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Background: Artificial intelligence (Al) is expected to introduce an increasing number of biomarkers in oncology. To
bridge the gap between oncology and computer science, it is timely to define recommendations for Al-based
biomarkers suitable for routine clinical use. Here, we propose the ESMO (European Society for Medical Oncology)
Basic Requirements for Al-based Biomarkers In Oncology (EBAI).

Design: The EBAI framework was developed using a modified Delphi methodology, involving a multidisciplinary panel
of 37 experts who participated in four structured consensus rounds.

Results: Al-based biomarkers were classified as ‘class A’ (Al quantification of established biomarkers), ‘class B’ (indirect
measure of known biomarkers using Al-based alternative methods, to be deployed as pre-screening tests), and ‘class C’
(novel Al-derived biomarkers, with C1 for prognosis and C2 for prediction of treatment effect). The EBAI framework
addresses Al biomarkers for clinical use. Ground truth, performance, and generalisability were considered essential;
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fairness was recommended. Minimal validation requirements indicate that class A requires concordance studies, class
B analytical validation, class C1 high-quality retrospective real-world or clinical trial data, and class C2 additionally
requires clinical validation in prospective clinical trials for the prediction of response to a new treatment. All
biomarker studies should report multiple evaluation and calibration metrics, with a clearly defined primary
objective. Generalisability should be demonstrated across all intended use settings, including variability in data
acquisition, post-processing, and population characteristics. Biomarkers must not be applied to other cancer types

or modalities without supporting evidence.

Conclusions: EBAI defines criteria for Al-based biomarker adoption in routine use, providing a common language for

physicians, Al developers, and researchers.
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INTRODUCTION

Artificial intelligence (Al) technologies have made rapid
advancements and are approaching broad real-world use in
oncology.” While substantial attention has focused on the
automation of clinical procedures and workflows, there is
another potentially transformative application emerging
with clinical impact: the use of Al-based biomarkers in
oncology care.”® Al aims to contribute to cancer di-
agnostics like any other field generating new biomarkers:
making the delivery of the test faster or cheaper, or
delivering a new predictive test for a drug with no com-
panion diagnostic to date. This is a shift in how we
conceptualise and implement biomarkers for cancer diag-
nosis, prognosis, and treatment selection.”

A biomarker is defined by the Biomarkers Definition
Working Group® as ‘a characteristic that is objectively
measured and evaluated as an indicator of normal biolog-
ical processes, pathogenic processes, or pharmacologic
responses to a therapeutic intervention. In the traditional
sense, biomarkers have been physical entities—proteins,
genomic alterations, or cellular characteristics measured
through laboratory techniques. A biomarker, however, can
also be a signal in biological measurements, such as a
morphological pattern of cells in histopathology slides, a
genomic signature, or a characteristic radiologic pattern in
imaging scans. Fundamental concepts of biomarker devel-
opment and evaluation were established for tissue-based
markers.® Al algorithms can be trained to quantify these
patterns and detect such composite biomarkers. Pragmat-
ically, we refer to these as ‘Al-based biomarkers’, in line
with the recent literature.*” Al systems can function as
biomarkers because they are able to analyse complex,
multidimensional data to predict disease features and
clinical outcomes, including treatment responses in pa-
tients with cancer. These Al systems process information
and identify patterns that may even be imperceptible to
human experts, effectively transforming data into action-
able clinical insights.”*°

Al-based biomarkers have gained particular prominence
in histopathology,™* where deep learning technology can
quantify features such as tumour-infiltrating lymphocytes
or expression of programmed death-ligand 1 (PD-L1) and
human epidermal growth factor receptor 2 (HER2) proteins
from digitised tissue slides. The scope of Al-based
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biomarkers, however, extends well beyond pathology. Al
systems utilising molecular data could potentially predict
treatment response or recurrence risk based on complex
molecular signatures. Similarly, Al can extract prognostic or
predictive information from radiology images that out-
performs conventional clinical interpretation.**™* Even
electronic health records can be processed by Al to
generate biomarker-like predictions about disease trajec-
tory or treatment outcomes.'*'® These diverse applications
share a common thread: they aim to convert complex,
medical data into clinically relevant predictions that guide
treatment decisions.

These Al-based biomarkers, when implemented as soft-
ware products intended for diagnostic or prediction pur-
poses, require authorization and/or certification before
clinical implementation or commercialization,*” unless they
are ‘homebrew’ tests.'® Several tools adopting Al-based
biomarkers have already received market authorization
from regulatory bodies such as the Food and Drug
Administration (FDA) in the USA and have been certified by
Notified Bodies in the European Union (EU) under the EU
in vitro diagnostic regulation (IVDR) or the EU medical
devices regulation (MDR), with dozens of Al solutions
currently authorized/certified for precision oncology appli-
cations.*®?* These tools range from straightforward quan-
tification tools to sophisticated predictive algorithms.
Clinical validation data, however, were missing for >40% of
the FDA approved Al devices in 2024.?% Also, despite reg-
ulatory authorization/certification, the real-world uptake of
these technologies remains disappointingly slow, inconsis-
tent, and highly heterogenous across health care systems.

This limited adoption likely stems from a combination of
factors, including a lack of confidence in Al solutions in
clinical practice; structural barriers such as insufficient re-
sources for full digitalisation and long-term data storage
infrastructure; the absence of clear reimbursement models
for Al-based tools; and unclear responsibility for the con-
sequences of using these biomarkers. Confidence is further
undermined by the absence of comprehensive guidance on
validation criteria beyond baseline regulatory re-
quirements. Regulatory authorization/certification typically
affirms that technical functionality, safety, and performance
requirements and standards have been met, but it often
does not address the full spectrum of considerations
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relevant to clinical implementation. These include perfor-
mance benchmarks across diverse populations, general-
isability across different technical set-ups and clinical
settings, integration into existing workflows, cost-
effectiveness, and the critical question of when an
Al-based biomarker can replace rather than merely sup-
plement conventional methods.?>?* Furthermore, there is
often uncertainty about how to evaluate the explainability
of Al predictions, which affects not only clinician trust and
acceptance but may also be important for physician—
patient communication.?* There is a critical need for high
level consensus recommendation on minimal requirements
for Al-driven biomarkers to enable their translation into
clinical practice.

THE EBAI EFFORT

The European Society for Medical Oncology (ESMO) has
recognised this pressing need for structured guidance in
the rapidly evolving landscape of Al-based biomarkers. In
response, the ESMO Precision Oncology Task Force and the
ESMO Real World Data and Digital Health Task Force have
collaborated to create the ESMO Basic Requirements for Al-
based Biomarkers in Oncology (EBAI).

EBAI aims to provide a conceptual framework of Al-
based biomarkers, as well as clear, actionable guidance
for developers, physicians, regulators, and health care in-
stitutions regarding the evaluation and implementation of
Al-based biomarkers in oncology. During the conceptual
development of EBAI, numerous key dimensions for the
evaluation of Al-based biomarkers were discussed, such as
comparator validation, performance metrics, general-
isability, explainability, cost considerations, turnaround
time, and fairness auditing. While patient experience and
provider experience were not considered as a standalone
parameter, they were discussed in all dimensions. Thus,
EBAI creates a shared language and consistent benchmarks
to guide all parties involved. The expectation is that this
guidance will help developers understand evidence re-
qguirements before investing in extensive validation studies,
assist clinicians in determining when an Al-based biomarker
is sufficiently validated for clinical use, and support regu-
latory bodies and health care institutions in setting
appropriate standards for implementation.

MATERIALS AND METHODS

The development of the EBAI framework employed a
modified Delphi methodology to establish consensus
among experts in the field. A multidisciplinary panel of 37
experts included oncologists, pathologists, radiologists,
computational scientists, bioinformaticians, bio-
statisticians, hybrid clinician-technologists, ethicists, a
patient advocate and regulatory specialists across Europe,
North America, and Asia. Panel members were selected by
the ESMO Precision Oncology Task Force and the ESMO
Real World Data and Digital Health Task Force, based on
their expertise in Al applications in oncology, biomarker
development, or regulatory affairs related to medical
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devices. All panellists completed ICMJE disclosures, which
were reviewed by ESMO in line with its conflict of interest
policies.

The process consisted of four structured Delphi rounds,
combining qualitative input and quantitative assessment.
The initial round was exploratory in nature, allowing ex-
perts to suggest and discuss potential criteria across
various dimensions of Al-based biomarker evaluation, as
well as to provide a quantitative vote on all dimensions
across all classes. Building on insights from the first round,
the second and third phase employed a quantitative
approach with specific statements addressing a particular
requirement for a biomarker class (A, B, or C) within an
evaluation dimension (comparator, performance, general-
isability, explainability, cost, turnaround time, or fairness).
The fourth round was carried out after peer review.
Consensus was defined as agreement by >75% of partici-
pants.”” Levels of agreement were categorised as follows:
strong consensus (>96%), consensus (76%-95%), majority
approval (50%-75%), and no consensus (<50%). In addi-
tion, predefined statistical thresholds of a 7-point Likert
scale with a mean score >5 and standard deviation <1.5
were applied to assess the strength and consistency of
expert agreement.”® Voting was anonymous.

The Delphi process specifically addressed criteria for Al-
based biomarkers which are considered ‘ready for clinical
use’ (Supplementary Tables S1-S4, available at https://doi.
org/10.1016/j.annonc.2025.11.009). This represents Al-
based biomarkers that meet all requirements for clinical
implementation. While regulatory clearance (e.g. CE
marking or FDA approval) is necessary, it is not sufficient; it
also requires demonstrated clinical utility and integration
readiness.

EBAI BIOMARKERS

Summary of classes

The EBAI framework categorises Al-based biomarkers into
three distinct classes based on their functional approach,
relationship to existing biomarkers, and the assumed
application of current regulatory classification systems in
the EU and the USA (Table 1). Class A systems (Al for
biomarker quantification) automate the measurement of
established biomarkers using the same input data that
human experts would evaluate. Class B systems (Al as in-
direct measure of existing biomarkers) predict established
(molecular) markers or molecular alterations using alter-
native, often more accessible or cost-effective methods,
and are usually intended as pre-screening tests to enrich
populations, rather than definitive tests. Class C systems
(novel Al-based biomarkers for outcome prediction)
discover entirely new patterns with prognostic or predictive
value, trained directly on clinical outcome data. Class C
biomarkers are further subdivided into C1 (prognostic) and
C2 (predictive). C1 systems predict patients outcomes,
including cancer recurrence risk or survival outcomes, such
as predicting cancer recurrence from haematoxylin—eosin
(H&E) pathology slides. C2 systems predict treatment
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Table 1. EBAI biomarker classes and current IVDR/MDR and FDA device classification

EBAI biomarker class

Description

Potential IVDR/MDR risk
class EU

FDA risk class USA

Fictitious examples

EBAI class A: Al for
biomarker quantification

EBAI class B: Al as indirect
measure of existing
biomarkers

biomarkers for outcome
prediction

EBAI class C: novel Al-based

Al systems that support and

enhance existing experimental

assays by automating the
interpretation of biomarker

expression. These tools aim to

replicate or improve upon
human expert analysis. They
are based on the same data
which a human would use.

Al-based systems that predict
established molecular markers

or genetic alterations using
different, often more
accessible or cost-effective

methods. These tools are often
intended as pre-screening tests
or alternatives when standard

tests are unavailable.

Al systems trained directly on

clinical outcome data to

provide prognostic information
or predict treatment response.

These biomarkers often

integrate complex patterns not

easily discernible by human
observers.

IVDR class C rationale: these
tools are used for cancer
diagnosis, staging, or
monitoring, which typically
falls in IVDR class 3 (rule 3h
of Annex VIII to the IVDR).
They support critical
diagnostic decisions but do
not solely determine high-
risk diagnoses.

IVDR class C or D Rationale:
could be class C if used
primarily for screening or
initial diagnosis (rule 3h of
Annex VIII to the IVDR). May
be class D if used to guide
critical treatment decisions,
especially for targeted
therapies (rule 1 of Annex
VIII to the IVDR).

IVDR class D rationale: These
biomarkers directly influence
high-stakes clinical decisions
for life-threatening diseases.
They may function as
companion diagnostics,
placing them in the highest
risk category under the IVDR
(rules 1 and 2 of Annex VIII to
the IVDR).

MDR class IlI

Rationale: these biomarkers
are intended to provide
information which is used to
take decisions with diagnosis
or therapeutic purposes.
Where such a decision may
have an impact that may

Class | (low to moderate risk):
general controls or class II
(moderate to high risk):
general controls and special
controls

Class I (low to moderate risk):
general controls or class Il
(moderate to high risk):
general controls and special
controls

Class Ill (high risk): general
controls and premarket
approval (PMA).

1.

1.

. ‘MSI-Scanner’:

. ‘OncoScriberPro’:

‘HistoQuant-HER2": a soft-
ware that analyses digi-
tised slide images of breast
cancer tissue to automati-
cally count the percentage
of tumour cells staining
positive for HER2, providing
a precise and reproducible
score to aid pathologists.

. ‘LymphoCounter’: an Al

tool that identifies and
quantifies tumour-
infiltrating lymphocytes in
melanoma biopsies from
whole-slide images, a
biomarker for
immunotherapy response.

. ‘PD-L1 Professional’: a deep

learning algorithm that as-
sesses the expression of
PD-L1 on tumour cells from
immunohistochemistry
images in non-small-cell
lung cancer, providing a
tumour proportion score.
‘Geno-Histo-Predictor’: an
algorithm that predicts the
likelihood of an EGFR mu-
tation in patients with lung
adenocarcinoma by analy-
sing patterns in their stan-
dard H&E stained pathology
slides, flagging patients for
confirmatory genetic
testing.

A CT scan
analysis tool that identifies
radiomic features in colo-
rectal cancer images that
are highly correlated with
microsatellite instability
(MSI-high) status, which is
traditionally determined by
genomic testing.

. ‘BRCA-Vision-X": an Al

model that analyses
mammogram textures to
predict the probability of a
patient carrying a BRCA1 or
BRCA2 mutation, suggest-
ing the need for genetic
counselling and testing.

a prog-
nostic tool that analyses
the text from a patient’s
electronic health record
(clinical notes, lab results,
and imaging reports) to
generate a ‘recurrence risk
score’ for early-stage colon
cancer after surgery.

. ‘ChemoResponse-Indexer’:

an Al system that integrates
genomic, proteomic, and
digital pathology data to
produce a novel score pre-
dicting a pancreatic cancer
patient’s likelihood of
responding to a specific
chemotherapy regimen.

Continued
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Table 1. Continued

EBAI biomarker class

Description

Potential IVDR/MDR risk
class EU

FDA risk class USA

Fictitious examples

cause death or an irreversible
deterioration of a person’s
state of health, the device
falls under class Il (rule 11 of
Annex VIII to the MDR).

3. ‘Rad-Immuno-Sig-DX’: a

predictive biomarker based
on a proprietary deep
learning analysis of pre-
treatment PET/CT scans

that identifies a unique
metabolic signature to
predict which patients with
advanced melanoma will
benefit from immune
checkpoint inhibitors.

The ‘fictitious examples’ were generated by the authors with the use of GPT4DFCI?” and Gemini 2.5 Pro; after using these tools, the authors reviewed and edited the content as
needed and take full responsibility for the content of the publication. Al, artificial intelligence; BRCA1/2, breast cancer genes 1/2; CT, computed tomography; EBAI, ESMO Basic
Requirements for Al-based Biomarkers in Oncology; EGFR, epidermal growth factor receptor; FDA, Food and Drug Administration; H&E, haematoxylin—eosin; HER2, human
epidermal growth factor receptor 2; IVDR, in vitro diagnostic regulation; MDR, medical devices regulation; MSI, microsatellite instability; PD-L1, programmed death-ligand 1, PET,

positron emission tomography.

response, such as predicting immunotherapy efficacy in
lung cancer from chest computed tomography (CT) images
(Figure 1A). All three classes of Al-based biomarkers (A, B,
C1, and C2) will be described and defined in greater detail
below.

Criteria for evaluating Al-based biomarkers

During the EBAI consensus process, experts discussed
seven key dimensions for evaluating Al-based biomarkers,
some of which were included in the recommendations. The
‘Comparator (Ground Truth)’ dimension addresses the
reference standard against which the Al-based biomarker is
validated, including considerations about expert validators
and the appropriate gold standard for comparison. ‘Per-
formance’ examines the metrics and thresholds used to
evaluate an Al-based biomarker’s accuracy relative to
clinical gold standards. ‘Generalisability’ focuses on external
validation and the stability of performance across new
cohorts, including variations in populations, clinical envi-
ronments, and technical conditions. ‘Fairness’, by contrast,
addresses the presence and mitigation of biases within a
single cohort, especially in relation to sensitive or protected
attributes such as race, gender, or socioeconomic status.
‘Explainability’ considers the required level of interpret-
ability and validation of clinically relevant explanatory
features. ‘Cost Considerations’ evaluate implementation
and economic sustainability associated with an Al-based
biomarker. ‘Turnaround Time’ addresses time-to-result re-
quirements and workflow integration and scalability
(Supplementary Figure S1, available at https://doi.org/10.
1016/j.annonc.2025.11.009).

General recommendations for assessment criteria

A consensus was reached on key criteria to determine
whether Al-based biomarkers are suitable for clinical use,
applicable across biomarker classes A, B, and C (Figures 1B
and 2) (see Supplementary Tables S1-S3, available at
https://doi.org/10.1016/j.annonc.2025.11.009 for detailed
DELPHI results).

418 https://doi.org/10.1016/j.annonc.2025.11.009

Essential assessment criteria (Figure 1B)
e Ground truth, performance, and generalisability are
considered essential.

e Fairness is recommended but not mandatory, as it fo-
cuses on bias within individual cohorts, a related but
distinct concern from generalisability, and one that
may not always be addressed in early evaluations.
While explainability may not be mandatory, it is recom-
mended to include targeted interpretability experiments
as ‘sanity checks’ to guard against shortcut learning and
spurious associations—for example, saliency-map
randomization tests to confirm that explanations depend
on learned parameters and labels; region occlusion/abla-
tion showing that performance degrades when clinically
relevant tissue is removed rather than when background
is perturbed; attention-map stress tests that introduce
synthetic or feature-driven confounders (e.g. stains,
blur, overlaid text) to detect artefact reliance; and
relevance-guided localization to verify that signal concen-
trates in anatomically plausible regions.?®>°

Validation requirements (Figure 2) (before adoption)

Multiple performance metrics must be reported. The
primary endpoint of validation studies should be clearly
assessed, with appropriate metrics [e.g. sensitivity, spec-
ificity, receiver operating characteristic (ROC) curves for
classification tasks]. When evaluating the discrimination
performance of an Al biomarker, it is important to recog-
nise that each metric reflects a distinct dimension of
predictive ability. The AUC and c-index measure how
well the biomarker ranks individuals according to risk,
distinguishing cases from non-cases, with the c-index
extending this concept to time-to-event data while ac-
counting for censoring. Calibration should also be
assessed using the calibration slope, intercept, and
observed-to-expected (O : E) ratio to ensure that pre-
dicted risks correspond well to observed outcomes.
Additional metrics such as the net reclassification
improvement (NRI) assess the incremental value of add-
ing the biomarker to an existing validated model by
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EBAI

ESMO basic requirements for Al-based
biomarkers in oncology

A

Al for biomarkers
quantification

Class A

y
Only the method is new

Class B

Input

Al for indirect measure
of existing biomarkers

Input and method are new

Input, method and result are new

Class C

Novel Al-based biomarkers
for outcome prediction

Input

B Al biomarkers require clarity on

Fairness

Performance recommended

Ground truth Generalisability

o

\
1
1
1
1
1
1

/

Figure 1. An overview of the EBAI framework. (A) EBAI Classes. (B) Key evaluation dimensions defined by the panel.
Al, artificial intelligence; EBAI, ESMO Basic Requirements for Al-based Biomarkers in Oncology; ESMO, European Society for Medical Oncology.

quantifying improvements in risk classification and e Sample size of the validation study(ies) should be justi-

average sensitivity/specificity. Finally, decision curve
analysis (DCA) complements these measures by evalu-
ating the clinical usefulness of the biomarker across a
range of decision thresholds, determining whether its
application would improve patient outcomes compared
with alternative strategies. More details are available in
previous work.>*>* Examples are illustrated in Table 2.
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fied through an a priori calculation® whenever indi-
cated and possible, based on the study’s primary
objective. The sample size justification for a validation
study depends on the study’s primary objective. If the
goal is estimation—for example, estimating the area un-
der the ROC curve (AUC) or concordance index (c-index)
of a new Al biomarker model—the sample size should
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EBAI

ESMO scale of minimum requirements for Al hiomarkers in oncology

(HELLY

Al for biomarkers qualification

Concordance study
(analytical validation)

>1 expert, blinded to Al and

each other Report multiple performance metrics

Justify sample size

(a priori calculation, whenever possible)

Class B
Al for indirect measure of
existing biomarkers

Retrospective analytical validation using
high-quality RWD or clinical trial data

Include calibration metrics and sanity checks
Gold-standard test
Ensure robustness to prep,

7 imaging, lab variation

C1: Retrospective analysis of
high-quality RWD or clinical trial data
C2: A dedicated randomised
controlled trial®

P
Class C
Novel Al-based biomarkers for outcome prediction

\

J

\

Apply biomarkers

C1: Validated prognostic ! ’
only within validated context

markers, if available.

C2: Validated predictive markers,
if available.

Validate in an independent cohort.

Figure 2. EBAI’s general and specific basic requirements of Al-based biomarkers to be ready for clinical use.
Al, artificial intelligence; EBAI, ESMO Basic Requirements for Al-based Biomarkers in Oncology; ESMO, European Society for Medical Oncology; RWD, read-world data.

®For the prediction of response to a new treatment.

be based on the desired precision of the estimate. For
instance, an investigator may wish to estimate the
AUC of an Al-based biomarker in a prospective study
with a 95% confidence interval (Cl) width of 4+ 0.05.
For a total sample size of 2750 and 550 events, the
95% CI for AUC can be estimated with Cl of £+ 0.047.
Alternatively, if the objective is hypothesis testing—such
as comparing the AUC of a new Al biomarker model
against a historical or standard model—the sample
size should be determined based on the expected differ-
ence in AUC, the desired power (e.g. 80%), and the sig-
nificance level (e.g. 0.05). Several statistical methods are
available for comparing tAUCs or c-indices, and the
choice depends on whether the outcome is binary
time-to-event. More details are available in.>**°

e Calibration, used to evaluate how well predicted proba-
bilities align with observed outcomes in the real popula-
tion, should be reported. A common approach is to plot
predicted versus observed probabilities; a perfectly cali-
brated model will have points lying along a 45-degree
line.?*

e Results should remain consistent across variations in
sample preparation, the type or model of imaging de-
vices (e.g. scanners, microscopes), and laboratory
protocols.

e Biomarkers validated in a specific cancer type or sample
modality should not be applied to other contexts unless
those contexts were included in the validation cohort.

e Appropriate metadata should be available and docu-
mented according to recommendations in the field.****

e An independent validation cohort is required.

Post-validation requirements (after adoption)

e Al-based biomarkers integrated into clinical practice
should undergo continuous automated monitoring to
ensure sustained performance, and reliability.
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e Monitoring systems should trigger alerts when issues
such as performance degradation, data drift, or
emerging bias are detected, prompting root cause
analysis.

To increase trust, it might be helpful for retrospective
studies to be conducted after validation to confirm per-
formance across different populations, preparation pro-
tocols, and acquisition devices. Some Al tools, however,
may be intended for local clinical implementation, in
which case multiple retrospective studies may not be
feasible. In such situations, limited prospective testing,
carried out within the real clinical workflow before full
deployment, may represent a feasible and safe
alternative.

General recommendations for performance criteria and
validation requirements of Al biomarkers

The intended clinical use of an Al-based bio-
marker—whether for screening, triaging, or replacing an
existing diagnostic standard—depends primarily on its
demonstrated performance and clinical utility. For pre-
screening purposes, joint human Al performance metrics
should be higher than human performance alone. When a
biomarker is proposed to replace a current gold standard,
more stringent validation criteria must be met.

Consensus was reached on the following requirements
for Al-based biomarkers intended to replace existing
standards:

e ‘Replacement of human assessment for class A’: the Al-
based biomarker must show ‘very high concordance’
with the clinical gold standard, defined as achieving er-
ror rates equal to or lower than the interobserver vari-
ability among trained human evaluators (e.g. for PD-L1
guantification).
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Table 2. Examples of class-specific validation metrics for Al-based biomarkers (EBAI classes A, B, C1, C2)

EBAI class

Typical intended use

Primary metric(s) (pre-
specified)

Secondary/reporting

Calibration

quantification

EBAI class B: Al as indirect
measure of existing
biomarkers

EBAI class C: novel Al-based
biomarkers for outcome
Prediction

C1 prognostic

C2 predictive

EBAI class A: Al for biomarker Replace/standardize human

read of an established
biomarker (e.g. PD-L1 %,
HER2)

Rule-out/rule-in proxy for a
molecular test (e.g. EGFR/MSI
from H&E)

Risk of event independent of
treatment (recurrence/OS)

Predict differential treatment
benefit

ICC/CCC versus reference;
agreement at clinical cut-
points (e.g. >1%, >50%) using
OPA/PPA/NPA; for continuous
outputs, MAE

AUC and operating-point Se/
Sp with PPV/NPV aligned to
intended use (e.g. high NPV
for rule-out)

Rank-based metrics, such as
C-index for binary outcome,
time-dependent AUC(t) for
survival outcomes. IDI/NRI for
comparing with prior models.
DCA for clinical utility of Al
based biomarkers

Treatment x Biomarker
interaction (pre-specified) and
effect size by subgroup (OR
and 95% ClI for binary
outcomes and HR and 95% ClI
for HR for survival outcomes,
ARR/ARD at fixed time)

Cohen’s K at decision
thresholds; Bland—Altman; %
within acceptable error; brief
error-mode audit (e.g. tumour
versus immune-cell confusion;
artefacts)

Pre-specified non-inferiority
margin versus standard assay
for PPV/NPV; LR+/LR—; Brier
score; stratify by specimen
type/site

Risk-group KM separation

Subgroup HRs with Cls; RMST
difference

Reliability plot across bins;
slope/intercept for continuous
scores

Reliability curves; slope/
intercept

Calibration plot

Calibration within each arm

Choose the primary metric and operating threshold to match the intended use; report calibration for any probabilistic output. Al, artificial intelligence; ARR/ARD, absolute risk
reduction/difference; AUC(t), time-dependent area under the receiver operating characteristic curve; Brier score, mean squared error of probabilistic predictions; C-index,
concordance index; CCC, concordance correlation coefficient; Cl, confidence interval; EBAI, ESMO Basic Requirements for Al-based Biomarkers in Oncology; EGFR, epidermal
growth factor receptor; H&E, haematoxylin—eosin; HER2, human epidermal growth factor receptor 2; HR, hazard ratio; ICC, intraclass correlation coefficient; IDI, integrated
discrimination improvement; KM, Kaplan—Meier; LR+/LR—, positive/negative likelihood ratio; MAE, mean absolute error; MSI, microsatellite instability; NPA, negative percent
agreement; NPV, negative predictive value; NRI, net reclassification improvement; OPA, overall percent agreement; OR: odds ratio; OS, overall survival; PD-L1, programmed

death-ligand 1; PPA, positive percent agreement; PPV, positive predictive value; RMST, restricted mean survival time; Se/Sp, sensitivity/specificity.

e ‘Replacement of molecular testing for class B’: the
biomarker must achieve ‘error rates comparable to or
better than’ the variability observed across standard
molecular assays. In this setting, 28.6% of experts indi-
cated they would still recommend confirmatory testing
before treatment decisions, reflecting ongoing caution
toward fully autonomous Al-based diagnostics.

e ‘Sample requirements’: validation should be conducted
on a ‘sufficiently large, diverse and representative
cohort’, including both positive and negative cases, to
ensure generalisability and clinical reliability.

e ‘Independent validation’: the biomarker should be
tested on a dataset ‘entirely independent’ from the
training and tuning data, that is, no overlap in data sour-
ces, patients, or collection processes. The validation
dataset may come from a registry or a clinical trial, pro-
vided it reflects a contemporary patient population
comparable to current clinical practice.

SPECIFIC GUIDANCE ON AI-BASED BIOMARKER CLASSES

EBAI class A Al systems

Definition of class A Al biomarkers. Class A systems
automate tasks traditionally carried out by humans that are
tedious and time consuming. These systems analyse the
same input data as the human evaluator to automatically
quantify established biomarkers, similarly to a human
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observer. Unlike human scoring, which is semi-quantitative
and variable, Al systems can offer near-perfect reproduc-
ibility. The outputs are easily verifiable by experts, and the
decision pathway follows predefined, interpretable rules.
Due to their transparency and limited scope, these systems
are considered low risk and can enhance efficiency, ob-
jectivity, and standardisation in routine workflows.

Examples for class A Al biomarkers. In histopathology, Al
tools have been developed to quantify PD-L1 expression in
non-small-cell lung cancer (NSCLC) from digitised immu-
nohistochemistry (IHC) slides, where the output is a
quantitative score of PD-L1 expression percentage that
would normally be estimated by a pathologist.***” Simi-
larly, models exist for scoring HER2 expression across
different tumour types, translating IHC staining into cate-
gorical outputs, a task traditionally based on subjective
interpretation. Another application is the digital quantifi-
cation of pathologic response on H&E-stained surgical
specimens, a predictor of long-term outcomes after treat-
ment with curative intent. In a retrospective analysis of the
LCMC3 trial (NCT02927301), Al-based assessment of re-
sidual tumour after neoadjuvant therapy in early-stage
NSCLC showed high concordance with manual scoring
(AUC = 0.98).8

Beyond histopathology, in genomics, a deep learning
model can be used to predict microsatellite instability (MSI)
directly from genomic data. In this case, the input is the
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same raw genomic sequencing data that would be used in
conventional workflows, and the output is an MSI score or
categorical classification (MSI-high, MSI-low, or microsat-
ellite stable), but the intermediate analysis uses deep
learning instead of traditional bioinformatics pipelines.
Recent studies have shown that using an Al approach for
this task is feasible and that a higher performance can be
reached in cases in which only little data are available.*®
For example, if only a panel of genes is available, Al
methods could potentially infer MSI status from their se-
quences more reliably than conventional tools.”® These
tools are class A because all maintain the same input data
and output results as traditional methods while enhancing
the intermediate analysis with greater consistency, speed,
and potential accuracy.

Guidance. Based on the Delphi process, the following
guidance is issued: For class A Al validation studies, a
concordance study with analytical validation should be
conducted, involving at least two experts who are blinded
to Al results and each other’s evaluations. A priori calcu-
lation of the sample size is recommended to ensure sta-
tistical robustness. Performance should be assessed using
multiple metrics to provide a comprehensive evaluation
(Table 2). Generalisability must be demonstrated through
consistent results across different scanners or laboratory
protocols (Figure 2).

EBAI class B Al systems

Background. In class B biomarkers, the deep learning
model predicts a known biomarker in a fundamentally
different way than previous methods. Several such systems
are already on the market, where deep learning is used to
predict biomarkers using alternative data sources. In these
cases, the input data are different from what a gold stan-
dard test would use, which makes the risk and complexity
of these biomarkers inherently higher than for class A.
These ESMO Al class B tools may not be able to predict
accurately all molecular biomarkers, but may be able to do
so in a percentage of cases with sufficient sensitivity and
specificity. This ‘rule-out test approach’ (where a negative
result can reliably exclude the presence of a biomarker) is
becoming increasingly common in practice, providing a
potential alternative when standard testing methods are
unavailable, impractical, or too costly. Importantly, EBAI
class B Al systems usually aim at detecting an enriched
population, rather than substituting an established
genomic test.

Examples. A prominent example is an Al system that pre-
dicts MSI status from H&E-stained pathology slides of colon
cancer, where the input is a standard histology slide and
the output is MSI status that would traditionally require
genomic sequencing with polymerase chain reaction (PCR)
or next-generation sequencing (NGS).*>? Other applica-
tions include predicting mutation status in lung cancer [e.g.
EAGLE (EGFR Al Genomic Lung Evaluation)]®® or estimating
homologous recombination deficiency (HRD) from H&E
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images in breast and ovarian cancer.”*>’ The detection

performance of molecular biomarkers remains highly vari-
able across genes and cancer types, even when using large-
scale Al models trained on massive datasets (e.g.
Virchow?2). This variability reflects differences in sample size
in the training set, biomarker prevalence, and the strength
of morphological signals, indicating that limitations are not
solely attributable to data scarcity.”®

Guidance. Based on the Delphi process, the following
guidance is issued: For class B Al validation studies, an
analytical study comparing Al performance with a gold-
standard test is required, by using retrospective analyses
of high-quality real-world data as defined per ESMO
Guidance for Reporting Oncology real-World evidence
(ESMO-GROW)*° or retrospective analyses of clinical trial
data. This panel agreed that, in principle, we should judge
the clinical utility of Al solutions like any other biomarker in
oncology. From that point of view, class B algorithms
should require a strong analytical validation against other
gold-standards.

As a pre-screening method for molecular alterations,
class B tools may have two main consequences. (i) ‘Pre-
diction of a positive result’ (presence of the biomarker)
could increase the number of patients ultimately testing
positive by expanding molecular testing in cases where it
was previously unfeasible or not routinely carried out,
thereby improving access to personalized therapies. Alter-
natively, it may enable rapid assays that allow faster
identification of predicted alterations and shorten the time
to treatment initiation. (ii) ‘Prediction of a negative result’
(absence of the biomarker) could help reduce the number
of tests when the negative predictive value is very high.
This latter approach carries substantial risk, however, as
false-negative results could have important consequences
for patient care. Negative results should therefore always
be confirmed by the gold-standard method unless the Al-
based tool has been demonstrated to be non-inferior or
superior to it. In the EAGLE model for epidermal growth
factor receptor (EGFR) prediction from H&E tissue slides,
for example, patient risk was minimal because the Al sys-
tem reduced the need for rapid EGFR testing carried out in
parallel with NGS, thereby limiting tissue consumption and
unnecessary duplicate testing, while patients continued to
undergo systematic NGS analysis. In this case, in addition to
analytical validation, the initial phase of clinical deployment
included a prospective ‘silent’ trial. Such prospective as-
sessments can enhance trust in Al-based pre-screening
tools and demonstrate their feasibility within the genomic
testing workflow.>®> Concerning the requirement of a pro-
spective ‘silent’ trial for validation of class B, there was
majority agreement, but not consensus among experts,
suggesting that such an approach could be recommended
but not strictly mandated.

If the intended use is replacing the gold standard based
on excellent performance metrics that are equivalent or
superior to it, a direct application of a digital Al tool for
clinical decision-making, without any measurement of
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protein or nucleic acid and relying solely on image analysis
but lacking clinical validation of the biomarker, represents a
conceptual shift that many oncologists remain uncomfort-
able with in these early stages of Al-driven diagnostics. As
such, the consensus in this group is to require retrospective
clinical validation of the class B Al solution, in addition to
the analytical validation, at least for the foreseeable future
(one to two years), until this clinical familiarisation allows
class B solutions to follow the rules of any other clinical
biomarker (Figure 2). When the predicted Al-based
biomarker lacks sufficient granularity for clinical decision-
making, however, such as in cases where the specific
alteration subtype determines treatment eligibility (e.g.
KRAS G12C inhibitors indicated only for KRAS p.G12C, not
for all KRAS mutations), Al-based biomarkers, given their
current capability to predict the presence of an alteration
but not its subtype, can only serve as pre-screening tools.

EBAI class C Al systems

Background. Class C biomarkers are entirely novel in terms
of input, method, and output. In these cases, a deep
learning system is not trained to predict a known biological
property or biomarker, but it is trained directly on clinical
endpoints, for example on survival or treatment response
data. This makes it an inherently new prognostic or pre-
dictive biomarker. Class C biomarkers are further divided
into two subcategories: C1 (prognostic) and C2 (predictive).
C1 prognostic biomarkers are used to identify the likelihood
of a clinical event, disease recurrence, or progression in
patients who have the cancer of interest, independent of
the treatment received. C2 predictive biomarkers identify
individuals who are more likely than similar individuals
without the biomarker to experience a favourable or
unfavourable effect from exposure to a certain treatment.
For predictive biomarkers, it is critical to compare at least
two distinct groups (e.g. treated versus untreated) within
defined biomarker subgroups to ensure validity.

Examples. For C1 prognostic biomarkers, examples include
Al systems that predict cancer recurrence risk from H&E
pathology slides or CT images, where the input is standard
histology or radiology images and the output is a risk score
for cancer recurrence that is not based on known bio-
markers but on novel patterns recognised by the Al.6%%*
Similarly, Sybil is a deep learning model that predicts future
lung cancer risk up to six years from a single low-dose CT
scan, without requiring clinical data or radiologist input.**
Other examples include an Al-based risk stratification in
early-stage lung adenocarcinoma using positron emission
tomography (PET)/CT habitat imaging, which identifies
radiological subtypes with independent prognostic value
beyond clinicopathologic factors and circulating tumour
DNA (ctDNA),*® as well as a clinical—genetic machine
learning model in metastatic castration-resistant prostate
cancer that integrates ctDNA aneuploidy and pathogenic
alterations to refine overall survival prediction beyond
clinical variables.®® In parallel, models like DeepHRD classify
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1.8- to 3.1-fold more patients with HRD than genomic tests,
correlating with improved outcomes in high-grade serous
ovarian and metastatic breast cancers.>®

For C2 predictive biomarkers, the ArteraAl Prostate Test
is the first Al-based predictive biomarker included in the
National Comprehensive Cancer Network (NCCN) guide-
lines. Validated in a phase lll randomised trial (NRG/RTOG
9408), it uses digitised biopsy slides and clinical data to
identify patients with localised prostate cancer who benefit
from short-term androgen deprivation therapy, showing a
significant reduction in distant metastasis only in
biomarker-positive cases.®®

Another example is an Al system that predicts immu-
notherapy response in lung cancer from histopathology
images®’ or from chest CT images.'? In these cases, routine
image data are used to predict treatment outcomes
without relying on established biomarkers like PD-L1
expression. Also, a multistain deep learning model was
developed to predict benefit from neoadjuvant chemo-
radiotherapy in rectal cancer, which analyses pretreatment
biopsy slides stained for immune markers to identify
complex tissue-level features associated with response.®®
Another example undergoing validation is the trophoblast
cell surface antigen 2 (TROP2) normalised membrane ratio
(QCS-NMR), a computational pathology biomarker derived
from quantitative image analysis of IHC in NSCLC. In the
TROPION-LungO1 trial, this biomarker predicted response
to datopotamab deruxtecan (Dato-DXd), with patients
having TROP2 QCS-NMR-positive tumours showing signifi-
cantly longer progression-free survival and higher response
rates compared with those with QCS-NMR-negative status,
while no such effect was observed with docetaxel.® These
class C Al-derived biomarkers capture subtle and complex
patterns beyond conventional clinical, histological, IHC or
molecular markers, offering novel, data-driven predictions
of treatment benefit not linked to any previously estab-
lished biomarker (Figure 2). When a stable, measurable
feature underpinning a class C signal is identified, it can be
formalised as an established biomarker and subsequently
evaluated under class A (same input) or class B (alternative
input). For instance, TROP2 QCS-NMR was discovered as a
treatment response predictor, classifying it as a class C2
biomarker. Future Al-derived biomarkers that estimate a
validated QCS-NMR score, however, would be categorised
as class A or B (depending on the input), as they would
represent novel methods for predicting an already estab-
lished biomarker.

Guidance. Based on the Delphi process, the following
guidance is issued. For ‘class C1 Al validation studies’,
comparison with multiple validated prognostic markers
used in routine clinical care is required. The minimum
requirement should be a retrospective analysis of high-
quality real-world data as defined per ESMO-GROW>? or
retrospective analysis of clinical trial data. For ‘class C2 Al
validation studies’, comparison with multiple validated
predictive markers routinely used in a defined tumour type
is required, if such comparators exist. For predictive
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biomarkers, validation requires comparison between at
least two distinct treatment groups to ensure predictive
value, or comparison with an already validated predictive
biomarker. Stronger consensus supported the need for
prospective validation within a clinical trial when a
biomarker is used to guide stratification for a new treat-
ment. For biomarkers predicting response or resistance to
standard therapies, there was majority approval (no
consensus reached) that prospective validation might be
needed to predict response to standard therapies and
retrospective validation using clinical trial data or high-
quality real-world data to validate biomarkers of resis-
tance, given that the effects of standard treatments are
well characterized and that pre-specified, confounding-
adjusted [e.g. inverse probability of treatment weighting
(IPTW)/propensity] and externally validated retrospective
cohorts can robustly test the treatment—biomarker inter-
action for clinical decision support. Also, generalisability
must be tested across multiple patient cohorts from various
geographic areas.

ADDITIONAL CROSS-SECTIONAL ASPECTS

Although developed in an oncology context, many aspects
of this framework apply across medical specialties. Core
principles are relevant to Al-based tools in other diseases
and in preventive settings.

Regulatory aspects in the EU and USA

Al-based biomarkers are regulated under existing frame-
works. In the EU, these include the IVDR and MDR, and in
the USA, these include the FDA’s medical device regulatory
framework and the framework applicable to laboratory-
developed tests under the Clinical Laboratory Improve-
ment Amendments (CLIA).”>”* While these high-level
frameworks and related guidance provide, to a certain
extent, adequate coverage, there remains a need for more
specific guidance at the implementation level. Further,
while some guidance exists on the interplay between the
IVDR and the MDR and the EU Al Act,”? the interaction
between regulatory frameworks may create some proce-
dural complexity that would benefit from further stream-
lining and acceleration at the EU level. In the USA there is a
clear separation between CLIA (laboratory-developed test,
LDT) and FDA (Companion Diagnostic-CompDX) in terms of
regulatory responsibilities. In the EU all [LDT (=in-house
in vitro diagnostic, IH-IVD, in IVDR speech) and Conformité
Européenne in vitro diagnostic (CE-IVD) products] are
regulated under IVDR and MDR. The EBAI framework itself
can contribute to addressing regulatory gaps by helping
define specific guidance and ‘common specifications’
related to IVDR/MDR requirements, providing clearer
pathways for both manufacturers/developers and regula-
tors/notified bodies to follow.

Ethical aspects

The ethical deployment of Al-based biomarkers in oncology
must ensure respect for patient autonomy, transparency,
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and informed consent. According to the EU General Data
Protection Regulation (GDPR, Article 22), individuals have
the right not to be subject to decisions based solely on
automated processing  that  significantly  affect
them—particularly in the context of health data. This im-
plies that, especially for high-impact Al tools (e.g. EBAI class
C or EBAI class A and B with the intent of replacing the gold
standard), patients must be informed that Al plays a role in
their diagnosis or treatment planning. Consent becomes
ethically imperative when Al outputs directly influence
clinical decisions.

The Central Ethics Committee of the German Medical
Association underscores that Al systems replacing physician
judgment require explicit patient consent unless a clinician
performs a plausibility check, maintaining human over-
sight.”® Although the Ethics Guidelines for Trustworthy Al
primarily require that deployers such as clinicians are
informed about an Al system’s capabilities and limitations,
broader legal and ethical frameworks—including the GDPR
and the Al Act—support the interpretation that patients
should also be informed when Al meaningfully affects de-
cisions about their care. This obligation arises not from the
system’s technical robustness, but from fundamental rights
to transparency, autonomy, and contestability.

Moreover, the concept of fairness in Al should not be
reduced to statistical bias mitigation. It extends to include
distributive, procedural, and contextual dimensions where
unequal data representation can lead to disparities in
diagnostic accuracy and treatment access. Hence, ethical
deployment requires alignment between the Al-based
biomarker’s validated target population and its actual
use—what might better be termed ‘target group applica-
bility’. This ensures not only accuracy but clinical appro-
priateness across biological and demographic
subgroups.’*”>

RELATIONSHIP TO OTHER ESMO ACTIVITIES

With EBAI, we aim to provide guidance on the develop-
ment and clinical applicability of Al-based biomarkers by
recommending analytical and clinical validation re-
quirements, which should facilitate the work of clinicians,
scientists, and the industry in the development of these Al-
based tests. Like any other biomarker or test in oncology, Al
biomarkers would need to be used in the context of
ESMOQ’s Scale for Clinical Actionability of molecular Tar-
gets’®’” (ESCAT), which ranks biomarkers to their clinical
relevance to guide treatment decisions.

FUTURE PERSPECTIVES AND CONCLUSIONS

Al-based biomarkers currently function as standalone,
single-purpose tools and should be validated accordingly.
While medical Al is rapidly moving toward multipurpose,
large language model-based systems, biomarker validation
requires specialised frameworks due to the critical treat-
ment decisions they inform. In oncology, where biomarker
results guide life-altering therapies, distinct and rigorous
standards are essential.
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Improving Al models to potentially replace ground-truth
methods involves several strategies. A key approach is
integrating Al into hospital systems across diverse regions
and cancer centres to continuously feed models with var-
ied, expert-driven data. While continuous learning is tech-
nically feasible, it raises regulatory concerns. An alternative
is to send input data, such as scanned pathology slides,
radiological images, or other digital inputs, to a centralised
analysis facility where updated models are applied. This
enables consistent performance and controlled updates
across sites, while also helping to reduce the gap between
highly resourced centres and those lacking adequate
infrastructure. Regardless of the approach, automated
monitoring systems must track key metrics against base-
lines and flag deviations. Regular benchmarking against
gold-standard methods remains critical, even for deployed
systems.

Another challenge is the risk of hallucinations and erro-
neous predictions, particularly with complex inputs. This
highlights the need for robust automated validation,
especially when Al replaces human judgment or gold-
standard testing. Any updated biomarker should, at mini-
mum, be retrospectively compared with its prior version to
ensure overall performance improvement.

Education is also vital. Medical training must include Al
literacy to help future clinicians critically assess Al outputs
and apply them as decision-support tools—not as auton-
omous agents—while maintaining clinical oversight.

Looking forward, Al in health care is shifting toward
more autonomous, reasoning-capable agents. In this
context, current biomarkers may become components
within broader sophisticated Al systems. With the
increased availability of validated Al-based biomarkers, we
foresee the evolution of the EBAI framework to accom-
modate novel methods of validation, such as multiple
agentic Al tools predicting the same output but trained on
different datasets, or improved targeting of human review
within human-in-the-loop systems, guided by Al-generated
confidence scores. The acceptable performance threshold
for an Al-based biomarker to progress from proof-of-
concept to clinical validation will require further refine-
ment, depending on the intended purpose of the
biomarker and on a balanced assessment of its expected
clinical impact relative to the resources invested and the
current non-Al standard of care. While EBAI is well suited to
today’s landscape, where Al enhances rather than replaces
conventional biomarker assessment, it may require
refinement in future settings where Al-derived biomarkers
themselves become standard and subject to further inno-
vation. This evolution will require new validation frame-
works, clearer accountability, and proactive governance.
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