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Many things have changed in the last few years in the
field of surgical pathology. It has been suggested that
with the advent of the artificial intelligence (Al), we are
approaching the third revolution in pathology.l! By citing
the oneiric movie Blade Runner, “I’ve seen things that you
people wouldn’t believe,” computers are now rendering a
histological diagnosis, predicting genomic mutations by just
analyzing whole-slide images stained with hematoxylin and
eosin.’”? Nowadays, words such as computational pathology,
deep learning, convolutional neural network (CNN), and
Al are as common words as “differential diagnosis” and
“immunohistochemistry” in our pathologist’s dictionary.
But, when and how to use these new words in our day-to-day
practice remains unclear.

The recent article by Campanella et al.’] shows us that
computers, CNN, and Al are things that can be implemented
in the pathology laboratories. Moreover, the authors give us a
more stringent and a more practical definition of clinical-grade
performance of Al tools in routine. In their article, the authors
collected three datasets of slides: (1) a prostate core biopsy
dataset; (2) a skin dataset; and (3) a breast metastasis to lymph
node dataset in order to develop a deep learning model to
obtain a well-accurate prediction (on the level of benign vs.
malignant). The results are based on almost a total of 45,000
slides, which represents one of the largest datasets evaluated
up to now. Campanella ef al. propose a framework for training
classification models on a very large scale without the need
for pixel-level annotations. This is a step forward in the
development of Al tool, thus overpassing the major limitation
in obtaining consistent results due to the labor-intensive
annotation process.

The results obtained are, in terms of sensitivity and specificity,
very encouraging with a sensitivity of 100% (i.e., no
false-negative case) for the prostate dataset. This result leads
to the formalization of the concept of clinical-grade decision
support systems, proposing, in contrast with the existing
literature, a new measure for clinical applicability (which is one
of'the several reasons to implement digital pathology in routine
practice).*3 It is well known that current approaches gauge
performance by the quantification of sensitivity, specificity, and
positive predictive value, as well as measures such as the arca
under the receiver operating characteristic curve, the area under
the precision-recall curve, and calibration.!”! However, none
of these measures ultimately reflect what is most important
to patients, namely whether the use of the model results in a
beneficial change in patient care.!”

The authors argue that in future, in a fully digital pathology
department, all the cases or all the slides will be presented to
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the pathologists already sorted through an interface that would
flag positive slides and disregard all benign slides.

Although this workflow could be considered “futuristic,” it
has in many ways already been realized at the Department of
Pathology, Cannizzaro Hospital, Catania, Italy. In this fully
digital workflow, histological slides are routinely scanned and
presented to the pathologists in a virtual slide tray within the
laboratory information system (LIS).[® The integration between
this workflow with a commercial Al tool (INIFY™ Prostate
ContextVision Sweden)”! for the detection of prostate cancer
has been validated and recently presented at the European
Congress of Pathology in Nice.l'” The integration with the
LIS has been validated by testing >5000 slides, resulting in a
robust bidirectional HL7 connection between LIS and Al tool.

This workflow recapitulates that one described by Campanella:
once slides belonging to the category of prostatic biopsies have
been scanned, the Al tool is run and the pathologist is presented
with the model’s recommendations directly in the virtual tray.
If the Al tool detects cancer, the corresponding slide in the
virtual tray displayed in the LIS is flipped. The integration
of the decision support tool was relatively simple and now
runs automatically with no need of additional workload for
technicians or pathologists. Updated version of the tool has
now been implemented, showing a higher sensitivity with
very low false-negative cases (belonging to a small focus of
carcinoma). Moreover, in the clinical setting, pathologists
may have the possibility to look at the “suspicious” areas as
detected by the ContextVision algorithm and highlighted in
their proprietary viewer, thus using the Al tool as a template
to search and verify the eventually missed suspicious areas
by pathologists. In this setting, the Al tool represents a
computer-aided design tool for pathologists.

Independently by the method used in developing the algorithm
of the Al tool, the article of Campanella et al. deserves and
raises some comments as follows:

1. Although digital pathology has been said to represent the
third revolution in pathology," the fully digital pathology
laboratories are very few worldwide."'?! This is probably
due to several reasons, including cost, information
technology requirements, and, last but not the least, the
skepticism toward digitalization in general that still exists
in the pathology community."3 As a consequence, we are
facing with a proliferation of applications and tools not
yet adopted or integrated into the clinical workflow

2. Although the possibility to disregard “negative” slides
could be of great utility, one should ask whether in the
real day-to-day practice, the pathologists are willing to
discharge all these negative cases/slides as defined by the
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Al tool. It should be also kept in mind that the AT tool
can only analyze what has been recognized by the tissue
finder of the slide scanner and that the failure of this
detection could represent a rare source of error impacting
the diagnosis of clinically significant!"]

3. The use of Al tool in the routine practice will not only
give the possibility to screen for cancer but also to forecast
molecular abnormalities and prognosis,!'” underlining the
need to move to a fully digital approach!'¢!

4. Al tool will change, in my opinion, even the clinical
scenario of the pathologies. Future clinical studies should
verify whether cases defined as false negative or false
positive by the Al tool may per se represent new clinical
categories, and which deserves a particular clinical
approach.

“Once in a while, someone teaches you something that forces
you to re-evaluate the integrity of your intellectual foundations.
If proven correct, this moment of cognitive disquietude can
eventually transform our understanding of the world for the
better, but the initial instinct is typically more akin to fear and
trembling.”t"!

It is clear that pathologists and nonpathologists will more often
be faced with a “digital approach” to the disecase: “alea iacta
est” (we are at a point of no return).

We just need to be part of it.
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