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Introduction

Chen Li , Wang Yu , Zhang Wei1* 1 2

Foundation models pre-trained on massive, multimodal data have transformed several areas of artificial intelligence.
Their adaptation to healthcare operations analytics is an emerging frontier because hospital workflows generate dense
streams of structured, textual, temporal, and administrative data. This systematic review examined applications of
foundation models to patient flow prediction, documentation burden estimation, resource allocation, and operational
risk forecasting from 2017 to 2026. The review focused on multimodal pretraining, transfer learning, downstream
adaptation, validation, and implementation maturity. A PRISMA 2020-compliant search was designed for PubMed,
Scopus, IEEE Xplore, and Web of Science. Records were screened by two reviewers, and eligible studies were
synthesized narratively by operational domain, model architecture, data modality, and maturity level. A small but
rapidly growing body of work suggests that pre-trained multimodal models may support operational prediction tasks
across healthcare systems. Evidence was concentrated in patient flow and resource allocation, while documentation
burden estimation and operational risk forecasting were less frequently studied. Foundation models show potential to
unify operational analytics across hospital systems. The field remains immature, with limited external validation, few
prospective implementation studies, and no widely adopted benchmarks for operational foundation models.

1

2

Modern hospitals operate as complex adaptive systems in which patient demand, bed availability, staffing, documentation
workload, diagnostic capacity, and safety risk interact continuously. Historically, predictive analytics in this setting has
been developed as isolated models for specific tasks such as emergency department admission prediction, discharge
prediction, length-of-stay estimation, and bed demand forecasting [1-3]. This task-specific approach can be useful, but it
often creates parallel technical pipelines that are difficult to maintain, recalibrate, and integrate into real-time operational
workflows [4, 5]. As a result, healthcare operations analytics has remained fragmented despite the availability of
increasingly rich electronic health record and administrative data [6, 7].
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Materials and Methods

Foundation models offer a different paradigm because they learn general-purpose representations from large and
heterogeneous datasets before being adapted to downstream tasks. In healthcare, transformer-based models trained on
structured EHR sequences, clinical notes, and longitudinal patient histories have demonstrated that pretraining can
support multiple forms of prediction from shared representations [8-10]. These models are relevant to operational
analytics because patient movement, documentation activity, orders, staffing patterns, and care delays all produce
temporal signals that can be represented as sequences or multimodal events [11, 12]. Multimodal and self-supervised
learning may therefore allow operational models to move beyond narrow task engineering toward reusable hospital-scale
prediction layers [13-15].

The literature on foundation models in healthcare has expanded rapidly, but much of it remains oriented toward clinical
prediction, diagnosis, phenotyping, medication recommendation, or readmission. Operational uses, including patient flow
prediction, documentation burden estimation, resource allocation, and operational risk forecasting, are scattered across
informatics, digital medicine, emergency care, operations research, and artificial intelligence journals [16-18]. Studies of
EHR workload and clinician burden provide operationally important signals, but they are not always connected to the
foundation model literature [19-21]. Conversely, studies of large pre-trained models often evaluate broad prediction
capacity without explicitly framing hospital operations as the primary application domain [10, 12].

This systematic review was designed to synthesize evidence from 2017 to 2026 on foundation models and related pre-
trained multimodal architectures for healthcare systems analytics. It follows PRISMA 2020 principles by defining eligibility
criteria, screening records systematically, extracting study characteristics, and narratively synthesizing evidence by
operational domain. The review emphasizes four domains: patient flow prediction, documentation burden estimation,
resource allocation, and operational risk forecasting. It also evaluates model architectures, pretraining objectives, transfer
learning strategies, validation approaches, implementation maturity, and recurring methodological limitations across the
evidence base.

Search strategy
The search strategy targeted literature linking foundation models, large pre-trained transformers, multimodal pretraining,
and self-supervised learning with healthcare operations outcomes. Search strings combined terms for model class, such
as “foundation model,” “transformer,” “large language model,” “self-supervised,” and “pretrained model,” with operational
terms including “patient flow,” “hospital throughput,” “bed management,” “documentation burden,” “resource allocation,”
and “operational risk”. Searches were planned across PubMed, Scopus, IEEE Xplore, and Web of Science, with
additional backward citation checking of highly relevant EHR representation learning and emergency department
prediction studies. The time window was restricted to studies published from 2017 through 2026, reflecting the
emergence of transformer-based pretraining and its subsequent translation into healthcare analytics.

Inclusion and exclusion criteria
Eligible studies were original research, peer-reviewed articles, or peer-reviewed conference papers that evaluated pre-
trained, transformer-based, multimodal, self-supervised, transfer-learning, or foundation-model-like systems in relation to
at least one healthcare operational domain. The four eligible operational domains were patient flow prediction,
documentation burden estimation, resource allocation, and operational risk forecasting. Studies focused exclusively on
diagnosis, imaging interpretation, genomics, or medication recommendation were considered only when their
architecture, pretraining method, or multimodal learning strategy was directly transferable to operational analytics.
Exclusion criteria included non-English publications, editorials without empirical or methodological content, single-task
models without transfer or pretraining relevance, and studies lacking sufficient information about model inputs, outcomes,
or validation design.
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Screening and selection
A PRISMA 2020-style selection process was used to organize the review, and Figure 1 should display the flow diagram
for identification, screening, eligibility, and inclusion. The search identified 1,750 records, of which 312 duplicates were
removed before screening; 1,438 titles and abstracts were screened, 210 full-text articles were assessed, and 66 studies
were retained for evidence synthesis, from which 31 references were selected for citation in this manuscript. Common
full-text exclusion reasons included lack of operational outcome, absence of pretraining or transfer learning, purely
diagnostic scope, insufficient methodological detail, and non-peer-reviewed status. Screening was conducted
independently by two reviewers in the planned protocol, with disagreements resolved through discussion and recourse to
the operational-domain definitions specified before full-text assessment.

Figure 1 presents the PRISMA 2020 study-selection process used to identify, screen, assess, and retain studies on
foundation models and multimodal pretraining for healthcare systems analytics.
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Results and Discussion

Figure 1. PRISMA 2020 Flow Diagram for Study Selection

Data extraction
Data extraction captured bibliographic details, clinical setting, operational domain, model architecture, pretraining
objective, data modalities, downstream task, validation approach, and implementation status. For patient flow studies,
extracted outcomes included admission disposition, discharge timing, length of stay, and hospital-level demand signals [1,
2, 22]. For documentation burden, extraction focused on EHR log measures, inbox workload, after-hours activity, note-
related workload, and model-assisted documentation signals [19-21]. For resource allocation and operational risk,
extracted variables included bed demand, healthcare contacts, staffing-related needs, equipment or diagnostic capacity,
care delays, and risk of operational strain [23-25].

Risk of bias assessment
Risk of bias was assessed using principles adapted from prediction-model appraisal frameworks, with attention to patient
selection, predictor availability, outcome definition, data leakage, missingness, temporal validation, and generalizability.
Studies based on EHR sequences and clinical notes were examined for whether pretraining and downstream validation
used appropriately separated time periods or institutions. Operational prediction studies were further evaluated for
whether candidate predictors were available before the forecast horizon and whether validation reflected realistic
deployment conditions. Particular concern was assigned to models evaluated only on internal retrospective data, because
local workflows, documentation practices, admission thresholds, and staffing policies can strongly influence operational
labels.

Synthesis methods
Because operational outcomes, data modalities, architectures, and validation strategies varied substantially, a narrative
synthesis was used rather than meta-analysis. Studies were grouped into four operational domains and then cross-
classified by model maturity, ranging from task-specific baselines with transfer-learning relevance to pre-trained
multimodal systems and hospital-scale prediction engines. Model mechanisms were synthesized by architecture type,
including structured EHR transformers, language models over notes, graph-augmented transformers, multimodal large
language models, and self-supervised categorical EHR representations. Evidence maturity was interpreted according to
breadth of validation, operational relevance, external transportability, and whether the model had moved beyond
retrospective proof-of-concept evaluation.

Study selection
The PRISMA flow summarized in Figure 1 indicated that the evidence base was broad at title and abstract level but
narrowed substantially when operational relevance and pretraining relevance were both required. Many excluded studies
examined clinical prediction without a clear operational decision context, while others used machine learning for hospital
operations without foundation-model-like pretraining or transfer learning [2, 5, 11]. The final synthesis retained a
heterogeneous body of studies spanning representation learning, patient flow, documentation workload, ambient
documentation, resource forecasting, and multimodal healthcare artificial intelligence [8, 19, 26]. The 31 cited references
represent the most relevant and traceable subset for the manuscript’s focus on foundation models and multimodal
pretraining in healthcare systems analytics [9, 10, 27].

Study characteristics
The included evidence increased over time, with earlier studies from 2017 to 2019 focusing largely on EHR workload,
emergency department triage, and general deep learning with structured clinical data [3, 6, 19, 20]. From 2020 onward,
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transformer-based EHR representations, clinical language models, and multimodal healthcare AI became more visible,
expanding the relevance of pretraining to operational prediction tasks [8, 11, 12, 15]. Studies were most commonly
situated in hospital, emergency department, or health-system-scale EHR environments, although external validation
remained uneven [1, 16, 22]. The geography of studies was diverse but still concentrated in high-resource digital health
systems where longitudinal EHR data, event logs, and administrative feeds were available for modeling [17, 24, 25].

Patient flow prediction
Patient flow prediction was the most developed operational domain, covering emergency department admission,
disposition, discharge prediction, length of stay, and hospital-level demand. Several studies reported that machine
learning models could support triage or early disposition decisions when trained on structured data available near arrival
[2-4]. More recent work connected these tasks to pre-trained or representation-learning approaches by using longitudinal
EHR features, deep interpretable networks, and large language model-extracted variables to enrich prediction [16, 17,
25]. Foundation-model relevance was strongest where models treated patient trajectories as temporal event sequences
rather than isolated tabular records [7, 8, 10].

Documentation burden estimation
Documentation burden estimation was less frequently modeled as a foundation-model task, but the underlying
operational signals were well established. EHR event-log studies reported that clinicians spend substantial time in
desktop medicine, after-hours documentation, and inbox-related work, creating a measurable operational burden that can
be modeled from temporal interaction data [19, 20]. Subsequent work linked inbox message characteristics and physician
workload patterns to burnout-relevant outcomes, suggesting that documentation burden is suitable for predictive analytics
if operational labels are defined carefully [21, 28]. Large language models and ambient AI scribes expanded this area by
reframing documentation as both a burden to be estimated and a workflow to be partially automated [23, 29, 30].

Resource allocation
Resource allocation studies addressed bed demand, healthcare contacts, staffing needs, and operational demand
following emergency admission. Predictive models of admission, discharge, and length of stay were directly relevant to
bed management because their outputs can inform expected occupancy, turnover, and downstream capacity strain [1, 18,
22]. Studies of healthcare contacts and resource needs after emergency admission illustrated how machine learning can
extend beyond immediate disposition to forecast subsequent demand across the health system [24]. Foundation models
may strengthen this domain by learning shared representations across ADT events, orders, notes, staffing patterns, and
utilization trajectories rather than training separate models for each resource category [6, 10, 11].

Operational risk forecasting
Operational risk forecasting remained nascent compared with patient flow and resource allocation. The reviewed studies
suggested relevance to care delays, discharge bottlenecks, readmission surges, inbox overload, and capacity-related
strain, but few explicitly framed these outcomes as operational risk in a foundation-model architecture [10, 17, 21]. Some
patient flow and resource-demand studies indirectly captured risk because delayed disposition, prolonged length of stay,
or inaccurate capacity estimates may contribute to congestion and safety concerns [3, 16, 18]. The evidence base
therefore supported operational risk forecasting as a plausible extension of multimodal pretraining, but not yet as a
mature empirical literature [24, 26, 27].

Table 1 compares the four operational domains by evidence maturity, multimodal data requirements, foundation-model
relevance, decision-use value, and unresolved limitations.

Table 1. Operational Domain Maturity Matrix for Foundation Models in Healthcare Systems Analytics



Li et al. J. Health Inform. Digit. Syst. (2026) 6:140
Page 7 of 17

https://doi.org/10.68159/k304401829

Operational
domain

Dominant
evidence
pattern in
the review

Typical multimodal
inputs

Foundation-
model

relevance

Current
maturity

level

Main
decision-use
opportunity

Main
unresolved
limitation

Patient flow
prediction

Strongest
and most
developed
operational

area,
including
admission
prediction,
discharge

timing,
disposition,

length of
stay, and
hospital
demand

forecasting

ADT timestamps,
triage variables,
structured EHR

events,
demographics,

orders, utilization
history, clinical

notes, bed
movement data

High relevance
because patient
movement and

care
trajectories can
be modeled as

longitudinal
temporal

sequences

Moderate
maturity:

substantial
retrospective

evidence,
some multi-
site or scale-

oriented
work, but

limited
prospective
deployment

Earlier
anticipation of
admissions,
discharges,

bed demand,
boarding risk,
and hospital
throughput

strain

External
transportability

remains
uncertain
because

admission
thresholds,

bed policies,
and discharge
workflows vary

across
hospitals

Documentation
burden

estimation

Operationally
important but

less often
framed as a
foundation-
model task

EHR interaction
logs, note activity,

after-hours
documentation,

inbox messages,
portal

communications,
note text, clinician

workload indicators

Moderate to
high relevance

because
workload can

be represented
through
temporal

interaction
sequences and
text-generation

or
documentation-
support models

Early
maturity:

measurable
workload

signals exist,
but

predictive
foundation-

model
applications

remain
sparse

Forecasting
inbox

overload,
documentation

pressure,
after-hours
work, and
clinician
workload
hotspots

before burden
becomes

unsustainable

Outcome
definitions are
inconsistent,
and burden
labels may
reflect local

documentation
culture rather

than
generalizable

workload

Resource
allocation

Closely
linked to

patient flow
and demand
forecasting,

with evidence
on bed

demand,
resource

need,
healthcare

contacts, and
capacity

strain

Bed census, ADT
events,

admission/discharge
forecasts, staffing
schedules, order

volume, procedure
demand, resource-

use histories,
utilization

trajectories

High relevance
because
shared

representations
could connect

demand,
staffing,

capacity, and
utilization

signals across
operational

tasks

Moderate
maturity:

clear
operational
endpoints
but mostly

retrospective
and task-
specific

modeling

Supporting
bed

management,
staffing

allocation,
diagnostic
capacity

planning, and
resource-
demand

anticipation

Few studies
test whether

model outputs
actually
improve

allocation
decisions or

reduce
bottlenecks in
live operations
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Operational
risk forecasting

Least mature
domain, often
inferred from

adjacent
work on

congestion,
delayed care,

resource
strain, or
workload
overload

Flow delays,
boarding indicators,
staffing pressure,

inbox accumulation,
resource constraints,

discharge
bottlenecks,

utilization surges,
safety-related

operational signals

Conceptually
strong

relevance
because

multimodal
pretraining may

detect weak
signals across
heterogeneous

system data

Nascent
maturity:
limited

dedicated
empirical

work using
foundation-

model
architectures

for
operational

risk

Early warning
for care
delays,

congestion,
capacity strain,
documentation

overload,
readmission
surges, and

safety-
adjacent

operational
hazards

Risk labels are
weak,

multifactorial,
and locally
variable;

prospective
evaluation and

governance
models are

largely absent

Multimodal data ingested
The most common data sources were structured EHR events, diagnostic and procedure codes, medications, laboratory
values, demographics, timestamps, and clinical notes. Transformer-based EHR models typically represented longitudinal
patient histories as sequences of coded events, while clinical language models represented unstructured notes and
discharge text [8, 9, 14, 15]. Operationally oriented studies added emergency department triage features, admission-
discharge-transfer data, EHR interaction logs, inbox messages, and utilization histories [2, 19, 21, 24]. Multimodal large
language model reviews emphasized the broader opportunity to fuse clinical, textual, temporal, administrative, and
workflow signals, although few studies had implemented the full range of operational modalities in one model [25, 26].

Pre-training objectives
Pretraining objectives varied across studies but generally aimed to learn reusable representations from unlabeled or
weakly labeled healthcare data. Structured EHR models used sequence prediction, masked or contextual event
representation, and longitudinal embedding strategies to support downstream prediction tasks [8, 9, 12]. Clinical language
models used masked language modeling or domain-adaptive pretraining over clinical notes to capture medical
terminology, documentation style, and context [14, 15]. Self-supervised representation learning for categorical EHR data
was identified as a growing area, with objectives such as masked event modeling and next-event prediction offering clear
relevance to operational workflows composed of orders, transfers, notes, and resource-use events [27].

Model architectures
The reviewed literature included transformer encoders for structured EHRs, clinical BERT variants for text, graph-
augmented transformers, deep interpretable networks, and broad health-system-scale language models. BEHRT and
Med-BERT illustrated how transformer encoders can represent longitudinal EHR histories for transfer to downstream
prediction [8, 9]. ClinicalBERT and related embeddings demonstrated domain-specific language modeling over clinical
text, while graph-augmented transformers showed how structured medical relationships could be incorporated into
pretraining [13-15]. Health-system-scale language models extended this trajectory by positioning large pre-trained models
as general-purpose prediction engines rather than single-task classifiers [10].

Fine-tuning and transfer learning strategies
Fine-tuning strategies were usually reported as task-specific adaptation of a pre-trained representation to downstream
outcomes such as disease prediction, readmission, disposition, or length of stay. Several EHR transformer studies
demonstrated the general pattern of pretraining on broad clinical sequences and then adapting model heads to narrower
prediction endpoints [8, 9, 12]. Operational studies more often used conventional supervised learning, but their tasks
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could plausibly be reformulated as fine-tuning targets for foundation models when the inputs are aligned with pre-trained
EHR or note representations [1, 16, 25]. Parameter-efficient fine-tuning and multi-task operational heads were not yet
common in the reviewed operational literature, representing an important methodological opportunity [26, 27].

Validation and evaluation
Validation practices varied widely, with many studies relying on retrospective internal splits and fewer using external sites,
temporal validation, or prospective evaluation. Emergency department prediction studies often evaluated performance on
retrospective cohorts from one or more hospitals, which is useful for technical development but does not fully
demonstrate transportability across settings [2, 3, 5]. Some studies emphasized prediction at scale or across healthcare
settings, but differences in data infrastructure, admission policies, and documentation behavior remained central threats
to generalizability [10, 17]. The review found limited evidence of prospective workflow evaluation, particularly for models
intended to influence staffing, bed management, or clinician documentation workflows [23, 24, 28].

Comparison with task-specific models
The evidence suggested that foundation-model-like approaches were most compelling when tasks benefited from
longitudinal context, multimodal inputs, or transfer from large unlabeled datasets. Structured EHR transformers and
clinical language models provided reusable representations that could reduce the need to engineer separate features for
each downstream prediction problem [8, 9, 12]. However, task-specific models remained common and operationally
competitive in narrower settings such as emergency department admission prediction or length-of-stay estimation [2, 5,
18]. This pattern suggests that foundation models may add the most value when operational tasks are interdependent,
labels are limited, or prediction targets require signals from both clinical history and workflow context [10, 22, 25].

Implementation and deployment status
Implementation evidence was limited, and most studies remained retrospective or proof-of-concept rather than embedded
in routine operational decision-making. Documentation-related large language model and ambient scribe studies came
closest to workflow integration because they evaluated technologies designed to alter clinician documentation processes
directly [23, 29, 30]. Patient flow and resource forecasting studies were operationally relevant, but they more often
reported model development or retrospective validation than sustained deployment into bed management, staffing, or
command-center workflows [1, 22, 24]. Overall, the translational gap remained substantial, especially for foundation
models whose scale, opacity, and data requirements create additional governance and monitoring challenges [10, 26,
27].

The promise of a unified operational analytics layer
The central promise of foundation models for healthcare operations is the possibility of replacing many siloed prediction
models with a shared representational layer that can support multiple operational tasks. Health-system-scale language
models and EHR transformers show that large pre-trained models can encode broad clinical context before downstream
adaptation [8-10]. For operations, this could mean one model family supporting patient flow, resource demand,
documentation burden, and risk forecasting rather than separate pipelines for each problem [1, 19, 24]. Such an
approach may reduce development overhead, improve consistency across forecasts, and make it easier to update
models as workflows evolve [11, 12].

Figure 2 synthesizes the review findings into an evidence-to-implementation map showing how multimodal healthcare
operations data can be transformed through foundation-model pretraining into downstream prediction, validation,
governance, and human-supervised operational decision support.
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Figure 2. Evidence-to-implementation map of foundation models for healthcare systems analytics

Patient flow and resource allocation lead the field
Patient flow and resource allocation were the most mature areas in the reviewed literature, probably because they use
routinely collected variables and have clearer operational endpoints. Admission prediction, discharge forecasting, length-
of-stay estimation, and healthcare resource demand have direct links to hospital capacity management [1, 2, 22].
Emergency department studies provided a practical foundation for modeling throughput and disposition, while resource-
demand studies extended the prediction horizon beyond the initial encounter [3, 16, 24]. These domains appear well
suited for foundation models because they combine temporal sequence structure, repeated events, and downstream
decisions that benefit from transfer learning [8, 7, 25].

Documentation burden is a growing but under-modeled area
Documentation burden is operationally important because it affects clinician time, work after hours, inbox management,
and burnout risk. The reviewed EHR log studies showed that documentation and desktop medicine can be quantified
from routine digital traces, creating a basis for prediction and intervention [19, 20]. Inbox workload and physician-level
EHR workload studies further indicated that documentation burden is not simply an individual behavior but a system-level
operational outcome [21, 28]. Large language model documentation assistants and ambient AI scribes suggest a new
direction, but the field still lacks mature foundation-model studies that predict burden prospectively and evaluate
workload-sensitive operational interventions [23, 29, 30].

Operational risk forecasting remains nascent
Operational risk forecasting was the least mature of the four domains because risks such as care delays, safety events,
supply strain, and readmission surges are multifactorial and often weakly labeled. Patient flow models can act as proxies
for certain risks, especially when congestion or boarding increases the likelihood of downstream delays [3, 16, 17].
Resource forecasting studies similarly provide early signals of system strain, but they rarely integrate staffing, supply,
documentation, and facility metrics in a single risk model [24, 25]. Foundation models may help by learning patterns
across heterogeneous data streams, although current evidence remains largely inferential rather than implementation-
tested [10, 26, 27].

Multimodality is the key differentiator
Multimodality is the defining feature that separates operational foundation models from many earlier task-specific
analytics tools. Structured EHR transformers capture coded events and longitudinal histories, while clinical language
models capture free-text documentation, and operational models add triage, ADT, resource-use, and workload signals [2,
8, 14, 19]. Multimodal large language model work highlights the potential to integrate these streams into a unified
representation of patient and system state [26]. For hospital operations, this integration is essential because capacity
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strain, documentation burden, and risk often arise from interactions between clinical acuity, workflow timing, staffing
availability, and administrative constraints [21, 24, 25].

The generalizability gap
The generalizability gap was a recurrent concern because operational labels and workflows vary substantially across
institutions. A model trained to predict admission, discharge, inbox burden, or resource needs in one health system may
encode local triage practices, bed policies, staffing models, and documentation norms [2, 17, 28]. Foundation models
may improve transferability by learning broader representations, but they do not eliminate the need for external validation
and local calibration [9, 10, 12]. The risk is especially high when models influence resource allocation, because biased or
poorly calibrated forecasts can redistribute operational attention in ways that affect access and timeliness [24, 26].

Real-world deployment is virtually absent
Despite strong technical interest, real-world deployment evidence remained limited across the reviewed literature. Most
patient flow and resource allocation models were retrospective, and few studies examined how predictions changed
operational decisions, staffing, bed assignment, or patient outcomes [1, 18, 22]. Documentation assistant and ambient
scribe studies suggested closer proximity to deployment, but they addressed documentation workflows more directly than
broader hospital operations command decisions [23, 29, 30]. This gap indicates that the field has not yet moved from
model development to robust implementation science, monitoring, governance, and human-AI workflow design [10, 26,
27].

Limitations
Review limitations

This review was limited by the heterogeneity of terminology used across foundation models, pretraining, multimodal AI,
transfer learning, and healthcare operations. Some relevant operational studies did not explicitly use foundation-model
language, while some foundation-model studies reported broad prediction tasks without naming operational use cases
[10-12]. The English-language restriction may have excluded studies from health systems using different terminology for
patient flow or resource allocation [1, 24]. Meta-analysis was not appropriate because the studies varied in populations,
data modalities, architectures, prediction horizons, validation designs, and operational endpoints [2, 16, 27].

Evidence base limitations

The evidence base itself was limited by retrospective designs, local data dependence, inconsistent reporting of
pretraining and fine-tuning details, and sparse prospective evaluation. Operational outcomes such as discharge timing,
inbox overload, and resource need are shaped by local policy and workflow, creating a risk of overfitting to institutional
practice rather than learning transportable patterns [21, 22, 28]. Multimodal foundation models also introduce governance
challenges related to privacy, calibration drift, fairness, interpretability, and accountability when predictions affect resource
allocation or clinical workload [26, 27]. These limitations mean that the review’s conclusions should be interpreted as
evidence of emerging potential rather than proof of mature operational effectiveness [23, 25, 29].

Comparison with prior reviews
Prior reviews of healthcare foundation models have most often emphasized clinical prediction, diagnosis, imaging,
genomics, medication recommendation, or general medical artificial intelligence rather than hospital operations. Reviews
and methodological studies of EHR representation learning have been essential for showing how pre-trained models can
encode longitudinal clinical histories, but their operational implications are often secondary [11, 12, 27]. Multimodal large
language model reviews similarly describe broad healthcare applications, yet much of the discussion remains centered on
clinical reasoning, imaging-text alignment, patient-facing applications, or documentation support [26]. This review differs
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by treating patient flow, documentation burden, resource allocation, and operational risk as primary analytic targets rather
than downstream side effects of clinical prediction [1, 19, 24].

The operational focus also changes how evidence should be interpreted. In clinical prediction, the main question is often
whether a model predicts an individual diagnosis, deterioration event, medication need, or readmission, whereas
operations analytics asks whether predictions improve throughput, capacity planning, staffing, workload distribution, or
risk anticipation [2, 10, 16]. Studies of emergency department admission, discharge, and length of stay are therefore not
merely clinical prediction studies; they are also components of bed management, queue management, and hospital
capacity strategy [18, 22, 31]. By synthesizing these studies alongside pre-trained EHR and language models, this review
highlights the bridge between foundation-model methodology and operational decision support [8, 9, 25].

This review also clarifies which operational tasks are most and least researched. Patient flow and resource allocation
have the strongest evidence because they rely on routinely captured timestamps, admission-discharge-transfer events,
triage variables, utilization histories, and clear operational endpoints [1, 3, 5]. Documentation burden has a measurable
evidence base in EHR logs and inbox workload, but fewer studies have connected these data streams to predictive
foundation models or multimodal pretraining [19-21]. Operational risk forecasting remains the least developed area, with
current evidence mainly inferred from adjacent work on congestion, resource demand, and system-scale prediction rather
than from dedicated foundation-model studies of operational hazards [10, 24, 26].

Research gaps
Prospective implementation trials

A major gap is the lack of prospective implementation trials testing whether foundation model-driven operational decisions
improve hospital performance. Most studies in patient flow and resource allocation remain retrospective, and even
technically strong models rarely evaluate effects on bed turnover, waiting time, boarding, staffing efficiency, clinician
workload, or patient experience [1, 18, 22]. Documentation technologies, including large language model assistants and
ambient scribes, are closer to real workflow evaluation, but they still need stronger evidence on sustained burden
reduction, safety, equity, and unintended consequences [23, 29, 30]. Future trials should compare model-supported
operations with usual command-center or management processes, while measuring both operational outcomes and
human factors [19, 21, 24].

Operational foundation model benchmarks

No widely adopted benchmark exists for operational foundation models across hospitals, and this absence limits
comparability, reproducibility, and methodological progress. Existing clinical time-series and EHR representation
benchmarks are valuable, but they do not fully represent operational workflows such as bed assignment, staffing
pressure, inbox accumulation, diagnostic capacity, or supply strain [7, 12, 27]. Patient flow studies use related endpoints,
but variation in setting, horizon, and local admission practice makes it difficult to compare models across studies [2, 3,
16]. A dedicated benchmark should include multiple institutions, temporal validation periods, standardized operational
labels, and baseline task-specific models so that the added value of foundation models can be assessed credibly [8, 10,
25].

Table 2 provides a translational readiness framework that links foundation-model design choices to validation,
governance, fairness, implementation, and benchmarking requirements for healthcare operations.

Table 2. Translational Readiness Framework for Operational Foundation Models in Healthcare Systems

Translational
requirement

Why it matters for
healthcare
operations

Minimum
methodological

expectation

Evidence status in
the reviewed

literature

Recommended
research direction
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Multimodal
operational

data integration

Operational outcomes
emerge from

interactions among
clinical acuity,

workflow timing,
documentation

activity, staffing, bed
availability, and

resource constraints

Models should integrate
structured EHR events,

temporal ADT data,
notes, utilization

histories, workload
signals, and

administrative context
where available

Partial evidence:
structured EHR and

clinical text pretraining
are well represented,
but fully multimodal
operational models
remain uncommon

Build hospital operations
datasets that combine

patient flow,
documentation, staffing,
resource-use, and risk
indicators into shared

temporal representations

Reusable
pretraining
objective

Foundation models
should reduce

dependence on
separate task-specific

feature pipelines

Pretraining should use
masked event modeling,

sequence prediction,
contrastive learning,

domain-adaptive
language modeling, or
multimodal alignment
before downstream

adaptation

Emerging evidence:
EHR transformers and

clinical language
models demonstrate

feasibility, but
operational pretraining

objectives are not
standardized

Develop pretraining tasks
specifically aligned with
hospital workflows, such

as next-transfer
prediction, masked

workflow event recovery,
and resource-demand
sequence modeling

Downstream
operational
adaptation

A shared model must
be useful for concrete
operational tasks, not

only broad
representation

learning

Fine-tuned task heads
should support patient
flow, documentation

burden, resource
allocation, and

operational risk targets

Uneven evidence:
patient flow and

resource allocation are
better represented

than documentation
burden and operational

risk

Test multi-task
operational heads that
allow one pretrained

model to support multiple
hospital command-center

decisions

External and
temporal
validation

Hospital workflows
change over time and

differ across
institutions

Models should be tested
using temporal splits,

external sites, and
realistic forecast

horizons with predictors
available before the

decision point

Limited evidence:
many studies rely on
retrospective internal

validation

Require external
validation, temporal
validation, and local

calibration before any
operational use

Prospective
workflow

evaluation

Predictive accuracy
alone does not prove

operational benefit

Studies should measure
whether model-

supported decisions
improve throughput,
staffing efficiency,

documentation workload,
waiting time, or patient

experience

Very limited evidence:
deployment and

implementation studies
remain rare

Conduct prospective trials
comparing model-

supported operations with
usual management

processes

Equity and
fairness

monitoring

Operational models
may influence who

receives timely beds,
staffing attention,
workload relief, or

follow-up resources

Studies should report
subgroup calibration,

fairness-relevant
operational outcomes,

and bias monitoring
across access,

Underdeveloped
evidence: fairness is
discussed more often

than empirically
evaluated

Embed fairness audits
into operational validation

and monitor whether
recommendations amplify

existing access or
workload inequities
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Conclusion

Acknowledgements

timeliness, and workload
distribution

Governance
and

accountability

Foundation models
are large, opaque,
data-intensive, and

potentially influential
in resource allocation

Implementation should
include human oversight,

audit trails, drift
monitoring,

interpretability,
escalation rules, and

accountability for
operational decisions

Conceptually
recognized but rarely

operationalized

Develop governance
frameworks that specify
who can act on model

outputs, when override is
required, and how harms

are detected

Benchmarking
and

reproducibility

The absence of
shared benchmarks
limits comparison

across models and
institutions

Benchmarks should
include standardized
operational labels,

multiple institutions,
temporal evaluation
periods, and task-
specific baselines

Major gap: no widely
adopted benchmark for
operational foundation

models

Create open or federated
benchmarks for patient

flow, documentation
burden, resource

allocation, and
operational risk

forecasting

Equity and fairness in operational foundation models
Equity and fairness remain underdeveloped in operational foundation model research. Operational predictions can
influence who receives a bed, how quickly patients move through the system, where staffing is allocated, and which
clinicians receive workload relief, making bias a systems-level concern rather than only a clinical prediction issue [17, 21,
24]. Models trained on historical workflows may reproduce inequities embedded in triage practices, documentation
expectations, access barriers, or resource allocation patterns [2, 19, 28]. Future studies should report subgroup
calibration, fairness-relevant operational outcomes, and governance processes for detecting whether foundation model
recommendations amplify disparities in access, timeliness, or workload distribution [25-27].

Foundation models are an emerging and powerful paradigm for healthcare systems analytics. The strongest evidence is
currently concentrated in patient flow prediction and resource allocation, where routine operational data, clear forecast
horizons, and measurable endpoints make model development more feasible.

Documentation burden and operational risk forecasting are critical but under-represented areas. Both domains are central
to hospital performance, clinician well-being, and patient access, yet they remain less mature as targets for multimodal
pretraining and foundation-model adaptation.

The field is characterized by strong technical potential but a severe lack of prospective validation, external
generalizability, and implementation studies. Retrospective modeling has established plausibility, but it has not yet shown
that foundation models improve operational decisions in routine healthcare settings.

A coordinated effort to develop shared benchmarks, open pre-trained operational representations, rigorous validation
standards, and carefully governed implementation pilots is essential. Without that effort, foundation models may remain
promising research artifacts rather than practical tools that improve hospital performance.
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