Journal of Pathology Informatics 19 (2025) 100524

apis
Journal of

B\ Pathology
i Informatics

Contents lists available at ScienceDirect

Journal of Pathology Informatics

journal homepage: www.elsevier.com/locate/jpi

Review Article

Predicability of PD-L1 expression in cancer cells based solely on H&E- R

Check for

stained sections heok o

Gavino Faa *°, Matteo Fraschini “*, Pina Ziranu ¢, Andrea Pretta ¢, Giuseppe Porcu ¢, Luca Saba ?,
Mario Scartozzi ¢, Nazar Shokun "¢, Massimo Rugge "

@ Department of Medical Sciences and Public Health, Universita degli Studi di Cagliari, 09123 Cagliari, Italy

" Department of Biology, College of Science and Technology, Temple University, Philadelphia, PA 19122, USA

¢ Department of Electrical and Electronic Engineering, Universitd degli Studi di Cagliari, 09123 Cagliari, Italy

9 Medical Oncology Unit, University Hospital of Cagliari, Universita degli Studi di Cagliari, 09123 Cagliari, Italy

¢ Department of Pathology, Ospedale Oncologico A. Businco, ARNAS G. Brotzu, Cagliari, Italy

f National Cancer Institute, Kyiv, Ukraine

& Associazione “Angela Serra” per la ricerca sul cancro, Modena, Italy

" Department of Medicine — DIMED; General Anatomic Pathology and Cytopathology Unit, Universita degli Studi di Padova, 35121 Padova, Italy

ARTICLE INFO ABSTRACT

Keywords:

Artificial intelligence
PD-L1

Digital pathology

PD-L1 expression is an important biomarker for selecting patients who are eligible for immune checkpoint inhibitor
(ICD therapy. However, evaluating PD-L1 through immunohistochemistry often faces significant interobserver vari-
ability and requires considerable time and resources. Recent advancements in artificial intelligence (AI) have trans-
formed the field of pathology, leading to more standardized and reproducible methods for biomarker
quantification. In this study, we examine the application of Al-driven models, particularly deep learning algorithms,
to predict PD-L1 expression directly from hematoxylin and eosin-stained histological slides. Several Al-based ap-
proaches have been studied, demonstrating high accuracy in estimating PD-L1 expression and predicting responses
to ICIs across various cancer types. Al-driven assessments of PD-L1 have been shown to reduce the subjectivity associ-
ated with manual scoring methods, such as the Tumor Proportion Score and the Combined Positive Score. Moreover,
integrating Al with multimodal data, including genomics, radiomics, and real-world clinical data, can further enhance
predictive accuracy and improve patient stratification for immunotherapy. Finally, Al-driven computational pathology
offers a transformative approach to biomarker evaluation, providing a faster, more objective, and cost-effective alter-
native to traditional methods, with significant implications for personalized oncology and precision medicine. Despite
these promising results, several challenges remain to be addressed, such as the need for large-scale validation, stan-
dardization of AT models, and regulatory approvals for clinical implementation. Tackling these issues will be crucial
for incorporating Al-based PD-L1 assessments into routine pathology workflows.

Introduction

Programmed cell death 1 (PD-1) and programmed cell death 2 (PD-2)
are two key immune checkpoint receptors expressed on the surface of acti-
vated T lymphocytes, B lymphocytes, natural killer cells, and monocytes."
The interaction of PD-1 and PD-2 with their ligands, PD-L1 and PD-L2,
leads to the downregulation of cytotoxic T-cell activity, inducing
immunotolerance to cancer cells and ultimately promoting tumor immune
escape.”

The PD-1/PD-L1 signaling pathway represents a crucial immunological
checkpoint that plays a fundamental role in immune evasion across various
cancer types,” including non-small cell lung cancer (NSCLC),” colorectal
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cancer (CRC),” gastric cancer,® hepatocellular carcinoma (HCC),” and dif-
fuse large B-cell lymphoma (DLBCL).® PD-L1 expression on tumor cells is
sufficient to inhibit CD8 + T-cell cytotoxicity, thus enabling immune
evasion.’ Additionally, PD-L1 can be secreted by cancer cells via exosomes,
further contributing to immunosuppression.'°

Notably, PD-L1 expression is not limited to tumor cells but is also ob-
served in the tumor microenvironment (TME), highlighting the crucial
role of the TME in PD-1/PD-L1-mediated immune escape and
immunotolerance.''? Consequently, the assessment of PD-L1 expression
for effective immunotherapy should not be restricted to cancer cells but
should also encompass the cells within the TME.'*'? In summary, when
PD-1 receptors on activated T cells interact with PD-L1 expressed by cancer
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cells, T-lymphocyte activity is suppressed, allowing tumor cells to evade im-
mune surveillance.'®

Collectively, these findings underscore PD-L1 as a critical predictive
biomarker of response to immunotherapy and the gold-standard for
predicting responsiveness to immune checkpoint inhibitors (ICIs).'®™'®
Tumor immunotherapy is one of the most innovative approaches in cancer
research,'®%° offering significant benefits to patients across various cancer
types, even in advanced stages, by improving overall survival.>! This work
is presented as a literature review, rather than a systematic review, with the
aim of summarizing current knowledge and highlighting key developments
in the field.

Scoring systems for the evaluation of PD-L1 expression

In clinical practice, the assessment of PD-L1 expression is conducted
through immunohistochemistry (IHC) using anti-PD-L1 antibodies (com-
monly referred to as CD 274). This evaluation typically employs two pri-
mary scoring systems. The first system is the Tumor Proportion Score
(TPS), which quantifies the percentage of PD-L1-positive tumor cells rela-
tive to the total number of viable tumor cells. This is calculated by divid-
ing the number of PD-L1-positive tumor cells by the total number of
viable tumor cells and then multiplying by 100. The TPS can range from
0 % to 100 %, and it is essential to ensure that a minimum of 100
tumor cells are present in the sample for the TPS assessment to be consid-
ered valid.*

The second system is known as the Combined Positive Score (CPS). This
score evaluates the total number of PD-L1 immunoreactive cells, including
both tumor cells and immune cells within the TME. The CPS is derived by
dividing the total number of PD-L1 immunoreactive cells by the total num-
ber of viable tumor cells, then multiplying by 100. Similar to the TPS, the
CPS range extends from 0 % to 100 %.%* Scores for the CPS are categorized
numerically from 1 to 5, with specific thresholds: score 1 for less than 1 %,
score 2 for more than 1 % but less than or equal to 5 %, score 3 for more
than 5 % but less than or equal to 10 %, score 4 for more than 10 % but
less than or equal to 50 %, and score 5 for more than 50 %.° Both the TPS
and CPS scoring systems for PD-L1 expression evaluation are complex and
may require considerable time for accurate analysis. Furthermore, the pro-
ficiency and experience of pathologists play a significant role in the reliable
quantitative assessment of PD-L1 immunostaining scores, leading to nota-
ble variability in results among different practitioners.**-2

Interindividual variability in manual evaluation of PD-L1 expression
can occur in both cancer cells and in the TME. Significant interpathologist
variability has been reported in the initial studies evaluating PD-L1 immu-
noreactivity in NSCLC, leading to considerable disagreement among
pathologists.>*>> Notably, in the Ratcliffe study, the agreement between
two pathologists improved from a low level of 75 % to a very high level
of 96 % as the PD-L1 positivity increased from 1 % to 50 %. The complexity
of the previously described scoring systems results in considerable interin-
dividual variability among pathologists when applying the CPS for PD-L1
across multiple cancer types.?® This variability is particularly pronounced
in NSCLC?” and, more recently, in gastric and esophageal cancers.>®

There are several reasons for the high variability among pathologists in
evaluating PD-L1 expression. One key reason is the uneven distribution of
immunoreactive tumor cells. For instance, in gastric cancer, PD-L1

Table 1
Scoring systems for the evaluation of PD-L1 expression.
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expression often appears more widespread in superficial biopsies, whereas
deeper biopsies tend to show a more irregular distribution of PD-L1
immunostaining.?® In this study, tissue microarray cores taken from the in-
vasive front of gastric carcinoma did not accurately represent the PD-L1 ex-
pression observed in the entire tumor mass. Furthermore, due to the patchy
distribution of PD-L1-expressing cancer cells, it is essential to perform at
least four surface biopsies to achieve a PD-L1 expression evaluation that
closely resembles that of the resection specimen.

A recently proposed method for evaluating PD-L1 expression in gastric
cancer addresses the challenge of heterogeneous PD-L1 distribution is the
Tumor Area Proportion (TAP) Score. Unlike the TPS and the CPS, which
count individual cells, the TAP score quantifies the percentage of the
tumor area that shows PD-L1 positivity in relation to the total tumor area.
This method may provide a more accurate assessment, especially in cases
where PD-L1 expression is patchy or localized in specific regions of the
tumor.>%3! Both TPS and CPS can be complex and time-consuming, with
accurately heavily reliance on the expertise of the pathologist. This reliance
can lead to significant variability in PD-L1 immunostaining assessments be-
tween observers. The newly introduced TAP score aims to reduce these
challenges by offering an area-based quantification of PD-L1 expression,
which could be especially beneficial for tumors with heterogeneous expres-
sion patterns, such as gastric cancer. However, its clinical implementation
is currently limited by a lack of standardization, interobserver variability,
and the need for larger tissue samples. Additionally, compared to TPS and
CPS (Table 1), which are widely validated, the TAP score has only recently
been introduced and has been used in a limited number of prospective stud-
ies. Therefore, further validation is required before it can be established as a
standard method for PD-L1 assessment and its predictive value for immuno-
therapy response.>®~2

Given these challenges with traditional quantitative evaluations of PD-
L1, the development of artificial intelligence (AI)-driven models to predict
PD-L1 expression across various tumor types is becoming increasingly im-
portant. Recent advancements in Al are improving pathology by providing
standardized methods for biomarker quantification. This study focuses on
the use of Al-driven models, particularly deep learning (DL) algorithms,
to predict PD-L1 expression from hematoxylin and eosin (H&E)-stained his-
tological slides (Table 2). These advancements aim to enhance diagnostic
accuracy and improve patient outcomes in cancer therapy.

Artificial intelligence-assisted score analysis of PD-L1

A recent systematic review focused on the use of Al for predictive bio-
marker discovery in oncology analyzed 90 studies, with 80 % of them pub-
lished between 2021 and 2022. This trend highlights the increasing interest
of the scientific community in this area in recent years.>* Multiple studies
have assessed the application of DL-driven models in the analysis of multi-
ple biomarkers in IHC, including HER2 status in whole slide images
(WSIs),>* Ki67,%° EGFR, and KRAS mutation status.>® The use of a well-
trained DL model for the quantitative evaluation of IHC markers could
help overcome the drawbacks associated with traditional methods, such
as time consumption and interobserver variability in evaluating certain
IHC markers.*”8

Al-assisted systems have been employed to evaluate PD-L1 expression
in NSCLC, demonstrating the capability of Al-driven models to predict

Scoring system Calculation method Pros

Cons

Tumor Proportion Score (TPS) PDL1* tumor cells _ .1 () v Widely validated

Total viable tumor cells

v Correlates with ICI response

v Standardized cutoffs

v Includes tumor & immune cells

v Broadly used in clinical trials

v Considers PD-L1 spatial distribution

v Reflects PD-L1 heterogeneity better than TPS/CPS
v Used in recent phase 3 trials

Combined Positive Score (CPS)  PDLL" tumor cells+immne cells .1 )

Total viable tumor cells

Tumor Area Proportion (TAP) PDL1 tumor area , 1 ()()

Total tumor area

X Ignores immune cells
X May not capture full PD-L1 role in tumor immune evasion

X More complex & time-consuming
X Higher interobserver variability
X Less validated than TPS/CPS

X Requires standardization

X Limited prospective studies.
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Table 2
Summary of studies on Al-based PD-L1 evaluation.
Study Cancer Al method PD-L1 evaluation method ~ Main findings Scoring Reference
type
Wiesweg NSCLC ML Gene expression analysis Al predicted response to ICIs independent of PD-L1 levels H&E/Global *°
etal.
(2020)
Wu et al. NSCLC DL using WSIs from 22C3 to assess TPS quantification in IHC Al improved precision diagnosis of PD-L1 expression THC/ROI 40
(2022) TPS
Baxi et al. Various CNN PD-L1 IHC expression in AT outperformed manual scoring in ICI response prediction IHC/ROI 42
(2022) cancers tumor and immune cells
Jin et al. Various MILTS model PD-L1 prediction from Al identified histopathological patterns linked to PD-L1 H&E/Slide **
(2024) cancers H&E-stained slides expression
Kim et al. Gastric ~ Digital image analysis PD-L1 quantification in IHC Digital PD-L1 scoring correlated well with manual IHC/Slide a4
(2020) cancer pathologist assessment
Sha et al. NSCLC DL using WSIs PD-L1 status from Al model predicted PD-L1 expression with AUC = 0.80. H&E/ROI 4
(2019) H&E-stained slides PD-L1 expression links to tumor pattern and TME
Shamai etal.  Breast DL techniques from H&E-stained PD-L1 status from IHC and Al model predicted PD-L1 status with AUC = 0.91-0.93 H&E and 46
(2022) cancer images H&E-stained slides THC/Global
Van Eekelen ~ NSCLC DL algorithm Digital vs. manual Al achieved agreement with pathologists in TPS scoring IHC/ROI 50
etal. quantification
(2024)
Yan et al. DLBCL  CNN + SAM PD-L1 IHC assessment Al-based scoring had high agreement with expert IHC/ROI 52
(2024) hematopathologists
Liu et al. Gastric  ICIsNet model (DL-driven tool based H&E-stained slides Al predicted response to PD-1 blockade with AUC = H&E/ROI 54
(2024) cancer on histopathological images) 0.92-0.96
Wang et al. Breast DL-based Al-assisted for PD-L1 IHC ~ PD-L1 assessment in IHC Al-assisted quantification improved accuracy and efficiency IHC/ROI 60
(2021) cancer quantification

ML = Machine Learning; PD-L1 = programmed death-ligand 1; AI = Artificial Intelligence; ICIs = Immune Checkpoints Inhibitors; DL = Deep Learning; CNN =
Convolutional Neural Network; SAM = Segment Anything Model; WSIs = Whole-Slide Images; TPS = Tumor Proportion Score; MILTS = Teacher-Student collaborated
Multiple Instance Learning framework; H&E = Hematoxylin and Eosin; IHC = immunohistochemistry; TME = Tumor Microenvironment; TNBC = Triple Negative Breast
Cancer. As for the scoring system, Global refers to methods that produce a global score at the patient level, ROI (Region of Interest) refers to methods that produce a score at
the level of a region, and Slide refers to methods that produce a score at the level of a single slide.

responses to immunotherapy.?*>°® Research shows that these models can
more accurately predict responses to ICIs compared to traditional IHC alone
across various tumor types.*! A strong correlation has been observed be-
tween digital and manual quantification of PD-L1 expression in tumor
and immune cells across multiple cancer types, including bladder urothelial
carcinoma, CRC, gastric carcinoma, cervical squamous cell carcinoma, en-
docervical carcinoma, renal papillary cell carcinoma, triple-negative breast
cancer, and melanoma.***? In these studies, digital scoring of PD-L1 ex-
pression has been closely linked to predicting responses to ICI therapy in
clinical trials, often outperforming manual pathological quantification. Ad-
ditionally, when predicting responses to the checkpoint inhibitor pembroli-
zumab in patients with gastric cancer, the results of PD-L1 expression
evaluated through digital image analysis were not significantly different
from those provided by expert gastrointestinal pathologists conducting
manual evaluations.**

PD-L1 status extraction from H&E-stained sections

In 2019, Sha and colleagues®® contributed significantly to the ongoing
discussion about PD-L1 and AI models. Whereas previous studies focused
primarily on how well Al-driven models could interpret IHC images of
PD-L1 expression, Sha and their team took a different approach. They eval-
uated the ability of algorithms to predict PD-L1 expression using H&E-
stained images.*® The authors found that the average computational time
to generate a PD-L1 probability was just 40 s, highlighting the potential ad-
vantages of this method for reducing diagnostic time in clinical practice.
Despite its significance, the study had some limitations, as indicated by
an AUC of 0.80 for predicting PD-L1 status. The DL model was trained in
48 cases and tested on 82 cases of lung cancer, with a particular focus on
adenocarcinomas. The relatively low number of training cases contributed
to some performance issues, as the model sometimes misclassified PD-L1
negative tumors as PD-L1 positive.

The approach proposed by Sha and colleagues was set aside for several
years until 2022, when Shamai and his team revisited the project aimed at
extracting PD-L1 status from whole-slide H&E-stained images.*® The

authors emphasized the importance of quantifying PD-L1 to predict the ef-
ficacy of immunotherapy and discussed the challenges related to manual
quantification, which often suffers from significant interobserver
variability.*” To overcome this challenge, Shamai and his colleagues devel-
oped a dataset to evaluate PD-L1 prediction from H&E-stained sections of a
large cohort of breast cancer patients. Their system was validated using two
external datasets, demonstrating robustness and consistent predictive per-
formance for both PD-L1 quantification and immunotherapy response.
The ability to extract IHC data on PD-L1 expression solely from H&E sec-
tions represents a significant advancement in pathology laboratories. This
Al-driven model can predict PD-L1 status with a high area under the
curve (AUC) of 0.91-0.93, all without increasing costs and within a remark-
ably short time frame.*®

Different scoring systems for PD-L1 immunoreactivity

As often happens in pathology research, the anticipated breakthroughs
in Al-driven PD-L1 evaluation within breast pathology were not immedi-
ately embraced in other areas of histopathology. One study examined the
predictive value of various scoring systems for PD-L1 assessment in lung
cancer, emphasizing the manual evaluation of this biomarker in lung biop-
sies. It concluded that the CPS serves as a better predictive biomarker com-
pared to the TPS.*® Another study examining the prognostic significance of
PD-L1 in gastric cancer patients with peritoneal metastases found that high
manual expression of PD-L1 (CPS > 10) should be regarded as an indepen-
dent favorable prognostic factor for this type of tumor.*® More recently, re-
search comparing DL and pathologist quantification of PD-L1 expression in
NSCLC demonstrated that the DL algorithm produced favorable agreement
with pathologists when quantifying the TPS of PD-L1.%° The newly devel-
oped DL system for the automatic quantification of PD-L1 expression in
NSCLC enabled efficient TPS quantification.>® Moreover, the study of But-
ter and colleagues discussed how a pathologist's personality can influence
interobserver variability and diagnostic accuracy in quantifying PD-L1
expression,®’ highlighting the challenges associated with manual quantifi-
cation of PD-L1.
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PD-L1 expression in lymphomas

Al-based assessment of PDL1 expression has been proposed in DLBCL,
an aggressive form of blood cancer characterized by rapid progression.® A
recent study reported that an Al-driven algorithm, designed to automati-
cally evaluate THC for PD-L1 in lymphomas, demonstrated a high level
of agreement with expert hematopathologists.>* These findings under-
score the potential of Al-driven models to improve the objectivity and
interpretability of PD-L1 quantification in DLBCL, contributing to the de-
velopment of new treatment strategies for this aggressive blood cancer
type.>®

The extraction of the PD-L1 status from H&E-stained frozen sections

A significant advancement in the study of PD-L1 expression levels ex-
tracted from histopathology slides is represented by a pivotal work from
Darui and colleagues, published online on April 9, 2024.*® In this study,
the authors introduced a weakly supervised learning-based method called
MILTS (Teacher-Student Collaborated Multiple Instance Learning Frame-
work). This method extracts tile information from whole slide H&E images
to generate slide-level embeddings for final predictions. The results of this
study highlight a notable morpho-transcriptomic connection across various
cancer types linked to PD-L1 gene expression. The weighted average AUC
for frozen sections was found to be 0.83, whereas the AUC for paraffin-
section WSIs was 0.74.

When applying MILTS to CRC WSIs, the algorithm identified specific
morphotypes associated with PD-L1 “hot” tumor regions. These regions
typically exhibited a mixed inflammatory stroma, characterized by high
levels of eosinophil infiltration, and a cribriform growth pattern of cancer
cells with hyperchromatic nuclei. In contrast, low PD-L1 expression was as-
sociated with tumor necrosis, coagulation necrosis, and mucinous differen-
tiation of cancer cells. The AI model's predictions were validated by THC
data, which revealed high PD-L1 immunoreactivity in these specific
tumor areas.

The findings clearly show that the molecular basis of cancer cells can be
analyzed through cell morphology and features detectable in the TME using
DL models. This research demonstrates that predicting PD-L1 expression
based solely on morphology (using H&E WSIs) could serve as a revolution-
ary tool, potentially reducing the need for additional costly tests in the near
future.

One interesting observation from this study is that the performance of
MILTS is higher with frozen sections compared to paraffin sections. This
difference may be because frozen tissues are generally better at preserving
the cancer cells' structural and molecular integrity, a trend also noted in Al-
driven models applied to CRC biopsies.>® These data indicate that an Al-
driven algorithm can identify unique histopathological patterns associated
with PD-L1 expression, which may be difficult to discern under a micro-
scope due to their uneven distribution throughout the tumor mass. Overall,
the Jin study*® provides valuable insights into the complex interactions be-
tween histology and molecular biology.

Very recent progress in PD-1 blockade in advanced gastric cancer

A recent study conducted by Liu and colleagues aimed to develop a DL
model capable of extracting information about the response to first-line PD-
1 blockade from pre-treatment H&E-stained WSIs of patients with ad-
vanced gastric cancer.>* The researchers utilized a new DL-driven tool
called the ICIsNet model, which demonstrated impressive predictive capa-
bilities in both internal and external cohorts of gastric cancer patients,
assessing the immunotherapy response of each of the 313 patients ana-
lyzed. The AUC values highlighted the effectiveness of this approach in dis-
tinguishing between good responders and poor responders to
immunotherapy. In the Liu study, the AUC ranged from 0.92 to 0.96, show-
casing the remarkable predictive power of the model. The ICIsNet model
also facilitated the creation of the Immune Checkpoint Inhibitors Response
Score (ICIsRS), a novel biomarker derived from H&E-stained WSIs.
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Additionally, the study addressed the typical black-box nature of neural
networks and the challenges associated with explaining their self-learning
characteristics. To tackle the important issue of DL model explainability,
Liu and colleagues generated heatmaps for the entire WSI based on the out-
put of each tile. These heatmaps visually represented histological features
linked to a high ICIsRS and a more sensitive response to immunotherapy,
including abundant lymphocytic infiltration, lower cellular heterogeneity,
and stronger cell adhesion. At the other extreme of the spectrum, lower
levels of lymphocytic infiltration, diffuse and signet ring cell architecture,
and mucinous differentiation are associated with a poor response to immu-
notherapy. These findings may represent a novel aspect in understanding
the complexities of explainable DL models. This study suggests that higher
lymphocytic infiltration correlates with better outcomes from immunother-
apy. The substantial presence of immune cells is crucial for the immune
system's effectiveness in attacking cancer cells, a process enhanced by im-
munotherapies targeting checkpoint inhibitors such as PD-1 and PD-L1.
Conversely, low levels of lymphocytic infiltration may diminish the effec-
tiveness of immunotherapy.>*

Collectively, the study by Liu and colleagues confirms the value of H&E-
stained WSI and highlights the numerous molecular and IHC features that
can be extracted by a well-trained DL model, such as the ICIsNet model
used in this study. Another significant conclusion from this research is the
utility of generating heat maps for the entire WSI to interpret the outputs
of neural networks. Finally, the authors contribute importantly to the
explainability of DL-driven models, demonstrating that well-trained algo-
rithms can identify critical features for predicting the efficacy of immuno-
therapy, which may not be easily recognized by the human eye, even by
experienced pathologists. Recognizing these features represents a key chal-
lenge for pathologists and oncologists involved in advancing computational
pathology.

Advantages of computational pathology

Al represents a revolutionary tool for discovering predictive biomarkers
in human tumors. Al-based methods are transforming the landscape for re-
searchers involved in biomarker discovery, as well as for pathologists and
oncologists. These methods demonstrate the effectiveness of well-trained
algorithms in extracting relevant molecular data from routinely stained
H&E sections.>®

When applied in clinical settings, the advantages of this pioneering ap-
proach are numerous. For example, the average computational time to gen-
erate a PD-L1 probability map from standard H&E-stained sections is
approximately 40 s, with a range from 7.9 to 66 s.*> This rapid processing
means that using a robust, well-trained DL model, pathologists can predict
PD-L1 scores and assess the potential efficacy of immunotherapy within a
matter of seconds. This quick analysis provides practicing oncologists
with crucial information to inform their therapeutic strategies for any single
patient.*3>2

The ability of AI approaches to identify significant biomarkers from
H&E sections could lead to substantial cost savings. In summary, the tradi-
tional role of IHC, which relies on complex machinery operated by expert
technicians, may be completely re-evaluated. Identifying genes related to
responses to ICIs, such as PD-L1, without the use of antibodies, presents sig-
nificant challenges but also exciting opportunities for developing molecular
tests, even in peripheral pathology labs in low-resource settings.

Another significant advantage of this innovative approach to “artificial”
histology, which relies on Al-driven models, is the capability of analyzing
digitalized histological slides to extract valuable information beyond just
PD-L1 expression. This information can enhance clinical decision-making
in oncology. Immune pathology, which underpins therapies based on
ICIs, remains a relatively underexplored area in human pathology.
Al-driven methods have the potential to identify novel meta-biomarkers
that can more accurately predict the effectiveness of ICI therapies.>* This
hypothesis is supported by recent studies demonstrating that AI models
can predict immune and inflammatory gene signatures in hepatocellular
carcinoma directly from histological images.>®
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Fig. 1. Comparison between conventional and Al-assisted assessment of PD-L1 expression in cancer tissue.

In summary, these findings highlight the substantial potential of Al par-
ticularly DL models, to extract a diverse range of biomarkers from histolog-
ical images, thereby facilitating the discovery of new predictive biomarkers
(Fig. 1). As aresult, computational pathology (or pathomics) presents an ex-
citing opportunity to become a significant diagnostic tool for medical pro-
fessionals, including physicians, oncologists, and surgeons. By providing
histological, genetic, and molecular information efficiently and cost-
effectively, we have the opportunity to advance the field of cancer diagno-
sis and treatment.>”

Another advantage of computational pathology is the acquisition of a
large dataset of digitized histological images (pathomics), which could be
integrated with various types of clinical data, including real-world data, ge-
nomic, epigenomic, microbiological, radiological (Radiomics), and labora-
tory data. Integrating multimodal data could allow the creation of
metabiomarkers that enhance the performance of Al-driven models, result-
ing in improved AUC metrics when compared to unimodal models using
the same dataset.>®

Another important advantage of computational pathology is the devel-
opment of new algorithms that reduce interobserver variability among
both expert and general pathologists. This variability is particularly pro-
nounced in the evaluation of PD-L1 expression.*”**%° DL models demon-
strate a superior ability to assess PD-L1, making them valuable auxiliary
tools in clinical practice. However, when these models are compared to
their ability to directly and quantitatively extract molecular biomarker ex-
pression from histology, the achievement of mitigating interobserver vari-
ability appears to be a modest accomplishment in this exciting field.

Challenges to be solved

Despite all the advantages of computational pathology as described
here, many challenges remain to be solved before Al models can be inte-
grated into clinical practice, particularly in immuno-oncology. The major
limitations hindering the introduction of these algorithms into the clinical
workflow include the following:

1. Data quality and quantity: effective algorithm performance relies on
large volumes of high-quality data. Unfortunately, oncological datasets
are often incomplete, heterogeneous, biased, and inherently complex.

2. Model selection challenges: the existence of various ML and DL models
can make it difficult for researchers and clinicians to determine which

methodology best suits their needs. It is suggested that classical ML
models may be more effective, especially when working with low-
volume data.®*

3. Certification requirements: certification is a crucial step to ensure that AI
models meet the necessary standards for clinical practice. Therefore, a
standardized process for the certification of Al-driven models should
be promoted.

4. Trust issues among medical professionals: a significant challenge to the
adoption of algorithms in medicine is the lack of trust from healthcare
professionals in these new computational tools and in digital pathology,
although this remains a matter of ongoing debate within the scientific
community.®~%% Research focusing on the interpretability of these
models is essential for building trust in ML and DL systems. Using eX-
plainable Artificial Intelligence methods can enhance the transparency
of algorithms, making them easier for clinicians and pathologists to
understand.®* This approach could help address the “black-box” issue
associated with these models.®®

5. Robustness and validation: ML models that perform well on internal
datasets must also be tested with diverse datasets from multiple centers
to ensure their robustness, which is often lacking and may not meet the
standards required in clinical practice. Comprehensive validation of Al
models using various heterogeneous and relevant datasets is essential
to assess their reliability.®® Deeper insights in this direction can be en-
hanced by comparing each Al model against multiple validation datasets
through a method known as divergent validation, which may also im-
prove model interpretability and generalizability®” or cross-validation
and grand challenges.

6. Algorithm biases: algorithm biases may arise from differences in stain-
ing intensity, data structure, and patient demographics. It is important
to avoid bias to enhance the performance of Al models.®®7°

Conclusions

In conclusion, the studies reviewed demonstrate the capability of new
algorithms to extract molecular data from H&E-stained sections. This abil-
ity represents an intriguing and revolutionary aspect of recent research on
the application of Al in histopathology. Nevertheless, it is important to
highlight that Al-based approaches depend on digital WSI, which is not
yet widely accessible, particularly in resource-limited settings. Large-scale
prospective validation studies are essential to develop new interpretable
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and responsible Al tools that meet the necessary standards for their integra-
tion into clinical workflows. Creating and adopting generalizable and ro-
bust models is the correct way to address the challenges currently
preventing the adoption of Al-driven models in clinical settings, ultimately
enhancing the confidence of pathologists and clinicians in computational
pathology. In perspective, significant progress in this field will require the
development of more standardized algorithm evaluation protocols, using
diverse and representative datasets that integrate robust follow-up clinical
information, and using computational pathology tools in prospective clini-
cal trials. Patient response to therapy remains the most clinically relevant
benchmark, and designing studies that align algorithmic predictions with
treatment outcomes will be essential, despite the open challenges of col-
lecting and sharing such data.”* Furthermore, without coordinated regula-
tory frameworks and collaborative settings, Al algorithms risk spreading
rapidly without interoperability, undermining clinical trust and adoption.
Al progress in pathology will require overcoming challenges in data quality,
validation, clinical alignment, workflow integration, and regulatory ap-
proval. Addressing these correlated issues collectively is crucial to unlock
Al's full potential in clinical practice.
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