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Abstract
The integration of artificial intelligence into pathology is transforming the assessment of histological and immunohisto-
chemical (IHC) slides, offering opportunities to reduce variability and streamline diagnostics. In practical terms, most
available tools and research models emulate the diagnostic capabilities of pathologists by detecting, grading, and
classifying tumours and other diseases. More recent applications have moved beyond mimicry, aiming to predict
established biomarkers, such as microsatellite instability or IHC-based markers, and to tackle even more ambitious tasks,
such as directly predicting patient prognosis fromH&Ewhole slide images. Remarkably, novel computational tools are now
being designed as companion diagnostic assays, linking the automated evaluation of specific IHC biomarkers to the
prediction of response to specific drugs, potentially marking a new chapter in the evolution of digital and computational
pathology. The TROPION-PanTumor01 trial recently demonstrated the superiority of a supervised machine learning model
(termed the quantitative continuous score [QCS] by the vendor) in assessing TROP2 IHC compared with human scoring,
promising better stratification of patients with non-small cell lung cancer for treatment with datopotamab deruxtecan.
The same approach has shown promise in refining HER2 (human epidermal growth factor receptor 2) and PD-L1
(programmed death-ligand 1) evaluations, revealing patient subgroups that may benefit from targeted therapies.
Moreover, other similar approaches are progressively reaching the market, posing significant opportunities and challenges
for clinicians involved in the care of patients with cancer. This Perspective is promoted by the European Society of Digital
and Integrative Pathology (ESDIP, founded in 2016, and having long-standing experience in computational pathology,
esdipath.org) and the European Interdisciplinary Society of Artificial Intelligence for Cancer Research (ESAC, a recently
established initiative, founded in 2024, esac-network.eu), both bringing together clinicians, engineers and other pro-
fessionals dedicated to the development and clinical translation of computational approaches aimed at improving patient
care. It aims to provide an informed overview of novel computational pathology companion diagnostic tools, with a
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particular focus on the background that practicing pathologists and oncologists need to have with these tools, when
transitioning from research to clinical practice, irrespective of their prior familiarity with computational approaches.
©2026TheAuthor(s). The Journal of Pathology published by JohnWiley& Sons Ltd on behalf of The Pathological Society ofGreat Britain and
Ireland.
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Introduction

Digital pathology is progressively being adopted by labo-
ratories worldwide, with a steadily increasing number of
centres transitioning to digital workflows [1], as also
documented by the recently available real-time updated
Mapof digital pathology labs, tracking the digital transition
of pathology institutions (https://www.esdipath.org/map-
of-digital-pathology-labs/). The progressive digitisation of
pathology laboratories is paving the way for the application
of artificial intelligence (AI) tools to support routine tissue
slide assessment. Beginning with workflow optimisation,
such as prioritising urgent cases or cancer-positive whole
slide images (WSIs) [2], this technology holds the promise
of reducing interobserver variability in several areas
of pathology, such as tumour cell counting for molecular
analysis [3,4] and immunohistochemistry (IHC) interpre-
tation [5]. It also opens the door to predicting the molecular
landscape of tumours [6,7] directly from digital images and
identifying morphological prognostic markers that are oth-
erwise invisible to the human eye [8,9]. All of these appli-
cations require a fully digitised workflow [10] and still
largely depend on traditional processing methods to gener-
ate physical H&E or IHC slides. Many also rely on
established classification schemes and scoring systems,
whose prognostic and predictive value have historically been
validated through pathologists’ assessments (e.g., HER2
[human epidermal growth factor receptor 2] scoring in breast
cancer [11]). The progressive transition from ‘classic’
machine learning approaches to supervised and weakly
supervised deep learning methods represents a further
opportunity to extract quantitative information from digital
histopathology images [12]. This was recently exemplified
by the presentation of preliminary results from the
TROPION-Lung01 trial at the 2024 World Conference
on Lung Cancer in San Diego, which represents a

potential shift in the approach to biomarker discovery
and precision oncology [13]. The trial introduced a new
supervised deep learning method (termed quantitative
continuous scoring [QCS] from AstraZeneca) as a predic-
tive biomarker, which can potentially guide therapy with
datopotamab deruxtecan (Dato-DXd) in non-small cell
lung cancer (NSCLC) [13] by automatically measuring
TROP2 (tumour-associated calcium signal transducer 2)
expression in tumour cells. This advancement in predic-
tive pathology and oncology introduces valuable oppor-
tunities, while also underscoring the need for continued
attention to validation, interpretability, and ethical consid-
erations for clinicians who are expected to implement
these tools in clinical practice. These issues are especially
pressing given the emergence of IHC-based predictive
biomarkers (e.g., claudin 18.2 and FGFR2b in gastric
and gastroesophageal adenocarcinoma [14] or folate
receptor alpha in ovarian cancer [15,16]), which may also
benefit from similar computational interpretation
approaches. In this context, the present Perspective is a
joint initiative by the European Society of Digital and
Integrative Pathology (ESDIP; https://www.esdipath.
org) and the European Interdisciplinary Society of
Artificial Intelligence for Cancer Research (ESAC;
https://esac-network.eu/) aimed at summarising the cur-
rent landscape of predictive computational biomarkers to
promote awareness and education among clinicians, and
providing a multidisciplinary perspective on the introduc-
tion of these tools.

Revising the pathology biomarker world with
computational approaches

The ability of AI technologies to predict various
prognostic and theranostic markers (e.g., microsatellite
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instability [17] in colorectal cancer or epidermal growth
factor receptor mutation in lung cancer [18]) directly
from H&E-stained WSIs is recognised, and their role
within the diagnostic pathway of patients with cancer
is progressively being defined. In particular, the abil-
ity to predict underlying genetic mutations, mostly
imperceptible to the human eye on H&E slides,
marks the onset of an AI-driven precision pathology
era, especially in light of the rise of foundation
models [19], which integrate images and genomic
data to further stratify patient outcomes and response
to therapy. On a more practical and immediate level,
some prognostic risk stratification systems are receiv-
ing CE-IVD(R) (Conformité Européene In-Vitro
Diagnostic Regulation) approval, positioning them
as alternatives to established molecular tests, partic-
ularly in areas such as breast pathology
(e.g., Stratipath’s or Owkin’s predictive tools
[20,21]) and prostate cancer, where these are being
progressively incorporated into patient management
guidelines (namely ArteraAI Prostate Test [22]).
Additionally, AI-based assistants are becoming
increasingly useful in helping pathologists to evalu-
ate biomarkers that traditionally suffer from low
interobserver reproducibility, but carry significant
prognostic or predictive value, such as tumour-
infiltrating lymphocytes (TILs) in various cancers,
including triple-negative breast cancer [23].
Moreover, AI applied to pathology WSIs is
uncovering previously overlooked morphological
features, such as the tumour-adipose feature (TAF)
in colorectal cancer [9]. TAF is now emerging as an
independent prognostic factor across gastrointestinal
tumours and is an example of an AI-facilitated bio-
marker discovery that can be easily translated into
patterns/features recognisable by pathologists [8].
While these AI-informed biomarkers are mainly
based on H&E, there are already examples of com-
mercially available algorithms that can assist in the
interpretation of various IHC stainings (e.g., PD-L1
(programmed death-ligand 1), either as tumour pro-
portion score (TPS) [24] or combined positive
score [25], in different settings and HER2 in
breast [26]), alleviating the burden on pathologists
in time-consuming and poorly reproducible tasks, on
which oncologists rely for the prescription of thera-
pies. Although these advances promise to signifi-
cantly enhance pathology and oncology workflows,
it is important to note that they are currently intended
as adjuncts to the pathologist’s evaluation. Their
primary role is to streamline diagnostic processes,
reduce variability, and provide information on
patient-related outcomes, serving as a support tool
for pathologists rather than directly predicting
responses to specific therapeutic agents. In contrast,
the new computational pathology companion diag-
nostic tools represent a novel approach, integrating
fully automated algorithms specifically designed to
target specific biomarkers and predict responses to
their corresponding therapeutic agents. These new

tools surpass human scoring capabilities, as they
can extract and quantify subtle spatial and morpho-
logical data that human observers cannot, due to
perceptual limitations.

Computational pathology tools as companion
diagnostic assays

The TROPION-PanTumor01 trial (https://www.
clinicaltrials.gov/study/NCT03401385) recently evaluated
the efficacy of Dato-DXd, an antibody–drug conjugate, in
NSCLC. Notably, the study demonstrated no clear corre-
lation between TROP2 expression levels (assessed by IHC
and interpreted by pathologists using the H-score [27]) and
the clinical response to Dato-DXd treatment [27]. This
evidence has prompted the search for alternative strategies
to assess biomarker expression based on mechanisms of
action of the drug, leading to the application of a supervised
deep learning method (termed QCS) for the analysis of
IHC-stained slides. This algorithm was trained based on
expert pathologist annotations to identify tumour versus
other tissues and subcellular compartments (namely the
cell membrane and cytoplasm) at single-cell resolution
across the entire WSI (Figure 1) [13]. Following this seg-
mentation, the algorithm quantifies the intensity of the
signal (by optical density, OD) produced by the brown
chromogen used in IHC (DAB). This step is performed at
both the cellular and subcellular levels, generating contin-
uous, quantitative measurements of biomarker expression
for each cell (further details on this specific type of algo-
rithm can be found in the vendor instructions [28]). These
measurements are then summarised across regions of inter-
est, yielding metrics, such as percentage of cells above a
defined cutoff, or used directly as continuous variables,
offering a more nuanced and reproducible alternative to
traditional categorical scoring [29].
The application of such a method in the setting of the

TROPION-PanTumor01 trial allowed the identification
of a subset of patients with higher objective response rate
(32.7% versus 10.3%) and longer median progression-
free survival (PFS), characterised by ≥75% tumour cells
with ≤ 0.56 normalised membrane ratio (NMR, defined
as membrane OD/[membrane+cytoplasm OD]) [13]. It
is important to note that it is not possible for human
observers to objectively quantify these parameters due
to the subtle differences in membrane staining intensity
across thousands of cells. Similar supervised deep learn-
ing methods have also been applied to HER2 interpreta-
tion in breast cancer [29,30], identifying a higher
proportion of HER2-positive cases compared with man-
ual scoring (76.4% versus 56.9%) [29], uncovering a
subset of HER2-ultralow cases missed by pathologists
(23.6% of cases) [31]. Analogous results were obtained
for PFS and overall survival (OS) when analysing HER2
in patients with colorectal [32] and gastric [33] cancer.
Finally, these methods have already shown promising
results in the evaluation of PD-L1 IHC in lung cancer
(TPS), outperforming pathologists in the stratification of
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OS based on immunotherapy [34]. As new IHC-based
predictive biomarkers continue to emerge across cancer
types (such as Claudin 18.2 and FGFR2b in gastric and
gastroesophageal adenocarcinomas [14] or folate recep-
tor alpha in ovarian cancer [15,16]), these novel compu-
tational approaches are positioned to deliver significant
benefits, but also challenges. Importantly, their applica-
tion may further transform the oncological biomarker
landscape, enabling more precise, reproducible and scal-
able patient stratification in an increasingly complex
therapeutic environment.

What’s next? Dealing with the challenges in the
implementation of these AI-based tools

The introduction of such computational pathology
pipelines poses several challenges (Table 1). From a
practical and technical standpoint, the rigorous
standardisation of the pre-analytical phase is essential
to prevent artifacts (such as tissue folds, out-of-focus
regions, or air bubbles) that could compromise algo-
rithmic interpretation [35]. In this context, a systematic
revision of workflow processes within pathology lab-
oratories is critical to ensure reliability and reproduc-
ibility of such predictive biomarker assessments [10].
Additionally, because these methods rely on IHC-
stained WSIs, it is crucial to minimise variability intro-
duced by different antibody clones, staining platforms,
and detection systems. This ensures equitable access to
accurate testing and therapeutic decisions, regardless
of the laboratory or institution performing the analysis.
To address these concerns, the first IHC-based compu-
tational predictive tool (TROP2 QCS-NMR) was
recently granted breakthrough device designation by

the US Food and Drug Administration (FDA) as a
companion diagnostic [36]. This designation reflects
the comprehensive integration of the antibody clone,
staining platform, WSI scanner, and algorithmic pipe-
line, all standardised and provided by a single vendor,
ensuring consistency and clinical-grade performance
across sites [36]. Although this ensures standardisation
of the results [37] and equal access to treatments, it also
requires significant investment and potential modifica-
tions within laboratories to comply with these stan-
dards, or the outsourcing of testing. As an alternative,
‘opening’ these locked testing pipelines to allow more
open and flexible combinations (e.g., stainer/scanners/
algorithms from different vendors) after adequate
harmonisation of the comparative results would repre-
sent an alternative to allow the implementation of such
tests in as many laboratories as possible. Another chal-
lenge is the limited interpretability and explainability

Figure 1. Schematic representation of the segmentation steps in a novel computational pathology tool. From left to right: (A) the tissue slide
containing the tumour is immunostained with the specific marker of interest and scanned; (B) the whole slide image (WSI) is analysed with
the deep learning method for tumour cell detection; and (C) subsequent cellular and subcellular compartment identification. Within the
tumour cells, the artificial intelligence (AI) algorithm quantifies specific parameters (e.g., optical density), which can then be used to generate
scores correlating with response or resistance to therapies. IHC, immunohistochemistry.

Table 1. Challenges to address with next-generation
computational pathology tools.

1. Pre-analytical variability (e.g., tissue folds, air bubbles, out-of-focus
regions).

2. Lack of workflow integration and standard operating procedures in
pathology labs.

3. Variability in immunohistochemistry (IHC) staining (antibody clones,
platforms, detection systems).

4. High financial and infrastructure investment requirements for artificial
intelligence (AI) adoption.

5. Limited explainability and interpretability of AI-based decisions.
6. Reduced pathologist engagement due to the black box nature of AI.
7. Lack of performance and interpretation guidelines.
8. Absence of specific reimbursement codes for computational
diagnostics.

9. Gap between the creation and introduction of these innovative tools.
10. Ethical concerns: liability, algorithmic bias, and misuse of prediction.
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of AI decisions in this context. The calculations of
these supervised deep learning methods rely on color-
imetric features of cellular and subcellular compart-
ments. While the algorithm’s output can still be
evaluated by the human eye, the final result of the
computation and its correspondence to the visual out-
put cannot be verified by pathologists, potentially
rendering the computation a black box. This limitation
may hinder the ability of pathologists and clinicians to
independently verify the reliability of AI-derived
results [38]. In pathology, we are already used to not
evaluating results from molecular pathology tests but
rather relying on robust assay-wide validation,
trusting their performance within their intended clin-
ical context. Similarly, computational biomarkers can
be evaluated based on the strength of their validation
studies, rather than on the interpretability of each out-
put. Moreover, the integration of these tools (particu-
larly in a companion diagnostic setting) could be
significantly enhanced by the establishment of specific
reimbursement codes. In this regard, it is crucial to
involve all relevant stakeholders (industry, patholo-
gists, clinicians, and policy regulators) to enable the
successful adoption of these tools in clinical practice.
Lastly, ethical and regulatory considerations must be
addressed before routine adoption. These include
clearly defining liability in cases of inappropriate treat-
ment indications due to pre-analytical or post-analytical
errors, and mitigating the risk of biased outcomes from
computational biomarkers, bearing in mind the intrinsic
limitations of other human-interpreted biomarkers on
which precision oncology has historically been based
on. Recent literature indicates that when AI systems
move beyond a purely supportive role and begin to
substitute elements of human decision-making, the
attribution of responsibility becomes considerably
more complex, potentially extending beyond
healthcare professionals to include developers and
manufacturers of AI technologies [39]. However, this
remains an evolving area, and further legal,
ethical, and regulatory research is needed to clearly
define liability frameworks in increasingly autono-
mous AI-driven diagnostic settings, especially in light
of the new directives introduced with the European AI
Act [40].

Conclusions

While computationally derived tissue-based biomarkers
offer great promise for precision oncology, they chal-
lenge traditional clinical workflows. A multidisciplinary
approach involving pathologists, oncologists, computer
scientists, and regulators is essential to ensure safe and
effective integration. Practicing pathologists and oncol-
ogists, regardless of prior experience with computational
tools, should be aware of these next-generation technol-
ogies. Although these tools still require further

validation, they may support clinical decision-making
in the near future.
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