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ABSTRACT 

Prostate cancer comprises of the enlargement or increase in the magnitude of the prostate 

biopsies and a shortage of urological pathologists, and this constrains the diagnosis of 

prostate cancers. There are several predictive model to predict and manage prostate cancer, 

developed by different authors which involves the interpretation of data using aggregate 

mode to assist in determination and making accurate decision. Different means sure as PSA 

rate, MRI guided biopsies, genomics biomarkers, and Gleason scaling system are utilized 

for predicting the risk, to stratify, and observe patients during individual follow-ups. 

However, identification tracking and successive risk categorization oftentimes alter itself to 

a epochal subjectivity. The use of machine leaning models via Artificial intelligence (AI) 

allows practitioner to accept challenging relationships and manage large data sets, which 

is a difficult task and is inordinately difficult and time overwhelming for humans. The use of 

AI algorithms helps to reduce the level of subjectivity by exploitation less resources while 

improving the general efficiency and quality in prostate cancer identification and 

management. This study discusses different models for prostate detection. 
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INTRODUCTION 

This study discuses some machine 

learning model for prediction of prostate 

cancer. Cancer is deadly ailment among 

humans, but Prostate cancer is becoming 

one of the commonly diagnosed non-skin 

disease in men. It is proposed that in every 

six American men, one is likely to be 

affected by this sickness throughout their 

lifetime (Torre et al., 2012). Prostate 

cancer management comprises of enlarged 

size of prostate biopsies and a shortage of 

urological pathologists, this is a constrain 

on the diagnosis of prostate cancers 

(Strom et al., 2020). Furthermore, the 

occurrence of an unpredictability of 

pathological grouping can consequently 

result in an over treatment or under 

treatment of prostate cancer (Harmon et 

al., 2019). 

In prostate cancer, the use of AI has 

shown to be beneficial and aid in 

standardizing pathological grading to 

assess prostate cancer stratification and 

treatment. Additionally, AI shows 

promise in automating the assessment of 
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characterization and severity of prostate 

cancer based on image-based tasks, 

including histopathologic, MRI, and 

biomarker diagnosis (Harmon et al., 

2019). Furthermore, certain patients that 

are diagnosed with prostate cancer which 

is thought to be more indolent can 

continue with repeated forms of 

surveillance including prostate biopsies, 

PSA, and other forms of digital testing 

through MRI or rectal examinations 

unless they experience any physiological 

side effects (Carroll and Mohler, 2018). 

Artificial Intelligence (AI) and 

Machine Learning (ML) in healthcare is a 

novel area of study, which has lately 

gained serious attention. AI frequently 

uses artificial neural networks (ANN) that 

use numerical simulations that are directly 

stimulated by and partly modelled on 

biological neural networks. They are 

capable of modelling and processing 

nonlinear relationships between inputs 

and outputs in parallel. AI can help 

improve these forms of surveillance and 

will be amongst some of the essential tools 

to urological pathologists and to the field 

of urology as a whole as technology 

continues to improve and help patient 

prognosis over time. In this present study, 

we systematically reviewed the literature 

to determine how AI can be used to 

improve the diagnosis and management of 

prostate cancer. 

Kumar et al. (2017) model was 

devoted to recurrence prediction by 

creating 2 different Convolutional Neural 

Networks (CNN) analysing H&E images. 

The first CNN detected individual nuclei 

while the second CNN classified the 

patches around the nuclear centres. 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 on 30 

recurrent and 30 non-recurrent controls. 

The end yield was 0.81 AUC for accuracy. 

Therefore, creating a deep learning tool 

that considers a recurrence in combination 

with other risk factors to come up with a 

new scoring system that could be more 

accurate than currently used. 

 

LITERATURE REVIEW 

The procedure for the identification of 

eminent PSA level is viewed as one of the 

commonest medical instruments for 

identification of prostate cancer.  

Stojadinovic et al. (2018) viewed several 

reasons and determined that the PSA mass 

was the key pivotal variable and revealed 

the decision tree providing a mesh 

advantage compared to a logistic 

regression model. In this retrospective 

study, the model had a potential to reduce 

unnecessary biopsies without missing 

significant diagnoses. It is projected that 

this ailment is likely to affect one of every 

six American throughout their lifespan 

(Torre et al., 2012). 

Ge et al. (2015) established 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 

algorithms. While they found no 

significant difference between the two 

models, they concluded that both models 

have high diagnostic validity and have 

potential to be included in practice to 

prevent unnecessary biopsies. 

Artificial Neural Network and 

Histopathologic Diagnosis of Prostate 

Cancer 

The histopathological identification of 

prostatic adenocarcinoma is frequently 

vital for creating analysis of prostate 

cancer Humphrey (2017). Nevertheless, 
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occasionally histopathologic changes 

happen owing to inter- and intra-observer 

variability. This variability could impact 

the evaluation of biologic aggressiveness 

of prostate cancer and the identification of 

patients at high risk for progression 

(Waliszewski et al., 2015). 

Artificial intelligence has interfaced in 

accurately predicting prostate cancer, 

localize and grade histopathologic slides. 

Initial studies focused on detecting 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 

difference between GS3 and GS4 (Bhele 

et al., 2014). In another study by 

Lawrentschuk et al. (2011), 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.  

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 

determination of aggressiveness. Moore et 

al. (2014).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 (Fehr et al., 

2015). Expert users can easily detect 

malignant tumours, but determining their 

aggressiveness using MRI with good 

reliability is more difficult. Thus, 

automatic classification using machine 

learning has been proposed as a solution 

to provide more accurate and consistent 

results to aid clinicians’ management. In a 

similar context, Fehr et al. (2015) 

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. 

Antonelli et al. (2019) in their study 

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 

tumours with greater accuracy than the 

three board-certified radiologists which 

participated in the study. It was suggested 
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that these AI classifier tools could be 

useful to non-invasively detect the 

progression of tumours and aid in 

decisions regarding active surveillance 

programs. 

Toivonen et al. (2019) developed 

machine learning tools to predict prostate 

cancer aggressiveness by using optimized 

high-quality MRI data sets. A classifier 

system was created based on multiple 

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 mono-

exponential and kurtosis models, and T2w 

demonstrated good classification 

performance for Gleason score of prostate 

cancer. Together with these multiple 

studies which reflect the potential of AI 

ANNs to allow more effective integration 

with modern surveillance tools such as 

MRI to effectively help in prostate cancer 

surveillance. 

Artificial Neural Network in Biomarker 

Diagnosis and Risk Stratification 

Diagnosis and prognosis of prostate 

cancer is guided by PSA level testing. 

However, concerns about absolute 

accuracy can sometimes lead to patients 

being given invasive treatment options 

when active surveillance might provide 

better outcomes in these men Choyke 

(2017). Over the past 10 years, avalanches 

of biomarkers have been identified and are 

put into clinical assays (Jin et al., 2020). 

While several of these biomarkers have 

been studied and characterized, 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 predicting 

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 

analysing and validating the biomarkers. 

For example, one study suggested that 

Ki67 is an important marker of survival 

and disease progression (Fruge et al., 

2020).  Green et al. (2016) 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 

(Green et al., 2016). 

In addition to gene expression, 

proteomics can also be useful when 

identifying potential biomarkers. For 

example, Kim et al. developed a novel 

approach by combining targeted 

proteomics with computational biology to 

discover new potential proteomic 

signatures for prostate cancer. The study 

started with 133 differentially expressed 

proteins that were evaluated with 

synthetic peptides in a 74-patient cohort. 

Then they applied machine learning 

approaches to develop clinical predictive 

models using these candidates. Results 

showed that computationally guided 

proteomics can be used to discover novel 

non-invasive biomarkers. Overall, there 

are numerous studies which reflect the 

potential of AI ANNs to allow more 

effective identification and validation of 

biomarkers to aid in prostate cancer 

surveillance (Green et al., 2016). 
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Patients diagnosed with prostate 

cancer often remain confused due to 

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. (2019) 

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 (Auffenberg et al., 2019). 

Alitto et al. (2017) developed a 

PRODIGE project; it used an Umbrella 

Protocol that focused on standardization 

of data sharing. Within this protocol, a 

standardized knowledge sharing process 

is implemented using semi-formal 

ontology representing clinical variables. 

This process can be adapted to use with 

machine learning or traditional statistics. 

The standardization of these techniques 

supports the multifactorial 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 AI ANNs to allow the development of 

effective patient-centric tools to help with 

educating the patients about the treatment 

options and disease 

progression/regression. 

 

 

 

CONCLUSION 

The use of machine learning model via 

artificial intelligence to manage medical 

issues was discussed. However, in recent 

time, the technological advances have 

made fundamental advancement. AI 

allows recognition of challenging 

relationships and manage large data sets, 

which is tasking, difficult and time 

consuming for humans. Furthermore, the 

identification and resultant risk 

classification that is needed for proactive 

surveillance trials contributes to enormous 

subjectivity. The use of AI models reduces 

the level of subjectivity, making it 

possible to use less reference time and 

improving the general efficiency and 

accuracy in trials. The economic 

encumbrance of the management which is 

present in prostate cancer must be 

acknowledged. Moreover, AI makes it 

feasible to accomplish this, while even 

improving current outcomes in active 

surveillance trials.  
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