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Summary

According to the recently published paper by the Lancet Commission on prostate cancer
(PCa) 1, the projections of new cases of PCa will rise from 1.4 million in 2020 to 2.9 mil-
lion by 2040. Such a rise cannot be prevented by public health interventions and lifestyle
changes. Late diagnosis of PCa is “widespread worldwide but especially in low-income
and middle-income countries” '. The best way to cope with the harm due to the increase
in case numbers is to develop systems for earlier diagnosis. Early diagnosis systems will
have to integrate the growing power of artificial intelligence (Al), including digital pathology
(DP) diagnostics, to aid the interpretation of prostate tissue specimens . This contribution

o

aims to point out how DP and Al can help pathologists for the prostate cancer “tsunami
about to come.

Key words: prostate cancer, gleason digital pathology, artificial intelligence, patient
advocacy

Digital pathology

Digital pathology started to be developed in the 1980s-1990s. It is based
on glass slide scanners designed to obtain virtual slides (VSs) of entire
tissue sections 2. Virtual slides have three main uses:

* routine histopathologic reporting without microscope;

e inference network systems and automated reasoning systems (i.e.,
decision support systems, DSSs) for the definition of the Gleason
patterns, based on non-numeric (descriptive, linguistic terms) and
numeric data;

e Al, based on numeric data derived from virtual slides °.

Prostate cancer morphology evaluation based on
digital pathology and artificial intelligence

Multiple retrospective studies have shown the benefits of Al-based diag-
nostic solutions for PCa that includes improved cancer detection, quan-
tification, grading, and a potential to reduce pathologists’ workload and
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enhance pathology laboratory workflow 4.

Automated deep learning systems can assist patholo-
gists by screening biopsies, providing Gleason score
and grade group, and presenting quantitative meas-
urements of volume percentage. Several investigators
have dealt with PCa grading based on DP and Al ©.
In the study of Lucas et al. 7, the automatic classifi-
cation of the Gleason patterns reached an accuracy
of 90%, with a specificity and sensitivity of 94% and
77%, respectively, in distinguishing between Gleason
patterns 4 or higher and Gleason pattern 3. Concord-
ance of their computer-based GG evaluation with the
evaluation made by a pathologist was 65%, i.e., a
substantial agreement. Al can create algorithms that
can allow a generalist to function as a specialist. The

rate of agreement with subspecialists in grading pros-
tate cancers is proved to be significantly higher for the
deep learning system (71.7%) than for general pathol-
ogists (58%) 8.

More recently, the results of the Prostate cANcer graDe
Assessment (PANDA) challenge, a global Al competi-
tion, were published. In total, 12,625 publicly available
whole-slide images (WSIs) of prostate biopsies were ret-
rospectively collected from 6 different sites for algorithm
development, tuning and independent validation. Around
1,290 developers joined the competition to catalyze de-
velopment of reproducible Al algorithms for Gleason
grading. Best algorithms achieved agreements of 0.862
(quadratically weighted k, 95% confidence interval (Cl),
0.840-0.884) and 0.868 (95% Cl, 0.835-0.900) with ex-

Table I. Original research papers focusing on Al and Gleason grading with an external validation cohort.

First Author, Year DL Training .
Reference Architecture Cohort IACI S/ Aim Results
Kallén, 2016 1° OverFeat TCGA 10-fold cross 213 WSlIs GP tile classification ACC: 0.81
val Classify WSIs with a ACC: 0.89
majority GP
Bulten, 2019 " U-Net 62 WSIs 40 WSIs 20 WSils Benign vs. GP loU: 0-811 (IV) &
0.735 (EV)
F1:0.893 (IV) &
0.835 (EV)
Silva-Rodriquez, | Custom CNN 182WSIs | 5-fold cross-val | 7083 tiles from GP at the level F1:0.713 (IV) & 0.57 (EV)
2020 ™ 641 TMAs gKappa: 0.732 (IV) &
0.64(EV)
GG at the WS level gKappa:0.81
(0.77 with method)
Cribriform pattern AUC: 0.822
detection
at the tile level
Nagpal, 2020 & Xception 524 WSls 430 WSls 322 WSils Malignancy AUC: 0.981
detection Agreement: 0.943
at the WSl level
GG1-2 vs.GG3-5 AUC: 0.972 (EV)
Agreement: 0.928
Pantanowitz, IBEX 549 WSils 2501 WSils 1627 WSIs Cancer detection AUC: 0.997 (IV) &
2020 ' at the WS level 0.991 (EV)
Low vs. high grade AUC: 0.941 (EV)
(GS6 vs GS7-10)
GP3/4 vs.GP5 AUC: 0.971 (EV)
Perineural invasion AUC: 0.957 (EV)
detection
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Table . Follows from the previous page.

First Author, Year

DL

Training

Reference Architecture Cohort R A/ g EEE

Strém, 2020 ™ InceptionV3 6935 WSls 1631 WSIs 330 WSils Malignancy AUC: 0.997 (IV) &

detection at the WSI 0.986 (EV)
level
GG classification Kappa: 0.62
Bulten, 2020 ® Extend Unet 5209 550 biopsies 886 cores Malignancy AUC: 0.99 (IV) &
biopsies from 210 detection at the WSI 0.98 (EV)
from 1033 patients level AUC: 0.978 (IV) &
patients GG > 2 detection 0.871 (EV)
100 biopsies None GG classification gKappa:0.819
(general pathologist) &
0.854 (DL on IV) & 0.71 (EV)
Li, 2021 '® Weakly 13,115 WSiIs 7114 WSils 79 WSIs Malignancy of slides AUC: 0.982 (IV) &
supervised 0.994 (EV)
VGG!lbn
Low vs. high grade Kappa: 0.818
at the WSl level Acc: 0.927
Jung, 2022 17 DeepDx Pre-trained Pre-trained 593 WSils Correlation Kappa: 0.654 (0.576)
Prostate with reference gKappa: 0.904 (0.858)
pathologist
(pathology report
comparison)

Bulten, 2022 ° Evaluation 10,616 WSIs 545 WSls 741 patients GG classification gKappa: 0.868 (EV2)
of multiple (EV1) gKappa: 0.862 (EV1)
algorithms 330 patients

(PANDA (EV2)
challenge)

IV: Internal Validation. EV: External Validation. TMA: Tissue MicroArray. CNN: Convolutional Neural Network. GG: Gleason ISUP Group, GS: Gleason Score,
GP: Gleason Pattern. AUC: Area Under the Curve. ACC: Accuracy. F1: F1-score, combination of precision and recall. loU: Intersection over Union. g/wKappa:
quadratic/weighted Cohen Kappa. Sens: Sensitivity. Spec: Specificity. metric implies the mean of this metric (e.g., AUC).

pert uropathologists on United States and European
external validation sets, respectively °. Most relevant
studies on Al and Gleason grading with an external vali-
dation cohort are reported in Table I.

In 2021, FDA approved the first Al product for digital pa-
thology, namely Paige Prostate. This software showed
a sensitivity of 97.7% and positive predictive value of
97.9%, and a specificity of 99.3% and negative pre-
dictive value of 99.2% in identifying core biopsies with
cancer in a data set derived from an independent insti-
tution 8. However, the FDA specified that pathologists
should use Paige Prostate in conjunction with their com-

plete standard of care evaluation of slide images and
the software cannot be used as the primary diagnosis.

Critical issues concerning artificial
intelligence application in pathology

Most Al applications involve Deep learning (DL) net-
works, that consists of an input layer, multiple hidden
layers, and an output layer, recapitulating the human
neural architecture. The hidden layers can recreate
newer patches of the image and allow for the differ-
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entiation between specific features, and ultimately for
image pattern recognitions capable to predict disease
diagnosis, prognosis, and therapeutics. These process-
es work as “black box; where even the Al’'s designers
cannot explain why the DL algorithm arrives at a spe-
cific decision. To solve this, a new field of Al, named
Explainable Al (XAl), is becoming a potential tool to
also address the legal aspects of Al implementation.
XAl will help users of Al-powered systems perform
more effectively by improving their understanding of
how those systems reason, creating algorithms that fol-
low the three principles of transparency, interpretability,
and explainability. This solution aims to ensure that the
system operates in accordance with ethical and legal
standards, and that its decision-making processes are
transparent and accountable 92,

Another issue raised against the use of Al in pathology
is that it does not provide information about disease
understanding. However, the algorithms are gener-
ated by data input provided by humans. So far, the
research on Al applications in prostate cancer has fo-
cused on algorithms generated by input data consist-
ing in digital images of prostatic tissue. The next step
might be to generate algorithms based on molecular
alterations along with the image of the corresponding
tissue. Combining these different types of data may
lead to a better understanding of disease biology, and
pave the way to a more personalized approach, not
only based on morphology, but also on molecular fea-
tures.

Limited experiences have been reported in the use
of Al in evaluation of immunohistochemistry (IHC) in
doubtful prostate cases. Al has been used to quanti-
fy IHC staining of predictive markers such as HER-2,
PD-L1, Ki-67, with excellent results. However, in order
to use Al for the differential diagnosis of difficult lesions,
i.e. atypical small acinar proliferations, a specific algo-
rithm should be trained with specific image datasets
along with the corresponding IHC stainings. If properly
trained and validated, the algorithm will recognize such
ambiguous lesions.

The future in prostate cancer pathology

The future of PCa pathology, including grading, based
on DP and Al is unchartered. For instance, Al could
grade PCa in a manner no longer constrained by
the limit of established pathologist's knowledge. The
current approach adopted in the Al program relies
on features conceived by pathologists. Future Al
systems could be entirely the product of Al training
and evaluate new tissue morphologic features not
included in the Gleason system. The result could be

a correlation with a prognosis far more accurate than
when based on the traditional morphologic features.
This will bear the stamp of another form of learning
and logical evaluation.

Could artificial intelligence replace the
pathologist or require a new type of
pathologist?

Al will usher pathologists in a world in which decisions,
basically diagnoses, are made in three primary ways:
by pathologists (which is familiar), by machine (which
is becoming familiar), and by collaboration between
pathologists and machines (which is not only unfamil-
iar but also unprecedented).

A fundamental question is whether the pathologist with
a traditional type of training can cope successfully with
the development and applications of Al in the routine,
i.e., a world in which diagnoses are made by a ma-
chine or in collaboration with a machine. The patholo-
gist has not received proper training to being involved
in the development and utilization of Al systems.

The solution would be that the pathologist receives
additional training, whenever possible, in computer
science. This is not easy to implement and, in many
cases, nor feasible. Another solution would be that ad-
ditional people are recruited from non-medical fields
to work in parallel with pathologists in the develop-
mental phase and validation of the algorithm. This can
lead to a new approach to pathology and corresponds
to what Dr James ND et al. referred to “incorporate
novel mixes of personnel management” . With this
approach, the risk is that Al systems could replace or
limit to a certain extent the work done by pathologists.

How would clinicians use artificial
intelligence-generated pathology data?

The clinicians must deal with data originating from
multiple sources, including Al-based morphologic di-
agnostics, radiomics, diagnostic imaging and robotic
surgery. They will have to follow a process of merging
data “defined as multi-criteria decision making and
information fusion” 2'. The resulting information, in-
cluding the diagnostic and therapeutic decisions, will
be far more accurate than when the various sources
are evaluated separately and individually” 2'. All this
involves the utilization of Al.

Empowering patients
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The literature on patients and pathologists and more
in general clinicians diagnosing a disease or recom-
mending treatments based on Al is scant. Rodler et al.
evaluated patients’ trust in Al-based decision-making
for localized prostate cancer. They found that Al-as-
sisted physicians (66.74%) were preferred over phy-
sicians alone (29.61%), physicians controlled by Al
(2.36%), and Al alone (0.64%) for treatment 22,
Patient advocacy groups should be involved in the de-
velopment of Al systems to improve diagnoses, prog-
nosis, and personalized treatments, optimizing care,
and changing the doctor-patient relationship for the
better. Individual patients should also be involved, to
ensure that the decisions made by or with Al align with
human values and priorities.

Conclusions

To sum up, the requirement for Al and human values
to collaborate emerges from their unique and com-
plementary strengths. Al can offer significant analysis
and processing capabilities, while humans possess
emotional intelligence, creativity, and ethical consid-
erations. By combining these strengths, better out-
comes can be achieved for individuals and society as
a whole. It is important to remember that humans are
the creators of Al, not the other way around.

Message from a patient (Anonymized) with PCa: He
would support the adoption of Al if it can help prevent
the development of PCa, in addition to improving diag-
nosis and therapy when already developed.
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