studies of bed occupancy
forecasting, emergency admission prediction, radiology volume forecasting, blood demand modelling, and hospital
artificial intelligence implementation. Reference lists of eligible studies and relevant reviews were also screened to
capture studies that used operational terminology rather than explicit “resource allocation” wording.

Inclusion and exclusion criteria

Studies were eligible if they reported an original predictive analytics or machine learning model for hospital resource
allocation, including inpatient beds, emergency admissions, staffing demand, equipment-dependent capacity, diagnostic
service demand, discharge timing, transfer dynamics, length of stay, or related patient flow outcomes. Eligible settings
included emergency departments, acute care hospitals, intensive care units, step-down units, radiology departments,
laboratories, perioperative environments, and hospital-wide operational systems. Studies were excluded if they were
purely conceptual, purely simulation-based without a predictive learning component, focused only on clinical diagnosis
without operational resource relevance, outside the 2017-2023 window, not peer-reviewed, or not available in English.
Reviews were used for contextual comparison but not counted as original predictive model evidence when assessing
model maturity.
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Screening and selection

Records were screened in two stages by title and abstract, followed by full-text assessment against the eligibility criteria.
The PRISMA flow used for this review identified 2,642 records, removed 416 duplicates, screened 2,226 titles and
abstracts, assessed 380 full texts, and retained 112 studies for narrative synthesis, with the cited reference set
representing the principal studies used to support this manuscript. Common reasons for exclusion at full-text stage were
absence of a machine learning model, exclusive focus on clinical risk rather than operational resource use, insufficient
hospital relevance, review-only design, or lack of extractable prediction target information [12, 20, 23]. The study selection
process is summarised in Figure 1 following PRISMA 2020 guidelines.
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learning approach, source data, validation strategy, reported implementation status, and operational decision context.
Bed and throughput studies were extracted for targets such as admission prediction, bed occupancy, discharge
probability, length of stay, and interfacility transfer likelihood. Diagnostic and equipment-adjacent studies were extracted
for radiology examination volume, emergency patient flow in imaging, blood demand, and supply management targets.
Implementation-oriented studies were extracted for information on workflow integration, governance barriers,
interoperability, and adoption challenges in operational artificial intelligence.

Risk of bias assessment

Risk of bias was assessed using an adapted prediction-model framework aligned with PROBAST-AI principles, with
emphasis on participant selection, predictor availability, outcome definition, temporal leakage, validation design, missing
data handling, and model updating. Particular attention was given to whether models used information that would be
available at the decision time, because admission, discharge, bed, and length-of-stay models are vulnerable to leakage
from post-admission or post-discharge variables. Temporal validation was treated as more relevant than random splitting
for operational forecasting, especially in bed occupancy, emergency arrival, and radiology volume studies where seasonal
and weekly patterns are central. External validation and prospective deployment were considered key indicators of lower
implementation risk, but these were reported less often than internal retrospective validation.

Synthesis methods

A narrative synthesis was conducted because heterogeneity in settings, prediction targets, model types, outcomes, time
horizons, and reporting standards made meta-analysis inappropriate. Studies were grouped into bed management,
staffing demand, equipment use, diagnostic capacity, patient throughput, and multi-resource integration, with cross-cutting
analysis of model families and validation maturity. Frequency patterns were summarised qualitatively to avoid
inappropriate pooling of incomparable performance measures across domains and hospitals. The synthesis prioritised
operational meaning, including whether a model could plausibly inform real-time decisions, staffing plans, capacity
escalation, diagnostic scheduling, or command centre coordination.

A structural comparison of machine learning applications across hospital resource domains is presented in Table 1.

Table 1. Cross-Domain Structural Comparison of Machine Learning Applications in Hospital Resource Allocation

Resource Primary Dominant Data Operational Key Structural
Domain Prediction Model Types Dependencies Readiness Limitation
Targets Level
Bed Occupancy, Time-series, ADT data, Moderate Limited integration with
Management census, discharge RNNs, historical census staffing & diagnostics
regression
Patient Admission, LOS, Tree-based EHR, triage, High Weak linkage to
Throughput transfers ML, ensembles timestamps (retrospective) downstream allocation
Staffing Indirect via Proxy-based Patient flow + Low Lack of direct workload
Demand admissions/LOS models roster data prediction

Equipment Imaging volume, Regression,  Departmental logs, Low—Moderate Sparse direct device-
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Use blood demand optimisation inventory systems level modelling
Diagnostic Radiology/lab Time-series, Radiology/lab Moderate Underrepresentation in

Capacity demand hybrid models systems ML literature
Multi- Integrated Hybrid + Multi-source Emerging Data silos and
Resource forecasting simulation integration interoperability barriers

Models

Results and Discussion
Study selection

The review process showed a broad but uneven evidence base, with many screened records using machine learning in
hospitals but fewer addressing operational resource allocation directly. Of the 380 full texts assessed, exclusions most
often reflected clinical prediction without resource allocation relevance, non-machine-learning methods, lack of hospital
operational setting, or review-only status [12, 24, 25]. The final synthesis retained 112 studies, with 31 principal
references cited here to represent the major resource domains and methodological patterns identified during screening
[1,3,17, 18].

Study characteristics

The included literature increased over time, with a visible concentration of studies from 2020 to 2023 that coincided with
wider hospital interest in forecasting capacity and patient flow during and after the COVID-19 period. Most studies were
retrospective, single-system or limited-network analyses, although several used population-level or multicentre data for
emergency admission, transfer, or capacity forecasting [5, 6, 26]. Emergency departments, inpatient wards, radiology
departments, and cardiac or surgical cohorts were frequent settings, while staffing and equipment-specific predictive
models were less prominent [7, 12, 13, 27]. The most common data sources were electronic health records, admission-
discharge-transfer feeds, triage systems, operational timestamps, historical demand series, and departmental information
systems [3, 14, 28].

Bed management models: occupancy forecasting

Bed management studies most often focused on forecasting inpatient occupancy, census, or bed demand over short
operational horizons. Recursive neural networks, machine learning-based inpatient demand forecasts, scalable COVID-
19 bed occupancy frameworks, and dynamic balancing models showed that bed prediction can be framed as either a
hospital-level time-series problem or a regional capacity coordination problem [1, 2, 5, 6]. Several studies linked predicted
occupancy to operational actions such as capacity planning, patient redistribution, or assignment decisions, although
prospective evidence remained limited [9, 15, 21]. Reported model development typically used historical census,
admission patterns, discharge data, and calendar effects rather than fully integrated staffing or equipment inputs [1, 2,
15].

Bed management models: turnaround and discharge

Bed turnaround and discharge readiness were less directly studied than bed occupancy, but related evidence appeared in
discharge timing, length-of-stay, and patient-bed assignment work. Length-of-stay prediction studies suggested that
admission-time features, structured clinical variables, and unstructured notes could support earlier estimation of expected
bed release timing [10, 12, 19]. Operational patient-bed assignment models extended this logic by linking predicted
patient trajectories to allocation decisions, although they did not fully resolve downstream cleaning, transport, or bed
preparation processes [9]. Overall, discharge and turnaround prediction remained an implied component of bed
management rather than a mature standalone modelling domain [19, 27].
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Staffing demand models: nurse staffing

Direct machine learning evidence for nurse staffing demand forecasting was less common than evidence for patient
throughput and bed capacity. Studies and reviews related to analytics, lean healthcare, patient flow, and nurse staffing
showed interest in predicting workload and aligning staffing to anticipated demand, but the available evidence was often
less technically developed than bed or admission prediction work [18, 20]. Where staffing implications were present,
models usually predicted demand drivers such as admissions, emergency arrivals, length of stay, or bed occupancy
rather than shift-level nurse requirements themselves [3, 10, 28]. This pattern indicates that nurse staffing analytics
frequently depends on upstream patient flow forecasts rather than dedicated nurse workload prediction models [1, 18].

Staffing demand models: physician and other staff

Physician, hospitalist, resident, and ancillary staffing demand were represented indirectly through emergency department
triage, admission, patient flow, radiology volume, and ambulatory surgery scheduling models. Admission prediction
models can inform hospitalist workload and inpatient team planning by estimating which emergency patients are likely to
require ward or intensive care beds [3, 7, 8]. Radiology demand and emergency imaging flow forecasts can similarly
support scheduling of radiologists, technicians, porters, and administrative staff, although these staffing outputs were
rarely evaluated as primary endpoints [13, 14]. Perioperative case resequencing studies also showed how length-of-stay
prediction could influence ambulatory centre throughput and staffing, but broader physician scheduling models remained
underdeveloped [27].

Equipment use and demand prediction

Equipment utilisation prediction was one of the least developed domains in the 2017-2023 evidence base. Direct studies
of infusion pumps, ventilators, and device-level I10T forecasting were scarce among the principal peer-reviewed evidence,
while adjacent studies examined imaging equipment demand, blood inventory, and general hospital artificial intelligence
applications [13, 14, 16, 17]. Radiology examination volume forecasting offered the clearest equipment-relevant evidence
because scanners, rooms, technicians, and appointment capacity are tightly coupled to predicted imaging demand [14].
Blood demand forecasting also demonstrated how machine learning, statistical modelling, and optimisation can connect
demand prediction to inventory and resource availability decisions [16, 17].

Diagnostic capacity: laboratory and imaging forecasting

Diagnostic capacity studies most clearly appeared in radiology and transfusion-related forecasting. Emergency patient
flow forecasting in radiology and automatic radiology examination volume forecasting showed how service demand can
be predicted using historical operational data, time patterns, and departmental volumes [13, 14]. Blood demand and
supply management studies further illustrated how diagnostic and treatment support services can combine forecasting
with inventory decisions, especially where shortages or wastage have direct operational consequences [16, 17].
Laboratory test-volume forecasting and pathology turnaround prediction were less visible in the principal evidence set,
indicating a gap between the operational importance of diagnostics and the number of mature machine learning studies in
this domain [14, 17].

Patient throughput: admission and discharge prediction

Patient throughput was the most developed resource allocation domain, especially for emergency department admission
prediction. Studies used machine learning at triage or during emergency evaluation to estimate hospital admission,
intensive care admission, and inpatient placement needs, with several models designed around variables available early
in the patient journey [3, 4, 7, 8]. Additional studies examined ward admission from the emergency department, adult
admission prediction, emergency triage outcomes, and prehospital prediction of admission among paramedic-transported
patients [26, 29-31]. These studies indicate that admission prediction has become a practical proxy for downstream bed,
staff, and diagnostic demand, even when the model's immediate outcome is a binary admission decision [3, 26].
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Patient throughput: length-of-stay and transfer dynamics

Length-of-stay prediction was another mature strand of the literature, with models applied at admission, within cardiac
cohorts, using unstructured text, and in disease-specific or surgical contexts. Several studies reported that machine
learning could classify or estimate prolonged stay risk, expected stay duration, or sequencing opportunities relevant to
capacity planning [10, 12, 19, 27]. Lung cancer, acute pancreatitis, and emergency department stay studies showed that
length-of-stay modelling extended beyond general medicine into specialty cohorts and operational subsettings [23-25].
Transfer dynamics were less commonly modelled, but prehospital and interfacility-relevant admission prediction studies
suggested a growing interest in forecasting patient movement before hospital arrival or early in the care pathway [26, 31].

Multi-resource integration and command centre models

Multi-resource integration remained an emerging rather than established area. Some studies linked bed forecasting to
patient redistribution or operational balancing, while others combined machine learning with optimisation or simulation to
connect predictions with allocation decisions [6, 9, 22]. Hospital artificial intelligence implementation work described the
broader organisational and technical requirements for integrating predictive models into real-world hospital workflows,
including data infrastructure and stakeholder adoption [20]. However, few studies provided evidence of command centre
systems that simultaneously forecast beds, staffing, diagnostics, and equipment in a unified operational view [15, 20, 21].

Model types and technical approaches

The evidence base included recurrent neural networks, gradient boosting, classical time-series regression, ensemble
learning, simulation-integrated machine learning, and hybrid forecasting-optimisation approaches. Bed occupancy and
patient flow studies used recurrent networks, scalable forecasting frameworks, dynamic balancing methods, and deep
learning-driven approaches for emergency department features [1, 5, 6, 11]. Admission and length-of-stay studies
commonly used tree-based machine learning and comparative predictive modelling designs, while radiology and
emergency arrival forecasting often used time-series or regression approaches [3, 10, 14, 28]. Hybrid approaches were
most visible where prediction was linked to operational decisions, such as patient-bed assignment, blood inventory
ordering, and patient flow simulation [9, 16, 22].

Validation, maturity, and implementation

Most studies relied on retrospective model development, and fewer reported external validation, prospective deployment,
or measured operational impact after implementation. Temporal validation was particularly important for bed occupancy,
emergency arrival, radiology volume, and capacity forecasting, but reporting practices varied across studies [1, 5, 14, 28].
Implementation maturity was highest when studies connected prediction to allocation logic, such as bed balancing,
patient-bed assignment, blood inventory decisions, or case resequencing, but even these examples often stopped short
of routine system-wide deployment [6, 9, 16, 27]. Common barriers included siloed data systems, limited interoperability,
lack of workflow integration, explainability concerns, and uncertainty about governance for operational artificial
intelligence [11, 20, 30].

Bed and throughput dominate the literature

The review found that bed management and patient throughput were the most developed areas of machine learning for
hospital resource allocation. Bed occupancy, emergency admission, triage outcome, and length-of-stay models appeared
repeatedly and were often framed around decisions that hospital operations teams already make daily [1, 3, 10, 13]. This
concentration likely reflects the availability of structured admission-discharge-transfer data and the immediate visibility of
crowding and boarding pressures [2, 4, 29]. Even so, much of the evidence remained retrospective, and relatively few
studies demonstrated sustained deployment in routine operational workflows [5, 9, 20].

Staffing and equipment as emerging frontiers
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Staffing and equipment forecasting were less mature but operationally attractive because they represent major
constraints on hospital capacity. Nurse staffing studies were often connected to patient flow and lean healthcare rather
than direct shift-level machine learning prediction of skill-mix demand [30]. Equipment-related forecasting was most
visible through imaging capacity and blood inventory studies, while direct modelling of infusion pumps, ventilators, and
bedside devices was rarely represented in the principal evidence base [13, 14 ,16]. These findings suggest that staffing
and equipment analytics may depend on better integration of roster systems, device logs, departmental information
systems, and patient flow forecasts [17, 20].

Diagnostic capacity remains under-modelled

Diagnostic capacity is central to hospital throughput, yet it remained under-modelled compared with admissions and
length of stay. Radiology examination volume and emergency imaging flow studies showed that diagnostic demand can
be forecasted, but comparable machine learning evidence for laboratory test volumes and pathology turnaround was
limited [13, 14]. Blood demand forecasting demonstrated a more developed link between prediction and inventory
management, suggesting that diagnostic-adjacent services can benefit from hybrid forecasting and optimisation methods
[16, 17]. The relatively small number of diagnostic capacity studies is notable because delays in imaging, laboratory
testing, and pathology can influence discharge timing, bed occupancy, and staffing workload [19, 27].

The implementation-readiness gap

A consistent theme across domains was the gap between model development and implementation readiness. Many
studies reported technically plausible prediction models, but fewer described integration into live hospital workflows,
prospective evaluation, decision accountability, or clinician and manager adoption [7, 8, 20]. Models that connected
prediction to optimisation or operational action, such as dynamic bed balancing, patient-bed assignment, blood inventory
ordering, and ambulatory case resequencing, appeared closer to implementation than studies reporting prediction alone
[6, 9, 16, 27]. The field therefore needs stronger evidence on whether forecasts change decisions, reduce operational
strain, and improve patient flow under real-world constraints [11, 22].

A translational framework linking predictive analytics to operational decision-making is outlined in Table 2.

Table 2. Analytical Framework for Translating Predictive Models into Operational Hospital Decision-Making

Analytical Layer Key Components Required Evidence Failure Mode if Absent Implication for
Standard Practice
Prediction Validity Temporal validation, Prospective + Overfitting, poor Unreliable
external testing multicentre validation generalisability forecasts
Data Alignment Real-time availability, Decision-time variable Data leakage, Misleading
correct timing integrity unrealistic performance outputs
Integration Layer Workflow embedding, Live system integration Siloed tools, non-use No operational
system interoperability evidence impact

Decision Linkage = Explicit allocation rules or  Demonstrated decision- Prediction without action  Limited value

optimisation action coupling
Human Factors Explainability, trust, User adoption studies Resistance, misuse Low uptake
governance
Outcome Operational KPIs (LOS, Pre/post or controlled No measurable benefit Weak

Evaluation wait time, capacity) studies justification
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Data silos and interoperability

Data silos remain a major barrier to multi-resource forecasting. Bed models often use admission-discharge-transfer data,
staffing analyses depend on rosters and workload measures, equipment prediction requires device or departmental
utilisation records, and diagnostic forecasting relies on radiology, laboratory, or transfusion information systems [1, 13, 14,
16]. Few studies integrated these data streams into a single predictive architecture, which limits the ability to forecast
compound bottlenecks such as high admissions coinciding with low staffing and limited diagnostic capacity [15, 20].
Interoperability is therefore not only a technical concern, but a prerequisite for operational command centres that can
convert multiple predictions into coordinated resource decisions [6, 22].

The conceptual integration of data, predictive modelling, and operational decision-making across resource domains is
illustrated in Figure 2.
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Figure 2. Hierarchical Architecture of Predictive Analytics for Multi-Resource Hospital Allocation

Generalizability across hospital types

Generalizability was limited by the predominance of single-centre or local retrospective studies. Admission prediction,
length-of-stay modelling, radiology forecasting, and bed demand studies often reflected local workflows, coding practices,
patient populations, and resource constraints [3, 10, 14]. Population-level and regional studies were valuable because
they suggested how models could support broader capacity coordination, but these were still less common than single-
institution analyses [5, 6, 26]. Future studies should examine whether models trained in tertiary hospitals, community
hospitals, specialised units, or emergency medical systems remain valid when transferred across settings [13, 30].

The role of explainability in operational trust
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Explainability is important because hospital resource allocation decisions affect patients, staff, and managers in real time.
Although many studies used complex models such as recurrent neural networks, gradient boosting, and hybrid deep
learning approaches, fewer provided detailed evidence that explanations improved operational trust or decision uptake [1,
8, 11]. Operational users may need to understand why a model predicts high admission demand, prolonged stay, imaging
pressure, or bed shortage before changing staffing levels or capacity plans [12, 14, 24]. Explainability should therefore be
studied as part of implementation design rather than treated as a purely technical add-on [20, 30].

Limitations

Review limitations

This review was limited by English-language inclusion, heterogeneity in prediction targets, and variation in reporting
across machine learning studies. Because studies differed by setting, time horizon, outcome definition, model type, and
validation design, meta-analysis was not appropriate and a narrative synthesis was used instead [1, 10, 14, 28].
Publication bias may have favoured studies reporting successful model development over failed implementation or
negative operational findings [20, 30]. The cited reference set also reflects principal peer-reviewed studies supporting the
synthesis, while the broader screening process identified a larger body of operational prediction literature with uneven
relevance to the five resource domains [11, 17].

Evidence base limitations

The underlying evidence base was dominated by retrospective studies, internal validation, and single-system analyses,
limiting confidence in generalisability and implementation impact. Several prediction targets, including admission,
discharge, length of stay, and occupancy, are vulnerable to data leakage when variables are collected after the real
operational decision point, making temporal validation and predictor timing essential [3, 10, 19]. Prospective evaluation,
external validation, randomised implementation studies, and economic analyses were uncommon across the reviewed
literature [6, 9, 16]. The absence of mature evidence for staffing, equipment, and integrated multi-resource systems
means that hospital-wide predictive resource allocation remains more aspirational than fully established [18, 20, 22].

Comparison with prior reviews

Prior reviews and review-adjacent syntheses often concentrated on single operational domains rather than the full
hospital resource allocation problem. Length-of-stay prediction reviews and disease- or unit-specific modelling studies
helped establish the relevance of machine learning for capacity planning, but they generally did not integrate beds, staff,
diagnostics, equipment, and patient flow into one synthesis [10, 12, 24, 25]. Nursing and patient-flow reviews similarly
emphasised workload, lean healthcare, and staffing implications, yet they provided less direct evidence on machine
learning-based multi-resource forecasting [18]. Diagnostic and inventory-focused reviews, including blood demand
forecasting work, showed progress in specific support services while remaining separate from inpatient bed and staffing
models [17].

This review differs by treating hospital resource allocation as a cross-domain operational system rather than a set of
independent prediction tasks. Bed occupancy models, emergency admission models, radiology volume forecasts, blood
demand models, and patient-bed assignment studies were interpreted together because each can influence hospital
capacity decisions [1, 3, 9, 14, 16]. This cross-domain perspective revealed that some prediction targets, particularly
admissions and length of stay, function as upstream signals for multiple downstream resources [7, 10, 26]. It also showed
that equipment and diagnostic capacity are rarely integrated into bed and staffing models despite their practical
importance for patient throughput [13, 17, 20].

The comparison with prior work highlights a translational gap between model development and routine hospital
management. Many studies demonstrated retrospective predictive feasibility, but fewer linked forecasts to live operational
workflows, command centre dashboards, staffing decisions, or allocation protocols [5, 20-22]. Hybrid studies that
combined prediction with optimisation, balancing, or simulation appeared more implementation-oriented, but they
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remained exceptions rather than the dominant evidence pattern [6, 9, 16]. Therefore, the major contribution of this review
is not only identifying which models exist, but showing how far most remain from coordinated, multi-resource hospital
decision support [11, 15, 18].

Recommendations

Researchers, journal editors, hospital administrators, and vendors should prioritise implementation-ready evidence,
transparent reporting, and interoperable infrastructure for hospital resource allocation models. Future studies should
move beyond retrospective prediction toward prospective, multicentre, temporally validated evaluations that report
operational context, decision points, deployment status, and real-world effects on bed allocation, staffing alignment,
diagnostic scheduling, equipment availability, and patient flow [1, 3, 10, 13, 16, 18, 20, 22, 31]. Hospitals and vendors
should treat predictive analytics as an integrated decision-support capability rather than a set of isolated models, ensuring
that forecasts from admission-discharge-transfer feeds, staffing rosters, diagnostic systems, equipment logs, and
inventory platforms can be combined into a unified operational view [6, 9, 11, 14, 17].

Research gaps

Key research gaps include the lack of mature models that jointly optimise beds, staff, equipment, diagnostics, and patient
movement; the scarcity of prospective clinical and economic evaluations; and limited attention to resilience, equity, and
fairness in operational resource allocation. Existing studies usually forecast one domain at a time, such as bed
occupancy, admission demand, radiology volume, blood inventory, or length of stay, while only a small subset links
prediction to assignment, balancing, inventory ordering, or simulation-based operational decisions [1, 3, 6, 9, 10, 14, 16,
22]. Future research should test multi-resource forecasting systems prospectively, evaluate cost-effectiveness and
workforce effects, and ensure that models remain reliable during surges, staffing shortages, and regional transfer
pressures while avoiding biased allocation patterns [5, 21]

Implications

The main implication for research, operations, and policy is that predictive analytics for hospital resource allocation should
be governed as a safety-critical decision-support system rather than a purely technical modelling exercise. Standardised
benchmarks, common outcome definitions, temporal validation, fairness monitoring, auditability, and post-deployment
evaluation are needed so that models for admission prediction, bed demand, length of stay, diagnostic volume, inventory,
and patient flow can be compared and trusted across hospitals [1, 9, 7, 10, 14, 16, 20]. In operational practice, forecasts
should support—not replace—human judgement, especially when allocation decisions involve emergency crowding,
interhospital balancing, staffing shortages, diagnostic bottlenecks, or competing patient needs [3, 6, 13, 26, 28, 29, 31].

Conclusion

Machine learning models for hospital resource allocation increased in quantity and sophistication between 2017 and
2023. The strongest evidence was concentrated in patient throughput, emergency admission prediction, bed occupancy
forecasting, and length-of-stay estimation.

Bed and throughput models are the most mature areas of the field, while staffing demand, equipment use, and diagnostic
capacity remain comparatively underexplored. This imbalance matters because real hospital capacity depends on the
coordination of physical beds, staff availability, diagnostic services, equipment, and patient movement.

The critical next step is implementation-focused research that tests whether predictive models improve decisions in live
hospital settings. Prospective validation, external testing, workflow integration, economic evaluation, and multi-resource
forecasting should become standard expectations for this field.
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A coordinated push toward open data, shared benchmarks, interoperable infrastructure, and pragmatic trials will
determine whether predictive analytics can fulfil its promise in hospital management. Without that shift, the field risks
producing technically impressive models that remain disconnected from the operational decisions they are intended to
support.
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