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ARTICLE INFO ABSTRACT

Keywords: Artificial intelligence (AI) in digital pathology has repeatedly achieved expert-level diagnostic accuracy under con-
Af'ti.ﬁdal intelligence trolled validation conditions. However, its clinical translation—reflected in regulatory approval, routine adoption,
Digital pa'fh‘):gy ol changes in diagnostic decisions, or demonstrated patient benefit—remains inconsistent. This viewpoint argues that
Sﬁzi:ﬁ ttli?ir;y patiology this discrepancy arises because diagnostic accuracy is a property of a model under specified conditions, whereas clin-
Clinical translation ical utility emerges from the entire sociotechnical pathway in which the model is deployed. Building on recent work on
External validation standardization, system selection, institutional validation, and trial governance, we integrate these complementary

layers into a continuous tissue-to-outcome pathway comprising six stages: tissue, image, model, workflow, decision,
and outcome, with each stage explicitly linked to the claim it can support. Variability introduced at any stage may
remain undetected and propagate downstream, potentially affecting clinical decisions and patient care. Accordingly,
evidence generated at one stage cannot substitute for that required to support claims at subsequent stages. We there-
fore propose a stage-linked evidence map that identifies the principal risk and evidence required at each stage, while
making explicit which stronger downstream claims remain unsupported. This framework enables reviewers and insti-
tutions considering adoption to identify where a study has addressed the accuracy-utility gap and where uncertainty
remains. Evaluating Al across the complete pathway reframes the evidentiary requirements for clinical translation:

Workflow integration

high diagnostic accuracy is necessary, but insufficient, to establish meaningful clinical utility.

Introduction

Artificial intelligence (AI) in digital pathology has repeatedly achieved
expert-level diagnostic performance under controlled validation condi-
tions, including tumor detection, grading, and quantitative biomarker
assessment.’ Selected prostate cancer detection systems have undergone
large multi-institutional clinical validation and, on that basis, received the
first FDA marketing authorization for an Al-based digital pathology diag-
nostic aid.? Yet, outside these narrow, well-resourced deployments, suc-
cessful clinical translation, whether measured as regulatory approval,
routine adoption, a change in diagnostic decisions, or demonstrated patient
benefit, remains inconsistent.

High area-under-the-curve values, reported in isolation, do not establish
whether an algorithm changes the diagnosis, treatment decisions,
workflow, or patient outcomes, and systematic reviews of the field continue
to report substantial gaps between internal validation metrics and any
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measure of downstream clinical impact.> Accuracy is a property of a
model under specified conditions, whereas utility is a property of the entire
sociotechnical pathway in which the model operates.* This raises the ques-
tion of not whether Al can be accurate, but why accuracy so often fails to
become value at the point of care.

Recent works have addressed complementary aspects of this problem.
Chauhan et al. mapped the standard ecosystem—including DICOM, ICC,
and THEPaLM—required for interoperable and sustainable Al deployment.®
Montezuma et al. provided a structured guide for the pre-deployment eval-
uation of digital pathology systems, formalizing the criteria used to select
infrastructure that will shape the image acquisition and workflow environ-
ment in which Al models are deployed.® Janowczyk et al. operationalized,
through a fully worked single-center example, the validation, risk assess-
ment, accreditation, deployment, and post-deployment monitoring of a
clinical digital pathology tool.” Sebastian et al. mapped the regulatory land-
scape governing digital pathology and Al within clinical trials, linking
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compliance requirements to patient risk and intended use.® Each of these
works addresses an essential segment of the translational pathway—stan-
dardization, procurement, institutional validation, and trial governance—
and together, they define many of the technical, organizational, and regula-
tory conditions that make Al deployment possible. Building on these contri-
butions, this viewpoint connects these complementary layers within a
continuous tissue-to-outcome pathway and links each transition to the clin-
ical evidence required to justify progressively stronger claims of translation
across both regulated research and routine clinical deployment. This stage-
linked framework is summarized in Fig. 1.

From tissue to outcome: Where variability can propagate

Every stage of the digital pathology pathway can introduce variability
that is inherited by the next stage and, if left undetected, may ultimately in-
fluence clinical decisions. Fixation time, staining protocols, section thick-
ness, and tissue preparation modify morphology before an image is
acquired. Scanner optics, color calibration, and image compression then
transform that already-variable tissue into a digital representation whose
appearance depends partly on acquisition hardware rather than biology
alone.”'° As a result, models operating outside the acquisition conditions
under which they were developed and validated may generate high-
confidence predictions despite encountering previously unrepresented
sources of variation.

Importantly, this propagation is neither inevitable nor irreversible.
Evidence from the PANDA challenge, an independent population-based
validation study, and the real-world implementation of a clinical-grade
prostate cancer detection system indicates that transportability across mul-
tinational and multi-institutional cohorts is achievable when supported
by appropriately designed external validation studies.'’~'® External
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validation does not eliminate domain shift; rather, it can reveal such shifts
before deployment, enabling recalibration, model adaptation, or restric-
tion of use. Conversely, in the absence of external validation, site-specific
acquisition characteristics and digital histology signatures may remain un-
detected, resulting in clinically relevant performance degradation after
deployment.**

The same principle extends beyond conventional supervised models.
Foundation models pretrained on large repositories of whole-slide images
have demonstrated strong performance across multiple downstream tasks,
including molecular prediction and outcome inference. However, recent in-
dependent benchmarking suggests that downstream performance depends
less on pre-training scale than on the representativeness of the underlying
datasets and their alignment with the intended deployment environment.'®
Consequently, even highly capable foundation models do not eliminate the
need for local validation, recalibration, and continuous performance moni-
toring across different scanners, labs, and patient populations.

The pathway is illustrated primarily through image-based predictive Al
but its underlying logic is not restricted to such models and extends to pa-
thology decision-support systems incorporating structured, textual, molec-
ular, multimodal, or pathologist-generated inputs. For systems whose
inputs extend beyond tissue-derived images, the upstream stages should
be interpreted according to how each data source is generated, represented,
and quality-controlled. Accordingly, the evidence and performance mea-
sures required at each stage should reflect the type and intended use of
the Al system rather than a single set of metrics. Discrimination, calibration,
and prespecified decision thresholds are relevant to predictive classifiers,
whereas generative, retrieval-based, or workflow-support systems may re-
quire different measures, including factual reliability, task-specific error
rates, failure detection, human-AlI interaction, and downstream effects on
clinical decisions.'®'” The framework therefore specifies the evidentiary
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Fig. 1. Potential for risk propagation and post-deployment feedback across the digital pathology lifecycle. The tissue-to-outcome pathway comprises six stages—tissue, image,
model, workflow, decision, and outcome—each of which can introduce variability capable of propagating downstream and influencing clinical decisions or patient care. Such
propagation is neither inevitable nor necessarily cumulative: quality control, external or local validation, calibration, human review, and governance may detect and interrupt
failures at different stages. The blue return arrow represents feedback from post-deployment evidence and monitoring to relevant upstream stages. Because preanalytical
processes, acquisition systems, software or model versions, patient populations, and clinical workflows may change over time, post-deployment monitoring may identify
performance drift or changes that call previously supported claims into question, prompting, where indicated, recalibration, revalidation, modification, or restriction of
use. Monitoring and revalidation therefore operate across the entire pathway as part of a continuing lifecycle rather than as activities confined to the outcome stage. Al,
artificial intelligence; IMS, image management system; LIS, lab information system. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)
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function of each stage rather than prescribing uniform performance metrics
across Al systems.

Therefore, the central issue is not whether variability exists but where it
is detected and interrupted before it influences patient care. The clinical
utility of Al-based systems depends on detecting and controlling relevant
sources of variability throughout the sociotechnical pathway rather than
on algorithmic accuracy alone.

How the stage-linked evidence map complements existing
frameworks

Several recent frameworks address complementary aspects of clinical
translation. The Digital Pathology Association's 2026 recommendation
statement provides pathology-specific guidance on Al validation, imple-
mentation, performance verification, and assessment of clinical utility
within clinical labs.'® FUTURE-AI offers a broader, cross-domain,
lifecycle-oriented consensus framework organized around six guiding prin-
ciples: fairness, universality, traceability, usability, robustness, and
explainability.'® In computational pathology, Cai et al. described the persis-
tent mismatch between algorithmic capability and routine clinical integra-
tion as an “adoption paradox” and proposed a three-stage maturity model
spanning algorithmic capability, system integration, and institutional
adoption.'”

These frameworks share a central premise with the present viewpoint:
algorithmic accuracy is necessary but does not establish successful deploy-
ment or clinical benefit. Our framework does not introduce this accuracy—
utility gap as a new concept, nor does it replace existing guidance on valida-
tion, trustworthiness, implementation, or adoption. Instead, it organizes
clinical translation as a sequence of evidence-dependent questions. Does
the system perform accurately under defined conditions? Does that perfor-
mance persist across populations and settings? Can the tool be safely inte-
grated into clinical workflow? Once integrated, does it actually change
clinical decisions? And, ultimately, do those changes improve patient out-
comes? Each question requires different evidence, and answering one
does not answer the next. Thus, each step represents a distinct evidentiary
transition: demonstrating performance does not establish generalizability,
demonstrating generalizability does not establish safe clinical integration,
and demonstrating integration does not establish an effect on clinical deci-
sions or patient outcomes.

Table 1
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The stage-linked evidence map operationalizes these transitions across
the six-stage tissue-to-outcome pathway by identifying, at each stage,
what has been demonstrated, the principal remaining risk and evidence re-
quired, and the stronger downstream claim that cannot yet be made
(Table 1). Its purpose therefore differs from, but complements, existing
frameworks: the DPA operationalizes lab validation and implementation,
FUTURE-AI provides lifecycle principles, and the adoption paradox de-
scribes barriers to clinical integration. The present map instead makes ex-
plicit which claims the available evidence can support at each stage—and
which stronger downstream claims still require demonstration.

This distinction matters because technical readiness and clinical utility
are not equivalent. Standards, interoperability, security, and governance
make deployment possible but do not establish that a model will remain
valid in the population or workflow in which it is used. Architectural ap-
proaches may improve scalability and interoperability, including modular,
standards-aligned designs separating image data from orchestration logic,
as proposed by Gershkovich and subsequently discussed by Pantanowitz
and Parwani.’®?° Yet, even a fully DICOM-compliant, accredited deploy-
ment may produce misleading results if the deployment population, cali-
bration procedure, or workflow context differs from those represented
during development and validation. Conformance establishes technical
readiness; it does not establish clinical validity or benefit.

The converse is equally important. A technically accurate algorithm
characterized by discrimination, sensitivity, specificity, or area under the
curve does not establish what happens when its output enters a real clinical
workflow and influences a human reader. This distinction is not unique to
AL In a prospective multi-institutional comparison of four PD-L1 immuno-
histochemistry assays, scoring concordance among trained pathologists
varied by assay and threshold, showing that decision-level performance
cannot be inferred from analytical characterization alone.>* Human-Al in-
teraction adds another layer: among 28 trained pathology experts estimat-
ing tumor cell percentages, erroneous Al advice overturned previously
correct assessments in approximately 7% of consultations.>? Here, the fail-
ure emerged not from algorithmic performance alone, but from the interac-
tion between the algorithm and the user.

These examples illustrate why evidence must remain linked to the stage
at which a claim is made. Representative data are needed to establish gen-
eralizability; technical and governance safeguards support safe deploy-
ment; human-AI studies determine whether integration alters decisions

Stage-linked evidence requirements for progressively stronger claims of clinical translation.

Stage Claim supported

Principal risk and evidence required

Claim not yet supported

Tissue The tissue input preserves the biological

signal required for the intended use.

Principal risk: Preanalytical variability.
Evidence required: Documented fixation, processing, and staining provenance, with

Image transportability or model
validity.

appropriate quality control and prespecified acceptance criteria.

Evidence required: Validation across the intended scanners, institutions, file formats,

Model performance or
calibration.

Image The digital representation is transportable Principal risk: Acquisition domain shift.
across the intended acquisition systems.
compression settings, and acquisition conditions.
Model Discrimination and calibration generalize to  Principal risk: Dataset shift, model miscalibration, or inappropriate decision thresholds.

the intended population and use setting.

Evidence required: External validation using representative data, calibration assessment,

Safe workflow integration or
clinical benefit.

subgroup analysis, and prespecified threshold evaluation.

Workflow The system can be integrated and used

safely and effectively in routine practice. context.

Principal risk: Poor integration, ineffective alerting, automation bias, or missed clinical

Appropriate changes in clinical
decisions or improved outcomes.

Evidence required: Prospective evaluation under real-world conditions, including
usability, human factors, workload, and error monitoring.

Principal risk: Miscalibrated trust, overreliance on Al output, or inappropriate override of Patient benefit.

Evidence required: Human-AlI interaction studies comparing decisions made with and
without Al assistance and evaluating responses to both correct and erroneous advice.

Decision Al assistance changes clinical judgment
appropriately. correct human judgment.
Outcome Deployment produces measurable net

clinical benefit. benefit.

Evidence required: Prospective comparative evaluation of effectiveness, safety,

Principal risk: Reliance on surrogate endpoints, unmeasured harms, or failure to assess net Benefit across different

populations, institutions, or
workflows.

unintended consequences, and patient-centered outcomes.

Note: For each stage in the tissue-to-outcome pathway shown in Fig. 1, the table identifies the claim that can be supported, the principal risk and corresponding evidence
requirement, and the stronger claim that remains unsupported. Foundational prerequisites (infrastructure and governance) make safe deployment possible, whereas clini-
cal-value determinants (representativeness, calibration, workflow integration, and outcome evidence) determine whether deployment produces clinical benefit. Evidence
generated at one stage does not substitute for the evidence required at subsequent stages.

Abbreviation: Al, artificial intelligence.
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appropriately; and prospective clinical studies are required to establish pa-
tient benefit. Evidence at one stage cannot substitute for evidence at an-
other. The same logic applies whether a tool is evaluated as an
investigational device under trial governance or deployed as a diagnostic
aid in routine practice; what differs is how the relevant evidence is gener-
ated and reviewed, including formal GCP and regulatory processes in the
former and predominantly institutional validation in the latter.® Thus,
claims of external validity, safe deployment, workflow benefit, and patient
benefit are distinct claims requiring distinct evidence (Table 1).

What this means for how the field reports evidence

Because clinical utility depends on multiple stages of the tissue-to-
outcome pathway, its evaluation should not be limited to a single aggregate
accuracy metric but should consider the evidence required at each relevant
stage. Existing reporting frameworks, including STARD-AI for diagnostic
accuracy studies and DECIDE-AI for early-stage clinical evaluation, already
address many of these elements.>>?* However, although they cover com-
plementary components of clinical translation, they are not specifically de-
signed to show what evidence supports each stage of the pathway, which
risks remain unresolved, and which downstream claims cannot yet
be made.

Studies making claims of clinical utility, transportability, or deployment
readiness should therefore report the evidence relevant to each stage under-
lying those claims. This includes the provenance of source data and, where
applicable, the acquisition conditions of training and evaluation data; the
demographic and disease-prevalence representativeness of the evaluation
cohort relative to the intended deployment population, because misdiagno-
sis risk has been shown to vary systematically across demographic sub-
groups in computational pathology models®®; whether validation was
performed using data external to the development institution; and task-
appropriate performance measures reflecting the type and intended use of
the Al system, including, for predictive classifiers, calibration at clinically
relevant decision thresholds rather than discrimination alone. Claims ex-
tending beyond model performance require corresponding downstream ev-
idence: deployment readiness should include evidence of safe workflow
integration, claims of decision benefit should assess whether Al assistance
changes clinical judgment appropriately, and claims of clinical utility
should be supported by prospectively defined patient-level outcomes, as
appropriate to the intended use.

Importantly, this pathway should be viewed as a continuing lifecycle
rather than as a process that terminates at the outcome stage. Post-
deployment monitoring is therefore a cross-cutting requirement. Changes
in preanalytical processes, acquisition systems, software or model ver-
sions, patient populations, or workflows may invalidate previously sup-
ported claims and warrant surveillance for performance drift and, where
indicated, revalidation. Evidence generated after deployment should feed-
back to the relevant upstream stages, allowing previously established
claims to be reassessed as the system and its clinical environment
evolve, '8

Areviewer or adopting institution should therefore be able to determine
which stages of the accuracy—utility pathway a study has evaluated, which
claims are supported by the available evidence, and which remain uncer-
tain. This principle applies both within and outside regulated trials: risk-
based frameworks may define an intended use or permissible regulatory
claims,® but authorization alone does not establish that the evidence
required for downstream clinical benefit has been generated.

This framework is conceptual rather than a systematic review or an em-
pirically validated causal model. The transitions between stages are not
necessarily linear, failures are not inevitably cumulative, and the evidence
required at each stage will depend on the intended task, population, and
clinical context. Prospective evaluation is therefore needed to determine
whether applying the framework improves evidence appraisal, implemen-
tation decisions, or post-deployment surveillance across different Al
systems and deployment settings.
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Conclusion

The future of computational pathology will depend not only on building
increasingly accurate algorithms but also on demonstrating that accuracy
survives the journey from tissue to treatment. The stage-linked evidence
map proposed here complements existing validation and implementation
frameworks by making explicit which claims the available evidence sup-
ports at each stage and where uncertainty remains. The critical question
is no longer whether an Al system can perform its intended task accurately,
but where along the clinical pathway technically accurate systems lose their
capacity to improve patient outcomes and what evidence is required to
show that those vulnerabilities have been addressed. Diagnostic accuracy
remains a property of the model, whereas clinical utility emerges from
the ecosystem in which the model is developed, validated, and deployed.
Until performance across this ecosystem has been adequately demon-
strated, high diagnostic accuracy will remain necessary, but never suffi-
cient, for meaningful clinical impact.
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