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Abstract

The ongoing growth of artificial intelligence (AI) involves virtually every aspect of oncologic care in medicine. Although Al is in its
infancy, it has shown great promise in the diagnosis of oncologic urological conditions. This paper aims to explore the expanding role of
artificial intelligence in the histopathological diagnosis in urological oncology. We conducted a focused review of the literature on Al in
urological oncology, searching PubMed and Google Scholar for recent advancements in histopathological diagnosis using AI. Various
keyword combinations were used to find relevant sources published before April 2nd, 2024. We approached this article by focusing on
the impact of AT on common urological malignancies by incorporating the use of different AT algorithms. We targeted the capabilities of
ATs potential in aiding urologists and pathologists in histological cancer diagnosis. Promising results suggest AI can enhance diagnosis
and personalized patient care, yet further refinements are needed before widespread hospital adoption. Al is transforming urological
oncology by improving histopathological diagnosis and patient care. This review highlights A's advancements in diagnosing prostate,
renal cell, and bladder cancer. It is anticipated that as AI becomes more integrated into clinical practice, it will have a greater influence
on diagnosis and improve patient outcomes.
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INTRODUCTION a computer’s ability to replicate the cognitive functions of

the human mind at a higher level, continuously improving
The ongoing growth of artificial intelligence (AI) involves  its performance over time. This is done through the per-
virtually every aspect of oncologic care in medicine. Alis  ception of external stimuli and the determination of an ef-
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fective strategy for a desired outcome.!!) Over the past two
decades, the field of urology has undergone a significant
transformation, transitioning from a primarily surgical
discipline with limited drug treatments to one marked by
remarkable advancements, which include the widespread
adoption of endoscopic procedures and the continuous
expansion of pharmacotherapies for prevalent conditions
such as urinary incontinence and erectile dysfunction.!?!
Unlike traditional methods relying heavily on statistics, Al
has the ability to analyze vast amounts of information while
simultaneously identifying highly complex data patterns,
facilitating more accurate predictions. Although the use of
Al is in its infancy, it has shown great promise in the di-
agnoses in urological oncology. Exciting Al developments
may aid in the histopathological diagnosis of urological
oncology. Embracing the advantages of Al is expected to
improve the quality of healthcare facilities, therefore in-
creasing patient’s quality of life."!

AIM

This paper aims to explore the expanding role of artificial
intelligence in the histopathological diagnosis of urological
oncology. By analyzing the complexities of AI, we will eval-
uate the strengths and weaknesses of different divisions of
tumor oncology.

METHODS

We conducted a focused, non-systematic review of pub-
lished literature concerning the use of AI in urological
oncology. The PubMed and Google Scholar databases
were searched to gain insights into recent advancements
in histopathological diagnosis using Al and their impact
on urological oncology. We analyzed the existing diagnos-
tic methods and how AI algorithms have enhanced them,
facilitating more efficient diagnosis for pathologists and
urologists, especially with specimens that are harder to di-
agnose requiring extensive training and expertise. Various
combinations of keywords, such as urological oncology, A,
urology, and histopathological diagnosis with AI, were used
to narrow down and identify relevant sources. Only mate-
rials published before April 2nd, 2024, were considered for
inclusion. Relevant articles were selected, and information
related to the keywords was extracted for analysis.

RESULTS

Understanding the fundamentals of Al is important to
evaluate its implementation. Artificial Intelligence (AI) is a
field of computer science that uses machine learning tech-
niques to make predictions.

Machine learning (ML)-based approaches entail ma-
chines “learning” from the data provided to them to make

predictions. Deep learning (DL) is a specific ML approach
that has evolved through the advancement of artificial neu-
ral networks. DL involves multiple layers of artificial neu-
ral networks consisting of an input layer, an output layer,
and multiple hidden layers. The algorithm is then used for
different tasks, such as classification, segmentation, and de-
tection.[¥ Whole-slide imaging is the digital conversion of
entire microscopic slides with the help of high-resolution
scanners. A convolutional neural network (CNN) is a vari-
ation of the DL model designed for processing input and
output data. It consists of multiple convolutional layers ap-
plying filters to the input data. During training, the filters
are designed to extract valuable information from the input
data, enabling the network to perform end-to-end learning
while simultaneously utilizing all the parameters.*! Al algo-
rithms can identify data from digital images from radiology
and pathology that the human eye cannot detect, a process
known as radiomics and pathomics.(®!

Al in renal cancer

Between 1983 and 2002, the prevalence of renal cancer
increased from 7.1 to 10.8 cases per 100,000 patients. The
diagnosis was made incidentally when imaging studies
were conducted for unrelated clinical reasons. Despite the
progress in diagnosis, patient outcomes have not improved,
with a reported increase in mortality from 1.5 to 6.5 deaths
per 100,000 patients within the same time interval.l”!

Renal cell carcinoma (RCC) is the sixth most diagnosed
cancer in men and the tenth in women among all cancers.
It possesses extensive histopathological features, creating
challenges for accurate diagnosis and prognosis.”®) CT im-
aging holds 90% sensitivity for renal mass, nearing 100%
for lesions greater than 2 cm.[®) The majority of patients un-
dergo surgical interventions; however, a large proportion of
tumors are benign or undetermined, so active surveillance
is sufficient in some patients.®) Consequently, renal mass
biopsy (RMB) has been adopted for differentiation between
benign and malignant tumors.['”! On the other hand, they
are invasive procedures and non-diagnostic in approxi-
mately 10%-15% of cases.(!!]

In some cases, interobserver variability remains a bar-
rier to RMB interpretation.!'?) AT can overcome these lim-
itations and help diagnose different clinical groups more
efficiently.

In the era of the “Big Data” generation, the use of elec-
tronic health records, digitalized radiology, and virtual
pathology has created an abundant source of digital data
that is applicable to the data-characterization algorithms of
ALP! Erdim et al. differentiated both benign and solid renal
mass oncocytomas and fat-poor angiomyolipoma from all
RCCs with a promising area under the receiver operating
characteristic curve (AUC) of 0.91.1'3 Fenstermaker et al.
created a DL-based algorithm to aid in the identification
of RCC in histopathological specimens. The model was
trained on 3000 normal and 12,168 RCC tissue samples
from 42 patients, achieving a high-level accuracy of 97.5%
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in differentiating clear cell, papillary, and chromophobe
subtypes when only using a 100-square-micrometer (um?)
sample. Furthermore, the prediction accuracy for Fuhrman
grade was 98.4%.(14]

Oncocytoma is the most frequent benign renal mass
found. Pathologists encounter difficulties when differenti-
ating oncocytoma from chromophobe RCC.!'! Previous
models on machine learning applications for kidney cancer
involved mainly resection slides and three RCC subtypes
without any consideration for benign and oncocytoma. Zhu
et al. showed promising results in analyzing five subtypes:
clear cell RCC, papillary RCC, chromophobe RCC, renal on-
cocytoma, and normal surgical resection slides using a deep
neural network model. Recent studies combined convolu-
tional neural networks and directed cyclic graph-support
vector machines to classify three RCC subtypes. In addition,
a common approach in digital pathology requires training
a diagnostic model without region-of-interest annotations
with weakly supervised learning. Their study differs from
these methods as they follow a more intuitive methodology
based on patch-level confidence scores achieving an AUC
of >0.95. This study establishes a solid foundation for fu-
ture studies in the classification of RCC subtypes as it was
evaluated on both tertiary medical institution data and sur-
gical slides from The Cancer Genome Atlas. Additionally,
this model was tested on 79 RCC biopsy slides, with 24 di-
agnosed as oncocytoma. This model holds a great advan-
tage for pathologists by automatically pre-screening slides
to eliminate false negatives, highlight important regions on
the slides, and provide diagnosis optimizing efficiency.[!°!

With the help of two pre-trained convolutional neural
networks (CNN), Tabibu et al. differentiated between clear
cell and chromophobe RCC with a classification accura-
cy of 93.39% and 87.34%, respectively. Furthermore, they
amplified the deep network with a directed acyclic graph
support vector machine (DAG-VSM) for subtype classifi-
cation. This functionality not only enhanced the model’s
performance but also addressed data imbalances inherent
in multi-class classification tasks involving histopathologi-
cal images. High-probability cancerous regions and tissues
from different origins were effectively characterized.!!”!

RCC classification is a challenging task because of the
complexity of the method. The periodic updates to the clas-
sification system additionally complicate the process. Clear
cell papillary RCC is a relatively new subtype that has only
been recognized as of 2016.18) These tumors consist of fea-
tures of clear cell and papillary RCC, yet they are different
in immunohistochemistry and genetic profiles.[') Abdel-
tawab et al. developed a CNN-based computerized-aided
diagnostic (CAD) system to distinguish clear cell RCC
from papillary RCC, achieving an accuracy of 91% using
cases from the institution files and 90% in the diagnosis of
clear cell RCC using an external dataset.[2"!

Some researchers have used neural networks initially
developed to diagnose different tumors to enhance diag-
nosis. Faust et al. utilized a CNN primarily programmed
to recognize the histomorphology of brain tumors on 550

digital images of 396 clear cell RCC and 154 papillary RCC.
Five hundred and twelve different features were extracted
from more than 550 digital WSIs of RCC to perform image
set-clustering, therefore allowing the algorithm to evaluate
clinical and biological differences between the patient sub-
groups. By employing this methodology, researchers were
able to recognize different subtypes of RCC and predict
survival rates within each group. The algorithm could also
identify specific patterns and features specific to kidney
cancer. The results of this study demonstrate that CNNs
pretrained on large histologic datasets can learn new pa-
thologies with or without unsupervised applications.?!

Al in bladder cancer

Bladder cancer (BCa) is the most prevalent malignancy of
the urinary tract. In 2018, there were 549,393 new cases,
of which 199,922 resulted in death.!??! The most observed
manifestation in BCa is hematuria, which is gross or mi-
croscopic in character. The presence of 23 red blood cells
per high-power field on 2 of 3 microscopic urinalysis de-
fines hematuria according to the best practice panel of the
American Urological Association.!?3) Cystoscopy with ad-
ditional cytology, contrast urography, and ultrasound are
the best diagnostic methods for the diagnosis and moni-
toring of bladder tumors.!?*! Although white light imaging
(WLI) is the main principle of cystoscopy in suspicion of
BCa, a great incidence of error remains (10%-40%). The
immunity of AI to human error may prove valuable in in-
creasing diagnostic accuracy.!?”)

Shkolyar et al. developed CystoNet, which is a CNN-
based model for automated detection of bladder tumors.
The model was established upon a dataset of 2335 frames
of normal bladder mucosa and 417 frames of histologically
confirmed papillary urothelial carcinoma obtained from 95
patients. The effectiveness of CystoNet was assessed on 54
more patients, showing a sensitivity of 90.9% and a speci-
ficity of 98.6% per frame. The model was successful in de-
tecting 39 out of 41 papillary and three of three flat bladder
cancers, demonstrating that it could assist in training, and
diagnostic decision-making while ensuring consistent per-
formance among providers enhancing the accessibility and
quality of cystoscopy.®!

Urologists are trained to identify various cancers during
cystoscopy; nonetheless, the diagnosis relies on their ex-
pertise. It is particularly difficult to recognize tumors with
a small diameter and flat tumors like carcinoma in situ. A
model based on GoogLeNet (Szegedy et al.) was utilized
by Ikeda et al. to mitigate human error and increase the
quality of the diagnosis. The dataset consisted of a total of
2102 cystoscopic images, 1671 images of normal tissue,
and 431 images of tumor lesions. To further expand the
data, the authors enlarged the training dataset by rotating
and blurring the cystoscopy images. They also used trans-
fer learning to train their model. The original GoogLeNet
model, which consisted of 22 layers and over seven million
parameters, could readily fit the small dataset utilized in
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this study. A final model evaluation of a cystoscopic image
with AT assistance showed a sensitivity of 89.7% and a spec-
ificity of 94.00%. As a whole, the use of Al in cystoscopy
image evaluation has a lot of potential.l”!

Lymph node staging is essential in the diagnosis and
treatment of patients with bladder cancer. Wu et al. pro-
duced a diagnostic model based on whole-slide images of
lymph node metastases. This retrospective, multicenter,
and diagnostic study examined the effectiveness in dif-
ferent groups: five validation sets, a single lymph node
test set, a multi-cancer test set, and a subset for compar-
ing performance between the model and the pathologists.
The dataset included 8177 images and 20,954 lymph nodes
obtained from 1012 patients with bladder cancer and rad-
ical cystectomy, along with lymph node dissection. After
the exclusion of 14 patients with non-bladder cancer and
21 low-quality images, the samples included 998 patients
and 7991 images. The AUC for accuracy ranged from 0.978
to 0.998 in the five validation sets. The performance of the
model came to 0.983 and 0.906 for the junior pathologist in
comparison with 0.947 for the senior pathologist. The Al
assistance improved the sensitivity of both the junior and
senior pathologists, from 0.906 to 0.953 and from 0.947
to 0.986, respectively. In the multi-cancer test, the model
maintained an AUC of 0.943 in breast cancer and 0.922 in
prostate cancer images. Micro metastases missed by the pa-
thologists, leading to negative results, were detected by the
model. The receiver operating characteristic curve demon-
strated that the model would allow pathologists to exclude
80% to 92% of the negative slides while maintaining 100%
sensitivity. The model holds significant potential for clinical
applications in detecting lymph node metastases, especially
micrometastases, enhancing the precision and effectiveness
of pathologists’ work. 28]

Due to the invasive nature of cystoscopy, patients ex-
perience discomfort during the procedure, which poses a
financial burden to the healthcare system. Research into
the implications of Al for efficient and prompt diagnosis
through urine is underway.[®! Urine cytology is a simple,
inexpensive, and effective mechanism for detection and
follow-up. However, limitations exist with this method.
The samples necessitate manual screening, involving first
screening by a cytotechnologist, followed by a review by a
pathologist, before a conclusive diagnosis is reached.*”) In
many cases, confirmation is difficult due to sampling error,
urothelial cell degradation, inflammation, and interobserv-
er agreement.>*)

To address the absence of readily available comput-
ed screening systems for urine specimens and the issue
of poor interobserver agreement, Sanghvi et al. devised a
computational pipeline for analyzing digitized liquid-based
urine cytology slides. One thousand six hundred and fif-
teen whole slide images (WSIs) were used for training, and
790 WSIs were used for testing their pipeline, encompass-
ing multiple tiers of CNN models. This algorithm yielded
an AUC of 0.88.13!

The implication of artificial intelligence using the Visio-

Cyt test in the diagnosis of bladder carcinoma was report-
ed by Lebret et al. A large multicenter trial was executed
in 14 centers on 1360 patients, divided into two groups:
1) patients with bladder carcinoma of varied histological
grades and stages; and 2) a control group of patients with
negative cystoscopy. The process included algorithm de-
velopment and algorithm validation. This was followed by
a comparison of the VisioCyt results and those obtained
from experienced uropathologists. VisioCyt showed a sen-
sitivity of 84.9% and a cytology of 43%. Regarding high-
grade tumors, VisioCyt’s sensitivity was 92.6%, and that of
uropathologists was 61.1%. For low-grade tumors, Visio-
Cyt showed a sensitivity of 77%, and that of uropathologists
was 26.3%. If confirmed by a validation cohort, the algo-
rithm can be beneficial for pathologists.3?!

A study performed by Sokolov et al. explored the use of
nano-scale-resolution images of urine cells by atomic force
microscopy (AFM). The evaluation of urine samples from
43 patients without evidence of bladder cancer and 25 can-
cer patients with confirmed bladder cancer displayed a di-
agnostic accuracy of 0.94 when studying five cells per urine
sample. A significant improvement in diagnostic accuracy
was achieved in comparison with the standard cystoscopy,
as validated by the assessment of 43 control and 25 bladder
cancer patients. 3!

Al in prostate cancer

With the epidemiological range for prostate cancer patients
ranging from 45 to 60, it is associated with the highest can-
cer-associated mortality rate in Western countries.34

Prostate cancer screening with prostate-specific antigen
(PSA) has substantially reduced mortality from prostate
cancer (>50%).1**] On the other hand, it has led to major
overdiagnosis and overtreatment of non-aggressive pros-
tate cancer.3% Therefore, it is of vital importance to ensure
the use of the latest technologies to allow for personalized
therapeutic plans for individual patients.

Diagnosis of prostate cancer is done by microscopic as-
sessment of tissue samples; however, limitations remain in
the presence of insufficiently trained pathologists. Some re-
searchers have developed an augmented reality microscope
(ARM). The deep learning system presents real-time feed-
back to pathologists as they are viewing the histopathology
slides. In relation to prostate cancer detection, the algorithm
gained an AUC of 0.93 at the x10 objective and an AUC of
0.99 at the x20 objective. The integration of ARM can be
seamlessly incorporated into the existing microscopy work-
flow, thereby eliminating the requirement for expensive IT
infrastructure and whole slide image scanners. Subjective
tasks like stain quantification can be overcome, especially
in places with limited access to highly experienced pathol-
ogists. Early experience has been successful with promising
results, indicating its utility in clinical medicine with con-
tinued development and data set incorporation.”)

Due to the similar challenges encountered, Strém et al.
created an Al system to assist urological pathologists in de-
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tection, localization, and Gleason grading. Digitization of
6682 slides from needle core biopsy, mainly from the STH-
LM3 population-based prostate cancer screening trial. The
obtained images were used in the training of deep neural
networks for the evaluation of the prostate biopsy samples.
The system received an AUC of 0.997 for differentiating
between benign (n=10) and malignant (n=721) tumors. In
accordance with Gleason’s grading, the Al system displayed
a mean pairwise Cohen’s kappa of 0.62, which fell within
the range of corresponding values (0.60-0.73) obtained by
23 experienced urological pathologists. By using this algo-
rithm, accurate grading of prostate cancer along with a sec-
ond opinion from a pathologist can be obtained. (3!

The Gleason grading of the biopsy specimen holds sig-
nificance within case management. Nagpal et al. construct-
ed a deep learning system to assist in the grading of the
specimen into 5 categories: nontumor, GG1, GG2, GG3,
GG4, or GG4-5. Seven hundred and fifty-two deidentified
digitized images from prostate needle biopsy specimens
were acquired from three institutes in the United States.
By allowing immunohistochemical access to the histolog-
ic sections for the biopsy samples, specialists were able to
minimize levels of uncertainty in the diagnosis. The rate
of agreement with subspecialists was higher at 71.7% than
the 19 general pathologists (58%, p<0.001). Differentia-
tion between tumor and non-tumor, the rate of agreement
with the subspecialist was 94.3%, and the general patholo-
gist had a similar result of 94.7%. This study demonstrates
that support from Al is beneficial in enhancing expertise
at Gleason grading of prostate needle biopsy specimens.*"!

Another computer-aided diagnostic system for auto-
matic grading of prostate cancer by multiple pathologists
can be visualized in this study demonstrated by Nir et al.
The workflow was composed of multi-scale features: glan-
dular, cellular, and image-based. The classifier was trained
on 333 tissue microarray (TMA) samples, each graded by
six pathologists. Each TMA slide consisted of 160 cores
(10x16 grid) from approximately 80 different radical pros-
tatectomy samples. For ease of annotation by multiple
pathologists of individual core images, they developed an
Android-based application known as “PathMarker”. This
contributed to the establishment of an extensive and com-
plex database with multiple labels. To evaluate the perfor-
mance of the automatic grading system, a cross-validation
study comprising a dataset of 231 patients was conducted.
This received a kappa value of 0.51 between the system and
pathologist, which falls within the spectrum of previous-
ly reported ranges of inter-pathologist agreements (0.45-
0.62). This finding reflects positively on the classifier’s
performance as it validates its efficacy, indicating potential
employment in clinical practice.[*"!

Limitations

The use of Al is rapidly evolving; however, there are some
roadblocks impacting the evolving involvement of these

programs in clinical practice. Some studies have based
their research on a retrospective design, resulting in occa-
sional data loss and bias. Alongside that, small sample sizes
hinder reproducibility and clinical applicability due to the
algorithm being taught on small datasets, preventing its
widespread use for patients from various epidemiological
backgrounds. This limitation is reinforced by the use of an
internal dataset, which further limits cross-validation and
potentially leads to bias.!3) Having a large canvas of cells is
imperative for subsequent imaging data; however, with RMB
limited by under-sampling, the dimensional similarities are
not equivalent between a small sample patch of whole slide
imaging compared to a renal mass biopsy specimen.!'*) One
major limitation that is holding back the advancement of AI
is the misclassification of biopsy slides. One study report-
ed their model’s inability to differentiate between clear cell
RCC and normal slides, which is an issue of major concern.
This is a fundamental function essential for improving the
algorithm further; however, its failure to perform this basic
task highlights the model’s prematurity and the limitations
of the algorithm. For some studies, only one urologist anno-
tated all the lesions, increasing the possibility of overlooking
a lesion and making accuracy vulnerable.['®)

Further validation of the images by multiple doctors
was not conducted. Annotating the images of inflamma-
tory changes in the bladder was not prepared, causing the
unavailability of the data for the algorithm. Not providing
the algorithm certain images indicates either overperfor-
mance in the training set or underperformance on the new,
unseen data. This may reduce effectiveness in real-world
application as it may struggle to generalize new data and
the predictions may be inaccurate due to the lack of com-
prehensive data.l?’”) In patients with lymph node metasta-
ses in bladder cancer, some studies identified the lack of
variability within different types of bladder cancer and the
different types of treatment the patients receive. This hin-
ders the use of data for other types of bladder cancer.?8! In
some cases, the data was obtained from a tertiary academic
medical center and consisted of extremely rare and chal-
lenging cases, like polyoma virus-infected transplantation.
In everyday applications, it may struggle to generalize to
more common scenarios as it was trained on limited in-
formation affecting the effectiveness and utility in broader
applications. The urine samples contained both single cells
and 3-dimensional cell clusters, which created difficulty as
whole slide images only focused on one Z-plane.’!] One
major drawback was the training of the algorithm for one
biopsy specimen per case, even though each clinical case
involved 12 to 18 biopsy specimens. Furthermore, in or-
der to provide less subjective insights than a subspecialist
evaluation, the relationship between the deep learning sys-
tem for Gleason grading and clinical outcomes should have
been established. The impact of rescanning the specimens
on model performance requires further assessment in fu-
ture research endeavors.>”)
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Table 1. This table has been designed to summarize some of the articles to clearly display the key findings of some studies
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malignant renal solid mass  algorithm . benign and malignant renal
malignant) .
solid mass
Identify and differentiate
renal cell carcinoma (RCC) . + 3000 normal samples Accuracy of 97.5% in differen-
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CONCLUSION

Al is revolutionizing urological oncology by enhanc-
ing histopathological diagnosis, optimizing patient care,
and improving clinical decision-making. With the rise in
technology, Al is becoming pivotal in precision medicine
and is at the center of scientific research from a diagnostic
and therapeutic perspective. In this review, we focused on
highlighting the advancements of AI in a histopathological
setting by evaluating the diagnostic role of AI for prostate,
renal cell, and bladder cancer. While AI has demonstrated
significant potential in urological oncology, further refine-
ment is necessary to address the existing challenges. De-
spite its promise, there are hurdles that must be overcome
to optimize effectiveness, such as larger patient cohort data,
more refined training, and data analysis to ensure its utility
in clinical practice with a wide variety of patients. As Al
continues to evolve and integrate into clinical practice, its
impact on diagnosis is expected to grow exponentially, ul-
timately leading to positive outcomes and improved quality
of life for patients.
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Histopathological Diagnosis with Al in Urological Oncology
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Pe3tome

[Tpopomxaromuiicss pocT IPUCYTCTHA UCKYyCCTBEHHOTro MHTe/UleKkTa (V1) saTparuBaeT IpaKTHMYeCKM BCe aCIHEKThl OHKOTIOIMYEeCKO
momomyt B MepmiyHe. Xora VMV HaXOgUTCsA B 3a4aTOYHOM COCTOSHUM, OH IIOKasan OOJblINe MEePCIeKTUBBL B AMATHOCTHKE
OHKOJIOTMYECKIUX YPOTIOrnueckux 3abomeBaunit. Llenp 9T0it cTaThU — U3Y4IUTDH PACHUIMPAIOLIYIOCA POIb MCKYCCTBEHHOTO MHTE/UIEKTa
B TMCTOIATOMIOTMIECKON JMATHOCTUKE B YPOIOTMIECKOI OHKOIOTII. MbI IIPOBeIII Lie/IeHalIpaBIeHHbI 0030p MuTepaTypsl o VI B
YPOIOIN4eCKOi OHKOIOT MM, BBIIIOMHNUB IToucK B PubMed n Google Scholar Ha mpeMeT oc/me fHNX JOCTIDKEHMIT B TUCTONATOIOT NI CKOIT
AMATHOCTMKe C MCIonb3oBanyeM V. [Ist mOMCKa COOTBETCTBYIOLIMX MCTOYHMKOB, OMYOIMKOBAHHBIX Ho 2 amperns 2024 ropa,
JCIIOIb30BA/IUCh Pa3NYHble KOMOMHALIMM K/TIOYeBBIX CI0B. MBI MOLOLIIN K 9TOI CTaThe, COCPENOTOUMBINNCh Ha BustHuy VIV Ha
PacIpoCTpaHEHHBIE YPOTIOrMYecKie 37I0KadeCTBeHHbIe HOBOOOPA30BaHNs, BKIIOYNB UCIIONb30BAHNE PA3INIHBIX anroputMos VIV
Mb! HanenMIUCh Ha BO3MOXXHOCTY noTeHnnana VIV B okasaHMM MOMOLIYM YyPOJIOTaM U IaTO/IOTaM B TMCTOJIOIMYECKO AMAarHOCTUKE
paka. MHoroo6emarolye pe3ynbraThl CBUIETENLCTBYIOT O TOM, 4TO VIV MOXeT ylIydlnTb AMarHOCTMUKY M IePCOHATN3UPOBAHHBDII
YXOff 3a MalyeHTaMy, OGHAKO HeOOXOAVIMBI [a/bHelIIle YCOBEPLUICHCTBOBAHNA Mepef WINPOKUM BHeApeHreM B 60abHuIbL VIV
mpeobpasyeT YPOIOTMIECKYI0 OHKOIOTMIO, YIydlias [HCTOIATONIOTMYECKYI0 JUAaTHOCTUKY U YXOf 3a manueHTamu. B atom o63ope
ocpentaTcs focTikenns VIV B fuarHocTuke paka IpoCTaThl, HOY€YHOKIETOYHOTO PaKa 1 paka MOYeBOro mysbips. OXujaeTcs, 4To
110 Mepe TOro, kak VI 6ymeT Bcé 6omblile MHTEIPUPOBATHCS B KIMHUIECKYIO IPAKTHUKY, OH OyfeT OKa3plBaTh Oo/Ibllee BIMSIHUE Ha

AVATHOCTUKY 1 Y/IydIIaTb pe3y/IbTaTbl T€9€HN MalMEHTOB.

KnwoueBble cnoBa

VN, rucTomnaTomornieckas AMATHOCTHUKA C nn, yponorn4eckass OHKOJIOTA, YPO/IOTUA
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