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Abstract: The diagnosis and management of prostate cancer involves the interpretation of
data from multiple modalities to aid in decision making. Tools like PSA levels, MRI guided
biopsies, genomic biomarkers, and Gleason grading are used to diagnose, risk stratify, and
then monitor patients during respective follow-ups. Nevertheless, diagnosis tracking and
subsequent risk stratification often lend itself to significant subjectivity. Artificial intelligence
(AI) can allow clinicians to recognize difficult relationships and manage enormous data sets,
which is a task that is both extraordinarily difficult and time consuming for humans. By using
Al algorithms and reducing the level of subjectivity, it is possible to use fewer resources
while improving the overall efficiency and accuracy in prostate cancer diagnosis and
management. Thus, this systematic review focuses on analyzing advancements in Al-based
artificial neural networks (ANN) and their current role in prostate cancer diagnosis and
management.
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Introduction

Prostate cancer is the most commonly diagnosed non-skin malignancy in men
and second leading cause of mortality from cancer. Furthermore, it is estimated
that 1 in 6 American men will be affected by this ailment during their lifetimes.'
Challenges faced during the course of prostate cancer management include
increased volume of prostate biopsies and a shortage of urological pathologists,
which puts a strain on diagnosis of prostate cancers.” Additionally, the presence of
a variability of pathological grading can result in an overtreatment or under treat-
ment of prostate cancer.’

Artificial Intelligence (AI) and machine learning in the healthcare is a new area
of research which has recently gained a lot of interest. Al often makes use of
artificial neural networks (ANN) that use statistical models that are directly inspired
by and partially modeled on biological neural networks. They are capable of
modeling and processing nonlinear relationships between inputs and outputs in
parallel. Figure 1 shows a schematic of the structure of an ANN. In prostate cancer,
the use of Al overall has shown to be beneficial to aid in a standardized patholo-
gical grading to assess prostate cancer stratification and treatment. Additionally, Al
shows promise in automating the assessment of characterization and severity of
prostate cancer based on image-based tasks including in histopathologic, MRI, and
biomarker diagnosis.* Furthermore, certain patients that are diagnosed with prostate
cancer which is thought to be more indolent can continue with repeated forms of
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Figure | Schematic depicting the architecture of an artificial neural network.

surveillance including prostate biopsies, PSA, and other
forms of digital testing through MRI or rectal examina-
tions unless they experience any physiological side
effects®. Al can help improve these forms of surveillance
and will be amongst some of the essential tools to urolo-
gical pathologists and to the field of urology as a whole as
technology continues to improve and help patient prog-
nosis over time. In this present study, we systematically
reviewed the literature to determine how Al can be used to
improve the diagnosis and management of prostate cancer.

Materials and Methods

In this systematic review we used Pubmed, Embase, and
Web of Science to identify and screen manuscripts pertain-
ing to the use of machine learning and active surveillance
in the diagnosis, staging, and treatment of prostate cancer.
This review was conducted according to the Preferred
Reporting Items for Systematic Review and Meta-
analysis (PRISMA). The keywords used include:
(((((((((((prostate cancer) OR prostatic cancer) OR guided
prostate biops*) OR guided prostatic biops*) OR ultra-
sound guided prostate biops*) OR ultrasound guided pro-
static biops*) OR prostate biops*) OR prostatic biops*)
OR gleason scor*)) AND (((((artificial intelligence) OR
deep learning) OR machine learning) OR artificial neural
network) OR neural network)) AND (((clinical trial*) OR
trial).
Preliminary results showed 341 manuscripts. After dupli-

active surveillance) OR active surveillance

cate removal, an exclusion criteria was applied to 283
This
obviously not specific to the topic in question, case report,

manuscripts. exclusion criteria is as follows:
review, opinion, conference paper, commentary, survey,

animal studies. After exclusion criteria was implemented

on title and abstract, 81 full-text manuscripts were
assessed for eligibility. After full-text assessment of elig-
ibility, 19 manuscripts will be included in this systematic
review. Figure 2 shows a flow diagram depicting the flow
of information through the different phases of the literature
search. A summary of included studies is presented in
Table 1.

Literature Review
Artificial Neural Network (ANN) and
Prostate-Specific Antigens (PSA)

Identification of elevated PSA level is regarded as one of
the most common clinical tool for diagnosis of prostate
cancer.® However, an elevated PSA level is present in
several other benign prostatic conditions that can lead to
unnecessary prognostic procedures.” Generally, a PSA
level greater than 4 ng/mL is considered for early detec-
tion of prostate cancer, but up to 20% of patients diag-
nosed with prostate cancer never reach that threshold.’”
There has been a great need to diagnose prostate cancer
in men with borderline PSA levels to improve health out-
comes using new non-invasive methods.

Numerous studies have evaluated the utility of PSA
and other clinical characteristics in the setting of an ANN
in detecting prostate cancer and/or its progression. For
example, Djavan et al developed an ANN to enhance the
sensitivity and specificity of prostate cancer detection.®
The study consisted of 1246 men with the primary aim
of predicting the presence of prostate cancer or benign
prostatic tissue in men with serum total PSA levels from
2.5 to 4 ng/mL and from 4 to 10 ng/mL compared to
conventional tools. At 95% sensitivity, the ANN model
for patients with total PSA levels from 4 to 10 ng/mL
produced specificity, positive predictive value, negative
predictive value, and receiver operator characteristic
(ROC) curve area under the curve values that were super-
jor to any of the other comparative parameters.®
A different study by Stojadinovic et al looked at various
factors and determined that PSA density was the most
decisive variable and showed the decision tree providing
a net benefit compared to a logistic regression model. In
this retrospective study, the model had a potential to
reduce unnecessary biopsies without missing significant
diagnoses.’

Finne et al developed an ANN using free PSA with the
goal of eliminating unnecessary prognostic testing in false-
positive PSA results.'” The model was constructed using
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Figure 2 Flow diagram representing different phases of the systematic literature research according to PRISMA criteria.
Notes: PRISMA figure adapted from Liberati A, Altman D, Tetzlaff J, et al. The PRISMA statement for reporting systematic reviews and meta-analyses of studies that evaluate

health care interventions: explanation and elaboration. Journal of clinical epidemiology. 2009;62(10). Creative Commons.

data on total PSA, the proportion of free PSA, digital
rectal examination (DRE), and prostate volume from 656
men with total serum PSA concentrations of 4 to 10 ng/mL
in Finland. Results showed that, at a 95% sensitivity level,
19% of the false-positive PSA results could be eliminated
by using the proportion of free PSA versus 24% with the
logistic regression model and 33% with the ANN model.
These findings suggest that an ANN method has value to
be incorporated into prostate cancer screening to decrease
the number of false-positive results.'”

43

Ge et al developed a logistic regression and ANN
model to aid in diagnosis of prostate cancer. They
utilized predictors including age, percent free PSA,
prostate volume, and PSA density from 586 men with
prostate cancer confirmed by biopsy to train their algo-
rithms. While they found no significant difference
between the two models, they concluded that both
models have high diagnostic validity and have poten-
tial to be included in practice to prevent unnecessary
biopsies.'!
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Table | Summary of All Articles Included in the Systematic Review

Al Type Al Summary Author/
Name Reference
ANN + risk PRODIGE | Proposed Umbrella Protocol that standardizes data and procedures to create a consistent Alitto et al*®
classification dataset useful to elaborate Decision Support Systems. Thus this tool supports personalized
decision making from multifactorial data sources.
ANN + MRI dx Tested machine learning classifiers for transition zone and peripheral zone in MRI to classify Antonelli
prostate tumors with or without a Gleason 4 component. Classifiers trained within each zone | et al*'
had higher performance than the subjected option of pathologists.
ANN + patient | askMUSIC | Clinical registry to help patients interact with treatment decisions with similar characteristics. | Auffenberg
interaction Newly diagnosed patients can explore treatment options and compare their recommended etal’’
treatments with other patients with similar treatments.
ANN + Automated image analysis using techniques similar to facial recognition to capture architectural | Bhele et al'*
histopathologic differences between benign epithelium and various Gleason grades. This automated method
dx showed concordance with trained pathologists and showed promise in differentiating G3+4 and
G4+3 grades.
ANN + PSA dx Statistical prediction of early prostate cancer by using PSA levels. The ANN accuracy level was | Djavan et al®
higher than conventional PSA parameters and multivariate analysis.
ANN + MRI dx Multiparametric MRI image processing combining the apparent diffusion coefficient and T2- Fehr et al®®
weighted texture features. Results suggest texture features together with simple data
augmentation offer reasonably accurate classification of Gleason patterns.
ANN + PSA dx Multivariate algorithms based on clinical characteristics could reduce rate of false-positives in Finne et al’
prostate screening more than free PSA alone. The logistic regression model showed higher
accuracy and sensitivity when compared to free PSA showing promise to reduce the number of
unnecessary prostate biopsies.
ANN + PSA dx Logistic regression and ANN diagnostic performance comparison. When aligned both Geetal'®
algorithms showed no significant difference between the 2 results.
ANN + Predictive biomarkers for outcome in K167 and DLX2. Both showed value to be able to inform | Green et al*®
biomarker dx clinical decision making in patients for active surveillance.
ANN + Targeted proteomics to discover robust proteomic signatures for prostate cancer. Kim et al*®
biomarker dx Computationally guided proteomics can be used to discover highly accurate non-invasive
biomarkers.
ANN + risk Using H&E slides, image processing used to be able to identify recurrence. Two level CNN has | Kumar et al®®
stratification high accuracy when applied to 30 recurrent cases and 30 non-recurrent cases. This can possibly
be applied to choose treatment options based on slides.
ANN + Using a polychotomous logistic regression model and ANN for predicting biopsy results. Lawrentschuk
histopathologic Comparison of models showed no statistical difference between the two. etal'®
dx
ANN + Comparing statistical methods with ANN using conventional and experimental biomarkers. Naguib et al*
biomarker dx Study showed the promise for both methods in evaluating prognostic markers and potential to
use the technology to evaluate new markers.
ANN + PSA dx Using ANN to predict recurrence based on free/total PSA, PSA density, and other clinical Remzi et al'’
characteristics. The ANN found a pattern of prostate cancer with those patients that had
a negative initial biopsy, and thus the ANN reduced unnecessary repeat biopsies.
(Continued)
34 submit your manuscript Research and Reports in Urology 2021:13

Dove


http://www.dovepress.com
http://www.dovepress.com

Dove

Van Booven et al

Table | (Continued).

histopathologic

Al Type Al Summary Author/
Name Reference
ANN + PSA dx Used ANN to evaluate diagnostic value of % free PSA in men with total PSA levels between 2 | Stephan etal''
and 20 pg/L. The ANN showed enhanced accuracy when included with digital rectal
examination and prostate volume measurements when compared to % free PSA alone.
ANN + PSA dx Develop a classification and regression tree that could identify patients with significance Stojadinovic
prostate cancer based on patients with abnormal PSA, digital rectal examination findings, or etal’
both. The analysis showed provided net benefit when compared to a logistic regression model,
PSA density, and biopsying all patients.
ANN + The study evaluated the capacity of ANNS to assess prostate biopsies based on the presence, | Strém et al®

extent, and Gleason grade of the malignant tissue in comparison to experienced urological
dx pathologists. Results showed that an ANN is able to be trained to detect and assess prostate

biopsies with similar accuracy to urological pathologists.

ANN + MRI dx Classifier system for prediction of prostate cancer Gleason score using texture features of T2- | Toivonen
weighted imaging in MRI images. Texture feature analysis showed good classification etal®
performance for GS in prostate cancer.

ANN + Stratification of adenocarcinomas based on histological examination of tumor structure. Waliszewski

histopathologic Complex patterns were stratified and then classified showing a reduction in intraobserver etal'

dx variability giving a better choice for patients to be recommended active surveillance.

Stephan et al developed an ANN utilizing percentage of
free PSA (%fPSA) to identify men at increased risk of
a positive prostate biopsy for cancer.'> The study enrolled
1188 men with benign prostates or prostate cancer with input
data that included total PSA, %fPSA, patient age, prostate
volume, and digital rectal examination (DRE) status. The
use of the ANN in men with 2—-10 pg/L total PSA enhanced
the specificity of %fPSA by 20-22%. Thus, the use of an %
fPSA-based ANN is able to enhance detection accuracy over
%fPSA alone and prevent unnecessary biopsies.'* Together,
there are multiple studies which reflect the relevance of
using artificial intelligence-based ANN tools which could
be effectively integrated with some of the vital tools com-
monly used in prostate cancer detection.

Artificial Neural Network and
Histopathologic Diagnosis of

Prostate Cancer
The histopathological identification of prostatic adenocar-
cinoma is often essential for establishing a diagnosis of

prostate cancer.'

However, sometimes histopathologic
variability occurs due to inter- and intra-observer variabil-
ity. This variability could impact the evaluation of biologic
aggressiveness of prostate cancer and the identification of

patients at high risk for progression.'"* A solution to this

has been to introduce an artificial intelligence interface to
accurately detect, localize and grade histopathologic
slides. Early studies such as Bhele et al focused on detect-
ing the difference in histology slides between Gleason
score. Gleason grading allows the stratification of the
aggressiveness of prostate cancer into low (grade
group 1), intermediate (grade group 2 and 3) or high-risk
group (grade group 4 and 5). Group 1 is designated by
Gleason score (GS) 6, group 2 by GS7 or 3+4, group 3 by
GS7 or 4+3, group 4 by GS8, and group 5 by GS9-10,
respectively. The authors focused on detecting the differ-
ence between GS3 and GS4.'> The model in this particular
study was trained on 38 radical prostatectomy samples
yielding 105 images. The tool reached a concordance on
outlines of G3, G4, and benign epithelium of 67-81%.
Thus, the AI model showed a good promise of being
able to distinguish between 3+4 and 4+3 patients.

Using digitized slides from 1247 men, Strom et al
trained ANNSs to assess prostate biopsies.” The networks
were evaluated by predicting the presence, extent, and
Gleason grade of malignant tissue. The Al tool achieved
an area under the ROC curve of 0.997 for distinguishing
between benign and malignant biopsy cores on the inde-
pendent test dataset and 0.986 on the external validation

dataset. These results were comparable to the accuracy of
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an international expert in prostate pathology.” An Al sys-
tem such as this can provide a standardized grading
method and pathology expertise in underserved areas.

In another study by Lawrentschuk et al,
a polychotomous logistic regression (PR) model and an
ANN was developed for predicting the biopsy results
using 3025 men undergoing biopsy with PSA <10ng/
dL.'® Clinical predictors of age, PSA, abnormal digital
rectal examination, positive transrectal ultrasound
(TRUS) and prostate volume were also considered during
the development. It was suggested that an inclusion of
additional predictors may improve the performance of
the models; however, the ANN was unable to distinguish
between the four biopsy outcomes that were utilized in
their validation. The authors suggest that a more tempered
enthusiasm should be used with ANN and that great care
must be used in training them properly for effective
application.'”

In yet another study by Remzi et al, an ANN was
developed to predict the presence of prostate cancer and
predict the outcome in repeat biopsies.'® This model was
trained using variables such as age, PSA, f/t PSA ratio,
digital rectal examination findings, PSA velocity, and the
transrectal ultrasound-guided variables of prostate volume,
transition zone volume, PSAD, and PSA-TZ from 820
men with PSA levels between 4 and 10 ng/mL. This
ANN showed a strong pattern of prediction for prostate
cancer in patients who had an initial negative biopsy.
Overall, the ANN achieved a 68% specificity and 95%
sensitivity.'® Together, there are multiple studies which
reflects the potential of AT ANNs to allow more accurate
counseling of patients and overcome histopathologic

variabilities.

Artificial Neural Network and Magnetic
Resonance Imaging (MRI) Diagnosis of

Prostate Cancer

Magnetic resonance imaging (MRI) has been investigated
as a modality for prostate cancer detection and determina-
tion of aggressiveness.'”** MR spectroscopic T2-weighted
MR imaging, and apparent diffusion coefficient (ADC)
have been valuable tools to assess prostate cancer, but
their use still lacks consensus.>' Using these tools, expert
users can easily detect malignant tumors, but determining
their aggressiveness using MRI with good reliability is
Thus,
machine learning has been proposed as a solution to

more difficult. automatic classification using

provide more accurate and consistent results to aid clin-
icians’ management.”' In the similar context, Fehr et al
proposed a technique of utilizing machine learning-based
automatic classification of prostate cancer aggressiveness
by combining apparent diffusion coefficient (ADC) and
T2-weighted MRI-based texture features.”! This technique
was able to differentiate between the high GS (>7) and low
GS6, as well as between 7 (3+4) and 7 (4+3) cancers.
Furthermore, this model could distinguish between high
and low Gleason grades with 93% accuracy for cancers
occurring in both peripheral (PZ) and transition (TZ) zones
and 92% for cancers occurring in the PZ alone.?! These
results were far superior to using only ADC and suggest
that this method can help provide reasonably accurate
classification of Gleason patterns.

In addition, in another study by Antonelli et al, the
authors used quantitative MRI and clinical features from
164 men to construct machine learning classifiers.?
Following model validation, these classifiers were able to
predict Gleason 4 in prostate tumors with greater accuracy
than the three board-certified radiologists which partici-
pated in the study. It was suggested that these Al classifier
tools could be useful to non-invasively detect the progres-
sion of tumors and aid in decisions regarding active sur-
veillance programs.”

In yet another study by Toivonen et al, the authors
developed machine learning tools to predict prostate can-
cer aggressiveness by using optimized high-quality MRI
data sets.”> A classifier system was created based on multi-
ple texture features of high-quality T2 weighted images,
DWI (diffusion weighted imaging), and T2 relaxation
maps from 100 patients for prediction of PCa Gleason
score dichotomized as 3+3 (low risk) vs >3+3 (high
risk). Results suggested that texture feature analysis of
DWI, post-processed using monoexponential and kurtosis
models, and T2w demonstrated good classification perfor-
mance for Gleason score of prostate cancer.”® Together,
these are multiple studies which reflects the potential of Al
ANNSs to allow more effective integration with modern
surveillance tools such as MRI to effectively help in pros-
tate cancer surveillance.

Artificial Neural Network in Biomarker
Diagnosis and Risk Stratification

Diagnosis and prognosis of prostate cancer has been
guided by PSA level testing. However, concerns about
absolute accuracy can sometimes lead to patients being
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given invasive treatment options when active surveillance
might provide better outcomes in these men.** Over the
past 10 years, an avalanche of biomarkers have been
identified and are put into clinical assays.”> >* While sev-
eral of these biomarkers have been studied and character-
ized, there is no standard overlap between all of these
assays due to the function of each assay, and there is no
absolutely perfect list of biomarkers to look at when pre-
dicting diagnosis and prognosis. Thus, it is important to be
able to identify and evaluate any new biomarkers for their
clinical significance in a way that is both meaningful and
accurate. Therefore, ANNs can play an instrumental role
in analyzing and validating the biomarkers. For example,
one study suggested that Ki67 is an important marker of
survival and disease progression.>> To confirm this, Green
et al created an ANN that was designed to validate Ki67
gene expression while comparing it to another potential
candidate in DLX2.*® Univariate analysis showed that
both Ki67 and DLX2 were significant in predictiveness
of future metastases. Nevertheless, only 6.8% of prostate
cancer patients have high expression of Ki67. Thus, this
study showed that these 2 biomarkers could be used to
identify candidates for targeted therapy only.*®

In addition to gene expression, proteomics can also be
useful when identifying potential biomarkers. For exam-
ple, Kim et al developed a novel approach by combining
targeted proteomics with computational biology to dis-
cover new potential proteomic signatures for prostate
study started with 133 differentially
expressed proteins that were evaluated with synthetic pep-

cancer.”” The

tides in a 74-patient cohort. Then they applied machine
learning approaches to develop clinical predictive models
using these candidates. Results showed that computation-
ally guided proteomics can be used to discover novel non-
invasive biomarkers. Overall, there are numerous studies
which reflect the potential of AT ANNs to allow more
effective identification and validation of biomarkers to
aid in prostate cancer surveillance.

Artificial Neural Network in Patient
Interaction and Patient-Centered

Treatment

Patients diagnosed with prostate cancer often remain con-
fused as to the treatment options that are available to them.
Thus, understanding how certain therapies are put into place
may allow for ease of mind and improvements in patient
satisfaction. Auffenberg et al developed a registry that used

ANN to better allow patients to take charge of their care. This
registry, which is called askMUSIC, takes data from 45
urology practices within the Michigan Urological Surgery
Improvement Collaborative (MUSIC).*® This registry data is
used to create a random forest machine learning model which
could predict prostate cancer treatment options. Patients can
go to askMUSIC website and interact with the registry data
and predicted treatment to show therapy options to alleviate
fear about a given therapy from the patient perspective.

In the similar context, the PRODIGE project by Alitto et al
uses an Umbrella Protocol which focuses on standardization
of data sharing.*® Within this protocol, a standardized knowl-
edge sharing process is implemented using semi-formal ontol-
ogy representing clinical variables. This process can be
adapted to use with machine learning or traditional statistics.
The standardization of these techniques supports the multi-
factorial decision support systems (DSS) which can be seen as
the basis for future patient-level support therapy decisions.
Together, there are multiple studies which reflect the potential
of AT ANNSs to allow the development of effective patient-
centric tools to help with educating the patients about the
treatment options and disease progression/regression.

Artificial Neural Network in Creating
a Classification System for Prostate

Cancer Risk Stratification

Current risk stratification as defined by the National
Comprehensive Cancer Network (NCNN) guidelines relies
on TNM (tumor, node, metastasis) score, Gleason grade,
PSA level, and biopsy results.” These factors guide patients
into risk groups which are stratified into 7 categories ranging
from very low to very high. Based on these risk categories,
physicians can guide patients into various personalized treat-
ment options ranging from active surveillance, radical prosta-
tectomy, radiation, and hormone therapy. While these risk
categories are a good basis for stratification, none of the risk
categories looks at the potential for recurrence. Thus, a better
understanding of mechanisms behind recurrence could educate
us to adjust the risk factors and therefore make the right choices
for therapy.

Kumar et al focused on this recurrence prediction by
creating 2 different convolutional neural networks (CNN)
analyzing H&E images.** The first CNN detected individual
nuclei while the second CNN classified the patches around
the nuclear centers. There was a voting process which
yielded probabilities of recurrence from the patients. The
model was trained on 80 case/control pairs and then validated
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on 30 recurrent and 30 non-recurrent controls. The end yield
was 0.81 AUC for accuracy. Thus, providing a deep learning
tool that could look at recurrence in conjunction with other
risk factors to come up with a new scoring system that could
be more accurate than currently used.

In addition to recurrence, the current standards in iden-
tifying risk factors for prostate cancer often fails to take
basic demographics into account. Nevertheless, a study by
Naguib et al evaluated a combined approach of ANN and
traditionally statistics known about various risk factors.*'
The neural network in this study was trained on conven-
tional factors like age, stage, bone scan findings, grade,
PSA and treatment along with 2 experimental markers of
immunostaining for bcl-2 and p53. By considering conven-
tional risk factors alone, the prediction models achieved
only 60% accuracy in identifying the patients with condi-
tion. However, this efficiency was improved to 80% when
the experimental markers were included. Thus, there was
a significant improvement in accuracy of the model with an
increase in the amount of data fed to the algorithm. This
study also underscored the importance of including experi-
mental markers for testing into building the networks as
each piece of data could impact the model accuracy pro-
foundly. Overall, there are multiple studies which reflect the
potential of AI ANNSs to allow the development of effective
classification system for prostate cancer risk stratification.

Conclusion

The use of artificial intelligence to manage medical pro-
blems has been discussed for quite some time. Nevertheless,
it is only recently that technological advances have allowed
us to make significant strides. Al can allow us to recognize
difficult relationships and manage enormous data sets,
which is a task that is both extraordinarily difficult and
time consuming for humans. Moreover, the diagnosis and
subsequent risk stratification that is required for active
surveillance trials lends itself to enormous subjectivity. By
using Al algorithms and reducing the level of subjectivity, it
is possible to use fewer resources while improving the
overall efficiency and accuracy in trials.

The economic burden of the management of localized
prostate cancer must be acknowledged as well. The 10-
year costs of managing low- and high-risk patients with
prostate cancer have been estimated to be $45,957 and
$188,928, respectively. However, a broader incorporation
of Al can certainly help in mitigating this burden.*
Furthermore, Al makes it feasible to accomplish this
while maintaining or perhaps even improving current

outcomes in active surveillance trials. Thus, it is essential
to not only acknowledge but continue to improve the
current pipelines to reduce costs, improve outcomes, and
drive the future of urologic oncology forward as a whole.

Acknowledgments

We thank all the mentors (Dr. Dipen J Parekh, Dr Joshua
M Hare) for their insights, suggestions, and support during
this study. Additionally, we would like to thank the
American Urological Association Research Scholar
Award and Stanley Glaser Award to HA and RR.

Disclosure

The authors report no conflicts of interest for this work.
Declaration of interests: the authors declare no competing
interests.

References

. Torre LA, Bray F, Siegel RL, Ferlay J, Lortet-Tieulent J, Jemal A.
Global cancer statistics, 2012. CA Cancer J Clin. 2015;65:87-108.
doi:10.3322/caac.21262

2. Strom P, Kartasalo K, Olsson H, et al. Artificial intelligence for
diagnosis and grading of prostate cancer in biopsies: a
population-based. Diagnostic Study, Lancet Oncol.
2020;21:222-232. doi:10.1016/S1470-2045(19)30738-7

. Harmon SA, Tuncer S, Sanford T, Choyke PL, Tiirkbey B. Artificial
intelligence at the intersection of pathology and radiology in prostate
cancer. Diagn Interv Radiol. 2019;25:183—-188.

4. Harmon SA, Tuncer S, Sanford T, Choyke PL, Turkbey B. Artificial
intelligence at the intersection of pathology and radiology in prostate
cancer. Diagn Interv Radiol. 2019;25:183—-188.

. Carroll PH, Mohler JL. NCCN guidelines updates: prostate cancer
and prostate cancer early detection. J Natl Compr Canc Netw.
2018;16:620-623. doi:10.6004/jncen.2018.0036

. Partin AW, Oesterling JE. The clinical usefulness of prostate specific
antigen: update 1994. J Urol. 1994;152:1358-1368. doi:10.1016/
S0022-5347(17)32422-9

. Catalona WJ, Smith DS, Ratliff TL, et al. Measurement of
prostate-specific antigen in serum as a screening test for prostate
cancer. N Engl J Med. 1991;324:1156-1161. doi:10.1056/
NEIM199104253241702

. Djavan B, Remzi M, Zlotta A, Seitz C, Snow P, Marberger M. Novel
artificial neural network for early detection of prostate cancer. J Clin
Oncol. 2002;20:921-929. doi:10.1200/JC0.2002.20.4.921

. Stojadinovic M, Stojadinovic M, Pantic D. Decision tree analysis for
prostate cancer prediction. Srp Arh Celok Lek. 2018;147:39.

10. Finne P, Finne R, Auvinen A, et al. Predicting the outcome of
prostate biopsy in screen-positive men by a multilayer perceptron
network. Urology. 2000;56:418-422. doi:10.1016/S0090-4295(00)
00672-5

. Ge P, Gao F, Chen G. Predictive models for prostate cancer based on
logistic regression and artificial neural network. 2015 IEEE
International Conference on Mechatronics and Automation (ICMA).
2015;1472-1477.

12. Stephan C, Cammann H, Semjonow A, et al. Multicenter evaluation

of an artificial neural network to increase the prostate cancer detec-

tion rate and reduce wunnecessary biopsies. Clin Chem.
2002;48:1279-1287. doi:10.1093/clinchem/48.8.1279

—_

W

W

N

~

o]

O

1

—_

38 submit your manuscript

Dove

Research and Reports in Urology 2021:13


https://doi.org/10.3322/caac.21262
https://doi.org/10.1016/S1470-2045(19)30738-7
https://doi.org/10.6004/jnccn.2018.0036
https://doi.org/10.1016/S0022-5347(17)32422-9
https://doi.org/10.1016/S0022-5347(17)32422-9
https://doi.org/10.1056/NEJM199104253241702
https://doi.org/10.1056/NEJM199104253241702
https://doi.org/10.1200/JCO.2002.20.4.921
https://doi.org/10.1016/S0090-4295(00)00672-5
https://doi.org/10.1016/S0090-4295(00)00672-5
https://doi.org/10.1093/clinchem/48.8.1279
http://www.dovepress.com
http://www.dovepress.com

Dove

Van Booven et al

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

Humphrey PA. Histopathology of prostate cancer. Cold Spring Harb
Perspect  Med. 2017;7(10):a030411.  doi:10.1101/cshperspect.
2030411

Waliszewski P, Wagenlehner F, Gattenlohner S, Weidner W. On the
relationship between tumor structure and complexity of the spatial
distribution of cancer cell nuclei: a fractal geometrical model of
prostate carcinoma. Prostate. 2015;75:399-414. doi:10.1002/
pros.22926

Bhele S, Ma Z, Mohanty S, et al. A machine learning tool to
complement Gleason grading of prostate carcinoma. 2014.
Lawrentschuk N, Lockwood G, Davies P, et al. Predicting prostate
biopsy outcome: artificial neural networks and polychotomous
regression are equivalent models. Int Urol Nephrol. 2011;43:23-30.
doi:10.1007/s11255-010-9750-7

Rodvold DM, McLeod DG, Brandt JM, Snow PB, Murphy GP.
Introduction to artificial neural networks for physicians: taking the
lid off the black box. Prostate. 2001;46:39-44. doi:10.1002/1097-
0045(200101)46:1<39::AID-PROS1006>3.0.CO;2-M

Remzi M, Anagnostou T, Ravery V, et al. An artificial neural network
to predict the outcome of repeat prostate biopsies. Urology.
2003;62:456—460. doi:10.1016/S0090-4295(03)00409-6

Moore CM, Petrides N, Emberton M. Can MRI replace serial biop-
sies in men on active surveillance for prostate cancer? Curr Opin
Urol. 2014;24:280-287. doi:10.1097/MOU.0000000000000040

Sato C, Naganawa S, Nakamura T, et al. Differentiation of noncan-
cerous tissue and cancer lesions by apparent diffusion coefficient
values in transition and peripheral zones of the prostate. J Magn
Reson Imaging. 2005;21:258-262. doi:10.1002/jmri.20251

Fehr D, Veeraraghavan H, Wibmer A, et al. Automatic classification
of prostate cancer Gleason scores from multiparametric magnetic
resonance images. Proc Natl Acad Sci U S A. 2015;112:E6265—
6273. doi:10.1073/pnas.1505935112

Antonelli M, Johnston EW, Dikaios N, et al. Machine learning
classifiers can predict Gleason pattern 4 prostate cancer with greater
accuracy  than experienced  radiologists. Eur  Radiol.
2019;29:4754-4764. doi:10.1007/s00330-019-06244-2

Toivonen J, Montoya Perez I, Movahedi P, et al. Radiomics and
machine learning of multisequence multiparametric prostate MRI:
towards improved non-invasive prostate cancer characterization.
PLoS One. 2019;14:¢0217702. doi:10.1371/journal.pone.0217702
Choyke PL, Loeb S. Active surveillance of prostate cancer. Oncology
(Williston Park). 2017;31:67-70.

Jin W, Fei X, Wang X, Song Y, Chen F. Detection and prognosis of
prostate cancer using blood-based biomarkers. Mediators Inflamm.
2020;2020:8730608. doi:10.1155/2020/8730608

McDonald AC, Vira M, Shen J, et al. Circulating microRNAs in
plasma as potential biomarkers for the early detection of prostate
cancer. Prostate. 2018;78:411-418.

Martignano F, Rossi L, Maugeri A, et al. A-based biomarkers for
prostate cancer detection. Clin Chim Acta. 2017;473:96-105.
doi:10.1016/j.cca.2017.08.009

Jakobsen NA, Hamdy FC, Bryant RJ. Novel biomarkers for the
detection of prostate cancer. J Clin Urol. 2016;9:3—10. doi:10.1177/
2051415816656121

Research and Reports in Urology

Publish your work in this journal

Research and Reports in Urology is an international, peer-reviewed,
open access journal publishing original research, reports, editorials,
reviews and commentaries on all aspects of adult and pediatric
urology in the clinic and laboratory including the following topics:
Pathology, pathophysiology of urological disease; Investigation and

29.

30.

3

—_

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Filella X, Foj L. Prostate cancer detection and prognosis from
Prostate Specific Antigen (PSA) to exosomal biomarkers. Int J Mol
Sci. 2016;17.

Reed AB, Parekh DJ. Biomarkers for prostate cancer detection.
Expert Rev Anticancer Ther. 2010;10:103-114. doi:10.1586/
era.09.168

. Margreiter M, Stangelberger A, Valimberti E, Herwig R, Djavan B.

Biomarkers for early prostate cancer detection. Minerva Urol Nefrol.
2008;60:51-60.

Parekh DJ, Ankerst DP, Troyer D, Srivastava S, Thompson IM.
Biomarkers  for  prostate  cancer  detection. J  Urol.
2007;178:2252-2259. doi:10.1016/j.juro.2007.08.055

Shariat SF, Karam JA, Roehrborn CG. Blood biomarkers for prostate
cancer detection and prognosis. Future Oncol. 2007;3:449-461.
doi:10.2217/14796694.3.4.449

Stephan C, Cammann H, Meyer HA, Lein M, Jung K. PSA and new
biomarkers within multivariate models to improve early detection of
prostate cancer. Cancer Lett. 2007;249:18-29. doi:10.1016/j.
canlet.2006.12.031

Fruge AD, Smith KS, Bail JR, Rais-Bahrami S, Demark-Wahnefried
W. Biomarkers associated with tumor Ki67 and Cathepsin L gene
expression in prostate cancer patients participating in a presurgical
weight loss trial. Front Oncol. 2020;10:544201. doi:10.3389/
fonc.2020.544201

Green WJ, Ball G, Hulman G, et al. KI67 and DLX2 predict
increased risk of metastasis formation in prostate cancer —
a targeted molecular approach. Br J Cancer. 2016;115:236-242.
doi:10.1038/bjc.2016.169

Kim Y, Jeon J, Mejia S, et al. Targeted proteomics identifies
liquid-biopsy signatures for extracapsular prostate cancer. Nat
Commun. 2016;7:11906.

Auffenberg GB, Ghani KR, Ramani S, et al. Urological Surgery
Improvement, askMUSIC: leveraging a clinical registry to develop
a new machine learning model to inform patients of prostate cancer
treatments chosen by similar men. Eur Urol. 2019;75:901-907.
doi:10.1016/j.eururo.2018.09.050

Alitto AR, Gatta R, Vanneste B, et al. PRODIGE: pRediction models
in prOstate cancer for personalized meDlcine challenGE. Future
Oncol. 2017;13:2171-2181. doi:10.2217/fon-2017-0142

Neeraj K, Ruchika V, Ashish A, et al. Convolutional neural networks
for prostate cancer recurrence prediction. Proc SPIE. 2017.

Naguib RN, Robinson MC, Neal DE, Hamdy FC. Neural network
analysis of combined conventional and experimental prognostic mar-
kers in prostate cancer: a pilot study. Br J Cancer. 1998;78:246-250.
doi:10.1038/bjc.1998.472

Gustavsen G, Gullet L, Cole D, Lewine N, Bishoff JT. Economic
burden of illness associated with localized prostate cancer in the
United States. Future Oncol. 2020;16:4265-4277. doi:10.2217/fon-
2019-0639

Liberati A, Altman D, Tetzlaff J, et al. The PRISMA statement for
reporting systematic reviews and meta-analyses of studies that eval-
uate health care interventions: explanation and elaboration. Journal
of clinical epidemiology. 2009;62:(10).

Dove

treatment of urological disease; Pharmacology of drugs used for the
treatment of urological disease. The manuscript management system
is completely online and includes a very quick and fair peer-review
system, which is all easy to use. Visit http://www.dovepress.com/
testimonials.php to read real quotes from published authors.

Submit your manuscript here: https://www.dovepress.com/research-and-reports-in-urology-journal

Research and Reports in Urology 2021:13

submit your manuscript

39

Dove


https://doi.org/10.1101/cshperspect.a030411
https://doi.org/10.1101/cshperspect.a030411
https://doi.org/10.1002/pros.22926
https://doi.org/10.1002/pros.22926
https://doi.org/10.1007/s11255-010-9750-7
https://doi.org/10.1002/1097-0045(200101)46:1%3C39::AID-PROS1006%3E3.0.CO;2-M
https://doi.org/10.1002/1097-0045(200101)46:1%3C39::AID-PROS1006%3E3.0.CO;2-M
https://doi.org/10.1016/S0090-4295(03)00409-6
https://doi.org/10.1097/MOU.0000000000000040
https://doi.org/10.1002/jmri.20251
https://doi.org/10.1073/pnas.1505935112
https://doi.org/10.1007/s00330-019-06244-2
https://doi.org/10.1371/journal.pone.0217702
https://doi.org/10.1155/2020/8730608
https://doi.org/10.1016/j.cca.2017.08.009
https://doi.org/10.1177/2051415816656121
https://doi.org/10.1177/2051415816656121
https://doi.org/10.1586/era.09.168
https://doi.org/10.1586/era.09.168
https://doi.org/10.1016/j.juro.2007.08.055
https://doi.org/10.2217/14796694.3.4.449
https://doi.org/10.1016/j.canlet.2006.12.031
https://doi.org/10.1016/j.canlet.2006.12.031
https://doi.org/10.3389/fonc.2020.544201
https://doi.org/10.3389/fonc.2020.544201
https://doi.org/10.1038/bjc.2016.169
https://doi.org/10.1016/j.eururo.2018.09.050
https://doi.org/10.2217/fon-2017-0142
https://doi.org/10.1038/bjc.1998.472
https://doi.org/10.2217/fon-2019-0639
https://doi.org/10.2217/fon-2019-0639
http://www.dovepress.com
http://www.dovepress.com/testimonials.php
http://www.dovepress.com/testimonials.php
http://www.dovepress.com
http://www.dovepress.com

	Introduction
	Materials and Methods
	Literature Review
	Artificial Neural Network (ANN) and Prostate-Specific Antigens (PSA)

	Artificial Neural Network and Histopathologic Diagnosis of Prostate Cancer
	Artificial Neural Network and Magnetic Resonance Imaging (MRI) Diagnosis of Prostate Cancer
	Artificial Neural Network in Biomarker Diagnosis and Risk Stratification
	Artificial Neural Network in Patient Interaction and Patient-Centered Treatment
	Artificial Neural Network in Creating aClassification System for Prostate Cancer Risk Stratification

	Conclusion
	Acknowledgments
	Disclosure
	References

