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As clinicians, surgeons, researchers, and academics, we face
different challenges in the settings we act. We all know the
complicated process of decision-making and the importance
of preventing judgment errors in each step: When defining a
diagnosis, addressing modifiable risk factors, optimizing
resource use, offering or conducting surgery, and managing
complications.’

Currently, the high volume of data, its availability, and the
different existing sources might prevent the appropriate
information synthesis to obtain an accurate diagnosis, plan
an individualized treatment and get the prediction of an
outcome.? We are commonly confident in statistical meth-
ods, which are the usual tools that we see in published
studies. Nevertheless, clinicians and researchers have ap-
plied artificial intelligence (AlI) methods in different knowl-
edge areas, specifically in urologic diseases for years
outperforming the standard methods®>* to overcome the
problem we face every day in our decision-making process.

Al is a critical tool that focuses on creating an intelligent
algorithm that performs human tasks by complex non-linear
mathematical models and building blocks that mimic human
neurons. The primary objective is learning easy and challenging
human capabilities to improve a determined outcome.’ 2 There-
fore, different kinds of Al reflect computer systems that can
learn from raw data with a degree of autonomy, for example,
machine learning, artificial networks, natural learning process,
deep learning, and reinforcement learning, among others.?

Machine learning (ML) is a subtype of Al in which there are
science and application of statistical models and algorithms
that can infer patterns from raw. This method was one the
first of this kind and demonstrated that there was no need to
write long codes, but machines could be taught and learn
how to detect a pattern. Some examples include voice
recognition, web search engines, and email filters.” There
are two models, supervised and unsupervised. The first one
refers to systems that can infer a prescribed outcome or an
output category from raw data by some instructions from
human experts, in other words, the system must be trained
to learn an association between the input data and the
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output (outcome). The unsupervised model creates its out-
put categories from the structure and distribution of the
input data without specific training.’

Another interesting type of Al is artificial neuronal net-
works (ANN) and deep learning (DL). They resemble a
biological nervous system where signals are in layers of
simple computational units (neurons); the connections
among the units are weighted but can change as the network
learns different input/output patterns.® Deep-learning net-
work is a highly-dimensional artificial neuronal network
with multiple layers that support the discovery of hidden
and abstract representations in raw data. Those hidden
nodes and layers are weighted and are influenced by the
previous layers as it learns.’-?

On the other side, reinforcement learning is another type
of Al in which computer systems can identify actions that
yield the highest probability of a given outcome. In this
subtype, the model can be trained by trial and error scenarios
(algorithms) to find these actions.'

The natural language processing comprehends a system
that can understand human written and spoken language.
This type of Al is crucial for the analysis of large-scale
electronic medical records, especially for physicians’ narra-
tive data (clinical histories). It will identify standard infor-
mation to find relationships.?

So far, I have described different subtypes of Al, but from
here, I will describe some examples of the clinical applica-
tions in urology.

Most of the applications are described in genitourinary
cancer regarding diagnosis, staging, and prognosis. Addition-
ally, according to new advances in omics sciences, research-
ers have also put their attention in novel biomarkers and data
mining by bioinformatics techniques (computational tech-
nologies and statistics for the biological data analysis) that
also uses Al tools.

In prostate cancer, there are ML and ANNs that have shown
improvement in diagnostic accuracy in some scenarios, espe-
cially in those with digital pathology and Magnetic Resonance
(MR) of the prostate. However, in others such as staging and
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prognosis, some Al models demonstrated superiority over
standard statistical tools, while others found similar results.2-®

Regarding urothelial cancer, the use of imaging and urine
metabolite markers based on Al models might improve the
diagnosis of bladder and urothelial cancer (AUC 0.7 to 0.9). It
will also be essential to diminish the interobserver variabili-
ty. Additionally, it may improve the prognosis in patients
with the muscle-invasive disease.?’

Renal cancer can be challenging, especially during the
diagnosis process. Clinical and metabolomic databased on
spectroscopy and mass spectrometry might be used in Al
tools and improve the diagnostic accuracy over statistical or
imaging conventional methods.>?

Other settings in urology are hydronephrosis and urinary
reflux. There are studies which try to predict urinary reflux
and renal obstruction from ultrasonography based on ML.
The authors found that they are slightly better than standard
statistical tools.”'°

Al is an exciting and essential tool to support clinical
decision-making for urologists. There are no enough data
right now to standardize it; nevertheless, this is a tool that
showed up to remain. We need to work together with the
data scientist, the biostatistician, the molecular biologist,
and other professionals that can collaborate to train these
methods to improve our patients’ health.
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