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ABSTRACT

Artificial intelligence (Al) is rapidly entering musculoskeletal (MSK) imaging, yet clinical
adoption often outpaces evidence of real-world benefit, widening the gap between diagnostic
performance claims and patient-important outcomes. In this structured narrative review, we
synthesize published evidence and reporting guidance relevant to clinical validation, failure
modes, and implementation readiness of Al in MSK imaging, focusing on where Al may improve
care, where it commonly fails to add value, and how validation should be structured before
routine adoption. Reported strengths are clustered in narrow, time-sensitive use cases such
as fracture triage and workflow support, whereas limitations repeatedly arise from poor
generalizability, narrow task framing, bias, reference-standard weaknesses, and workflow
mismatch. A central message is that high diagnostic accuracy does not equal clinical value,
which must be judged by effects on management, outcomes, safety, efficiency, and equity. We
outline minimum validation expectations, including external validation, prospective assessment
of clinical impact, and ongoing monitoring for performance drift and bias.

Keywords: Artificial Intelligence; Machine Learning; Deep Learning; Diagnostic Imaging;
Musculoskeletal System; Radiography (source: MeSH NLM).

RESUMEN

Lainteligenciaartificial (IA)estdingresandordpidamenteenlaimagenologiamusculoesquelética
(MEQ), aunque la adopcién clinica a menudo supera la evidencia de beneficio en el mundo
real, ampliando la brecha entre las afirmaciones de rendimiento diagndstico y los desenlaces
importantes para los pacientes. En esta revisidon narrativa estructurada, sintetizamos la
evidencia publicada y las guias de reporte relevantes para la validacion clinica, los modos de
fallay la preparacion para la implementacién de la IA en la imagenologia MEQ, centrdndonos
en ddénde la IA puede mejorar la atencién, dénde cominmente no logra aportar valor y cémo
debe estructurarse la validaciéon antes de la adopcién rutinaria. Las fortalezas reportadas
se agrupan en casos de uso estrechos y sensibles al tiempo, como el triaje de fracturas y el
apoyo al flujo de trabajo, mientras que las limitaciones surgen repetidamente de la pobre
generalizacién, el encuadre estrecho de las tareas, el sesgo, las debilidades del estdndar de
referencia y el desajuste con el flujo de trabajo. Un mensaje central es que una alta precision
diagndstica no equivale a valor clinico, el cual debe juzgarse por los efectos sobre el manejo,
los desenlaces, la seguridad, la eficiencia y la equidad. Delineamos expectativas minimas de
validacidn, incluidas la validacion externa, la evaluacidn prospectiva del impacto clinico y el
monitoreo continuo de la deriva del rendimiento y el sesgo.

Palabras clave: Inteligencia Artificial; Aprendizaje Automdtico; Aprendizaje Profundo;
Diagndstico por Imagen; Sistema Musculoesquelético; Radiografia (fuente: DeCS Bireme).
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INTRODUCTION

The rapid proliferation of artificial intelligence (Al)
applications in musculoskeletal (MSK) imaging has
generated substantial interest, but a critical gap remains
between commonly reported diagnostic performance
metrics and patient-important outcomes [I. Although
cost-containment pressures and expectations of added
value fuel enthusiasm ©, and the Al medical imaging
market continues to grow with major financial investment
Bl high diagnostic accuracy is often relatively easy to
demonstrate for selected tasks in curated datasets K.
Academic and industry incentives can further emphasize
positive, model-centric results while underreporting
negative findings, usability limitations, and real-world
implementation failures ©. As a result, “false promises”
remain a central risk, in which unsubstantiated
outperformance claims persist and many proposed
models are never adopted into routine clinical practice
despite extensive research . Contributing factors
include historical gaps in rigorous statistical and clinical
validation V' and the persistent scarcity of external
validation in deep learning studies ®. Accordingly,
despite strong momentum, widespread implementation
continues to face practical challenges related to
integration with existing systems and demonstration of
real-world clinical value 29,

In this review, “clinical benefit” extends beyond technical
performance or diagnostic accuracy and refers to
measurable improvement in patient care and healthcare
outcomes 9, This includes patient-level outcomes such
as reduced mortality and morbidity, improved quality of
life, and lower healthcare expenditure 19, At the workflow
level, potential benefits may include improved diagnostic
accuracy, optimized efficiency, increased productivity,
and faster reporting, including better prioritization of
urgent cases and reduced misinterpretation ¥, Clinical
benefit may also be reflected in improved decision-
making processes, personalized treatment strategies,
and increased patient and provider satisfaction 09,
Ultimately, the clinical value of Al should be judged
by its effect on real-world outcomes within integrated
practice, ideally supported by cost-benefit analyses that
include efficiency, expenditure, and patient satisfaction
414l In the present review, Al in MSK imaging is critically
appraised by distinguishing diagnostic capability from
demonstrated impact on clinical management, patient
well-being, and healthcare efficiency 4.

Several recent reviews have addressed Al in MSK
imaging from related but distinct perspectives. Debs
and Fayad reviewed the promise and limitations of Al
across the MSK imaging cycle, including interpretive
and non-interpretive tasks ¥, Oettl et al. summarized
current machine learning models in MSK imaging,
including general-purpose multimodal models and
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specialized foundation models, while highlighting ethical
considerations, technical challenges, and the need
for validation . Tsang et al. focused on emergency
MSK imaging, emphasizing workflow triage, modality
selection, abnormality detection, fracture classification,
pediatric emergency applications, and large language
model-assisted reporting . Dubey et al. reviewed
the role of Al in MSK interventions, with emphasis on
procedural planning, image guidance, and clinical
integration in interventional practice 7. Tordjman et al.
presented a scoping review of practical MSK radiology
applications, including accelerated image acquisition,
image interpretation, large language models, workflow
integration, cost-effectiveness, liability, and education lel,
The present review overlaps with these studies in
recognizing the potential of Al to improve diagnostic
accuracy and workflow efficiency but differs by centering
the analysis on clinical validation: how claims of benefit
should be judged, when Al may fail to add value, which
evidence levels support adoption, and which validation,
reporting, fairness, implementation, and post-deployment
monitoring standards should guide clinical use.

METHODS
Review design and scope

This study was conducted as a structured narrative
review focused on clinical validation, failure modes, and
implementation readiness of Al in MSKimaging. It was not
designed as a scoping review, because the aim was not to
map the full volume and distribution of the literature, but
to critically synthesize evidence and guidance relevant to
clinical outcomes, workflow impact, external validation,
diagnostic safety, fairness, interpretability, regulatory
maturity, and post-deployment monitoring. The objective
was interpretive and framework-oriented, and thus, no
meta-analysis or quantitative pooling of diagnostic
accuracy estimates was performed. Instead, the review
used predefined eligibility criteria, explicit evidence
prioritization, structured data extraction, and thematic
synthesis to evaluate how Al tools should be clinically
validated before adoption in MSK imaging practice.

Search strategy and evidence selection

Targeted searches were conducted in PubMed/MEDLINE,
Scopus, and Web of Science. Search terms combined
Al-related concepts, including “artificial intelligence,”
“machine learning,” “deep learning,” “neural network,”
“radiomics,”and“largelanguage model,”withMSKimaging
concepts, including “musculoskeletal,” “orthopaedic,”
“orthopedic,” “radiography,” “MRI” “CT, “ultrasound,”

" “osteoarthritis,” “spine,” “ligament,” “rotator

“fracture,
cuff “tumor” “osteoporosis,” and “sarcopenia.” These
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i
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terms were combined with validation and implementation
concepts,including “externalvalidation,” “clinicalimpact,”
“workflow,” “triage,” “prospective,” “randomized,” “bias,”
“fairness,” “calibration,” “PACS,” “RIS,” “regulatory,” and
“cost-effectiveness.” Reference lists of relevant reviews,
reporting guidelines, and implementation frameworks

were also screened.

Eligibility criteria

We included review articles, validation studies, reader
studies, prospective workflow studies, clinical impact
studies, randomized trials, implementation reports,
regulatoryorgovernancearticles,andreportingguidelines
if they addressed Al in MSK imaging or provided directly
applicable guidance for clinical validation of imaging
Al. We prioritized sources that addressed clinical utility,
comparison with usual care, diagnostic safety, external
validation, fairness, interpretability, implementation,
regulatory maturity, or post-deployment monitoring. We
excluded articles not related to imaging, articles focused
only on technical model development without clinical
validation or implementation relevance, non-medical
Al applications, and papers for which the full text or key
methodological information was unavailable.

Study selection process

Records identified through database searches and
reference-list screening were assessed according to
their relevance to the review scope. Titles and abstracts
were first reviewed to exclude publications clearly
unrelated to MSK imaging, Al, clinical validation, or
implementation. Potentially relevant full texts were then
assessed using the eligibility criteria described above.
Publications were retained when they addressed Al in
MSK imaging or provided directly applicable guidance
on clinical validation, implementation, reporting, fairness,
interpretability, regulatory maturity, or post-deployment
monitoring of imaging Al.

Evidence prioritization

Evidence was prioritized according to its relevance
to clinical validation. The highest priority was given
to randomized or prospective clinical impact studies,
followed by prospective workflow or reader studies
comparing Al-assisted interpretation with usual care,
external validation studies, implementation and post-
deployment evaluations, systematic or scoping reviews,
and reporting or regulatory guidance. Retrospective
technical development studies were used only when they
illustrated a specific failure mode, dataset limitation,
reference-standard issue, or validation requirement.
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Data extraction and synthesis

For each source included, we extracted the clinical
use case, imaging modality, Al task, model type when
reported, comparator, reference standard, validation
design, performance metrics when available, clinical or
workflow endpoints, reported failure modes, regulatory
or implementation maturity, and relevance to patient
care. Extracted information was used to characterize the
nature of evidence supporting each clinical use case,
including whether the source represented a validation
study, reader study, workflow evaluation, implementation
report, methodological framework, or review-level
synthesis. Synthesis was narrative and framework-
based. We did not pool sensitivity, specificity, positive
predictive value, negative predictive value, or area under
the curve because indications, imaging modalities,
reference standards, model types, and clinical workflows
were heterogeneous. No numerical cutoff was applied
because outcome domains and validation designs
varied across studies. The two thematic categories were
determined through narrative synthesis rather than by
a numerical threshold. No cutoff point for sensitivity,
specificity, predictive value, area under the curve, time
reduction, or effect size was used to define improvement.
A use case was interpreted as having potential clinical
or workflow value when the evidence linked Al use to
outcomes beyond standalone diagnostic accuracy,
including changes in clinical management, reduction in
clinically significant errors, triage or reporting efficiency,
diagnostic safety, patient-important outcomes, equity,
or implementation readiness. Conversely, a use case
or evidence domain was interpreted as failing to add
value when reported limitations suggested weak
generalizability, poor reference standards, limited clinical
actionability, workflow mismatch, automation bias,
inequitable subgroup performance, lack of prospective
validation, or absence of post-deployment monitoring.
Studies evaluating efficacy and safety were prioritized
when available, but the classification also incorporated
validation studies, reader studies, workflow evaluations,
implementation reports, methodological frameworks,
and review-level evidence.

RESULTS

The narrative synthesis identified two broad themes
across the literature reviewed. First, Al in MSK imaging
appears to be most clinically relevant when deployed
in narrow, well-defined, and workflow-sensitive tasks,
including triage support, detection of clinically important
imaging findings, structured assessment, and selected
opportunistic screening applications. Second, the
literature repeatedly indicates that Al may fail to add
value when validation is limited to curated datasets,
outcome definitions are disconnected from clinical
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decisions, reference standards are weak, subgroup
performance is untested, or workflow integration
increases cognitive burden. The results below present
these themes and summarize the selected literature and
use-case implications in Tables 1and 2.

Theme 1: Clinical contexts in which Al may
improve outcomes or workflow

Evidence of clinical impact in MSK imaging is most
credible when Al is evaluated as decision support inside
real workflows and when outcomes extend beyond
standalone accuracy. We did not classify improvement
using a fixed numerical cutoff because validation
designs, imaging modalities, reference standards, and
outcome domains varied across studies. Instead, clinical
relevance was assessed narratively according to whether
Al was linked to clinically meaningful endpoints, including
management changes, reduction in clinically significant
errors, triage or reporting efficiency, diagnostic safety,
patient-important outcomes, equity, and implementation
readiness. In practice, most published work still focuses
on diagnostic performance, while fewer studies quantify
downstream management changes, patient-important
outcomes, or unintended consequences. Accordingly, this
section summarizes use cases where impact outcomes
are most often assessed and explicitly highlights where
evidence remains limited to intermediate endpoints
(Table 1). To complement this use-case framework, Table 2
summarizes selected studies and guidance sources that
reported on the main themes of the narrative synthesis,
including clinical value, validation hierarchy, reporting
transparency, implementation barriers, data governance,
and post-deployment monitoring.

Comparative evidence between conventional clinical
practice and Al-supported practice remains uneven
across MSK imaging. The comparative evaluations
available most often assessed Al as a second reader,
triage tool, or workflow support system against unaided
clinician interpretation or usual radiology workflow. These
comparisons are most informative when they measure
clinically relevant endpoints such as missed clinically
significant findings, time to report, time to escalation,
change in management, downstream testing, and safety
monitoring. However, much of the evidence available
still emphasizes diagnostic performance or workflow
efficiency rather than patient-important outcomes.
Therefore, Al should be interpreted as a potential adjunct
to conventional practice rather than as a replacement for
clinician judgment, particularly when evidence is limited
to retrospective datasets, reader studies, or intermediate
process outcomes #610/317],

Visconti-Lopez FJ, et al.

Theme 2: Clinical contexts in which Al may
fail to add value

Despite impressive diagnostic accuracy in controlled
settings, Al applications often fail to translate gains in
MSK imaging into tangible clinical benefit or widespread
adoption ¥4, A recurring pattern is that high diagnostic
accuracy does not reliably translate into improved
patient outcomes or effective clinical integration ©l
Claims of outperformance over human experts can be
unsubstantiated, and many models ultimately remain
unadopted in clinical practice ¥l In addition, many studies
reporting strong performance are neither prospective nor
randomized and carry a highrisk of bias; lack of adherence
to reporting standards further limits interpretability
and clinical relevance ™. Accordingly, the emphasis
should shift away from algorithm-centric accuracy
metrics toward evidence that Al improves real-world
outcomes when used in combination with clinicians .

Narrow task framing and clinical complexity. Many Al
models are optimized for single tasks and may struggle
with the complex, multifaceted presentations typical of
clinical practice . This narrow focus can also lead to
incidental findings without sufficient clinical context and
may contribute to overdiagnosis by identifying patterns
that are statistically recognizable but not clinically
relevant in the scenario presented 9.

Generalizability, bias, and shortcut learning. A key
weakness of MSK imaging Al is limited generalizability
to different populations and clinical environments ",
Datasets may be unrepresentative and can propagate
pre-existing biases and inequities present in training
data M, Reliance on highly preprocessed public datasets
furtherlimits performance in unseen settings, and shortcut
learning, in which models exploit nonmorphological
patterns, can exacerbate this problem 22, When
external validation is lacking, performance outside the
original development environment remains difficult to
discern 2122,

Rare conditions and limited clinical scope. Development
for rare MSK conditions is constrained by insufficient
availability of large, diverse datasets ?%3, Consequently,
many algorithms focus on common pathologies, limiting
utility across the broader spectrum of orthopaedic
disease M. Studies in rare diseases often face small
sample sizes and limited external validation, restricting
the ability of Al to support diagnosis for less common
conditions 4, Table 3 summarizes the main contexts in
which Al may fail to add value in MSK imaging, the type
of evidence informing each limitation, the likely clinical
consequence, and the expected technological maturity
or regulatory status.

Med Educ Clin Pract. 2026;1(2):e017. doi: 10.21142/mecp.2026.1.2.e017.
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DISCUSSION

The findings of this narrative synthesis indicate that the
central challenge in MSKimaging Al is not whether models
can achieve high standalone diagnostic performance,
but whether their use improves care in a safe, equitable,
and operationally sustainable manner. This distinction
is clinically important because MSK imaging decisions
may influence emergency triage, surgical referral, follow-
up imaging, rehabilitation pathways, and resource
allocation. Therefore, implementation should depend on
evidence linking Al outputs to management decisions,
a reduction in clinically significant errors, workflow
improvement, and post-deployment safety monitoring,
rather than on retrospective accuracy alone #6101325-27,

Evidence Hierarchy for Clinical Validation

Al in MSK imaging can be interpreted through a
stepwise clinical validation hierarchy, with which each
level provides a different degree of evidence regarding
technical performance, workflow integration, clinical
utility, and long-term safety. This hierarchy was adapted
narratively from existing Al validation and deployment
frameworks rather than developed as a new validated
scoring tool 1925?71 |t ranges from initial retrospective
technical validation to post-deployment monitoring and
clarifies what type of claim can be legitimately supported
at each step. To make the framework more transparent,
each level below includes examples of the type of
evidence that would correspond to that level.

Level 1: Retrospective internal validation (development
setting). Al models are tested in existing historical
datasets from the same institution in which the model was
developed. This level supports claims of early technical
efficiency and diagnostic performance and supports
assessment of dataset quality and model development 19,
Models are typically trained, validated, and tested using
different splits of the same retrospective dataset, often in
ratios such as 80:10:10 ¥, However, results are confined
by characteristics and biases of the development
dataset I and cannot support claims of generalizability
to new populations or settings, real-world clinical impact,
or improved patient outcomes %, For example, this level
includes studies in which an algorithm is trained and
tested in historical radiographs, computed tomography
(CT) images, or magnetic resonance imaging (MRI)
examinations from the same institution using internal
data splits.

Level 2: External validation (new institutions or populations).
The model is evaluated in datasets from institutions
or populations other than where it was developed,
supporting claims of reproducibility, generalizability,
and mitigation of bias, including performance on out-of-

Visconti-Lopez FJ, et al.

distribution data 9, However, external validation alone
cannot support claims about workflow impact, patient
management, or patient outcomes in real time, because
it tests performance with unseen data rather than
integration into practice. For example, this level includes
testing a fracture detection, osteoarthritis grading, or
MRI classification model in a different hospital, scanner
environment, geographic population, or time period from
the original development dataset.

Level 3: Prospective workflow evaluation (observational
“in practice” use). The Al model is introduced into a real
clinical workflow and clinician interaction is observed
in a live environment without direct intervention based
on Al output alone. This level supports claims about
real-world technical performance, early workflow
integration, and preliminary signals related to diagnostic
process or efficiency when clinicians use the tool P9,
However, because this evidence remains observational,
confounding limits causal claims and it cannot support
definitive outcome improvement or cost-effectiveness.
For example, this level includes studies in which Al output
is integrated into a live reporting or triage environment,
and investigators observe usability, reporting workflow,
alert burden, or clinician interaction without random
allocation.

Level 4: Prospective impact studies (practice and
intermediate outcomes). These studies assess the direct
effect of Al integration on clinical practice, workflow,
and intermediate outcomes, supporting claims such as
reduced reading times, lower misinterpretation rates, or
changes in clinical decision-making "L They can also
support evidence of added value in specific use cases
23, However, they cannot support claims about long-term
outcomes, societal cost-effectiveness, or the absence
of unintended consequences without more rigorous
designs. For example, this level includes prospective
studies measuring whether Al implementation changes
reporting time, escalation time, diagnostic error rates,
follow-up actions, referral patterns, or other intermediate
clinical outcomes.

Level 5: Randomized controlled trials. Randomized
controlled trials compare groups with and without Al (or
different care standards) and support claims of causal
links between Al integration and improvements in patient
outcomes 9. They provide the strongest evidence for
clinical efficacy and health outcomesinreal-world care 4,
but they may not fully capture long-term generalizability
across settings or continuous performance as models
evolve. For example, this level includes randomized
comparisons of Al-assisted interpretation versus usual
care, with outcomes such as clinically significant
diagnostic errors, time to management, downstream
testing, patient outcomes, or service-level efficiency.

Med Educ Clin Pract. 2026;1(2):e017. doi: 10.21142/mecp.2026.1.2.e017.
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Table 3. Evidence contexts in which artificial intelligence may fail to add value in musculoskeletal imaging.

Limitation or failure
mode

Evidence context

Clinical consequence

Technological maturity

and regulatory status

Visconti-Lopez FJ, et al.

Validation or implemen-
tation implication

High diagnostic accura-
cy without clinical impact

Narrow task framing

Weak or inconsistent
reference standards

Limited generalizability
and dataset shift

Bias and uneven sub-
group performance

Shortcut learning and
spurious correlations

Workflow mismatch and
alert fatigue

Automation bias and
overreliance

Lack of actionability

Absence of post-deploy-
ment monitoring

Retrospective validation
studies, reader studies,
and broad Al performance
reviews

Model development
studies and MSK imag-
ing reviews focused on
single-label or single-task
outputs

Validation studies

using radiology reports,
single-reader labels,
incomplete follow-up, or
non-adjudicated ground
truth

External validation studies,
reviews of commercial Al
evidence, and methodo-
logical guidance

Fairness studies, subgroup
performance frameworks,
and reviews of Al bias

Technical validation
studies, dataset-quality
studies, and methodologi-
cal reviews

Implementation reports,
workflow studies, and
radiology Al deployment
frameworks

Human factors studies,
reader studies, and imple-
mentation guidance

Opportunistic screening,
grading, segmentation,
and risk-stratification
studies

Deployment frameworks,
regulatory discussions,
and safety monitoring
guidance

Accuracy gains may not
translate into improved
management, safety, out-
comes, or efficiency

Al may detect one finding
but fail to support complex
diagnostic reasoning,
multimorbidity, or clinically
relevant differential diag-
nosis

Label noise may overes-
timate or underestimate
model performance and
reduce transportability

Model performance may
decrease across scanners,
protocols, institutions,
populations, or disease
prevalence

Al may worsen inequity if
performance is lower in un-
derrepresented groups or
specific clinical subgroups

Models may rely on
non-anatomical artifacts,
site markers, acquisition
patterns, or preprocess-
ing features rather than
disease morphology

Poor integration may
increase cognitive burden,
unnecessary alerts, de-
layed reporting, or clinician
distrust

Clinicians may accept
incorrect Al outputs or
underweight discordant
clinical information

Al outputs may not im-
prove care if no follow-up
pathway, referral process,
or treatment decision is
linked to the result

Drift, new bias, scanner
changes, or workflow
changes may reduce safe-
ty after implementation

Many tools remain at vali-
dation or early implemen-
tation stage. Regulatory
approval, when present,
does not necessarily prove
patient benefit

Common in technically ma-
ture model development but
less mature for integrated
clinical decision support.
Regulatory status is usually
task-specific

Present across early and
advanced model devel-
opment. Regulatory status
does not remove the need
for defensible reference
standards

Tools may appear mature
in the development site but
remain immature across
external settings. Regulato-
ry approval may not cover
all local populations or
workflows

Fairness evaluation remains
inconsistently reported
across Al maturity levels.
Regulatory status rarely
guarantees equitable sub-
group performance

Often detected after
external validation or stress
testing. Regulatory approval
does not exclude local
shortcut learning

More relevant at implemen-
tation stage. Some commer-
cial tools may be available,
but maturity depends on
local PACS/RIS integration

Can occur even with
technically mature tools.
Regulatory approval does
not eliminate human factors
risk

Common in exploratory
or validation-stage tools,
but may also occur after
deployment

Relevant to all deployed
tools. Regulatory approval is
not a substitute for ongoing
surveillance

Prospective workflow or
clinical impact evaluation
needed before claiming
clinical value

Define the clinical decision
point and test whether the
output changes manage-
ment

Use adjudication, follow-up,
operative findings when
appropriate, and blinded
assessment

Multicenter external valida-
tion and local performance
monitoring needed

Report subgroup perfor-
mance by clinically rele-
vant variables, including
site, age, sex, device, and
postoperative status when
applicable

Use external validation,
stress testing, explainability
checks, and dataset audits

Evaluate usability, alert
burden, override rates, turn-
around time, and clinician
interaction

Test Al-assisted perfor-
mance, unaided per-
formance, discordance
handling, and escalation
pathways

Define the downstream ac-
tion, responsible clinician,
follow-up pathway, and
audit process

Establish monitoring
metrics, audit frequency,
model-update governance,
and revalidation triggers

Al: artificial intelligence, MSK: musculoskeletal, PACS: Picture Archiving and Communication Systems, RIS: Radiology Information Systems.
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Level 6: Post-deployment monitoring and surveillance.
Once implemented in routine practice, continued
monitoring supports claims aboutreal-world effectiveness
and safety, detection of performance drift, emergence
of new biases, and long-term system impact, including
evolving regulatory compliance needs ?’l. However, this
phase does not establish initial causal impact; it primarily
confirms and refines understanding of performance and
impact across diverse uncontrolled settings. For example,
this level includes ongoing audits after deployment that
track model drift, override rates, false negative cases,
subgroup performance, scanner or protocol changes,
and safety events requiring revalidation or rollback.

lllustrative Application of the Validation
Framework to the Reviewed Evidence

When applied to the literature reviewed, the validation
hierarchy shows that most Al applications in MSKimaging
remain concentrated on retrospective validation,
external validation, and early workflow evaluation. Use
cases categorized under “Theme 1: Clinical contexts
in which Al may improve outcomes or workflow”, such
as fracture detection and triage, selected structured
grading tasks, and opportunistic screening, appear
to be more clinically promising when studies move
beyond standalone diagnostic performance and assess
workflow integration, reader support, escalation time,
or downstream management. However, even in these
areas, evidence for patient-important outcomes, cost-
effectiveness, and long-term safety remains limited.

In contrast, use cases categorized under “Theme 2:
Clinical contexts in which Al may fail to add value”
commonly reflect lower orincomplete levels of validation.
These include applications supported mainly by
retrospective internal datasets, narrow task definitions,
weak or inconsistent reference standards, limited
subgroup assessment, poor external validation, or unclear
clinical actionability. In such cases, high diagnostic
performance alone should not be interpreted as evidence
of clinical benefit. The framework, therefore helps
distinguish technical feasibility from clinical readiness by
asking whether an Al tool has progressed from internal
performance testing to external validation, prospective
workflow evaluation, clinical impact assessment, and
post-deployment monitoring.

This illustrative application also clarifies that the
classification was not based on a fixed cutoff for
sensitivity, specificity, predictive value, or area under
the curve. Instead, the contribution of Al was assessed
narratively according to clinical significance, including
whether the tool could plausibly improve management
decisions, reduce clinically significant errors, support
timely triage, improve workflow, preserve safety, and
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maintain equitable performance across settings. This
approach is consistent with the purpose of the review,
which is to guide interpretation of clinical validation
evidence rather than to produce a formal meta-analysis
of diagnostic accuracy.

How to Validate Al Clinically: A Practical
Framework

Careful clinical validation is required to determine
whether an Al tool improves MSK care rather than simply
improving test-set performance. The framework below
summarizes minimum validation actions across the life
cycle of an Al tool and aligns evaluation with outcomes
that matter to patients and clinical services.

The clinical validation of Al in MSK imaging should follow
a stepwise evaluation pathway. This pathway begins by
defining the intended clinical use and decision target,
then proceeds through the definition of the reference
standard, internal and external validation, subgroup
and explainability assessment, workflow integration,
prospective impact evaluation, cost and scalability
assessment, and post-deployment monitoring. The steps
below translate this pathway into a practical framework for
evaluating whether an Al tool is ready for clinical adoption.

Step 1: Define the clinical question, use-case, and
comparator. Specify the target population, setting,
modality, decision point, and what clinical action the Al
is intended to change. Predefine the comparator (usual
care) and the minimum clinically important effect on
workflow or outcomes 8,

Step 2: Assemble representative datasets. Use datasets
that reflect real-world prevalence, device and protocol
heterogeneity, and clinically relevant edge cases. Clearly
separate development data from external validation
data and justify site selection 939,

Step 3: Specify a defensible reference standard. Define
how ground truth is established (adjudication, follow-
up, operative findings when appropriate) and protect
against incorporation bias. Report blinding procedures
for adjudicators in prospective evaluations %2,

Step 4: Pre-specify endpoints, metrics, and operating
thresholds. Choose endpoints aligned with the clinical
decision (for example, sensitivity at a triage threshold)
and include calibration when probabilistic outputs are
used. Lock thresholds before evaluation and report
decision-analytic implications when relevant 3,

Step 5: Evaluate subgroup performance and fairness.
Report performance across clinically relevant subgroups
(age, sex, device, site, postoperative status when
applicable) and identify any underperformance that
could worsen inequity 4,
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Step 6: Test workflow integration and human factors.
Evaluate usability, interpretability, and operational fit
within Picture Archiving and Communication Systems
(PACS)/Radiology Information Systems (RIS). Measure
clinician interaction effects, including automation bias

and alert fatigue risk, using predefined process measures
[35,3¢]

Step 7: Conduct prospective impact evaluation. Use
prospective designs to quantify changes in clinician
behavior, turnaround time, and clinically relevant errors,
and evaluate downstream management effects when
feasible. Use protocols consistent with Al trial guidance
when interventional evaluation is planned 7,

Step 8: Assess cost and scalability. Evaluate resource
utilization, downstream testing, throughput, and staffing
implications to determine whether observed effects
translate into sustainable service value 8,

Step 9: Implement post-deployment monitoring and
governance. Define monitoring metrics, drift detection,
audit frequency, and governance for model updates,
including triggers for revalidation or rollback B,

Reporting and Transparency Standards

Robust reporting and transparency are essential for
reliability, reproducibility, and clinical translation of Al
research in MSK imaging. Reporting guidelines support
standardized description of study design and methods
and help reviewers evaluate submissions “o41,

Key guidelines relevant to Al in medical imaging include
TRIPOD+AI for prediction model development and
validation studies ¥4, CONSORT-Al for clinical trial
reports evaluating interventions with an Al component
4344 and SPIRIT-Al for clinical trial protocols involving
Al interventions and robust prospective evaluation %49,
DECIDE-Al focuses on early-stage clinical evaluation
of Al-driven decision support systems and specifies
minimum reporting items in this phase ¥ CLAIM
promotes transparent and reproducible reporting for
medical imaging Al and provides a checklist for authors
and a structured framework for reviewers 14647,

For interpretation, guideline selection should match the
study’s primary claim. When the claim concerns model
performance and validation, reviewers should expect
TRIPOD+AI-aligned reporting®. When the claim concerns
the clinical impact of an Al-enabled intervention, trial
protocols and reports should align with SPIRIT-Al and
CONSORT-AI B4l When the claim concerns early-stage
workflow evaluation or the feasibility of Al-driven decision
support, DECIDE-AIl is particularly relevant 8. Across
designs, reviewers should seek sufficient detail to enable
independent replication % and should critically evaluate
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sources of bias and limitations while maintaining focus
on human oversight of clinical decisions 8. Studies
lacking sufficient detail in design, methods, or results
remain difficult to assess and may inhibit translation “7;
therefore, adherence to appropriate reporting guidance
is an indicator of quality and clinical readiness “647,

Implementation Realities

Successful translation of Al into clinical use in MSK
imaging depends on both technical validation and
practical implementation. Integration with PACS and
RIS is central because many commercial Al solutions still
face difficulties integrating seamlessly into established
radiology information technology systems and complex
workflows 1%, Embedding Al tools across the radiology
workflow requires standards and interoperability and is
central to realizing potential diagnostic improvements in
routine practice 52,

Regulatory considerations and liability also shape
implementation. Attribution of responsibility in cases of
error remains under active discussion, and regulatory
frameworks for Al in medicine continue to evolve [,
Although Al may augment decision-making, primary
responsibility typically remains with the physician, with
potential shared liability involving developers under
specific circumstances within medical device regulations
54, Organizations such as the World Health Organization
and the US Food and Drug Administration have begun
issuing ethical and regulatory frameworks to support safe
Al use %9,

Data governance is foundational for development
and deployment. Effective governance requires large,
complete, harmonized datasets 9, and challenges
include balancing privacywith innovation and developing
common data models that capture relevant information
5657, Dataset quality and governance directly influence
algorithm accuracy, robustness, and fairness 8. Finally,
clinician education is critical for implementation.
Integrating Al into training programs can prepare
clinicians to use and oversee Al tools appropriately and
can address technological, workflow, and organizational
gaps noted in the literature ©%-61,

Ethical and Economic Considerations in
Implementation

Ethical considerations are relevant across the full life
cycle of Al in MSK imaging, from model development
and validation to implementation and post-deployment
monitoring. In clinical practice, Al should support rather
than replace clinician judgment, because responsibility
for patient care, interpretation of uncertain findings,
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and communication of clinically relevant results remain
embedded in professional decision-making. Key ethical
issues include transparency of model outputs, human
oversight, accountability for errors, privacy protection,
data governance, bias, fairness, and the risk of
automation bias. These concerns are particularly relevant
in MSK imaging because Al outputs may influence
emergency triage, surgical referral, follow-up imaging,
opportunistic screening, and prioritization of specialist
review. Therefore, implementation should include
predefined escalation pathways, audit mechanisms,
subgroup performance monitoring, and procedures for
managing discordance between Al outputs and clinician
interpretation 34395257,

Cost-effectiveness should also be assessed before
routine adoption. Al tools may generate value if they
reduce clinically significant errors, shorten reporting or
escalation time, improve workflow efficiency, or increase
appropriate follow-up. However, these potential benefits
must be weighed against acquisition costs, software
maintenance, integration with PACS/RIS, cybersecurity
requirements, staff training, monitoring infrastructure,
false positive burden, downstream testing, and possible
inequities in access. For MSK imaging services, economic
evaluation should therefore extend beyond diagnostic
accuracy and include resource utilization, throughput,
clinician workload, downstream referrals, patient follow-
up, and sustainability in the local health system. Without
such assessment, technically promising Al tools may fail
to provide value in routine practice despite favorable
validation metrics [26283%49-52],

Conclusions

Al in MSK imaging is most likely to deliver clinical value
when it targets narrow, well-defined decisions within real
workflows, such as triage support and selected efficiency
functions. However, high diagnostic performance alone
should not be interpreted as proof of patient benefit. Tools
can failto add value, or cause harm, when generalizability
is weak, reference standards are unreliable, subgroup
performance is uneven, or workflow integration increases
cognitive burden and automation bias. For orthopedic
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and MSK imaging services, adoption decisions should
be anchored to clinically meaningful endpoints: changes
in  management, reduction in clinically significant
errors, validated workflow improvements, and equity
and safety impact. Minimum validation should include
external validation across institutions and populations,
prospective workflow evaluation, and explicit monitoring
plans for drift and emerging bias after deployment.
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