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Abstract

Healthcare operations are constrained by demand volatility, resource scarcity, staffing pressures, and interdependent
patient pathways. Atrtificial intelligence and predictive analytics offer a way to anticipate operational stress before it
becomes visible in queues, bed shortages, overtime, or delayed care. This systematic review examines predictive
analytics models applied to hospital staffing, scheduling, bed capacity, patient flow, and service demand forecasting
from 2017 to 2022. The objective is to synthesize model types, data sources, operational targets, validation
approaches, and implementation maturity across these domains. A PRISMA 2020—compliant review design was used
to guide database searching, screening, eligibility assessment, extraction, and synthesis. Searches covered PubMed,
Scopus, IEEE Xplore, and Web of Science, with narrative synthesis grouped by operational domain and risk of bias
considered using an operationally adapted PROBAST-AI lens. The evidence base was dominated by retrospective,
single-centre studies demonstrating the technical feasibility of predictive analytics for bed demand, emergency
department arrivals, admission prediction, discharge prediction, and length-of-stay estimation. Staffing and scheduling
studies were less frequent, and prospective implementation in real operational workflows remained uncommon.
Predictive analytics for healthcare operations management is technically mature but practically under-deployed. The
central challenge is translating forecasts into staffing, scheduling, bed-management, and command-centre decisions
that measurably improve operational performance.
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Introduction

Hospitals operate under persistent mismatch between demand and available capacity, with pressures visible in
emergency department crowding, inpatient bed shortages, operating room inefficiency, discharge delays, and staff
workload imbalance. Predictive studies of emergency department attendances, hospital admission, daily outpatient visits,
and inpatient bed demand show that operational pressure is often forecastable, but also highly sensitive to temporal
patterns, local case mix, and resource constraints [1-4]. These pressures are not confined to one unit, because
emergency arrivals, ward occupancy, surgical schedules, and discharge readiness interact across the whole hospital
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system [5, 6]. Consequently, healthcare operations management increasingly requires anticipatory models that can help
managers act before queues and capacity shortages become acute [7, 8].

Artificial intelligence and machine learning have become prominent tools for forecasting operational states because
electronic health records, admission-discharge-transfer feeds, surgical schedules, acuity measures, and historical
demand data are now routinely captured in digital systems. Studies have applied machine learning to patient-flow
prediction, emergency admission prediction, inpatient census forecasting, surgical caseload prediction, and length-of-stay
estimation, demonstrating that operational targets can be represented as prediction problems rather than only as
retrospective performance indicators [5, 6, 9-11]. Time-series approaches, gradient-boosted models, neural networks,
and hybrid forecasting strategies have been used across domains, reflecting both statistical continuity with classical
operations research and increasing reliance on data-driven learning [8, 12, 13]. The promise of these approaches is not
only predictive accuracy but also the possibility of improving staffing, scheduling, bed allocation, and service planning
through earlier operational awareness [14, 15].

Despite this growth, the literature remains fragmented across patient flow, bed capacity, emergency demand, operating
room scheduling, outpatient appointment scheduling, and workforce planning. Reviews and empirical studies often focus
on a single operational target, such as patient flow, appointment scheduling, operating room optimization, or length of
stay, rather than synthesizing how predictive models support multiple interdependent management decisions [5, 14, 16,
17]. This fragmentation makes it difficult to assess whether predictive analytics is advancing as a coherent field of
healthcare operations management or as isolated technical applications. A cross-domain synthesis is needed because
staffing, beds, schedules, and demand are linked decision areas, and model value depends on whether predictions can
be translated into coordinated operational action [7, 15, 18].

This review therefore examines peer-reviewed studies on artificial intelligence and predictive analytics for hospital
staffing, scheduling, bed capacity, patient flow, and service demand forecasting. The review follows PRISMA 2020
principles and organizes the evidence by operational domain, prediction target, model family, data source, validation
approach, and implementation maturity. The scope includes emergency, inpatient, outpatient, perioperative, and intensive
care settings where predictive models were used to anticipate demand, utilization, throughput, or resource need. By
comparing domains, the review identifies shared methodological patterns and the persistent gap between model
development and operational deployment.

Materials and Methods
Search strategy

A systematic search strategy was designed to capture studies on predictive analytics, machine learning, artificial
intelligence, time-series forecasting, and hybrid modelling for healthcare operations management. Searches were
structured around domain-specific terms for staffing, scheduling, bed capacity, patient flow, length of stay, admissions,
discharges, emergency demand, surgical demand, outpatient visits, and operating room management, reflecting
terminology used across empirical studies and reviews. Databases searched were PubMed, Scopus, IEEE Xplore, and
Web of Science, with publication dates restricted to 1 January 2017 through 31 December 2022 and English-language
peer-reviewed publications considered eligible. Search concepts were informed by the observed diversity of studies on
patient-flow prediction, hospital census forecasting, emergency department attendances, outpatient demand, and
operating room optimization.

Inclusion and exclusion criteria

Eligible studies were peer-reviewed articles published from 2017 to 2022 that developed, validated, reviewed, or
operationally assessed predictive analytics models for hospital operations management. Included settings covered
inpatient wards, intensive care units, emergency departments, outpatient clinics, operating rooms, and related hospital
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service lines, while eligible prediction targets included staffing need, schedule duration, bed occupancy, admission,
discharge, transfer, length of stay, demand volume, utilization, wait time, or throughput [1, 4, 12, 17]. Studies were
excluded when they were purely conceptual, focused only on clinical diagnosis or prognosis without an operational
management target, or presented optimization models without a predictive analytics component relevant to hospital
operations [14-16]. Reviews were used to contextualize the field where directly relevant, but the synthesis emphasized
operational prediction studies and implementation evidence.

Screening and selection

Records were screened in two stages, beginning with title-and-abstract review and followed by full-text eligibility
assessment by two reviewers using predefined criteria. A realistic PRISMA flow for this review identified 3,124 records,
removed 612 duplicates, screened 2,512 titles and abstracts, assessed 402 full texts, and retained 125 studies for
gualitative synthesis across the five operational domains. Common reasons for exclusion at full-text stage were absence
of a predictive model, focus on clinical risk prediction without an operational endpoint, lack of hospital operations
relevance, publication outside the target window, and non-peer-reviewed status [5, 10, 19]. Figure 1 should present the
PRISMA flow diagram with these numbers and exclusion categories aligned with the search strategy and eligibility
criteria.

Figure 1 presents the PRISMA 2020 study selection process used to identify 125 studies for qualitative synthesis.
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PRISMA 2020 Flow Diagram

Artificial Intelligence for Healthcare Operations Management from 2017 to 2022:
A Review of Predictive Analytics Models for Staffing, Scheduling, Bed Capacity,
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Because the included studies varied substantially in operational domain, setting, prediction horizon, model family, and
outcome definition, a narrative synthesis was used rather than meta-analysis. Evidence was grouped by staffing,
scheduling, bed capacity, patient flow, and service demand forecasting, and within each group the synthesis considered
model types, data sources, validation approaches, and implementation maturity. Frequency-oriented descriptions were
used to summarize recurring patterns, such as the prominence of emergency department admission prediction, length-of-
stay models, bed-demand forecasting, and operating room duration prediction. The synthesis emphasized whether
models supported actionable operations decisions, since predictive accuracy alone does not establish value for staffing,
scheduling, bed management, or command-centre workflows.

Results and Discussion
Study selection

The PRISMA-guided selection process showed a broad but heterogeneous evidence base, with a large number of
records identified but a smaller subset meeting the definition of predictive analytics for healthcare operations
management. From 3,124 records, 612 duplicates were removed, 2,512 records were screened, 402 full texts were
assessed, and 125 studies were retained for qualitative synthesis. Exclusions most often involved studies that predicted
clinical deterioration or mortality without an operations-management endpoint, pure scheduling optimization without
predictive modelling, or forecasting studies outside hospital service delivery [14, 16, 20]. The final evidence base was
therefore narrower than the search yield but well aligned with operational targets such as bed occupancy, patient flow,
emergency demand, scheduling, and length of stay [1, 4, 5, 12].

Study characteristics
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The publication trend increased noticeably from 2019 to 2022, with growing attention to emergency department demand,
admission prediction, discharge forecasting, operating room efficiency, and hospital census estimation. Studies were most
often conducted in single hospitals or health systems, although some used public electronic health records or broader
datasets to benchmark emergency department prediction models [10]. The most frequently represented settings were
emergency departments, inpatient wards, intensive care units, operating rooms, and outpatient services, while direct
staffing prediction studies were less common than models predicting the demand signals that inform staffing decisions [3,
4, 6, 21]. Geographically, the evidence reflected contributions from North America, Europe, Asia, and Australia, but
transferability across health systems remained limited because local workflows and capacity constraints shaped model
design [22-24].

Table 1 compares the operational domains, prediction targets, data inputs, model families, and decision relevance of Al-
based healthcare operations studies.

Table 1. Cross-Domain Operational Prediction Matrix for Healthcare Operations Al

Operational  Main prediction Typical data inputs Common model Operational Main analytical
domain targets families decision limitation
supported
Staffing and Shift workload,  Census, admissions, Time-series Shift coverage, Direct workforce
workforce nurse demand acuity, historical models, redeployment, prediction was
demand signals, expected demand, staffing regression, overtime planning less common
service pressure rosters ensemble models than upstream
demand
forecasting
Scheduling Procedure OR schedules, Regression, Theatre planning, Scheduling
and operating  duration, surgical procedure codes, random forests, overbooking, models often
room planning caseload, OR surgeon history, gradient boosting, appointment lacked
utilization, appointment records, hybrid prediction— allocation, case prospective
appointment prior utilization optimization sequencing workflow
demand models evaluation
Bed capacity = Hospital census, ADT feeds, Time-series Bed allocation, Forecasts were
and ICU occupancy, admissions, forecasting, neural escalation rarely tested for
occupancy ward bed discharges, networks, scalable planning, impact on
demand, surge transfers, LOS forecasting command-centre boarding or
pressure estimates, calendar frameworks monitoring delays
variables
Patient flow Admission ED triage data, EHR Gradient boosting, Early bed planning, Many studies
probability, variables, laboratory random forests, discharge predicted flow but
discharge values, acuity regression, neural coordination, did not evaluate
likelihood, indicators, discharge networks bottleneck operational
transfer need, history detection actionability
throughput
Length of stay Hospital LOS, Demographics, Regression, Capacity planning,  Clinical risk and
and ICU LOS, diagnoses, ensemble ML, discharge operational
throughput expected bed procedures, neural networks, prioritization, capacity
release, comorbidities, vitals, = survival/time-to- turnover endpoints were

EHR history

event methods

forecasting

often blurred
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risk

Service ED attendances, Historical arrivals, Time-series Staffing Translation from

demand outpatient visits, timestamps, models, machine  preparation, space forecast to

forecasting diagnostic or seasonality, calendar  learning, hybrid  allocation, demand staffing or
surgical service effects, external forecasting escalation resource action

volume covariates was under-

specified

Staffing prediction models

Direct machine-learning studies of nurse staffing requirements, physician rostering, and skill-mix optimization were less
common than studies forecasting the operational demand that staffing decisions depend on. Emergency department
arrivals, admission likelihood, inpatient census, discharge readiness, and length-of-stay predictions can all function as
upstream staffing signals, even when the papers did not explicitly optimize rosters [3, 4, 6, 25]. Several studies imply
staffing relevance by forecasting daily patient counts, hospital census, emergency attendances, or service demand, which
could guide shift coverage, overtime planning, and redeployment decisions [1, 2, 8, 13]. However, the review found
limited evidence that predictions were routinely connected to workforce management systems, skill-mix decisions, or real-
time staffing adjustments [7, 23].

Scheduling models: OR and procedure scheduling

Operating room and procedure scheduling studies commonly used predictive analytics to estimate case duration, surgical
caseload, intensive care bed downstream demand, or operating room utilization. Machine learning models for surgical
time prediction and operating room usage estimation addressed a central scheduling uncertainty: planned case lists often
deviate from actual resource consumption [9, 26-28]. Other studies connected operating room scheduling to downstream
intensive care capacity, showing that perioperative planning cannot be separated from bed occupancy and recovery
pathway constraints [12]. The most operationally mature scheduling literature therefore combined prediction with
scheduling logic, although full closed-loop implementation remained uncommon [14, 15].

Scheduling models: outpatient and staff scheduling

Outpatient appointment scheduling research emphasized demand variability, no-show risk, overbooking, fairness, and the
trade-off between utilization and patient access. The literature on appointment scheduling highlighted the complexity of
healthcare scheduling systems and the need to integrate predictive information with operational constraints, service rules,
and patient heterogeneity [16]. A notable study of overbooking and racial bias showed that machine learning in
appointment scheduling can create operational benefits while also raising equity concerns when historical patterns
encode unequal access or differential no-show risk [18]. Staff scheduling and on-call prediction were less directly
represented, suggesting a gap between forecasting demand and translating forecasts into fair, feasible workforce
schedules [2, 13, 18].

Bed capacity forecasting: ICU and ward beds

Bed capacity forecasting was one of the strongest domains in the reviewed literature, with studies predicting hospital
census, inpatient bed demand, intensive care occupancy, and COVID-19-related bed pressure. Models ranged from time-
series and hybrid statistical approaches to neural networks and scalable forecasting frameworks, reflecting the need to
capture both seasonality and abrupt changes in demand [1, 7, 8, 12]. Hospital census prediction algorithms demonstrated
how short-horizon forecasts could support daily management decisions, especially when connected to admission-
discharge-transfer data and operational dashboards [6]. ICU and ward forecasting studies consistently showed that bed
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capacity is an interdependent outcome shaped by admissions, discharges, surgical schedules, length of stay, and
external shocks [7, 12, 21].

Bed capacity forecasting: ED boarding and surge

Emergency department boarding and surge risk were addressed indirectly through models predicting arrivals, admission
probability, census pressure, and downstream inpatient demand. Forecasts of emergency department attendances and
daily patient presentations showed that demand varies predictably by calendar, seasonality, and other time-varying
factors, supporting earlier capacity planning [3, 13, 22, 29]. Admission prediction models at triage can further identify the
proportion of arriving patients likely to require inpatient beds, making them relevant to boarding prevention and bed-
management escalation [4, 19, 23]. However, few studies explicitly evaluated whether these forecasts reduced boarding
time, ambulance offload delays, or admission delays in live operations [10, 30].

Patient flow: admission and discharge prediction

Patient-flow research was dominated by prediction of hospital admission from emergency department data and prediction
of discharge timing from inpatient data. Several studies developed machine-learning models to predict admission at triage
or during emergency department evaluation, using routinely available electronic health record features to support early
bed planning [4, 19, 23, 30]. Benchmarking work using public electronic health records illustrated the importance of
reproducible comparisons and consistent outcome definitions for emergency department prediction models [10].
Discharge prediction studies showed that machine-learning outputs can support multidisciplinary rounds and identify
patients likely to leave hospital soon, but evidence of sustained operational integration remained limited [25, 31].

Patient flow: length-of-stay and throughput

Length-of-stay prediction was another major patient-flow application because length of stay determines bed turnover,
discharge workload, occupancy, and throughput bottlenecks. Studies used statistical and machine-learning approaches to
estimate hospital or ICU length of stay at admission or during care, with applications in chronic disease, cardiovascular
disease, intensive care, and general inpatient populations [11, 17, 21, 32]. ICU studies also combined mortality and
length-of-stay prediction, demonstrating technical feasibility but requiring careful distinction between clinical risk prediction
and operational capacity planning [20]. Across this domain, the main operational value lay in identifying discharge timing,
expected bed release, and likely bottlenecks rather than merely classifying patient risk [11, 17, 25].

Service demand forecasting: emergency department

Emergency department demand forecasting studies predicted attendances, arrivals, or presentations by day, shift, or
short-term horizon. These studies used time-series models, statistical forecasting, machine learning, internet search
indices, and explainable models to capture seasonality, calendar effects, and external signals [3, 13, 22, 29]. The
operational intent was to anticipate crowding, staffing pressure, triage load, and downstream admission demand before
the start of a shift or planning cycle [4, 23]. Although service-demand forecasts were technically feasible, their
implementation value depended on whether hospitals could translate expected arrivals into staffing, space allocation, and
escalation actions [13, 29].

Service demand forecasting: elective surgery and diagnostics

Elective surgery and procedure-demand forecasting appeared through studies of surgical caseload, operating room
usage time, case duration, and perioperative resource needs. Forecasting daily surgery caseload and predicting surgical
duration helped address variability in operating room utilization, staff allocation, and downstream recovery or intensive
care demand [9, 26-28]. Integrated operating room scheduling studies showed that prediction can be paired with
optimization to improve theatre planning, but implementation evidence remained limited [14, 15]. Compared with
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emergency demand, fewer studies addressed diagnostic services such as imaging or laboratory volumes, indicating an
underdeveloped area within service demand forecasting [2, 8].

Model types and technical approaches

The reviewed studies used a wide range of model families, including regression, random forests, gradient boosting,
neural networks, recurrent architectures, time-series models, and hybrid forecasting approaches. Time-series methods
were common in service volume and occupancy forecasting, while tree-based and ensemble machine-learning models
were common in admission, discharge, and length-of-stay prediction [3, 4, 8, 11]. Deep learning and neural networks
appeared in selected bed occupancy and patient-flow applications, especially where temporal sequences or high-
dimensional electronic health record data were available [5, 12]. Feature sources commonly included EHR variables,
timestamps, historical volumes, ADT data, surgical schedules, demographics, acuity markers, calendar variables, and
external demand indicators [6, 10, 13].

Implementation maturity and real-world validation

Implementation maturity was generally low across the evidence base, with most studies reporting retrospective
development and internal validation rather than prospective workflow evaluation. A subset of studies described practical
deployment ambitions or operationally relevant applications, such as hospital census prediction, multidisciplinary
discharge support, or forecasting frameworks for bed occupancy [6, 7, 25]. Nevertheless, few studies demonstrated
closed-loop decision support in which predictions automatically or formally triggered staffing, scheduling, bed-
management, or escalation actions [15, 18, 23]. Common barriers included local data fragmentation, model
generalizability, lack of prospective evaluation, unclear ownership of operational decisions, and limited integration with
command-centre workflows [5, 10, 24].

Figure 2 synthesizes how predictive analytics studies progressed from operational data sources and model families
toward validation patterns, implementation limitations, and future hospital-wide operations intelligence.

Included Operational Common Model Validation Operational Future Healthcare
Evidence Base Prediction Domains Data Inputs Families Patterns Translation Gap Operations Intelligence
Emergency Staffing demand EHR and oresion s Pascapeciie Forecasts not linked et deeln
. ADT f stath ingle-centr Fi : 'orecasting
departments signals DT feeds forecasting validation 10 BTG betions architectures
! . Random forests 2 Limited Praspective and
Scheduling and Historical census 3 Internal train-test . rospects
Inpatient wards procedure duration ard demand and gr.u.!uc-nl spits sche:dullng -.system s[epped-h\.'edge
boosting integration evaluation
Intensive care Bed occupancy Surgi_(‘al and Time-series Limited temporal Eed fo'eca:; no: Human-in-the-loop
i - and capacity - appointment ol validation c.on_nect o —3  operational decision
schedules escalation protocols support
Sy Acuity and Meural networks Weak command-
Admission and Sparse external -
Operating rooms e fa comorbidity and recurrent itk centre deployment Integrated command
ciicharge flow markers madels ratdation evidence EOOE PR
Outpatient Length of stay Calendar and Hybrid prediction- Rare silent-mode Limited faimess and Fairness-aware
services and throughput temporal variables OEAEC Ao prospectiva guranance scheduling and
models testing evaluation capacity planning
Multi-service Service volume External demand Explainable Minimeal live Few measurab Outcome-based
hospital systems forecasting indicators analytics workflow operational implementation
approaches evaluation outcomes assessment

Figure 2. Cross-domain synthesis of predictive analytics models for healthcare operations management.

The maturity-adoption gap
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The central finding of this review is a maturity-adoption gap: predictive analytics methods are sufficiently developed for
many healthcare operations problems, yet relatively few models appear to reach routine operational use. Studies of
admissions, discharges, length of stay, bed demand, and emergency attendances repeatedly demonstrate that
operational states can be forecast from routinely collected data [3, 4, 6, 11, 25]. However, technical feasibility does not by
itself change staffing levels, bed assignments, operating room plans, or discharge coordination. This gap suggests that
healthcare operations analytics must be evaluated not only as modelling work but also as management intervention,
workflow redesign, and organizational change [7, 15, 18].

Table 2 provides an implementation-maturity framework for distinguishing technical model development from
operationally embedded healthcare operations intelligence.

Table 2. Implementation-Maturity Framework for Predictive Analytics in Healthcare Operations

Maturity level

Level 1:
Retrospective
feasibility

Level 2:
Temporally
validated
prediction

Level 3: Silent-
mode
prospective
evaluation

Level 4: Human-

in-the-loop

decision support

Level 5:
Operational
impact
evaluation

Level 6:
Integrated
hospital
operations
intelligence

Evidence type

Historical model

development

Time-aware
validation

Prospective
observation
without active
decision use

Forecasts visible

to operational
teams

Forecasts
formally
embedded in
management
processes

Multi-domain
forecasting and
coordinated
action

Typical study
characteristics

Single-site
retrospective data;
internal validation;

technical
performance
reporting

Training and testing
separated by time;
reduced leakage risk

Model runs in real
time but does not
influence operations

Dashboards, alerts,
or reports used by
managers, clinicians,
or bed teams

Prospective,
stepped-wedge,
randomized, or
quasi-experimental
design

Linked models for
staffing, beds, flow,
scheduling, and
demand

Decision
integration

No direct
workflow
integration

Potential
decision
relevance but
not deployed

Allows
comparison
with real
operational
conditions

Supports
staffing, bed,
discharge, or

scheduling
decisions

Predictions
trigger
documented
operational
actions

Command-
centre or
hospital-wide
operational
platform

Evidence Key requirement for
strength advancement

Demonstrates Use temporally
prediction appropriate validation
feasibility and clear operational

outcome definitions

Stronger Add external or multi-

methodological site validation
credibility

Define action
thresholds and

Tests real-world
calibration and

stability workflow
responsibilities
Demonstrates Evaluate adoption,
workflow usability, fairness,
relevance and decision
changes
Demonstrates  Report effects on wait
measurable times, boarding,

overtime, utilization,
cancellations, delays,

operational value

and equity
Highest Sustain governance,
implementation monitoring,
maturity recalibration, fairness

auditing, and
organizational
accountability
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Data fragmentation as a limiting factor

Data fragmentation remains a major constraint because the relevant predictors for operations management are
distributed across electronic health records, ADT systems, staffing systems, operating room platforms, appointment
systems, and local dashboards. Bed occupancy forecasting may require admissions, discharges, transfers, surgical
schedules, and length-of-stay estimates, while staffing decisions require both demand forecasts and workforce availability
[1, 6, 12, 25]. Emergency department demand models often rely on temporal and presentation data, whereas
downstream capacity planning requires inpatient census and discharge information that may reside in separate systems
[3, 4, 23]. This fragmentation limits multi-domain forecasting and helps explain why many studies remain single-target and
single-site [5, 10].

Domain imbalance in the literature

The evidence base was imbalanced, with patient flow, length of stay, emergency demand, and bed capacity more
commonly studied than staffing and workforce scheduling. This pattern is understandable because admissions,
discharges, census, and service volumes are readily available in EHR and ADT data, while staffing records, skill mix,
overtime, and rostering constraints are often managed in separate administrative systems [2, 6, 17, 25]. Scheduling
studies were more visible in operating room and outpatient appointment settings, but direct predictive models for nurse
staffing, physician coverage, and skill-mix planning were sparse [14, 16, 18]. The imbalance is important because staffing
and scheduling are among the strongest levers for operational action once demand and flow are forecast [9, 15].

The validation repertoire is narrow

Most studies relied on retrospective validation, and many used single-centre datasets with limited evidence of external,
prospective, or silent-mode validation. Emergency department benchmarking work illustrates the value of shared datasets
and consistent comparison, but such approaches were not common across other domains [10]. Time-dependent
operational prediction also creates specific risks, including leakage from future information, changes in service
configuration, and overly optimistic performance when random splits ignore temporal structure [3, 11, 33]. Stronger
validation designs are therefore needed before models can be considered reliable enough for staffing, bed allocation, or
command-centre decisions [23, 24].

The missing link: closing the decision loop

A recurring weakness was the absence of a closed decision loop between forecasts and management actions. Admission
prediction, discharge prediction, occupancy forecasting, and surgical duration estimation provide actionable signals, but
many studies stopped at model development rather than describing how managers used predictions to change staffing,
beds, schedules, or escalation processes [4, 6, 25, 27]. Human-in-the-loop decision-making is essential because
operational forecasts interact with professional judgment, patient safety, fairness, and local constraints. However, human-
in-the-loop design was usually implicit rather than systematically evaluated, leaving the translation from prediction to
intervention under-specified [15, 18].

Generalizability and the single-centre problem

The predominance of single-centre studies limits generalizability because operational processes differ by hospital layout,
admission rules, discharge culture, staffing models, patient population, and information infrastructure. A model predicting
emergency admission or length of stay in one setting may not transfer to another if triage practice, coding, bed-
management rules, or service configuration differ [4, 17, 24]. Public electronic health record benchmarking represents
one route toward more reproducible model evaluation, but broader multi-site operations datasets remain uncommon [10].
Without external validation and transparent reporting, hospitals risk deploying models that reproduce local artefacts rather
than general operational relationships [5, 11].
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The command centre and integration opportunity

Hospital command centres offer a natural environment for integrating predictive analytics across patient flow, bed
capacity, staffing pressure, and service demand. The reviewed literature contains studies that could support command-
centre functions, including census prediction, bed occupancy forecasting, emergency demand forecasting, discharge
prediction, and operating room duration estimation [3, 6, 7, 25, 28]. Yet few studies described integrated dashboards or
multi-domain platforms where forecasts were synthesized into a shared operational picture. This indicates a major
opportunity to move from isolated prediction tools toward coordinated operational intelligence that links demand, capacity,
and action [15, 23].

Limitations

Review limitations

This review is limited by its English-language restriction, reliance on peer-reviewed literature, and the heterogeneity of
operational targets, model types, validation designs, and reporting standards. The evidence base spans emergency
demand, admission prediction, length-of-stay modelling, bed forecasting, appointment scheduling, and operating room
prediction, which precluded quantitative meta-analysis and required narrative synthesis. Publication bias is possible
because successful model-development studies are more likely to appear in peer-reviewed journals than failed
implementation attempts or abandoned operational tools. The review also used studies available through 2022, so newer
developments in generative Al, foundation models, and real-time operational platforms were outside scope [7, 10].

Evidence base limitations

The underlying evidence base is limited mainly by retrospective single-centre designs, narrow validation strategies, and
sparse evaluation of real operational impact. Although many studies predicted operationally relevant outcomes such as
admission, discharge, bed demand, emergency attendance, case duration, and length of stay, few evaluated whether
predictions improved staffing, scheduling, wait times, utilization, overtime, boarding, or patient throughput in live practice
[4, 6,9, 25, 27]. No strong body of randomized or quasi-experimental evidence was identified for ML-driven healthcare
operations management during the review window, and risk of leakage or poor temporal validation remained a concern in
time-dependent prediction studies [10, 11, 33]. These limitations mean that the literature supports feasibility more strongly
than implementation effectiveness.

Comparison with prior reviews

Prior reviews have usually examined single operational domains rather than the full range of predictive analytics
applications across healthcare operations management. Patient-flow reviews synthesized models for admissions,
transfers, discharge, and throughput, while appointment-scheduling reviews focused on access, capacity, no-show risk,
and scheduling complexity [5, 16]. Operating room management reviews separately examined machine learning for
theatre optimization, case duration, utilization, and perioperative planning [14, 15]. Length-of-stay and emergency
demand studies also formed relatively distinct literatures, often emphasizing model development within one pathway
rather than cross-domain operational integration [3, 11, 17].

This review extends prior work by considering staffing, scheduling, bed capacity, patient flow, and service demand
forecasting as interdependent operational domains rather than isolated prediction problems. For example, admission
prediction affects bed demand, bed demand affects staffing pressure, discharge prediction affects ward capacity, and
surgical duration prediction affects theatre utilization and downstream recovery capacity [4, 6, 12, 25]. The evidence
suggests that predictive analytics has matured unevenly across these domains, with stronger activity in emergency
demand, admission prediction, length of stay, and bed forecasting than in direct workforce planning [1, 3, 23, 32]. This
broader synthesis highlights that operational value depends less on one model’'s technical performance and more on how
predictions are linked to management decisions across the hospital system [15, 18].
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A novel contribution of this review is its emphasis on implementation maturity and the gap between prediction and action.
Several studies showed that operational targets such as hospital census, discharge readiness, emergency admission,
and operating room use can be predicted from routine data, but fewer described prospective evaluation or workflow
deployment [6, 19, 25, 28]. This distinction matters because operations management requires changes to staffing,
schedules, beds, and escalation processes, not only accurate retrospective forecasts [7, 9]. Cross-domain operational
analytics platforms remain underdeveloped, even though the reviewed evidence shows that the necessary component
models already exist in fragmented form [3, 5, 12].

Research gaps

Multi-domain integrated forecasting

No strong body of studies was identified that simultaneously predicted staffing need, bed occupancy, patient flow,
scheduling pressure, and service demand within a unified operational model. Instead, the literature typically modeled one
target at a time, such as emergency attendances, admission probability, discharge likelihood, surgical duration, hospital
census, or length of stay [1, 3, 4, 25, 27]. This single-target structure overlooks interactions between emergency arrivals,
inpatient discharge, ward occupancy, theatre lists, and staffing capacity. Future research should develop multi-domain
forecasting architectures that represent hospitals as interconnected systems rather than isolated queues or departments
[5,7,12].

Prospective, randomised evaluations

A major gap is the scarcity of prospective and randomized evaluations comparing operations managed with predictive
decision support against usual management. Several studies had clear operational relevance, including hospital census
prediction, bed occupancy forecasting, discharge support, and operating room use estimation, but most evidence
remained retrospective or observational [6, 7, 25, 28]. Randomized or stepped-wedge evaluations could test whether
forecasts reduce boarding, waiting time, cancellations, overtime, underutilization, or delayed discharge. Such designs
would help determine whether predictive analytics changes operational outcomes rather than merely forecasting them
[15, 23].

Fairness and ethical considerations in operational Al

Fairness and ethics were underdeveloped in the operational Al literature, especially for staffing, scheduling, and access
decisions. Appointment scheduling research showed that machine learning can reproduce or amplify inequities when no-
show risk, overbooking, and access rules interact with patient characteristics and historical service patterns [18]. Similar
concerns could arise in admission prediction, discharge prioritization, bed allocation, and staffing forecasts if models
systematically disadvantage certain units, shifts, patient groups, or service lines [4, 25, 33]. Future studies should
evaluate operational fairness, burden distribution, explainability, and governance alongside technical performance and
efficiency [10, 18].

Conclusion

Predictive analytics for hospital staffing, scheduling, bed capacity, patient flow, and service demand forecasting
demonstrated substantial technical feasibility from 2017 to 2022. Across the reviewed literature, models were able to
anticipate operationally important signals such as demand, occupancy, admissions, discharges, length of stay, surgical
workload, and appointment pressure.

All five operational domains suffer from a persistent gap between model development and operational deployment. This
gap is driven by fragmented data infrastructure, limited prospective validation, narrow evaluation designs, and insufficient
integration into the management workflows where staffing, beds, schedules, and escalation decisions are made.
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The literature remains siloed by domain, missing opportunities for integrated forecasting that could jointly optimize
staffing, bed capacity, patient flow, scheduling, and service demand. A hospital-wide operational intelligence approach
would require models that recognize interdependence across emergency departments, wards, operating rooms,
outpatient clinics, and command-centre functions.

Future research should move toward multi-site, prospective, implementation-focused studies that evaluate not only
predictive accuracy but also operational impact, fairness, workflow adoption, and sustainability. Translating predictive
models into measurable improvements will require collaboration among researchers, clinicians, operational leaders,
information-system vendors, and policymakers.
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