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Abstract: Artificial Intelligence (AI) is revolutionizing prostate cancer (PCa) care, addressing the major clinical chal-
lenges of subjectivity and overtreatment. Our traditional tools - like PSA, DRE, mpMRI, and Gleason scoring - often 
lack the precision needed to distinguish truly aggressive tumors from indolent disease, leading to unnecessary 
morbidity in up to 50% of low-risk men. This review explains how AI, specifically machine learning (ML) and deep 
learning (DL), is poised to solve this. We cover AI’s role from initial diagnosis, where radiomics and digital pathology 
boost grading accuracy and reduce inter-reader variability, to treatment selection and surgical precision through 
predictive models and Augmented Reality (AR) guidance. We also detail its utility in predicting biochemical recur-
rence (BCR) and managing long-term side effects. Finally, we address the critical barriers to adoption, including the 
need for large, diverse datasets (to combat algorithmic bias), the “black box” problem (solved by Explainable AI, XAI), 
and navigating FDA regulation. The future of PCa care hinges on this precise, data-driven approach.

Keywords: Prostate cancer, artificial intelligence, machine learning, deep learning, radiomics, uro-oncology, clini-
cal decision support, personalized medicine

Introduction

Prostate cancer (PCa) remains a global health 
crisis, demanding better tools to manage its 
wide spectrum, from harmless to lethal. Our 
current diagnostic methods - including mpMRI 
interpretation, PSA testing, digital rectal exami-
nation (DRE), and Gleason grading - remain lim-
ited by interobserver variability and poor speci-
ficity. Inter-reader disagreement for mpMRI and 
the low positive predictive value of serum PSA 
contribute to unnecessary biopsies and over-
treatment, resulting in substantial morbidity. 
Recent analyses emphasize the urgent need 
for standardized interpretation systems and 
AI-assisted imaging tools to improve reproduc-
ibility and diagnostic precision [1-4]. Notably, 
integration of AI with multimodal biomarkers 
such as urinary or serum multi-marker as- 
says shows potential to enhance noninvasive 

screening accuracy and reduce biopsy burden 
[5, 6]. This imprecision is costly: it contributes 
to overtreatment, resulting in unnecessary in- 
continence and erectile dysfunction for approxi-
mately 50% of low-risk patients [7]. The need 
for precise risk stratification is amplified by 
health disparities: Black men face a PCa inci-
dence rate 70% higher and a mortality rate two 
to three times higher than White men, highlight-
ing the urgency for objective, equitable diagnos-
tic tools. Our clinical goal is straightforward: 
accurately identify the lethal tumors while safe-
ly watching the indolent ones.

Artificial Intelligence (AI) offers a powerful new 
framework. Over the past decade, AI-based sys-
tems have rapidly evolved from simple pattern-
recognition tools to comprehensive analytical 
platforms capable of integrating heterogene- 
ous biomedical data. AI consists of Machine 
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Learning (ML) (like Random Forests) and Deep 
Learning (DL), which uses complex Convolu- 
tional Neural Networks (CNNs) especially good 
at image analysis. In urologic oncology, CNN-
based models have demonstrated excellent 
performance in lesion detection and Gleason 
grading on multiparametric MRI, as well as in 
segmentation tasks that previously required 
expert radiologists [8]. ML algorithms such as 
random forests, support vector machines, and 
gradient boosting have been successfully app- 
lied to clinical and biochemical datasets (e.g., 
PSA kinetics, age, comorbidities) to improve 
diagnostic and prognostic accuracy [9].

AI sifts through massive, complex datasets 
(imaging, genomics, EHR data) to find patterns 
invisible to the human eye [10]. By integrating 
radiomic, genomic, and clinical variables into a 
single analytical pipeline, AI facilitates a more 
holistic understanding of tumor biology - bridg-
ing the gap between imaging phenotypes and 
molecular alterations. For example, radioge-
nomic models have linked mpMRI features with 
genomic signatures such as PTEN loss and 
TMPRSS2-ERG fusion, offering the possibility of 
non-invasive molecular profiling. Additionally, 
natural language processing (NLP) methods 
can extract key prognostic information from 
unstructured EHR or pathology reports, en- 
hancing data completeness and reducing hu- 
man workload [11]. This computational power 
is our path to precision uro-oncology, moving 
beyond generalized guidelines toward highly 
personalized patient management. Instead of 
treating prostate or bladder cancer as homo- 
geneous entities, AI allows stratification of 
patients into molecular and clinical subtypes 
with distinct therapeutic needs and prognoses. 
Ultimately, AI-driven insights will enable indi-
vidualized treatment decisions - optimizing 
biopsy strategies, predicting therapeutic re- 
sponse, and improving survival outcomes 
through truly precision-based care.

AI in diagnosis and risk stratification

Radiomics and imaging

AI is transforming how we read Radiomics and 
Imaging (mpMRI): Radiomics uses DL to ex- 
tract hundreds of quantitative features (tex-
ture, shape) from mpMRI to create a detailed 
“signature” of the tumor [2, 12, 13]. CNN mod-
els are trained to: a). Automate Segmentation: 

Quickly contour the prostate and key anatomy 
(a process that currently takes radiologists  
several minutes). Automated segmentation not 
only saves time but also minimizes inter-observ-
er variability, providing consistent and repro-
ducible regions of interest for downstream 
analysis [14]. B). PI-RADS & Gleason Predic- 
tion: Automatically identify suspicious lesions 
using PI-RADS criteria and, more critically, 
directly predict the Gleason score and tumor 
volume from the images [15]. Studies show AI 
models achieve diagnostic accuracy (AUC) for 
clinically significant PCa comparable to, and 
often slightly exceeding (AUC up to 0.90), ex- 
pert radiologists [16, 17]. This capability signifi-
cantly improves the yield of targeted biopsies 
and reduces the necessity of systematic, ran-
dom sampling. Furthermore, AI can use pre-
operative imaging to predict extraprostatic ex- 
tension (EPE) [18-23], providing crucial T-stage 
information for surgical planning. Standardized 
public datasets and consensus contour atlas- 
es are now available to improve reproducibility 
across institutions [4, 24]. Multi-institutional 
radiomic pipelines, such as the ProstateX and 
PROMISE12 challenges, have established ben- 
chmark datasets and evaluation metrics that 
enable fair comparison across algorithms and 
encourage transparency and generalizability 
[25]. Together, these advances mark a deci- 
sive step toward robust, clinically deployable 
AI-driven mpMRI interpretation.

Pathology and histology

Pathology is ideal for AI. The major issue is 
inter-pathologist variability, especially in distin-
guishing intermediate-risk disease (Gleason 
Grade Groups 2 and 3). DL models, as vali- 
dated in large-scale efforts like the PANDA 
Challenge [26, 27], can perform automated 
and reproducible Gleason grading with extre- 
mely high concordance (AUC>0.95 across mul-
tiple institutions) [3, 28, 29]. Additional studies 
have shown that AI-based pathology systems 
can improve diagnostic efficiency and reduce 
interobserver variability across institutions [3, 
30]. Recent bibliometric analyses also reveal 
exponential growth in AI pathology research, 
highlighting the emergence of federated learn-
ing and explainable models for histopatholo- 
gic interpretation [31-33]. Federated learning 
allows AI models to be trained collaboratively 
across multiple centers without the need to 
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share raw patient data, addressing both pri- 
vacy and diversity challenges. At the same 
time, explainable AI (XAI) methods are increas-
ingly incorporated to visualize which histologic 
regions drive the model’s predictions, enhanc-
ing interpretability and trust among clinicians 
[34]. Such developments provide the founda-
tion for clinically deployable digital pathology 
systems. This objective grading is vital, as it 
directly governs whether a patient is placed  
on active surveillance or proceeds to curative 
therapy.

AI also excels at rapidly quantifying tumor vol-
ume and assisting with the challenging task of 
surgical margin assessment on prostatectomy 
specimens. Automated margin detection algo-
rithms can highlight suspicious residual foci in 
real time, reducing the risk of false negatives 
and aiding intraoperative decision-making [35]. 
New histology-enabled workflows (e.g., stimu-
lated Raman histology) and integrated pathol-
ogy image-management systems are shorten-
ing the path from WSI acquisition to AI-assisted 
diagnosis, improving throughput and consis-
tency in routine reporting [36-38]. Stimulat- 
ed Raman histology (SRH) provides label-free, 
high-resolution tissue imaging that can be ana-
lyzed directly by AI models, offering near-instan-
taneous histopathologic feedback during sur-
gery. Together, these innovations move digital 
pathology from a research tool toward a fully 
integrated, clinically actionable component of 
prostate cancer care.

Multi-modal data integration

ML’s greatest strength is fusing complex data. 
ML algorithms can combine clinical data (PSA 
kinetics, age), imaging features (radiomics), 
and genomic data (e.g., mRNA panels) to pro-
duce a highly precise, personalized risk score 
[39-43]. Recent multimodal frameworks have 
demonstrated that integrating mpMRI-derived 
quantitative features with serum biomarkers 
and genomic signatures significantly enhances 
the discrimination of clinically significant pros-
tate cancer (csPCa) compared with unimodal 
models. For example, combining PI-RADS scor- 
es, PSA density, and transcriptomic classifiers 
improves both diagnostic and prognostic accu-
racy, enabling more refined patient stratifica-
tion. This multi-modal approach is the key to 
identifying patients who are genuinely low-risk 

and suitable for active surveillance, safely man-
aging up to 50% of newly diagnosed PCa cases 
without intervention-related side effects [44, 
45]. Furthermore, XAI and federated learning 
pipelines are increasingly being explored to 
allow multi-institutional model training while 
preserving data privacy, ensuring that these 
integrative tools can be ethically and securely 
deployed in real-world clinical workflows.

AI in treatment selection and surgical plan-
ning

Predictive modeling for treatment choice

AI models are superior to conventional nomo-
grams in forecasting adverse outcomes. By 
leveraging large, well-annotated clinical and pa- 
thologic datasets, AI/ML models capture com-
plex, nonlinear interactions among risk factors 
that traditional nomograms may miss. Trained 
on large outcome databases, these ML models 
can predict a patient’s individualized risk of 
positive surgical margins or biochemical re- 
currence (BCR) after radical treatment [46-48]. 
By integrating patient-reported Quality of Life 
(QoL) data, AI facilitates shared decision-mak-
ing, allowing a patient to weigh a projected sur-
vival benefit against their personalized risk of 
post-prostatectomy incontinence. In conceptu-
al and pilot frameworks, models that include 
baseline urinary/sexual function scores or pa- 
tient preference parameters can present trade-
off curves (e.g. survival vs incontinence risk) to 
patients and clinicians, thereby supporting truly 
personalized therapeutic choice.

Radiotherapy: AI automates the time-intensive 
process of Organ-at-Risk (OAR) segmentation 
(e.g., bladder, rectum) [24, 49, 50], cutting 
planning time from hours to minutes and 
improving the consistency and quality of radia-
tion delivery. By standardizing contours and 
reducing inter- and intra-observer variability, AI 
ensures that dose constraints to critical struc-
tures are more reliably respected, thus minimiz-
ing toxicity. These advances have been applied 
to MR-guided adaptive radiotherapy and pro-
ton-dose estimation workflows to support fast-
er, patient-specific planning. In MR-Linac sys-
tems, AI-driven auto-contouring enables near 
real-time adaptation of treatment plans to  
daily anatomy changes, reducing latency from 
imaging to plan delivery. For proton therapy, 
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AI-facilitated online adaptive workflows (oAPT) 
integrate auto-segmentation with robust re-
optimization and dose recalculation to adjust to 
anatomical shifts, achieving clinically accept-
able re-plans in ~9 minutes for prostate cases 
[51]. Such integration accelerates planning 
turnaround, supports personalized dose paint-
ing, and paves the way for fully adaptive, preci-
sion radiotherapy pipelines.

Robotic surgery and surgical planning

AI is enhancing robotic-assisted surgery, the 
approach used in over 80% of radical prosta-
tectomies in the US [52].

Preoperative planning: AI analyzes preopera-
tive mpMRI to create a high-fidelity 3D map of 
the tumor and critical structures like neurovas-
cular bundles [53, 54]. This map can be inte-
grated into the surgical console to provide real-
time Augmented Reality (AR) guidance, aiming 

to improve the precision of the nerve-spar- 
ing procedure and minimize post-operative  
QoL morbidity [55-57]. Image-fusion pipelines 
(MRI→TRUS) and standardized contour atlases 
are being used to benchmark and deploy these 
models in surgical practice.

Intraoperative assistance: Deep learning algo-
rithms are now capable of real-time semantic 
segmentation of surgical video, automatically 
identifying key anatomical landmarks and as- 
sisting with instrument tracking [58] (Figure 1). 
Future AI systems are expected to act as “intel-
ligent co-pilots”, continuously analyzing surgi-
cal video streams to provide automated perfor-
mance metrics, detect potential errors, and 
deliver real-time feedback on technique [59, 
60]. Such advancements have the potential to 
standardize surgical performance, enhance 
training, and further improve postoperative 
functional and oncologic outcomes.

Figure 1. The Deep Learning Pipeline in Digital Pathology (Technical Focus) in diagnosis prostate cancer. This dia-
gram illustrates the typical deep learning pipeline used for the automated analysis and diagnosis of PCa from 
digitized tissue samples. Whole Slide Image (WSI) Acquisition: The process begins with a Whole Slide Image (WSI), 
which is a high-resolution digital representation of a stained histology glass slide, typically using Hematoxylin and 
Eosin (H&E). The WSI serves as the input for the computational model. Deep Learning Processing: The WSI is fed 
into a Deep Learning model (e.g., a Convolutional Neural Network or CNN), represented schematically by a network 
of interconnected nodes. This model is trained to recognize subtle, complex morphological patterns indicative of 
cancer (PCa). AI-Generated Heatmap: The output is an AI-Generated Heatmap, which visually overlays the tissue 
image with color-coded confidence scores. Red/yellow areas indicate regions of high model certainty (i.e., high 
probability of containing PCa/malignancy), while blue/purple areas represent low certainty/benign regions. XAI 
Insights: The heatmap acts as the visual foundation for Explainable Artificial Intelligence (XAI) Insights, providing 
transparency into the model’s decision-making process. The heatmap explicitly shows which specific tissue regions 
drove the model’s final PREDICTION (e.g., a diagnosis of positive for PCa or a specific Gleason score). This allows 
pathologists to validate the AI’s results and enhances trust in the digital pathology workflow (Created by Co-pilot 
program). Abbreviations: WSI: Whole Slide Image, PCa: Prostate Cancer. H&E: Hematoxylin and Eosin (Stain); CNN: 
Convolutional Neural Network (Implied Deep Learning Architecture), XAI: Explainable Artificial Intelligence.
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Focal therapy and targeted ablation

For focal therapy (like HIFU or cryoablation), 
precise tumor targeting is everything. AI-driven 
tools accurately contour tumor boundaries and 
treatment margins on mpMRI (often within 1 
mm accuracy) [61-63], ensuring complete tu- 
mor ablation while critically preserving sur-
rounding healthy tissue and function. Precli- 
nical and early clinical studies of AI-assisted 
ablation planning and image-guided RFA/HIFU 
demonstrate feasible integration with existing 
focal-therapy workflows [64, 65]. 

AI in prognosis and post-treatment care

Prediction of recurrence

Accurate prediction of BCR is vital for timely sal-
vage therapy. AI models forecast the risk of 
BCR with greater accuracy and earlier warning 
than traditional clinical cut-offs [66, 67]. These 
models - ranging from time-dependent survi- 
val learners (e.g., Random Survival Forests) to 
deep learning systems trained on histology and 
multimodal inputs - provide both higher dis-
crimination and improved temporal resolution 
for when recurrence is likely to occur (Figure 1). 
They analyze post-treatment PSA kinetics (e.g., 
PSA doubling time, velocity) along with initial 
pathological and treatment factors, such as 
margin status, Gleason grade group, lymph 
node involvement, and adjuvant therapies, to 
refine individualized risk estimates and to dis-
tinguish indolent PSA rises from clinically mean-
ingful recurrence [68, 69]. By incorporating 
serial PSA measurements as time-series fea-
tures (or explicitly modeling time-to-event with 
time-dependent covariates), ML methods can 
deliver earlier warnings than static cut-offs  
(for example, flagging subtle upward trends in 
PSA-DT that precede threshold crossings), th- 
us enabling more proactive surveillance. This 
capability allows clinicians to triage patients  
for earlier salvage interventions - such as sal-
vage radiation or ADT - when predicted risk tra-
jectories justify treatment, while sparing low-
risk individuals from unnecessary interventions 
and their side effects [70].

Managing treatment-related side effects

AI provides high-impact support for QoL man-
agement. By learning from large surgical and 
radiotherapy outcome datasets, these models 

can uncover complex interactions among pa- 
tient anatomy, comorbidities, baseline func-
tion, and treatment parameters that standard 
risk scores cannot capture. It predicts which 
patients are at highest risk for complications 
like erectile dysfunction or urinary incontinence 
based on pre-treatment factors and surgical/
dosimetric details [71-73]. This predictive ca- 
pability allows clinicians to implement target- 
ed pre-habilitation and tailored post-operative 
management strategies. For instance, high-risk 
patients identified by AI can be prioritized for 
intensive pre-operative pelvic floor physical 
therapy.

Overcoming challenges

Data and validation: the generalizability hurdle

The performance of any AI model depends 
entirely on its training data. The challenge of 
algorithmic bias is particularly pressing in PCa: 
data from high-risk minority groups, like Black 
men, are often underrepresented in training 
cohorts [74, 75]. This reliance on non-diverse 
data leads to models that may perform poorly 
when applied to these high-risk populations.

Multi-institutional, federated learning (allowing 
models to train across centers without sharing 
patient data) and dedicated efforts to ensure 
highly diverse training cohorts are essential for 
generalizability and equitable care (Table 1) 
[76].

Interpretability and trust: the “black box” 
problem

Clinicians are understandably hesitant to base 
life-altering treatment decisions on a complex 
DL model whose rationale is opaque - the 
“black box” problem.

Explainable AI (XAI) provides transparency by 
offering clear justifications for AI recommenda-
tions, for example, by highlighting the specific 
microscopic features that led to a high-grade 
pathology prediction (Table 1) [77, 78]. XAI is 
necessary to build clinical trust and facilitate 
regulatory oversight [79, 80].

Ethical and regulatory considerations

The FDA and similar bodies are actively creat-
ing clear approval pathways for AI as a Soft- 
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ware as a Medical Device (SaMD) [81]. Cen- 
tral to this is the requirement for rigorous real-
world validation and post-market surveillance 
of “locked” algorithms. Furthermore, AI tools 
must be seamlessly integrated into existing 
EHR and PACS systems to prevent workflow  
disruption [82].

The potential for AI is vast. Large Language 
Models (LLMs) could revolutionize workflow by 
analyzing unstructured clinical notes, summa-
rizing complex patient histories, and assisting 
with documentation [83, 84]. The ultimate goal 
is a fully integrated, AI-driven Clinical Decision 
Support (CDS) system that synthesizes all avail-
able data - imaging, pathology, genomics - to 
provide real-time, actionable insights at the 
point of care (Table 2) [85-87].

Future directions and clinical integration

The next frontier of AI in PCa will focus on mov-
ing from single-task validation to integrated, 
multi-modal clinical decision support systems 
(CDSS):

Holistic risk stratification: Future AI models 
must integrate multimodal data - combining 
Whole Slide Images (WSI), multiparametric  
MRI (mpMRI), liquid biopsy markers, genomic/
transcriptomic data, and clinical history (e.g., 

PSA kinetics) - to produce comprehensive risk 
scores. This allows for a more accurate distinc-
tion between indolent and clinically significant 
PCa than current single-modality approaches.

Active Surveillance (AS) optimization: AI will be 
crucial for refining the selection criteria for AS 
and minimizing the risk of under-treatment. 
Models will use longitudinal data to predict 
which AS patients are most likely to progress, 
guiding timely intervention and reducing un- 
necessary repeat biopsies.

Therapeutic personalization: AI-driven predic-
tive analytics will forecast individual patient 
response to various treatments (e.g., radical 
prostatectomy, radiation therapy, and novel 
hormonal agents). This enables clinicians to 
select the optimal treatment and sequencing, 
thereby maximizing efficacy while minimizing 
treatment-related toxicity and side effects.

Robotic surgery enhancement: AI-powered 
computer vision and intraoperative sensing will 
advance the autonomy and precision of robo- 
tic platforms, aiding in real-time tumor margin 
detection and the preservation of crucial struc-
tures (e.g., neurovascular bundles) to improve 
functional outcomes like continence and po- 
tency.

Table 2. AI across the prostate cancer continuum
Stage of 
PCa Care AI Application Input Data Output/Clinical Impact

Screening/
Risk

Personalized Risk 
Prediction

PSA, Clinical Factors, Genomics Refined stratification; Select active 
surveillance candidates.

Diagnosis Deep Learning for 
Imaging/Pathology

mpMRI (T2W, ADC, DCE), Whole Slide Images (WSI),
Patho-histological Analysis

Automated PI-RADS scoring;  
Objective Gleason grading (GG 1-5).

Treatment 
Planning

Predictive Modeling/
AR Guidance

Radiomics, Pathological features, Surgical Video Prediction of positive margins;  
Real-time Nerve-Sparing guidance.

Follow-up/
Prognosis

ML for Recurrence Post-treatment PSA kinetics, Clinical data Timely prediction of BCR; QoL  
prediction (incontinence/ED risk).

Table 1. Challenges and solutions for clinical translation
Challenge Description Proposed Solution/Future Direction
Generalizability/Bias Models trained on single-institution/ 

homogeneous data fail in new clinics.
Multi-institutional data collaboration; Federated Learning; 
Diverse patient cohorts (ethnicity, geography).

The “Black Box” 
Problem

Lack of transparency in complex DL model 
decision-making.

Explainable AI (XAI) techniques (e.g., heatmaps, attention 
maps); Clinician-in-the-loop validation.

Regulatory & Ethical 
Hurdles

Need for clear approval pathways and  
accountability for AI-driven errors.

FDA/EMA framework for Software as a Medical Device 
(SaMD); Mandatory post-market surveillance.

Workflow Integration AI tools operate outside existing EHR/PACS 
systems, creating workflow friction.

Seamless integration of AI-driven CDS tools directly into the 
clinical interface; API standardization.
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Challenges to clinical translation and wide-
spread adoption

Moving beyond proof-of-concept studies re- 
quires addressing several critical, non-techni-
cal barriers:

Rigorous validation and generalizability: The 
current reliance on retrospective, single-institu-
tion datasets must transition to rigorous, mul- 
ti-institutional, prospective clinical trials with 
diverse patient cohorts. This is essential to 
ensure AI models maintain their high-perfor-
mance metrics when deployed across diffe- 
rent scanners, pathology labs, and patient 
demographics.

Data governance and standardization: Su- 
ccess hinges on establishing standardized data 
acquisition protocols (e.g., WSI and mpMRI for-
mats) and secure, federated data-sharing net-
works. Regulatory bodies (like the FDA and 
EMA) must also finalize clear, adaptive frame-
works for Software as a Medical Device (SaMD) 
to facilitate safe and timely deployment.

The Mandate for Explainable AI (XAI): Clinician 
trust is paramount. Transparent XAI principles 
are not optional; they are required to demystify 
the “black-box” nature of deep learning. XAI 
tools, such as heatmaps and saliency maps, 
must provide actionable, visual insights that 
pathologists and radiologists can readily inter-
pret and validate, ensuring that the AI func- 
tions as a collaborative augmentative tool rath-
er than an autonomous replacement (Figure 1).

Conclusion

Artificial Intelligence, particularly through DL 
models, represents a transformative force in 
the landscape of PCa management. It has dem-
onstrated promising potential to move beyond 
the current limitations of diagnostic subjectivity 
and generalized treatment protocols, primarily 
by improving diagnostic accuracy (e.g., auto-
mated Gleason grading and PI-RADS scoring) 
and facilitating precise, personalized treatment 
strategies. The ultimate successful integration 
of this technology is intrinsically linked to the 
future of precision uro-oncology. The success-
ful, ethical, and equitable integration of AI into 
uro-oncology demands sustained interdiscip- 
linary collaboration among urologists, patho- 
logists, radiologists, radiation oncologists, and 

data scientists. By prioritizing robust external 
validation, transparent XAI, and comprehensive 
regulatory oversight, the medical community 
can fully harness AI’s power to deliver a new 
standard of precise, efficient, and patient-cen-
tric PCa care.
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