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Abstract

Clinical artificial intelligence (AI) has demonstrated performance across diagnostic, predic-
tive, monitoring, and decision-support tasks, yet hospital adoption depends on whether
that capability can produce sustainable value under local conditions. Informed by struc-
tured searches of PubMed /MEDLINE and Scopus, supplemented by Google Scholar and
citation tracking (2015-July 2026), this narrative review synthesizes evidence on clinical
Al methods, applications, implementation, evaluation, and sustainability in hospitals.
Evidence remains uneven: image-based applications have substantial evidence for di-
agnostic performance, whereas prospective clinical utility, workflow effects, economic
consequences, and organizational sustainability are evaluated less consistently. Established
approaches—including efficacy hierarchies, the Radiology Al Deployment and Assessment
Rubric (RADAR), hospital-based health technology assessment, implementation science,
and Al governance frameworks—offer perspectives on performance, transferability, im-
plementation, and value. Building on these traditions, this review proposes institutional
efficacy as the warranted and revisable hospital-level judgment that an Al-enabled service
configuration can generate and sustain patient-centered value under local priorities, con-
straints, and adaptive capacity. The review further proposes that deeper organizational
integration increases the proportion of realized-value evidence requiring local genera-
tion or verification. Two additional properties—context and data dependence, and the
consequence profile—separately shape that burden. External evidence remains essential,
but hospital-specific appraisal is necessary to determine whether value can be realized
and sustained.

Keywords: artificial intelligence; clinical decision support; hospital management; health
technology assessment; institutional efficacy; implementation science; healthcare governance;
health services administration

1. Introduction

Clinical artificial intelligence (Al) has developed from a predominantly experimental
field into a broad set of diagnostic, predictive, monitoring, and decision-support appli-
cations. Contemporary clinical AI draws on machine learning, deep learning, natural
language processing, large language models, and multimodal approaches to analyze struc-
tured clinical records, medical images, biosignals, temporal data, and free-text documen-
tation. These methods can transform heterogeneous information into classifications, risk
estimates, alerts, summaries, or recommendations intended to support clinical judgment
and care delivery [1,2]. In selected diagnostic tasks, particularly in medical imaging, Al
systems have achieved performance comparable to that of clinical experts under defined
evaluation conditions [3,4].
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The available evidence, however, remains concentrated largely at the levels of technical
performance and diagnostic accuracy. Metrics such as sensitivity, specificity, discrimination,
calibration, and area under the receiver operating characteristic curve are essential for
determining whether a model functions as intended under specified conditions. They
provide much less information about whether its introduction changes professional deci-
sions, improves patient outcomes, modifies workflow, reduces or redistributes workload,
or produces sustainable value for the organization responsible for its use. Comparative
studies have also frequently relied on retrospective and curated datasets, while prospective
evaluation under routine clinical conditions remains less common [3,5]. Algorithmic ca-
pability therefore represents an indispensable starting point for evaluation, rather than a
sufficient basis for hospital adoption.

This distinction is particularly important because a hospital is a sociotechnical organi-
zation rather than a neutral setting into which a validated model can be inserted unchanged.
Al systems interact with local data-generating practices, information infrastructure, pro-
fessional roles, staffing levels, clinical pathways, financing arrangements, and established
structures of responsibility. Their effects depend on when and where an output enters
the workflow, who receives it, whether the organization has the capacity to respond, and
how performance and adverse consequences are monitored over time [5-7]. The same
model may therefore perform differently, create a different workload, or generate different
operational consequences across institutions. Evidence maturity is correspondingly specific
to the system, task, population, and intended use rather than a general property of “Al”.

The contrast between selected image-based applications and applications that depend
more extensively on institution-specific data and coordinated workflow illustrates this
variability. Selected imaging tools benefit from clearly bounded tasks, established digital in-
frastructures, and comparatively well-defined reference standards, and have consequently
accumulated a more extensive evidence base. Even in this domain, however, evidence
remains weighted toward diagnostic accuracy, with fewer studies addressing effects on
clinical decisions, patient outcomes, workflow, or socio-economic value [8,9]. Applications
based on longitudinal electronic health records, real-time alerts, triage, language models,
or multimodal decision support are often more dependent on institution-specific data and
coordinated responses across multiple professional groups. Their value is therefore more
sensitive to local integration, professional use, organizational capacity, and governance.

Recent foundation models and large language models further intensify this evaluative
challenge. Their capacity to generate, retrieve, summarize, and combine information across
clinical text, images, laboratory data, and other modalities creates opportunities for more
integrated forms of decision support [10,11]. At the same time, these systems may produce
fluent yet unsupported outputs, reproduce biases, and create errors whose significance
depends heavily on the task, the degree of human mediation, and the consequences of
reliance. Their evaluation requires task-specific evidence, transparent reporting, clearly
defined human oversight, and monitoring under the conditions in which they are used [12].
The expansion of Al capability thus increases the importance of evaluating the institutional
setting through which that capability is translated into action.

Several established traditions address the hospital-evaluation problem from comple-
mentary perspectives, including efficacy hierarchies, the local efficacy level of the Radiology
Al Deployment and Assessment Rubric (RADAR), hospital-based health technology assess-
ment, and implementation science [13-16]. Together, they provide approaches to technical
and clinical performance, local transferability, organizational appraisal, implementation
outcomes, and sustainability. The organizational level is therefore not unexplored. The
contribution developed in this review is to formalize institutional efficacy as the warranted
and revisable hospital-level judgment that a defined Al-enabled service configuration can
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generate and sustain patient-centered value under the adopting hospital’s actual condi-
tions, priorities, and constraints. The review further proposes that deeper organizational
integration increases the proportion of evidence concerning realized value that must be
generated or verified locally, while the local evidence burden is separately shaped by two
additional properties: context and data dependence, and the consequence profile of the
application. Section 7 develops the conceptual genealogy, definition, and implications of
these propositions.

The review has three objectives. First, it synthesizes the principal methodological
capabilities of clinical Al and clarifies the kinds of evidentiary claims that they can support.
Second, it examines clinical application domains, evidence profiles, explainability, human
oversight, data integration, and institutional readiness. Third, it develops institutional
efficacy and the integration-depth proposition as a conceptual basis for evaluating Al from
the perspective of hospital governance and decision-making. The operational specification
of indicators, measurement methods, weighting principles, and decision thresholds is
reserved for subsequent framework development and empirical evaluation.

2. Approach and Scope of the Review

This article was designed as a narrative review informed by a structured literature
search. Narrative reviews are appropriate when the objective is to integrate heterogeneous
bodies of literature, clarify conceptual relationships, and develop an interpretive synthesis
across a broad field [17-19]. To strengthen methodological transparency, the review process
was informed by the Scale for the Assessment of Narrative Review Articles (SANRA),
particularly its criteria concerning the statement of aims, description of the literature search,
referencing, scientific reasoning, and presentation of relevant evidence [20]. SANRA was
used to guide the conduct and reporting of the review rather than as a formal risk-of-bias
instrument. A SANRA self-assessment of the revised manuscript is provided in Table S2
(Supplementary Materials).

The review examined the relationship between clinical artificial intelligence and hos-
pital value. The principal literature search was conducted in PubMed/MEDLINE and
Scopus, supplemented by backward citation tracking from key publications and authorita-
tive reports. Google Scholar was used as a supplementary source to identify authoritative
reports and recent publications rather than as a reproducible database search. The principal
search period covered English-language publications from 2015 through July 2026. Earlier
foundational publications were retained where necessary to define established method-
ological or evaluative concepts, including machine learning, reinforcement learning, causal
inference, explainable artificial intelligence, health technology assessment, implementation
science, and narrative-review methodology.

Search terms were organized into four thematic blocks. The first concerned Al methods
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and included terms such as “artificial intelligence”, “machine learning”, “deep learning”,
“natural language processing”, “large language models”, “foundation models”, “multi-
modal Al”, “explainable Al”, “causal inference”, and “reinforcement learning”. The second

VTS

concerned clinical application domains and included “clinical decision support”, “medical
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imaging”, “radiology”, “pathology”, “ophthalmology”, “endoscopy”, “electronic health
records”, “risk prediction”, “precision medicine”, and “patient monitoring”. The third
concerned evaluation and translation and included “algorithmic performance”, “diag-
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nostic accuracy”, “external validation”, “generalizability”, “clinical utility”, “real-world

implementation”, “workflow integration”, “interoperability”, and “cost-effectiveness”.
The fourth concerned institutional and governance issues and included “hospital manage-
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ment”, “health services management”, “Al governance”, “accountability”, “patient safety”,
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“human oversight”, “procurement”,

”ou

auditability”, “post-deployment monitoring”, and
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“regulation”. Terms from these blocks were combined iteratively according to the topic
under examination rather than through a single fixed Boolean query.

Eligible sources included peer-reviewed empirical studies, systematic reviews and
meta-analyses, methodological and conceptual papers, implementation studies, health-
services and management literature, and authoritative policy or regulatory documents.
Priority was given to sources addressing one or more dimensions directly relevant to the
review question: algorithmic performance, external validation, clinical utility, prospective
evaluation, real-world implementation, workflow effects, economic implications, gover-
nance, accountability, sustainability, or hospital decision-making. Sources were excluded
when they concerned non-healthcare applications, lacked a clear connection to clinical or
institutional use, duplicated evidence already represented by more comprehensive sources,
or addressed purely technical model development without relevance to clinical translation
or hospital-level evaluation.

Selection was purposive and iterative rather than based on a prespecified exhaustive
screening protocol. Where several publications addressed the same topic, preference was
given to primary empirical studies, systematic or authoritative syntheses, methodological
contributions, and sources that added a distinct evaluative perspective. Apparently con-
flicting findings were retained where they reflected differences in study design, setting,
intended use, comparator, or evaluated endpoint rather than being resolved through formal
meta-analysis.

The synthesis followed an interpretive and integrative logic [21,22]. Evidence was
organized around the central question of the review: under what conditions can clinical
Al move from algorithmic performance to sustainable hospital value? Findings from Al
methodology, clinical applications, validation studies, implementation research, health-
services management, economic evaluation, and governance literature were therefore
examined according to the evidentiary claims they support and the additional information
required when an Al-enabled service is considered for adoption within a hospital.

The narrative design imposes corresponding limitations. The review does not claim
exhaustive retrieval of all eligible studies, and purposive source selection may introduce
selection effects. It did not apply a uniform formal risk-of-bias instrument across the
heterogeneous evidence included, nor can the search process be reproduced as a systematic-
review search history. These limitations are acknowledged explicitly and are considered
when interpreting statements about evidence maturity and when distinguishing established
findings from the conceptual propositions developed in this review.

3. Algorithmic Capabilities and Evidentiary Limits of Clinical Al

Clinical Al uses heterogeneous data—including structured clinical records, medical
images, physiological signals, and clinical text—to support prediction, pattern recognition,
information processing, and treatment planning [2,23]. Learning paradigms, model architec-
tures, and application domains overlap rather than constitute mutually exclusive categories.
The following sections distinguish their capabilities according to the outputs they produce
and the evidence needed to interpret those outputs. This provides the methodological back-
ground for examining clinical applications and hospital-level evaluation without treating
technical capability as a uniform indicator of readiness for adoption.

3.1. Machine Learning: From Data to Prediction

Machine learning (ML) develops models that learn patterns from data to support
prediction, classification, or decision-making [2,24-26]. In supervised learning, models
learn relationships between inputs and labeled targets, such as diagnoses or subsequent
clinical outcomes. Their evidentiary meaning depends on the quality and clinical rele-
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vance of those targets: diagnostic conventions, coding practices, and outcome definitions
can influence what a model learns and what its reported performance represents [2,27].
Evaluation therefore requires scrutiny of the reference standard and validation population,
together with discrimination, calibration where applicable, and subgroup performance.
Strong results on development data do not establish reliable performance in a different care
setting [5].

Unsupervised learning identifies structures in data without predefined outcome la-
bels. Clustering can suggest patient subgroups, dimensionality reduction can simplify
high-dimensional biomedical data, and anomaly detection can identify atypical observa-
tions [28-31]. These outputs are primarily exploratory: a statistically distinct cluster is not
automatically a clinically meaningful disease subtype, and an unusual observation is not
necessarily a pathological finding. Stability, reproducibility, and clinical relevance must
therefore be examined before the findings inform patient stratification or monitoring [2,31].

Reinforcement learning (RL) addresses sequential decisions by learning a policy in-
tended to maximize cumulative reward over time [32-34]. It has been investigated for
treatment selection in sepsis and adaptive radiotherapy, where successive actions depend
on an evolving patient state [35,36]. Such studies examine candidate treatment strategies;
they do not by themselves establish the benefit of implementing those strategies in routine
care. Evaluation must address whether the reward represents clinically appropriate ob-
jectives, whether observational treatment trajectories contain relevant confounding, and
whether the proposed actions are adequately supported by the available data. These issues
distinguish policy evaluation from predictive validation and require particular caution
before learned recommendations influence treatment [33,37].

3.2. Learning with Limited or Unlabeled Data

Self-supervised and semi-supervised learning address the limited availability of expert-
labeled clinical data. Self-supervised learning derives supervisory signals from the data
themselves, using tasks such as predicting masked content or learning relationships be-
tween different views of a sample [38]. The resulting representations can subsequently be
adapted to specific clinical tasks using labeled examples. In medical imaging, this approach
has been explored to improve classification when annotations are scarce, including through
masked-autoencoder pre-training on chest radiographs [39,40].

Semi-supervised learning combines labeled and unlabeled examples during train-
ing. Methods include pseudo-labeling, which assigns provisional model-generated labels;
consistency regularization, which encourages stable predictions under suitable input per-
turbations; and graph-based learning, which exploits relationships between samples [41,42].
Applications include chest-radiograph classification under limited supervision and colorec-
tal tissue classification using a hypergraph neural network [41,43].

These approaches can reduce annotation requirements, but their contribution must be
distinguished from evidence of clinical reliability. Learned representations and provisional
labels remain sensitive to the quality and composition of the source data, while the use-
fulness of unlabeled examples depends on their relationship to the target task [39,42]. For
hospital evaluation, the relevant question is whether gains achieved with fewer annota-
tions persist on independently assessed, clinically representative data. Reduced labeling
requirements during model development do not remove the need for reliable reference
standards when evaluating the resulting predictions.

3.3. Deep Learning and the Analysis of Unstructured Clinical Data

Deep learning (DL), a subfield of machine learning, uses multilayered neural networks
to learn hierarchical representations while reducing reliance on manually engineered
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features [44]. In healthcare, it supports analysis of medical images, physiological signals,
longitudinal clinical records, and text for diagnostic and prognostic tasks [23,45].

Convolutional neural networks extract spatial features from magnetic resonance imag-
ing (MRI) and computed tomography (CT) scans, retinal images, and digitized histopatho-
logical slides [46,47]. Recurrent neural networks, including long short-term memory
architectures, model temporal dependencies in physiological signals and sequential mea-
surements [48,49]. Transformers use attention mechanisms to capture relationships among
input elements and underpin many language and multimodal systems [10,50].

Generative approaches extend these capabilities to data synthesis and reconstruction.
They include generative adversarial networks and variational autoencoders [51,52], as well
as diffusion and related score-based models [53,54]. Applications of adversarial models
in medical imaging include data augmentation, denoising, reconstruction, and image
synthesis [55]. Their evaluation requires attention to the clinical fidelity of the output,
not only its visual quality: synthetic or reconstructed images may introduce artifacts or
distortions. Data generated for model training and images intended for direct clinical
interpretation therefore require validation appropriate to their respective uses [55].

For hospital use, evaluation must also address the resources required for data
curation, expert annotation where needed, computational support, maintenance, and
monitoring [2,5]. Changes in acquisition equipment, protocols, patient populations, or
clinical workflows can affect model performance and should inform local validation and
reassessment [5].

3.4. Natural Language Processing, Large Language Models, and Multimodal Al

Natural language processing (NLP) extracts and organizes information from clinical
notes, discharge summaries, and diagnostic reports, supporting coding, concept and
relation extraction, and document classification [56]. Transformer architectures underpin
biomedical and clinical language models such as BioBERT and ClinicalBERT, which learn
representations that can be adapted to specific language-processing tasks [50,57,58].

Large language models (LLMs) support different forms of language processing.
GatorTron was evaluated on clinical language-understanding tasks [59], whereas generative
models such as Med-PaLM and GPT-4 have been evaluated on medical question-answering
benchmarks [11,60]. These results do not by themselves demonstrate benefit in routine clin-
ical use. Generated summaries and answers require assessment of factual errors, clinically
important omissions, bias, and potential harm [11,61], supported by task-specific reporting
and clearly defined human oversight [12].

Retrieval-augmented generation (RAG) conditions generated responses on informa-
tion retrieved from external sources [62]. Clinical guidelines, scientific literature, and
institutional protocols can provide grounding, but reliability still depends on source quality
and currency, retrieval relevance, and the model’s use of retrieved content [63]. Multimodal
foundation models may combine clinical text with images, laboratory measurements, and
other data, broadening decision support while introducing validation and data-governance
requirements across modalities [10].

For hospital evaluation, these capabilities must be assessed in relation to the intended
task and the consequences of reliance. Coding, retrieval, and documentation support should
be distinguished from uses that directly influence diagnosis or treatment, without assuming
that the former are risk-free. Assessment should address output quality, source traceability
where applicable, the workload of human verification, workflow integration, responsi-
bility for acting on outputs, and monitoring under routine conditions [5,12,56]. Table S1
(Supplementary Materials) summarizes the principal model families and their properties.
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3.5. Causal Inference and Causal Machine Learning in Healthcare: From Prediction to
Intervention Effects

Causal inference provides methods for estimating the effects of interventions rather
than merely predicting outcomes from observed associations [64—66]. When combined with
flexible machine-learning methods, it can support estimation of average treatment effects
and variation in effects across patient profiles [67-69]. A predictive model may identify a
patient at increased risk of deterioration without establishing which intervention would
reduce that risk [67,68].

For each patient, only the outcome under the treatment received is observed; the cor-
responding outcome under an alternative treatment remains counterfactual [64]. Causal in-
terpretation therefore depends on study design, explicit assumptions, clinically meaningful
definitions of treatments and outcomes, and appropriate handling of confounding [65,66].
Flexible models do not remove these requirements, and estimates from observational data
remain vulnerable to unmeasured confounding and other sources of bias [67,69].

For hospital evaluation, this distinction matters when assessing whether a change
in treatment, staffing, or service organization improves outcomes or resource use. Such
questions require randomized or otherwise credible causal designs; causal machine learning
may contribute by estimating heterogeneous intervention effects [66,68,69]. An estimated
treatment benefit, however, is not equivalent to evidence that deploying an Al system to
recommend that treatment will improve care. Evaluation must also examine how clinicians
use the recommendations, whether the service can act on them, and what implementation
demands arise under routine conditions [5].

4. Clinical Application Domains and Evidence Maturity

Clinical Al applications differ in their intended tasks, deployment arrangements, and
supporting evidence [2]. This section examines selected applications through the rela-
tionship between study design, evaluated endpoints, and implications for care delivery.
Diagnostic performance, effects on clinical decisions, patient outcomes, and organiza-
tional consequences are distinguished rather than treated as interchangeable indicators of
readiness for adoption [3,5].

4.1. Image-Based Diagnosis and Screening

Mammography illustrates the progression from algorithmic comparison to prospec-
tive evaluation of an Al-supported service. McKinney et al. [70] evaluated diagnostic
performance retrospectively using screening datasets and reader comparisons. The ran-
domized Mammography Screening with Artificial Intelligence (MASAI) trial subsequently
compared Al-supported screen reading with standard double reading. Its interim analy-
sis reported reduced screen-reading workload [71], while the primary-outcome analysis
demonstrated noninferiority for the interval-cancer rate and higher screening sensitiv-
ity [72]. These findings concern a defined screening strategy, rather than mammography
Al as an undifferentiated technology category.

Ophthalmic applications likewise require distinction by task and mode of use. Retinal-
photograph classification for diabetic retinopathy [73] and diagnosis and referral based
on optical coherence tomography [74] address different clinical questions. A prospective
pivotal trial of an autonomous diabetic-retinopathy screening system in primary care
evaluated sensitivity, specificity, and imageability against an independent reading-center
reference standard [75]. This provides evidence of diagnostic performance in the tested
setting, not a direct demonstration of improved visual outcomes. Referral completion and
access to subsequent assessment and treatment remain separate service-level questions.
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In digital pathology, whole-slide analysis has demonstrated strong discrimination for
selected tissue-classification tasks and supports the investigation of histological biomark-
ers [76,77]. Implementation also depends on slide digitization, image quality, scanner and
staining variability, storage, and integration into pathology workflows [77,78]. Campanella
et al. [76], for example, estimated that algorithmic prescreening could reduce the number
of slides requiring review. Such estimates should be distinguished from prospectively
observed reductions in reporting time or staffing requirements.

Earlier systematic reviews identified substantial variation in reference standards, exter-
nal validation, reporting quality, and the realism of algorithm—clinician comparisons [3,4].
The prospective examples above demonstrate progress beyond those limitations without
establishing equivalent evidence across products or specialties. Hospital appraisal should
therefore identify the specific task, comparator, and demonstrated endpoint, then examine
the additional effects on diagnostic safety, reporting or referral pathways, workload, and
local costs [5].

4.2. Prediction and Monitoring from Longitudinal Clinical Data

Electronic health records (EHRs) support prediction of deterioration, complications,
readmission, and length of stay using diagnoses, laboratory results, medication histories,
and physiological measurements [2,79]. Missing data, differences in recording practices,
and limited validation across institutions can complicate the interpretation and transfer-
ability of these predictions [79].

Physiological monitoring provides a related but distinct example. Hannun et al. [80]
evaluated a deep-learning model for classifying cardiac rhythms from single-lead ambula-
tory electrocardiograms against cardiologist reference labels. This established performance
in rhythm classification, rather than demonstrating that deploying the model prevents
acute events or improves patient outcomes.

Sepsis prediction illustrates the importance of evaluating both discrimination and
potential workload. In a retrospective external validation of the Epic Sepsis Model, Wong
et al. [81] reported poor calibration and a hospitalization-level area under the receiver
operating characteristic curve of 0.63. At the evaluated threshold, the model would have
flagged 18% of hospitalizations while failing to identify 67% of sepsis cases. These estimates
describe potential alert burden, not prospectively observed effects on clinician workload or
patient outcomes. Lyons et al. [82] subsequently found substantial variation in discrimina-
tion across nine networked hospitals, with scores calculated without being displayed to
clinicians. These findings concern the evaluated model versions and settings and should
not be generalized to all sepsis-alert systems.

Prospective clinical-impact evidence is available for selected deterioration-support
systems. A one-year pragmatic trial randomized 74 clinical units across two health systems
to usual care or care informed by a machine-learning early warning system using nursing
documentation patterns. Across 60,893 hospital encounters, the intervention group had
a lower adjusted hazard of in-hospital death (hazard ratio, 0.64; 95% confidence interval,
0.53-0.78) and a higher adjusted hazard of unanticipated intensive-care transfer (hazard
ratio, 1.25; 95% confidence interval, 1.09-1.43) [83]. This evaluates an implemented decision-
support strategy rather than isolated predictive accuracy. For hospital appraisal, the
combination of improved survival and increased escalation of care makes downstream
capacity and resource use relevant additional questions; it does not automatically establish
financial savings.
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4.3. Real-Time and Workflow-Embedded Decision Support

Computer-aided detection (CADe) during colonoscopy allows evaluation of endo-
scopist performance with versus without real-time Al assistance. A meta-analysis of
21 randomized trials involving 18,232 patients reported a higher adenoma detection rate
with CADe than with standard colonoscopy (44.0% versus 35.9%; relative risk, 1.24; 95%
confidence interval, 1.16-1.33), although the certainty of evidence for this outcome was
rated low. CADe also increased removal of nonneoplastic polyps and modestly prolonged
inspection time. The review did not establish effects on colorectal-cancer incidence or
cancer-related mortality [84].

A subsequent pragmatic randomized trial involving 1627 patients across 12 German in-
stitutions found no statistically significant improvement in adenoma detection with CADe:
examiner-adjusted rates were 40.6% with assistance and 38.3% without assistance. Detec-
tion of hyperplastic polyps was higher in the CADe group [85]. This result illustrates that
benefits observed across pooled trials are not uniformly reproduced in individual clinical
settings; it does not establish that CADe is ineffective across all systems or populations.

For an endoscopy service, the evaluative question therefore extends to what additional
detection changes in care delivery. Relevant measures include the detection of advanced
lesions, nonneoplastic resections, procedure duration, adverse events, pathology workload,
and incremental cost per examination. Additional resections may generate downstream
activity rather than release resources, while potential reductions in future cancer burden
require longer-term evidence. These distinctions translate the broader implementation
requirement—examining changes in clinical work and resource use alongside diagnostic
performance—into application-specific hospital outcomes [5,6].

4.4. Uneven Evidence Maturity and Implications for Hospital Adoption

Evidence maturity is considered here for a specific system, task, population, and
intended use. It is described through the evidence available for external validity, prospec-
tive performance in care, comparative clinical impact, workflow and resource effects,
and sustained use. Interpretation also considers reported methodological limitations,
comparator relevance, and follow-up duration [3-5]. These considerations provide a de-
scriptive evidence profile rather than a numerical rating or a uniform maturity label for an
entire specialty.

A recurring limitation identified in earlier clinical-Al research is the mismatch between
performance-centered endpoints and claims about improved care. Retrospective testing
on curated datasets and isolated clinician-comparison studies may not reproduce routine
case selection, access to clinical information, or competing workflow demands [3,4]. For
treatment-support systems evaluated through offline reinforcement learning, estimates of
policy benefit also depend on assumptions that require scrutiny before clinical use [33,37].
Such designs contribute to development and validation but leave the consequences of
implementation incompletely examined.

The prospective studies discussed above address parts of this gap, while longer-term
organizational questions require separate evaluation. A short pilot may leave maintenance
costs, performance following model changes, and effects under routine staffing unexamined.
These outcomes cannot be inferred from initial accuracy or uptake alone [5,6]. Reviews of
commercial radiology products likewise document more extensive evidence of diagnostic
performance than of clinical or socioeconomic consequences [8,9]. Regulatory status should
be interpreted within the applicable approval pathway rather than treated as a uniform
indicator of clinical or organizational evidence [86].

For hospital appraisal, outcomes that have not been evaluated remain unresolved
rather than demonstrably favorable or unfavorable. The reviewed findings provide a
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literature-informed rationale for the discussion of institutional efficacy in Section 7; they
do not establish a general relationship between integration depth and local evidence
requirements. Table 1 summarizes application-specific evidence alongside the additional
outcomes and local assessments relevant to hospital use.

Table 1. Selected clinical Al applications, demonstrated evidence, and hospital-level evaluation needs.

Application/Use Case

What Published Evidence
Principally Demonstrates

Outcomes Not Established by
Performance Evidence Alone

Principal Local Evaluation Needs

Al-supported breast-cancer
screening

Retrospective diagnostic
performance and reader
comparisons [70]; prospective
randomized evidence on
Al-supported screening,
workload, sensitivity, and
interval-cancer outcomes [71,72]

Long-term service effects,
downstream resource use,
implementation and maintenance
costs, and sustainability across
screening settings

Workflow compatibility; reader
workload; recall and referral
pathways; equipment and
population fit; downstream
capacity and budget impact

Ophthalmic screening
and referral

Diagnostic classification and
referral performance [73,74],
including prospective evaluation
of autonomous
diabetic-retinopathy
screening [75]

Referral completion, access to
treatment, effects on visual
outcomes, service capacity, and
long-term resource implications

Imageability and population
performance; referral completion;
specialist follow-up capacity;
integration with primary-care or
ophthalmology pathways

Digital pathology

Whole-slide classification and
biomarker-related performance in
selected tasks [76,77]

Routine reporting-time effects,
staffing consequences, economic
sustainability, and system-wide

workflow benefit

Digitization and quality control;
scanner and staining variability;
storage and computational
capacity; workflow integration;
pathology workload and
maintenance [77,78]

EHR-based deterioration and
sepsis support

Predictive discrimination,
calibration, and cross-site
variability [79,81,82]; prospective
evidence of clinical impact for
selected early-warning
strategies [83]

Transferability of benefit across
hospitals, alert burden,
downstream escalation of care,
resource use, and sustained effects
over time

Local calibration and subgroup
performance; alert frequency;
response capacity; escalation

pathways; workload; ICU and
downstream service capacity

Real-time endoscopy decision
support

Randomized and pooled evidence
on adenoma detection and related
procedural outcomes [84];
variable effectiveness across
pragmatic settings [85]

Effects on cancer incidence and
mortality, downstream pathology
burden, incremental cost, and
long-term service value

Lesion mix and examiner
performance; procedure duration;
additional resections; pathology
workload; adverse events;
incremental cost per examination

Clinical NLP and LLM-supported
information use

Performance in information
extraction, question answering,
summarization, retrieval, and
selected language tasks
[11,56,59-61,63]

Reliable clinical utility under
routine use, effects on decisions
and patient outcomes, verification
burden, organizational
sustainability, and consequences
of model updates

Factuality and omission rates;
source traceability;
human-verification workload;
privacy and data governance;
workflow integration;
responsibility; version and
performance monitoring

Note. Evidence profiles are application- and use-case-specific and should not be interpreted as matu-
rity ratings for an entire specialty or model class. The table distinguishes demonstrated endpoints
from additional outcomes that require local or prospective evaluation. Abbreviations: Al, artificial
intelligence; EHR, electronic health record; ICU, intensive care unit; LLM, large language model; NLP,
natural language processing.

5. Explainability, Human Oversight, and Institutional Accountability

Explainability refers to methods and system properties that make the basis of an Al
output more intelligible to relevant users. In clinical settings, its significance extends beyond
technical transparency to the ability of health professionals to scrutinize algorithmic outputs,
assess their plausibility, communicate relevant uncertainty, and retain responsibility for
decisions. The form and level of explanation required depend on the intended use, the
associated risk, and the stakeholder concerned: developers, clinicians, patients, regulators,
and hospital governance bodies require different kinds of information [87,88].

Explainability methods are commonly distinguished between post hoc approaches
applied to an already trained model and intrinsically interpretable models whose operation
is designed to be more transparent. SHapley Additive exPlanations (SHAP) and Local
Interpretable Model-agnostic Explanations (LIME) estimate the contribution of features

https://doi.org/10.3390/hospitals3040019


https://doi.org/10.3390/hospitals3040019

Hospitals 2026, 3, 19

11 of 30

to individual predictions, while gradient-weighted class activation mapping (Grad-CAM)
highlights image regions that influence the output of convolutional neural networks [89-91].
These techniques can support model inspection and help identify implausible dependen-
cies, but their outputs do not necessarily provide a faithful account of the model’s decision
function and do not establish causal relationships. In high-stakes settings, post hoc ex-
planation should therefore not be treated as a substitute for clinical validation or, where
comparable alternatives are available, for the use of inherently interpretable models [92,93].

The appropriate objective is not to maximize trust in an Al system, but to support
appropriately calibrated reliance. Human oversight must therefore be designed as an oper-
ational process rather than assumed from the presence of a clinician who formally retains
the final decision. Meaningful oversight requires clarity regarding who reviews the output,
what supporting information is available, under which conditions the recommendation
may be challenged or overridden, how disagreement is documented, and where responsibil-
ity lies when the system contributes to harm. Explanations should also be understandable
in relation to the clinical decision at issue and, where relevant, support communication
with patients without transferring professional responsibility to the algorithm [88,94].

From the perspective of hospital adoption, explainability contributes to accountability
but does not establish it on its own. A plausible explanation cannot compensate for inade-
quate external validation, poor calibration, dataset shift, or the absence of post-deployment
monitoring. Institutional evaluation should therefore distinguish among model-level ex-
planation, system-level transparency—including the intended use, validation population,
known limitations, and model updates—and process-level auditability, including the ca-
pacity to reconstruct the data received, the output produced, the action taken, and the
resulting consequence. These elements support incident investigation and clearer lines of
responsibility, but acquire practical value only when incorporated into the hospital’s wider
governance and patient-safety structures [88,93,94].

Explainability should consequently be understood neither as a purely technical add-on
nor as a universal threshold that is identical across all Al applications. It is one component
of risk-proportionate institutional governance, whose importance increases when outputs
are difficult to verify, when they directly influence high-stakes decisions, or when responsi-
bility is distributed across clinicians, managers, and technology providers. In this sense,
explainability and auditability form part of the institutional evidence required to determine
whether an Al system can be used safely and accountably within a specific hospital.

6. Precision Medicine, Data Integration, and Institutional Readiness

Precision medicine seeks to improve prevention, diagnosis, prognosis, and treatment
by combining molecular, genomic, clinical, and environmental information to identify
clinically relevant patient subgroups and differences in treatment response. It is related
to, but not synonymous with, personalized care, which also incorporates comorbidities,
patient preferences, social context, and the therapeutic relationship [95,96]. Artificial intelli-
gence can contribute by integrating heterogeneous and high-dimensional data, identifying
phenotypes and biomarkers, estimating risk, and supporting predictions of treatment
response [97,98]. These capabilities, however, do not by themselves establish that an
Al-supported recommendation is clinically useful or implementable.

The translation of precision medicine into routine hospital care depends on an end-
to-end sociotechnical pathway that includes data generation and curation, laboratory and
bioinformatics capacity, interoperable clinical and genomic information systems, clinical
decision support, specialist interpretation, workforce training, and governance of consent,
privacy, data reuse, and system updates. Pharmacogenomics and precision oncology
illustrate this dependence: potentially actionable information must be delivered at the
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appropriate point in the clinical workflow and linked to an evidence-supported action,
while laboratories, clinicians, information systems, and financing arrangements remain
coordinated [99,100]. A technically valid result may therefore have limited institutional
value if the hospital cannot incorporate it into care, sustain the required infrastructure, or
monitor its downstream consequences.

Precision medicine also sharpens questions of equity. Genomic and clinical datasets
may underrepresent particular populations, while access to testing, specialist interpreta-
tion, targeted interventions, and follow-up varies across institutions and patient groups.
Without explicit implementation strategies, advances in genomics and precision medicine
may widen existing disparities rather than reduce them [101]. Institutional evaluation
should therefore consider not only molecular or predictive validity, but also population rep-
resentativeness, subgroup performance, access to downstream interventions, affordability,
and opportunity costs.

Precision medicine is thus a useful test case for the central argument of this review. As
Al-supported care becomes more dependent on multiple data sources, specialized exper-
tise, coordinated workflows, and downstream treatment capacity, institutional conditions
increasingly determine whether technical capability becomes sustainable clinical value.
Evidence must therefore address not only whether a model, biomarker, or recommendation
performs, but whether the adopting hospital can deliver the associated care pathway safely,
equitably, and sustainably.

7. From Algorithmic Performance to Institutional Value
7.1. The Indirectness of Al Value

Most current diagnostic, predictive, and decision-support Al systems affect patient
care indirectly. Their immediate output is information—a classification, risk estimate, alert,
or recommendation—that must influence professional judgment, workflow, or action before
clinical benefit can occur. Technical performance therefore represents only the beginning
of an evaluative chain: a system may generate accurate outputs without changing clinical
decisions, improving patient outcomes, or producing value at the level of the hospital.
Evidence of success at one stage does not establish success at the stages that follow [5,13].
The route from algorithmic output to realized benefit depends on the clinical context, the
person receiving the information, the action it triggers, and the organizational capacity
to respond.

Two qualifications sharpen this argument. First, when Al moves from informing
decisions toward acting through more autonomous or closed-loop functions, institutional
requirements for safety assurance, monitoring, and accountability intensify, because the
opportunity for contemporaneous professional scrutiny may be reduced. Second, the
formal presence of a human decision-maker does not itself guarantee effective oversight.
Automation bias, unclear allocation of responsibility, and limited practical capacity to
challenge or override algorithmic outputs may weaken human control even when final
authority nominally remains with the clinician [94,102]. The pathway from information
to benefit is therefore not only indirect; it is contingent on the quality of clinical and
organizational mediation at each stage.

7.2. Evaluative Traditions and Their Genealogy

The need to move beyond technical performance has been addressed through several
partially overlapping evaluative traditions. The first originates in the hierarchy of efficacy
formulated by Fryback and Thornbury [13] for diagnostic imaging. The hierarchy dis-
tinguishes six levels—technical efficacy, diagnostic-accuracy efficacy, diagnostic-thinking
efficacy, therapeutic efficacy, patient-outcome efficacy, and societal efficacy—and rests on
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the principle that evidence at a lower level is necessary, but not sufficient, to establish value
at a higher one. Subsequent work on clinical Al has similarly emphasized the need to
move from development-stage performance toward external validation and assessment
of clinical effects [103]. Applying the efficacy hierarchy to 100 commercially available
radiology Al products, van Leeuwen et al. [8] found that peer-reviewed evidence was
limited and concentrated predominantly at the lower levels. RADAR subsequently adapted
the hierarchy specifically for radiology Al and added a seventh level, “local efficacy,” to
assess whether value demonstrated at preceding levels translates to, and remains valid
within, a particular hospital environment [16].

More recent evidence indicates maturation without closure of this gap. Among 173 CE-
certified radiology Al products available in 2023, the proportion supported by at least one
peer-reviewed publication had increased from 36% in 2020 to 66%. Nevertheless, studies
addressing higher efficacy levels accounted for approximately one quarter of the published
evidence, and only 31% of products were supported by evidence reaching levels concerned
with clinical or socioeconomic effects [9]. These findings suggest that the evidence base is
expanding while remaining weighted toward technical feasibility and diagnostic accuracy
rather than demonstrated consequences for care and health-service performance.

A second evaluative tradition is hospital-based health technology assessment (HB-
HTA), which adapts health technology assessment to the hospital context to support
decisions concerning technology adoption, procurement, continued use, and disinvest-
ment. HB-HTA explicitly considers local clinical needs, economic and organizational
consequences, and implementation requirements within the institution [15]. A third
tradition is implementation science. Proctor et al. [14] distinguished implementation
outcomes—including acceptability, adoption, appropriateness, feasibility, fidelity, imple-
mentation cost, penetration, and sustainability—from clinical and service outcomes. The
Nonadoption, Abandonment, Scale-up, Spread, and Sustainability (NASSS) framework
further demonstrated that these outcomes are shaped by interactions among the technology,
its users, the organization, the wider institutional context, and their evolution over time [7].

A related, more recent strand of work addresses the organizational setting directly.
Place-based evidence for clinical Al implementation emphasizes that evidence used to
weigh an application’s benefits against its risks may have limited generalizability beyond
the setting in which it was produced and calls for pragmatic approaches to local evidence
generation [104]. This perspective further foregrounds the adopting organization, but does
not explicitly formulate the overall hospital-level evaluative judgment that such locally
generated evidence is intended to support.

More recently, Al-specific approaches have further developed translational evaluation
and health-system governance. The Translational Evaluation of Healthcare Al (TEHAI)
framework provides a structured appraisal of capability, utility, and adoption across de-
velopment and deployment [105]. The Fair, Useful, and Reliable AI Models (FURM)
framework combines ethical assessment, simulated usefulness, financial sustainability,
information-technology feasibility, deployment planning, and prospective monitoring [106].
The international consensus guideline for trustworthy and deployable Al in healthcare
(FUTURE-AI) provides lifecycle guidance extending from design and validation through
deployment and monitoring [107]. The Framework for Appropriate Implementation
and Review of Artificial Intelligence (FAIR-AI) offers a prescriptive health-system pro-
cess for pre-implementation review, qualitative risk classification, safe implementation
planning, and post-implementation monitoring [108]. Although these approaches dif-
fer in purpose, structure, and output, each organizes decision-relevant evidence beyond
algorithmic performance.
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The organizational level is therefore not unexplored. Taken together, these traditions
and Al-specific approaches provide complementary procedures, criteria, and evidence
for assessing clinical performance, local transferability, implementation, trustworthiness,
organizational fit, and value. The contribution proposed here is not the addition of another
assessment domain, but the explicit formalization of the all-things-considered hospital-
level judgment that these heterogeneous inputs may collectively warrant and for which the
adopting institution remains accountable. Institutional efficacy is proposed to denote that
judgment rather than to compete with or replace the frameworks through which relevant
evidence is generated, organized, and governed.

A terminological clarification is necessary. The term efficacy is retained to signal
continuity with the Fryback-Thornbury tradition of differentiating evaluative claims, rather
than to invoke the narrower conventional distinction between efficacy under controlled
conditions and effectiveness in routine practice [13].

7.3. Institutional Efficacy as an Integrative Organizational Claim

Institutional efficacy is proposed as a conceptual construct that takes practical form
as a warranted and revisable hospital-level evaluative judgment. Its unit of analysis is a
defined Al-enabled service configuration—that is, the technology as deployed within a
particular clinical or administrative service, workflow, workforce, infrastructure, financing,
and governance arrangement—rather than the algorithm in isolation. The judgment con-
cerns whether this configuration can generate and sustain patient-centered value under the
adopting hospital’s actual priorities, constraints, and realistic capacity for adaptation. Rele-
vant knowledge is distributed across clinical, operational, technical, administrative, and
patient perspectives; responsibility for appraising and integrating these inputs, reconciling
competing priorities, and reaching, justifying, and revising the overall judgment rests with
hospital governance.

This judgment encompasses clinical and safety consequences; workflow, workforce,
and organizational dynamics; economic and resource implications; governance and ac-
countability; and stakeholder and system-level policy conditions insofar as they shape
what the hospital can implement and sustain. The relative salience of these considerations
is context-dependent and must be justified in relation to the use case and institutional
setting. Institutional appraisal therefore requires not only the aggregation of evidence, but
also appraisal of the validity, local relevance, completeness, and uncertainty of each input
and of the interactions among them.

Net benefit is understood here in a multidimensional rather than narrowly financial
sense. Patient benefit remains the normative endpoint, while the hospital is the locus
through which adoption is coordinated, resources are committed, responsibilities are allo-
cated, and benefit is sustained. Sustainability is therefore a condition for the continuing
delivery of value rather than a competing objective. Institutional efficacy cannot be consid-
ered supported where operational or economic gains depend on clinically unacceptable
harm or on the disproportionate transfer of burden or cost to patients, professionals, or
other parts of the health system. Failures to meet applicable clinical, legal, or ethical
minimums—including those concerning safety, data protection, equity, and fundamental
rights—cannot be offset by gains elsewhere.

Existing frameworks may generate, organize, and govern substantial parts of the
evidence required for this judgment. Their outputs nevertheless require institutional
appraisal: a domain-specific assessment may be methodologically sound without being
decision-sufficient. FAIR-Al illustrates this relationship. A favorable FAIR-Al review or low-
risk designation may contribute evidence to an institutional-efficacy judgment, but does
not by itself establish that adoption or continued use can deliver sustained patient-centered
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(levels 1-6:

value under the hospital’s wider operating conditions and priorities [108]. Risk tolerability
is therefore necessary but not sufficient for institutional efficacy. Place-based evidence
similarly clarifies why evidence may need to be generated locally, whereas institutional
efficacy specifies the hospital-level judgment that such evidence is intended to warrant [104].
The relevant comparator and time horizon are context-specific and should be stated for
each appraisal; this review does not prescribe universal weights, thresholds, or a single
decision rule.

RADAR extends the efficacy hierarchy by adding a further sequential level. Institu-
tional efficacy instead operates across the hierarchy, integrating evidence from all seven
levels with organization-specific evidence concerning implementation, workforce, eco-
nomics, and governance (Figure 1).

EFFICACY HIERARCHY

Fryback-Thornbury; level 7: RADAR)

A

RADAR LOCAL EFFICACY

Do prior valuations transfer
to this setting?

Societal efficacy

INSTITUTIONAL

Patient-outcome efficacy

EFFICACY

Therapeutic efficacy

Sustainable net benefit
for the adopting
hospital

Diagnostic-thinking efficacy

Diagnostic-accuracy efficacy

_____________ Integrates
evidence across

1

Ascending levels of evidentiary claim

Technical efficacy

all seven levels

together with organization-specific
implementation, economic, and
governance evidence

More bounded
applications

More deeply workflow-embedded

applications

INTEGRATION DEPTH

Share of evidence that must be generated within
the adopting institution increases with integration depth

Figure 1. Institutional efficacy as an integrative organizational claim rather than an additional efficacy
level. Levels 1-6 reproduce the efficacy hierarchy of Fryback and Thornbury [13], whereas level 7
represents the local efficacy level introduced by the Radiology Al Deployment and Assessment Rubric
(RADAR) [16]. Institutional efficacy integrates evidence across all seven levels with organization-
specific evidence concerning implementation, workforce, economic, and governance conditions. The
lower arrow depicts the proposed relationship between deeper organizational integration and a
greater need for locally generated or locally verified evidence; two additional properties may further
modify the local evidence burden: context and data dependence, and the consequence profile of
the application.

This perspective also distinguishes institutional from societal value. Under many
payment and budget arrangements, hospitals bear the costs of acquisition, integration,
workforce adaptation, maintenance, and monitoring, while part of the resulting benefit
accrues to patients, payers, other providers, or the health system more broadly [109]. At
the same time, sustained organizational adoption is a principal pathway through which
demonstrated clinical benefit becomes population-level value. When technologies are not
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adopted, are abandoned, or fail to become embedded in routine practice, their anticipated
benefits may remain unrealized [7].

Institutional efficacy is a life-cycle judgment. Before deployment, it is necessarily
prospective and provisional; following deployment, it must be substantiated, revised,
restricted, or withdrawn in light of locally generated evidence. It informs decisions con-
cerning adoption, conditional implementation, continuation, modification, restriction, or
discontinuation. The operational specification of indicators, measurement methods, weight-
ing principles, and decision thresholds requires a dedicated assessment framework and
empirical validation and lies beyond the scope of the present review.

7.4. Integration Depth and the Local Evidence Burden

The proportion and type of evidence that must be generated locally are unlikely to
be constant across Al applications. For the purposes of this review, integration depth is
conceptualized as a multidimensional deployment profile rather than as a single additive
scale. It comprises three organizational characteristics: organizational reach, referring
to the number and diversity of professional roles and organizational units whose work
is affected; workflow reconfiguration, referring to the extent to which tasks, sequences,
handoffs, and responsibilities are altered; and decisional embedding, referring to the degree
to which the system’s outputs inform, trigger, or automate clinical or organizational action.
These characteristics may vary independently, and the same technical system may therefore
exhibit a different integration profile depending on how it is deployed. They should
not be reduced to a universal integration score. This formulation synthesizes recurring
implementation and sociotechnical concerns in the clinical-Al literature [5-7].

Two further properties shape the local evidence burden without defining integration
depth itself. Context and data dependence concern the extent to which system performance
and use rely on institution-specific data-generating practices, infrastructure, casemix, cod-
ing, care pathways, and response capacity [5,81,82]. The consequence profile concerns
the severity, immediacy, reversibility, and scale of potential error or unintended effects.
This distinction is consistent with risk-proportionate governance approaches that vary
the level of scrutiny according to the magnitude and manageability of potential adverse
consequences [108]. Thus, a documentation assistant may become deeply embedded across
several workflows while carrying comparatively limited immediate clinical consequences,
whereas a bounded autonomous screening application may alter relatively little of the
surrounding workflow but require stringent evidence because errors may be consequential
and less readily intercepted.

The proposition advanced here is that, as organizational integration deepens, the real-
ized value of an Al-enabled service becomes increasingly contingent on local workflows,
professional use, response capacity, allocation of responsibility, and the organization’s
capacity to sustain use. External studies may establish technical performance and provide
evidence of clinical utility, but they cannot fully represent these institution-specific interac-
tions [5-7]. Deeper integration therefore increases the share of evidence concerning realized
value that must be generated or verified within the adopting institution. Context and data
dependence, together with the consequence profile, separately influence the type, amount,
and rigor of evidence required.

7.5. Producing Institutional Evidence: Governance as an Evidence-Generating Infrastructure

Producing institutional evidence begins with distinguishing findings that can reason-
ably be transferred from uncertainties that require examination in the adopting setting.
Published technical validation, comparative clinical studies, and economic evaluations
provide a basis for appraisal when their populations, intended uses, workflows, and an-
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alytical assumptions are relevant to the proposed deployment. The extent of additional
local evaluation should follow from an assessment of this applicability, rather than from an
assumption that all evidence must be generated anew [5,15].

Local assessment addresses the functioning of the installed system and its interaction
with actual care delivery. Technical verification establishes whether the system and its
data pipeline operate as intended; validation, including calibration and subgroup assess-
ment where relevant, examines whether performance remains adequate in the population
served. Organizational evaluation addresses professional use, response capacity, work-
load, resource requirements, and implementation costs. Observation of practice, staff and
patient feedback, and usage records can reveal informal workarounds, resistance, and
redistribution of work that technical performance reports may not capture [5,7,15].

These tasks differ from establishing that Al-supported care improves outcomes.
Shadow-mode evaluation can examine prospective performance and potential alert vol-
umes without exposing outputs to clinical decision-making, but cannot demonstrate the
consequences of professionals acting on those outputs [16]. Where existing evidence is
insufficient for the proposed use, prospective workflow evaluation may be needed; ques-
tions about incremental clinical benefit require an appropriate comparative design. For
assistive systems, the relevant comparison is generally care with Al support versus the
corresponding care pathway without that support, rather than isolated algorithm-versus-
clinician performance. Early clinical studies can examine safety, feasibility, and human—-AI
interaction, while stronger claims about clinical effectiveness require designs capable of
distinguishing intervention effects from other changes in care [5,110].

Governance can connect these sources of evidence through an ongoing cycle of ob-
servation, analysis, and organizational response. Monitoring, audit, and incident review
provide records whose evaluative usefulness depends on data quality, consistent measures,
explicit questions, and appropriate baselines or comparators. Interpreting these records
alongside evidence about how the service is used and adapted links routine practice to insti-
tutional learning, consistent with the learning-health-system approach [7,111]. Within this
review, governance is therefore understood as an infrastructure for sustaining inquiry and
informing revision, rather than as a substitute for the study designs required to establish
clinical effects.

Local responsibility does not require every hospital to reproduce complete patient-
outcome evidence independently. Collaborative evaluation can concentrate research and
analytical resources while retaining institution-specific examination of applicability and
service performance, consistent with the emphasis on partnerships and contextualized
appraisal in hospital-based HTA [15]. The proposed division of work combines shared
generation of transferable evidence with local verification of the conditions under which it
is used. This is particularly important for resource-constrained hospitals: locally grounded
evaluation can be supported by external expertise and shared infrastructure without
requiring each institution to maintain a self-sufficient research team.

Table 2 situates institutional efficacy in relation to the established efficacy hierarchy
and RADAR’s local efficacy, distinguishing it from an additional sequential level.

Table 3 complements the efficacy architecture presented in Table 2 by positioning
institutional efficacy in relation to selected established and Al-specific evaluative ap-
proaches and identifying the contribution each may make to the hospital-level judgment
proposed here.
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Table 2. Established efficacy levels, RADAR local efficacy, and institutional efficacy as an integrative

organizational claim.

Evaluative Level or Construct

Core Evaluative Question

Illustrative Evidence

1. Technical efficacy

Does the system function reliably under
defined technical conditions?

Technical verification; reliability,
robustness, and quality-control testing

2. Diagnostic-accuracy efficacy

How accurately does the system identify,
classify, or predict the target condition?

Sensitivity, specificity, discrimination,
calibration, and external validation

3. Diagnostic-thinking efficacy

Does the information produced by the
system alter clinical reasoning or
diagnostic confidence?

Decision-impact studies;
clinician-response and
diagnostic-confidence studies

4. Therapeutic efficacy

Does use of the system alter treatment or
clinical-management decisions?

Prospective studies of changes in
management and therapeutic action

5. Patient-outcome efficacy

Does use of the system improve
outcomes that matter to patients?

Comparative outcome studies; pragmatic
trials; randomized studies where
appropriate

6. Societal efficacy

Does the technology produce net value at
the population or health-system level?

Cost-effectiveness and cost-benefit
analyses; health technology assessment;
population-level evaluation

7. Local efficacy—RADAR

Do valuations established at preceding
levels translate to, and remain valid
within, the particular hospital
environment?

Local budget-impact analysis;
multi-criteria decision analysis; workflow
or shadow-mode evaluation; prospective
monitoring

Institutional efficacy—integrative
organizational construct proposed in
this review

Can this defined Al-enabled service
configuration generate and sustain
patient-centered value under the
hospital’s actual priorities, constraints,
and capacity for adaptation?

External clinical and technical evidence;
local validation or verification where
required; implementation and workflow
evidence; workforce and resource
implications; economic and
budget-impact evidence; governance and
accountability arrangements;
post-deployment monitoring and
organizational learning

Note. Levels 1-6 reproduce the efficacy hierarchy of Fryback and Thornbury [13]. Local efficacy is
the seventh level introduced by the Radiology AI Deployment and Assessment Rubric (RADAR)
for radiology Al [16]. Institutional efficacy is proposed as an integrative organizational construct
rather than an eighth sequential level. It draws on evidence across the efficacy hierarchy together
with organization-specific evidence concerning implementation, workforce, economics, governance,
and sustained use. The evidentiary approaches shown are illustrative rather than exhaustive.

Table 3. Positioning institutional efficacy in relation to selected established and Al-specific

evaluative approaches.

. . . . . Relationship to
Approach Primary Unit and Purpose = Main Evaluative Content Typical Output Institutional Efficacy
Technical performance;
Diagnostic technology; diagnostic accuracy; Provides the evidentiary

Efficacy hierarchy [13]

orders evidence from
technical function to
societal value

clinical reasoning;
therapeutic decisions;
patient outcomes;
societal value

Level-specific profile of
available evidence

architecture across which
institutional efficacy
integrates evidence

Radiology Al in a local I
setting'yextends the adaptability, budget
RADAR [16] hieraréhy through impact, workflow

local efficacy

Levels 1-6 plus local

evaluation, and
monitoring

Seven-level assessment
including local
transferability

Provides
local-transferability
evidence; institutional
efficacy integrates across,
rather than extends,
the sequence
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Table 3. Cont.
Approach Primary Unit and Purpose = Main Evaluative Content Typical Output Insltziﬂlattii(?rlnlaslh}iilf)fitcoacy
Health technology within Clinical, economic, Contextualized -
Hospital-based HTA [15 a hospital; supports organizational, strategic, multidisciplinary May seFvel asap r1nc1%a1
ospital-base [15] adoption, continued use, and implementation appraisal for hospital appratsal process an

and disinvestment

considerations

decision-makers

source of local evidence

Implementation science
and NASSS [7,14]

Implementation process
and technology-supported
program in context;
explains adoption and
sustainability

Implementation outcomes
and interactions among
technology, users,
organization, and context
over time

Implementation-outcome
profile and account of
contextual complexity

Informs whether
anticipated benefits are
organizationally realizable
and sustainable

Place-based evidence [104]

Emerging perspective on
the evidence—setting
relationship; addresses
limited transferability and
local evidence generation

Context specificity of
implementation evidence

Rationale and approaches
for producing evidence
locally

Explains why local
evidence may be required;
institutional efficacy
specifies the judgment it
informs

Al system across
development and

Capability, utility, and

Scored appraisal of

Provides structured

TEHAI [105] deplovment: appraises adoption across 15 weighted subcomponents  evidence on translational
tralilletionai r(fes:liness subcomponents across the three domains readiness
Candidate Al-guided Ethical fit, simulated Provides evidence on
workflow or use case; usefulqess, ﬁnancial Integrated assessment and achievable usefulness,

FURM [106] estimates achievable sustainability, IT prospective monitoring feasibility, sustainability,

benefit and
implementation feasibility

feasibility, deployment,
and monitoring

plan

and organizational
capacity to act

FUTURE-AI [107]

Al tool across its lifecycle;
specifies conditions for
trustworthy and
deployable Al

Fairness, universality,
traceability, usability,
robustness, and
explainability

Lifecycle principles and 30
best-practice
recommendations

Provides trustworthiness,
usability, local-validity,
and monitoring
requirements relevant to
institutional efficacy

FAIR-AI [108]

Al solution and intended
use within a health system;
structures review, risk
governance, and
monitoring

Validation, usefulness and
benefit-risk, workflow,
resource use, equity,
compliance, and
monitoring

Risk classification,
summary statement, and
Safe Al Plan; governance
disposition for high-risk

cases

Contributes structured
risk-governance and
implementation evidence
to the institutional
judgment

Institutional efficacy
(proposed in this review)

Defined Al-enabled
service configuration in a
specific hospital; assesses
whether patient-centered

value is achievable and
sustainable

Clinical and safety
consequences; workflow
and workforce effects;
economic and resource
implications; governance,
stakeholder, and policy
conditions

Collectively informed,
context-sensitive, and
revisable hospital-level
judgment for which
hospital governance
remains accountable

Integrates and adjudicates
heterogeneous evidence in
relation to the hospital’s
mission, priorities,
constraints, and capacity
for adaptation

Note. The selected approaches differ in purpose and output and are presented as complementary
rather than mutually exclusive. The comparison is an interpretive synthesis of the cited sources.
Abbreviations: Al, artificial intelligence; FAIR-AI, Framework for Appropriate Implementation and
Review of Artificial Intelligence; FURM, Fair, Useful, and Reliable AI Models; FUTURE-AI, interna-
tional consensus guideline for trustworthy and deployable Al in healthcare; HB-HTA, hospital-based
health technology assessment; IT, information technology; NASSS, Nonadoption, Abandonment,
Scale-up, Spread, and Sustainability; RADAR, Radiology AI Deployment and Assessment Rubric;
TEHAI, Translational Evaluation of Healthcare Al

8. Limitations of the Evidence Base and of the Present Review

The evidence base for clinical Al remains uneven across tasks, settings, and evaluative
levels. A substantial proportion of studies continue to emphasize retrospective performance,
curated datasets, and performance-centered endpoints, while prospective comparative
evaluation and evidence concerning patient outcomes, workflow effects, resource use,
and organizational sustainability remain less common [3,4,9]. The prospective studies
discussed in Section 4 demonstrate progress beyond these limitations, but they do not
establish equivalent evidence across products, specialties, or modes of deployment.

A second limitation concerns transferability. Models evaluated in research-intensive or
highly digitized environments may not perform or function in the same way when deployed
across different populations, data-generating practices, staffing configurations, workflows,
infrastructures, and response capacities. External validation can reduce this uncertainty
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but cannot eliminate it: calibration, alert burden, subgroup performance, professional
response, and organizational consequences may continue to vary across institutions and
over time [5,81,82]. Evidence relevant to hospital adoption must therefore be interpreted
in relation to the specific use case and deployment configuration rather than as a fixed
property of the technology.

The conceptual synthesis advanced in this review also has limitations. Institutional
efficacy is proposed as a conceptual construct expressed through a hospital-level evalu-
ative judgment; it has not yet been operationalized or empirically validated as a formal
assessment framework. The dimensions through which such a judgment should be mea-
sured, the relative salience of different forms of evidence, and the conditions under which
competing considerations should be reconciled remain to be established. Similarly, integra-
tion depth is proposed as a multidimensional deployment profile rather than a validated
scale, drawing on recurring implementation and sociotechnical concerns identified in the
literature [5-7,16,104]. Its relationship with local evidence requirements, context and data
dependence, and the consequence profile of Al applications requires empirical examination
across technologies, hospitals, and health systems.

The review design imposes further limitations. Source selection was purposive rather
than exhaustive, and the review did not apply a uniform formal risk-of-bias instrument
across the heterogeneous methodological, clinical, implementation, economic, governance,
and policy literature included. The search and synthesis were conducted by a single
author, and the absence of a prospectively archived systematic-review screening log limits
reproducibility of source selection. Relevant empirical studies, implementation reports,
non-indexed evidence, or recent developments may therefore have been omitted. These
limitations should be considered when interpreting broad statements about evidence
maturity and when evaluating the conceptual propositions advanced in this review.

9. Discussion: Implications of Institutional Efficacy for
Hospital Governance

The central implication of institutional efficacy is that hospital evaluation should focus
on the specific Al-enabled service configuration rather than on the Al product in isolation.
The relevant configuration includes the intended use, patient population, data environment,
workflow position, professional users, supporting infrastructure, financing arrangements,
and governance conditions through which the technology is deployed. Evidence generated
elsewhere may therefore be highly informative without being automatically sufficient for
a particular adoption. The hospital-level task is to determine which findings are reason-
ably transferable and which uncertainties require local verification under the proposed
conditions of use [5,7,15].

The extent of that local component should be proportionate rather than uniform. Inte-
gration depth, context and data dependence, and the consequence profile of the application
affect the types of uncertainty that remain after external evidence has been considered. A
bounded application operating within an established workflow may require relatively lim-
ited local verification if relevant external evidence is strong, whereas systems that depend
heavily on institution-specific data, alter multiple professional workflows, or trigger conse-
quential actions may require more extensive prospective evaluation and monitoring [5-7].
This does not imply that every hospital must reproduce the complete clinical evidence
base independently.

The application examples reviewed in Section 4 illustrate why this distinction matters.
In mammography, prospective trials evaluate an Al-supported screening strategy rather
than algorithmic accuracy alone [71,72]. For deterioration support, prospective evidence
may indicate clinical benefit while simultaneously revealing greater use of downstream
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intensive-care resources [83]. In colonoscopy, pooled randomized evidence supporting

computer-aided detection has not been reproduced uniformly in every pragmatic clinical

setting [84,85]. These examples do not imply that local context overrides external evidence;

rather, they show that the consequences relevant to hospital adoption extend beyond the

endpoint on which the Al system was initially evaluated.

Implementation research likewise indicates that adoption is a sequence of organiza-

tional activities rather than a single acquisition event [112]. The governance implications

of institutional efficacy can therefore be considered across pre-adoption appraisal, post-

deployment evaluation, and the distribution of evidentiary responsibilities.

Table 4 summarizes selected approaches to evaluating model performance, clinician—

Al interaction, and service performance [5,16,103,110], linking their findings to institutional

appraisal. Consistent with the proposition developed in Section 7.4, deeper integration

is proposed to increase the share of realized-value evidence requiring local generation or

verification. Context and data dependence affect the applicability of external evidence,

while the consequence profile informs the type and rigor of evidence required.

Table 4. Selected evaluation approaches, evidentiary limits, and local assessment needs for institu-

tional appraisal.

Question and

Illustrative Evaluation

What It Cannot Establish

Transferability and Local

Evaluation Approach Comparison Basis Measures Alone Assessment Needs
How well does the model External results inform
) e . . isal; licabilit
Standalone perform on independent Accuracy; discrimination;  Clinical benefit, workflow ZEPZ?E': or?}c:]ﬁ)ol(;l::l \lzelzr}s,ion
model-performance validation data against a calibration; technical effects, or performance in op ulation. data ’
validation reference standard or failure rate an untested setting pop ¢

observed outcomes?

acquisition, and local data
practices.

Local current-care baseline

What are the outcomes
and resource demands of
the hospital’s current care
pathway without AI?

Diagnostic safety; decision
quality; turnaround time;
workload; cost per case

Whether Al can address
the identified need, or
what its incremental
effects would be

Local by definition;
external benchmarks
inform comparison but
cannot establish the
hospital’s own baseline.

Al-versus-clinician
benchmarking

How does standalone Al
compare with clinicians on
the same task against a
common reference
standard?

Sensitivity; specificity;
error patterns

Effects of Al assistance or
performance of the
combined care pathway

Applicability depends on
comparable tasks, cases,
clinician expertise, and
evaluation conditions.

Clinician-plus-Al
reader study

Does Al assistance
improve reader
performance compared
with unaided reading
under controlled
conditions?

Diagnostic accuracy;
decision quality;
reading time

Routine workflow effects,
patient benefit, or
long-term sustainability

Applicability depends on
reader expertise, case mix,
interface, and study
conditions

Shadow-mode evaluation

How does the installed
system perform on
prospective local data
against reference
outcomes, without
influencing care?

Pipeline reliability;
calibration; subgroup
performance; potential
alert volume

Professional responses or
consequences of acting on
Al outputs

Examines the installed
configuration; external
findings inform evaluation
but cannot verify its local
operation.

Prospective workflow and
clinical evaluation

How does the
Al-supported pathway
perform in practice? Usual
care or a justified
alternative provides the
comparator for estimating
incremental effects.

Feasibility; safety; patient
outcomes; response time;
workload; downstream
utilization;
implementation and
incremental costs

Causal benefit from
prospective observation
alone; effects beyond the
observed follow-up

Applicability depends on
comparable care
pathways, case mix, and
staffing; local workflows,
capacity, and costs need
site-specific appraisal.

Post-deployment
monitoring

Do performance, benefits,
and burdens remain
acceptable against
baselines, predefined
thresholds, or relevant
comparators?

Drift; subgroup outcomes;
incidents; workload;
ongoing costs;

sustained use

Causal benefit when
monitoring is uncontrolled

Local monitoring can use
shared infrastructure;
pooled findings support
learning without replacing
site-specific assessment.

Note. Approaches may overlap and need not follow a fixed sequence; selection depends on intended
use, existing evidence, and unresolved uncertainty.
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9.1. Pre-Adoption Evaluation and Procurement

Pre-adoption appraisal begins with a precise definition of the proposed use: the clin-
ical or operational task, target population, users, decision point, expected action, and
surrounding service pathway. External evidence should then be assessed for its rele-
vance to this configuration, including study design, comparator, validation population,
equipment or data environment, calibration where applicable, subgroup performance, and
duration of follow-up. The relevant comparator and time horizon should be explicit. For
assistive systems, the appropriate comparison will usually concern the Al-supported care
pathway versus the corresponding pathway without Al support, rather than the isolated
performance of an algorithm against that of a clinician.

Where important uncertainties remain, targeted local validation, shadow-mode eval-
uation, or prospective workflow assessment may be warranted before routine clinical
reliance. The Developmental and Exploratory Clinical Investigations of Decision-support
systems driven by Artificial Intelligence (DECIDE-AI) guideline provides a useful reference
for the early-stage live clinical evaluation and reporting of Al-based decision-support
systems [110]. Such evaluation should address the uncertainty relevant to the proposed
adoption rather than reproduce evidence that is already sufficiently transferable.

Regulatory conformity is necessary where applicable but should not be interpreted
as evidence of institutional value. Under the Medical Device Regulation, conformity
assessment and CE marking concern compliance with the requirements applicable to the
device and its declared intended purpose [113]. They do not by themselves establish that
implementation will improve patient outcomes, reduce workload, be cost-effective, or
generate sustainable value within a particular hospital [113,114]. Regulatory evidence may
therefore contribute to institutional appraisal without determining its overall conclusion.

Procurement should consequently extend beyond acquisition price and headline
performance. Relevant considerations include interoperability; data access, ownership,
retention, and cybersecurity; model versioning and updates; vendor responsibilities for
maintenance and corrective action; audit access; and exit arrangements that reduce avoid-
able technological dependence. Workflow assessment should identify where the system
enters care, who receives and acts on its output, how disagreement or override is man-
aged, and whether the service has sufficient capacity to respond. Staffing, training, and
the continuing availability of appropriate human expertise form part of the deployment
configuration rather than ancillary implementation concerns [94,115].

Economic appraisal similarly requires attention to the perspective of the adopting
institution. Budget impact, implementation and maintenance costs, workforce adaptation,
cybersecurity, monitoring, displaced activity, and opportunity costs may differ materially
from societal cost-effectiveness [109,116]. Benefits and burdens may also fall on different
actors: a hospital may bear implementation costs while benefits accrue partly to patients,
payers, or other services. Pre-adoption appraisal should therefore consider both the ex-
pected incremental benefit of the Al-supported pathway and the organizational resources
required to sustain it [15,109]. The existing care pathway provides the relevant baseline;
non-adoption should not be treated as a consequence-free alternative when current care
itself carries costs, delays, risks, or unmet need.

9.2. Post-Adoption Governance, Monitoring, and Discontinuation

Deployment converts assumptions made during pre-adoption appraisal into propo-
sitions that can be examined under routine conditions. Monitoring should therefore be
aligned with the mechanism through which value is expected to occur. Depending on the
application, this may include discrimination and calibration, subgroup performance, data
and performance drift, alert burden, response times, override patterns, clinical outcomes,
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workflow effects, resource use, and unintended consequences [5,7]. Monitoring only al-
gorithmic performance may miss failure arising from professional response, inadequate
downstream capacity, or changes in the surrounding service.

Material changes in the model, data pipeline, equipment, patient population, clinical
pathway, or organizational conditions should prompt reassessment where they alter the ba-
sis on which the original judgment was made. Auditability is important for reconstructing
the model version, relevant input data, output, professional response, and subsequent con-
sequence. Al-related adverse events and near misses should enter established patient-safety
and quality-improvement processes, with clear routes for investigation and corrective ac-
tion. Retaining a clinician nominally “in the loop” does not in itself establish effective
oversight if authority, information, time, or practical capacity to challenge the system are
inadequate [94,115].

These requirements increasingly intersect with formal legal obligations. For high-
risk Al systems falling within the relevant provisions of the EU Artificial Intelligence
Act, deployers are subject to obligations concerning use in accordance with instructions,
appropriately competent human oversight, monitoring, and retention of automatically
generated logs under their control; where the conditions specified in the Regulation are
met, use must be suspended when relevant risks emerge. A fundamental-rights impact
assessment is additionally required for the categories of deployer and system to which
Article 27 applies [114,117]. These obligations do not establish institutional efficacy, but
they create governance and documentation processes that can contribute to the evidence
on which continuing institutional appraisal depends.

Institutional efficacy is therefore necessarily revisable. Continuing use should depend
not simply on the absence of major incidents, but on whether the evidence supporting
the expected patient-centered value remains credible under current conditions. Modifica-
tion, restriction, suspension, or discontinuation may become justified when performance
deteriorates, burdens or harms emerge, the technology changes materially, anticipated
benefits are not sustained, or the organization can no longer support appropriate use.
Discontinuation should in this sense be understood as a possible outcome of responsible
life-cycle governance rather than as evidence of implementation failure alone.

9.3. Evidentiary Responsibility, Institutional Accountability, and Shared Capacity

Evidence generation for hospital Al is distributed across multiple actors, but responsi-
bility for the overall institutional judgment should not become correspondingly diffuse.
Developers and vendors are positioned to provide technical documentation, validation
evidence, known limitations, subgroup analyses, update procedures, and sufficient infor-
mation for audit and monitoring. Regulators establish requirements for market access,
safety, and performance, while health technology assessment bodies and related evaluative
structures can contribute clinical, economic, organizational, and comparative evidence. The
Al Act further distinguishes provider and deployer obligations, giving legal form to part of
this distribution of responsibility [114,117].

Hospitals nevertheless remain the locus at which these heterogeneous inputs are
applied to a particular service configuration. They must determine local compatibility,
organize workflow and oversight, assess whether the service can respond to Al-generated
information, evaluate resource implications, and revisit use as conditions change. Insti-
tutional efficacy is therefore collectively informed, but the responsibility for integrating,
warranting, and revising the hospital-level judgment rests with hospital governance.

This responsibility should not be interpreted as requiring every hospital to reproduce
complete clinical evaluations independently. Hospital-based HTA and Al implementation
research emphasize the need for adequate resources, expertise, and technical infrastruc-
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ture [15,112], while work on Al in resource-constrained settings highlights the importance
of context-appropriate implementation [118]. These requirements suggest that research-
intensive and highly digitized hospitals are likely to be better positioned to undertake
extensive local validation, drift analysis, and prospective service evaluation, whereas insti-
tutions with more limited analytical and digital capacity may face comparable governance
responsibilities with fewer resources. This comparison is a literature-informed inference
rather than a comparative empirical finding of the review. Requiring each institution to
duplicate the same evaluation could therefore increase inequity in access to well-evaluated
Al rather than improve governance.

Shared evidence infrastructures offer a more proportionate response. National or
regional evidence standards, collaborative validation, hospital-based HTA networks, com-
mon monitoring indicators, pooled post-market surveillance, and mechanisms for exchang-
ing evidence among sufficiently comparable institutions can reduce unnecessary duplica-
tion while preserving local examination of applicability and service performance [15]. The
distinction is therefore not between external and local evidence as competing alternatives,
but between evidence that can reasonably be transferred and evidence whose meaning
depends materially on the adopting setting.

These implications do not constitute a validated scoring system or decision algorithm.
Rather, they specify the governance consequences of treating institutional efficacy as
a warranted and revisable hospital-level judgment: heterogeneous evidence must be
assembled in relation to a defined deployment, uncertainty must be made explicit, local
evaluation should be proportionate to what remains unresolved, and responsibility for the
resulting judgment must remain identifiable.

10. Conclusions

Clinical Al evidence remains uneven across applications and evaluative levels. Techni-
cal performance and diagnostic accuracy are increasingly well documented for selected
uses, whereas prospective clinical utility, workflow consequences, resource implications,
and organizational sustainability are evaluated less consistently. Hospital adoption there-
fore requires interpretation of external evidence in relation to the specific Al-enabled service
configuration in which the technology is intended to operate.

This review proposes institutional efficacy as a conceptual construct for expressing the
warranted and revisable hospital-level judgment that such a configuration can generate
and sustain patient-centered value under actual institutional conditions. It operates across,
rather than beyond, established efficacy levels and draws on evidence concerning clinical
benefit and safety, implementation, workflow and workforce effects, economic conse-
quences, governance, and organizational capacity. Existing evaluative frameworks provide
substantial parts of this evidence; institutional efficacy concerns how these heterogeneous
inputs are integrated into an accountable judgment about a particular deployment.

The integration-depth proposition further suggests that deeper organizational embed-
ding increases the proportion of evidence concerning realized value that must be generated
or verified locally. Two additional properties—context and data dependence, and the
consequence profile of the application—separately shape the type and rigor of evidence
required. External evidence therefore remains indispensable, while local validation, work-
flow evaluation, monitoring, audit, and incident learning address uncertainties that cannot
be resolved through transferability alone. Shared evidence infrastructures may reduce
duplication and support hospitals with unequal analytical capacity.

Future research should operationalize and empirically test institutional efficacy, ex-
amine the relationship between integration depth and local evidence requirements across
technologies and hospital settings, and determine how different forms of evidence can be
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combined without assuming universal weights or thresholds. Comparative research should
also establish whether the construct provides additional explanatory or decision value
beyond RADAR, hospital-based health technology assessment, implementation-science
frameworks, and emerging Al-specific governance approaches. The value of clinical Al
is ultimately realized not by algorithmic performance alone, but through the institutional
conditions that convert capability into safe, sustainable, and accountable care.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /hospitals3040019/s1, Table S1: Main deep-learning, generative,
multimodal, and interpretable model families in clinical Al: properties, applications, and limitations;
Table S2: SANRA self-assessment of the narrative review.
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