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Artificial intelligence (AI) is transforming the diagnostic landscape of
malignant tumors in the urinary system, including prostate cancer,
bladder cancer, and renal cell carcinoma (RCC). By integrating
imaging, pathology, and molecular data, AI enhances the precision
and reproducibility of tumor detection, grading, and risk stratifi-
cation. In prostate cancer, AI-assisted multiparametric Magnetic
resonance imaging (MRI) and digital pathology systems improve
lesion localization and Gleason scoring. For bladder cancer, deep
learning-based cystoscopy and radiomics models from Computed

tomography/magnetic resonance imaging (CT/MRI) enable real-time
lesion segmentation and non-invasive biomarker prediction, such
as Programmed Cell Death-Ligand 1 (PD-L1) expression. In RCC,
AI, combined with CT/MRI and multi-omics data, aids in subtype
classification and prognostic prediction, supporting personalized
therapy. However, despite these promising advances, challenges such
as data standardization, model generalizability, interpretability, and
regulatory compliance hinder AI’s clinical translation. This review
outlines the current state of AI in urological cancer diagnosis and
prognosis, its technological innovations, and the clinical challenges
and opportunities that lie ahead.
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Introduction

Urologic malignancies—principally prostate cancer,
bladder cancer, and renal cell carcinoma (RCC)—
remain a significant public health challenge,
accounting for a substantial proportion of cancer
incidence and mortality worldwide.1 Prostate cancer
is the most common cancer in men, accounting for
roughly one quarter of all male cancers.1 Bladder
cancer ranks ninth in global cancer incidence, with
~550,000 new cases and ~200,000 deaths annually.2

As the primary malignant tumor of the kidney,
RCC causes about 140,000 new cases and 60,000
deaths every year.3 While these diseases seriously
threaten the life of patients, they also have a profound
impact on their quality of life. There are still many
unmet clinical needs for early diagnosis, precise
classification, and individualized treatment of
these diseases.

Imaging, endoscopy, and histopathological eval-
uation together constitute the cornerstone of the
diagnosis of urologic cancers.4–6 These traditional
methods have their own limitations: imaging exam-
inations have limited sensitivity for detecting early
or microscopic lesions; cystoscopy and tissue biopsy
are invasive procedures that not only cause dis-
comfort to patients but also carry risks such as
bleeding and infection. Although pathological diag-
nosis is regarded as the “gold standard”, its results
still depend on pathologists’ subjective judgment,
and inter- and intra-observer variability can lead
to inconsistent diagnoses or delayed treatment.5–8

In recent years, the rapid development of artificial
intelligence (AI) technology has provided a new
opportunity to solve the above problems. In partic-
ular, machine learning and deep learning algorithms
are increasingly used in the diagnosis of urologic
cancers, with great potential to improve diagnos-
tic accuracy, reduce invasive procedures, and enable
early detection.9,10 AI can analyse complex data such
as medical imaging, digital pathology, and genomic
profiles, capture subtle features that are difficult for
the human eye to detect, and provide more objec-
tive and accurate decision support for clinicians. By
improving diagnostic efficiency, supporting clinical
decision-making, and reducing human error, AI is
gradually driving innovation in the diagnosis and
treatment of urologic cancers.11–13 This review pro-
vides new insight into the application of multi-modal
AI for the diagnosis and prognosis of urologic can-
cers, including prostate cancer, bladder cancer, and
RCC. It systematically reviews emerging applications
and research developments in AI, with particular

emphasis on integrating multi-modal data, includ-
ing medical imaging, clinical data, genomic data,
and pathology. In contrast to previous surveys that
mainly focus on specific AI techniques or single-
modal data, this article investigates the potential of a
more holistic, multi-modal approach to AI-powered
diagnostic tools. These advanced systems enable real-
time processing of high-dimensional, multi-source
data to build more patient-specific and widely appli-
cable diagnostic models, significantly promoting
clinical standardization, reducing misdiagnosis, and
improving patient prognosis. In addition, this review
discusses the revolutionary implications of AI appli-
cations in clinical settings, the limited prospects in the
current literature, and issues of data standardization,
model generalizability, and regulatory compliance. In
doing so, it hopes to facilitate the development of
increasingly potent clinical applications of AI for the
diagnosis of urological cancers.

Applications of AI in the Diagnosis of
Urologic Cancers

Prostate cancer
AI has demonstrated significant application
value and broad prospects in multi-modal
imaging, including multi-parameter MRI (mpMRI),
ultrasound, and PET-CT for prostate cancer.14,15

Of these, deep-learning approaches have been
most comprehensively combined with mpMRI to
support early lesion detection, risk assessment
using the Prostate Imaging-Reporting and Data
System, and clinical staging, facilitating more precise
decisions.14,16,17 Applications in ultrasound and the
rapidly developing field of PSMA PET imaging are
also accelerating. The clinical trial has also shown
that AI models can improve tumor detection and
significantly reduce the risk of false negatives,
which is particularly useful for early screening and
diagnosis of prostate cancer.18–20 In addition, deep
learning models have become increasingly adept
at detecting subtle image features invisible to the
human eye. These developments have demonstrated
excellent potential for predicting Gleason scores
and tumor aggressiveness, respectively, providing
tumor-critical information unavailable to traditional
methods and thereby increasing the accuracy of
patient prognosis.21,22

The convergence of digital pathology and AI
marks a new era in diagnostic practice and grading.
Among the most representative recent advances, the
operationalization of the Gleason system on whole-
slide images using AI is achieved through algorithms
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that automatically delineate cancerous areas while
simultaneously providing Gleason patterns indepen-
dent of human operators, thereby reducing inter-
and intra-observer variability.12,23,24 In terms of histo-
logical classification and outcome prediction, the AI
model can identify subtle tumor structural changes
by analysing histological slice images and provide
accurate prognostic information for the patient.25,26

AI can also help pathologists make more accurate
diagnoses in complex histological classifications. The
application of AI in the early stage of prostate can-
cer improves the accuracy of early detection and
diagnosis of cancer.

Using AI models to combine imaging, clinical,
and molecular data for diagnosis and prognosis eval-
uation of prostate cancer has become a research
hotspot in prostate cancer precision medicine. Multi-
modal data integration can combine different types
of data (such as imaging, genomic, and clinical)
to build a more accurate predictive model.27,28 The
application of AI in individualized medical care
and decision-making support has also gradually
advanced, helping doctors formulate personalized
treatment plans tailored to each patient’s specific sit-
uation.28,29 There is an increasing embedding of AI
into individualized care pathways, allowing clini-
cians to tailor therapy to patient-specific risk and
biology. Joint modeling of imaging and genomics
may predict recurrence risk and inform adjuvant or
surveillance strategies.30,31 Similarly, several AI sys-
tems are under development for decision support
in treatment: these synthesize multi-omics data to
surface evidence-based options and optimize thera-
peutic outcomes.32–34

Bladder cancer
The rapid development of cross-sectional imaging,
endoscopy, and digital pathology has catalyzed
the application of AI in bladder cancer diagnosis.
Deep-learning models of CT, MRI, ultrasound,
and cystoscopic video are now contributing to
tumor detection and staging; multiple studies in
muscle-invasive disease report generally strong
performance—AUC typically ~0.85–0.92.35

In mpMRI, a CRDL model integrating radiomic,
deep-learning, and clinical features accurately pre-
dicted 5-year recurrence risk in NMIBC, achieving
an AUC of 0.909 in an independent test cohort and
underscoring the value of quantitative imaging for
prognosis.36 In the key endoscopic technology of cys-
toscopy, the application of AI is moving towards
real-time and precision. The BTS-Net, a Transformer-
based model, has been developed to segment early
bladder cancer and its satellite foci in real time,

significantly improving the detection rate of tiny
lesions.37,38 These developments together show that
AI can not only enhance the reading efficiency of
traditional images but also directly embed the endo-
scope operation process, thereby improving real-time
diagnostic ability.

In pathology, the integration of AI into whole-slide
digital workflows is changing the face of diagnostic
classification and grading. In a multi-institution
study, deep-learning models were trained and
validated on >12,500 bladder WSI. They achieved
high-performance differentiation among normal
urothelium, non-invasive urothelial tumors, and
invasive bladder cancer, with a best-model AUC of
0.983.39 These tools provide strong decision support
and enhance objectivity and consistency among
readers. Additional work further underlines how
AI might help overcome subjectivity and observer-
to-observer variability typical of conventional
assessment by providing novel, reproducible
biomarkers for prognostication.40

Multi-modal modeling that integrates imaging,
clinical data, and molecular/pathologic features,
such as PD-L1 expression and genomic signatures,
is emerging as a key strategy to refine diagnosis
and risk stratification. In a dual-center study, an
interpretable deep-learning model trained on tripha-
sic contrast-enhanced computed tomography scans
predicted PD-L1 status non-invasively and demon-
strated intense discrimination in external validation
(AUC 0.857), illustrating the feasibility of imaging-
based biomarker prediction for immunotherapy
planning.41 To our knowledge, truly integrated multi-
modal approaches for the comprehensive analysis
of bladder cancer remain relatively underdeveloped,
and many efforts are still at an early exploratory
stage.42

Renal cell carcinoma
AI technology has made remarkable progress in diag-
nosing RCC. AI models based on CT, MRI, and
ultrasound images have been widely used for the
detection, classification, and grading of kidney can-
cer. In CT image analysis, AI models, especially
convolutional neural networks (CNNs), showed high
accuracy in the automatic detection and subtype
differentiation of kidney tumors.43 A study used a
CNN to automatically detect RCC, achieving about
85% accuracy in benign and malignant identifica-
tion on CT images, and RCC subtype classification
accuracy of 0.68-0.77, demonstrating feasibility for
clinical applications.44 On MRI, AI exploits multi-
parametric sequences, including contrast-enhanced
imaging and diffusion-weighted imaging, to assist in
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staging and benign–malignant differentiation.45 The
coupling of AI with radiomics allows for automated
segmentation and extraction of deep quantitative fea-
tures, a particular advantage in cases demonstrating
indistinct tumor outlines or atypical signal character-
istics.46,47 In ultrasound, AI-assisted models enhance
the recognition of solid renal masses, with signifi-
cantly improved sensitivity and specificity.48 Imaging
based on deep learning is increasingly important for
predicting the aggressiveness and metastatic risk of
kidney cancer.49

In terms of pathology, AI has become an essential
tool for analyzing RCC tissue. Research confirms that
AI can accurately identify the main subtypes of RCC
by analysing digital tissue slice images and can fur-
ther predict patient progression and prognosis.50 The
combination of digital pathology and AI has shown
high efficiency in realising automatic classification
of kidney cancer and reducing differences in human
diagnosis, providing a more objective and repro-
ducible basis for pathological diagnosis.51 Not limited
to pathology, the application of AI has extended to
the molecular level. By integrating genomic data, AI
models can deeply explore the complex relationships
between gene states, such as the Von Hippel-Lindau
(VHL) gene, and treatment responses. Some studies
use AI to predict kidney cancer patients’ responses
to immune checkpoint inhibitor treatment, providing
a new strategy for the formulation of individu-
alized treatment plans.52 These applications jointly
promote, more accurate diagnosis and treatment of
kidney cancer.

Combining multi-modal AI models of imaging,
clinical, and molecular markers is a key direc-
tion for improving the accuracy of RCC diagnosis
and treatment. The multi-modal AI model builds
a more powerful early diagnosis and risk pre-
diction system for RCC by integrating CT/MRI
image features, clinical indicators, and molecular
biomarkers (such as genetic mutations and PD-L1
expression).53 Such fusion models build much more
powerful systems for early detection and risk pre-
diction compared with single-source approaches.54–56

There is also growing evidence that they provide
superior prognostic information, especially for pre-
dicting recurrence and estimating the efficacy of
targeted and immunotherapies.57 On this foundation,
AI is increasingly integrated within clinical decision-
support tools that synthesize patient-specific data
to guide therapy selection and optimize outcomes.58

As shown in Figure 1, the multi-modal AI model
has significantly improved the diagnostic ability
of urologic cancers by integrating medical images,
pathological data, and genomic information, and has

shown excellent advantages in early detection and
risk stratification.

Multi-Modal Evidence in AI Diagnosis

Definition and type of multi-modal data
Multi-modal data usually refers to information col-
lected from multiple sources and structures to
address specific clinical problems. In the field of uro-
logic cancers, this mainly includes medical imaging
(such as CT, MRI, ultrasound, and PET/PSMA-
PET), digital pathology (such as full-slice images
and their characteristics), structured clinical vari-
ables (such as age, PSA level, TNM staging, and
medication history), and genomic, transcriptomic,
proteomic, and metabolomic data.59 Compared with
single-modal learning, multi-modal learning inte-
grates information across different strategies, such
as data, feature, and decision-making layers, yield-
ing more robust data characterisation and stronger
model generalization in complex clinical tasks.60–62

In recent years, several systematic reviews have
summarised multi-modal fusion strategies, including
early/mid-term/late fusion, attention mechanisms,
Transformers, and graph neural networks, and their
medical applications.63–66 In urinary system oncology,
these integrated strategies provide a feasible technical
path for the unified interpretation of imaging, pathol-
ogy, and molecular evidence, and vigorously promote
the implementation of “integrated diagnosis” in clin-
ical practice.64

Advantages of multi-modal AI
The core advantages of multi-modal AI are mainly
reflected in two key aspects: first, the integration
of multi-source information from imaging, pathol-
ogy, clinical, and molecular data can significantly
improve the tumor detection rate, grading accu-
racy, and clinical decision-making efficiency; Second,
through cross-modal knowledge transfer and uncer-
tainty modelling, multi-modal AI can enhance model
generalizability, decision stability, and interpretabil-
ity, thereby providing a stronger foundation for truly
individualized treatment.27,62,64

Multi-modal AI advantages in prostate cancer
In the diagnosis of prostate cancer, multi-modal
AI shows significant value by integrating imaging
characteristics and clinical variables. Research con-
firms that combining the depth characteristics of
MRI images with key clinical information, such as
PSA level and prostate volume, can significantly
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FIGURE 1. The multi-modal AI model integrates medical imaging, pathology, and genomic data to improve
tumor diagnosis accuracy and support individualized treatment in the urinary system. AI: Artificial intelligence;
PET-CT: Positron emission tomography-computed tomography; MRI: Magnetic resonance imaging; MIBC:
Muscle-invasive bladder cancer

improve the identification ability of clinically sig-
nificant prostate cancer.65 Compared with a single
model that relies solely on imaging features, multi-
modal models that integrate clinical variables achieve
better performance on key indicators such as AUC
and sensitivity, providing a more reliable basis for
early, accurate diagnosis and individualized treat-
ment planning.65–67 When higher-dimensional image
data is introduced, the performance of multi-modal
AI improves. For example, the multi-modal net-
work built by integrating multi-parameter MRI and
PSMA-PET/CT images at the same time is not only
more accurate in the location of the lesion, but also
optimizes risk stratification and clinical staging eval-
uation, and provides strong imaging support for the
guidance of prostate targeted biopsy and the for-
mulation of follow-up treatment strategies.68–70 This
integrated model is beneficial for identifying small
foci that are easily overlooked in traditional images
and for improving diagnostic sensitivity and the
accuracy of clinical decision-making.

Advantages of multi-modal AI in bladder cancer
In the field of bladder cancer, the advantages of
multi-modal AI are mainly reflected in image-
molecular linkage and real-time auxiliary diagnosis.
The explainable deep learning model based on
CT image construction can predict PD-L1 expres-
sion status non-invasively, providing an essential
tool for screening the beneficiary population for
immunotherapy and highlighting the potential of
“image-molecule” integration in individualized treat-
ment design.1,71 By combining imaging features with
key biomarkers, such models not only improve dis-
ease detection but also provide a new perspective
for predicting treatment response. At the same time,
the combination of AI and cystoscopy technology
has dramatically improved the real-time accuracy
of the diagnosis process. Traditional cystoscopy is
highly dependent on the operator’s experience and
can easily miss early or small lesions. The real-time
enhanced cystoscopy system based on deep learn-
ing can dynamically identify suspicious lesions in
the video stream and automatically segment focal
lesions and outline their boundaries, significantly
improving lesion detection rate and operational
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efficiency, and providing technical support for intra-
operative decision-making and follow-up treatment
planning.72,73

Advantages of multi-modal AI in RCC
In RCC diagnosis and treatment, multi-modal AI
plays a vital role in prognosis prediction and treat-
ment decision-making by integrating images and
clinical pathology data. Research shows that combin-
ing CT image characteristics with clinical variables
such as patient age, tumor stage, kidney function
index, etc., can effectively construct a predictive
model, accurately assess total survival and the risk of
recurrence, and provide a quantitative basis for indi-
vidualized follow-up and treatment strategies.58,74,75

After the introduction of radiogenomics methods,
imaging phenotypes are associated with genomic
data (such as characteristic gene mutations), which
can provide deeper insights into tumor behaviour
and predict patients’ possible responses to targeted
or immunotherapy before surgery.76 This cross-modal
integration not only improves the objectivity of diag-
nostic staging, but also helps to establish a consistent
biological interpretation framework between differ-
ent data types of “the same patient”, reduces the
judgement bias that may be caused by single-modal
analysis, and lays the foundation for the realisation of
actual precision medical treatment.64,76

Challenges of multi-modal data integration
Despite the significant advantages of multi-modal AI,
its clinical transformation road still faces a series of
complex challenges that run through the levels of
data, algorithms, biology, and supervision.

Data heterogeneity and standardisation bottleneck
The core challenge of multi-modal data lies in its
inherent heterogeneity. The CT and MRI equipment
at different medical centres use different acquisi-
tion protocols and reconstruction algorithms, and the
scanning process for pathological slices lacks unified
standards. These factors introduce systematic devia-
tions, resulting in a significant lack of generalization
ability of the model between different scanning
equipment and medical institutions.77–79 To address
this problem, the field of imaging has adopted
the IBSI standard to standardise feature extraction
and uses ComBat, CovBat, and other methods for
data harmonisation.30,80 However, the effectiveness of
these methods depends heavily on algorithm selec-
tion and parameter settings, and their universality
still needs to be further verified.

Questioning the rigour of methodology and the
consistency of labelling
The design of multi-modal research is complex, more
prone to selection bias and data leakage, and most
studies lack sufficient external verification. A funda-
mental obstacle is that the data labelling standards are
not uniform.35 Especially in digital pathology and cys-
toscopy video analysis, subjective differences among
annotators will directly “contaminate” the quality
of the training set, leading the model to learn the
wrong correlation. To this end, the latest guidelines,
such as TRIPOD+AI, STARD-AI, and PROBAST-AI,
set stricter specifications across multiple dimensions,
including prediction model construction, diagnostic
accuracy evaluation, and bias risk, and emphasize
clear data division, external verification, and reports
on fairness and explainability.81–84

Complexity of tumor biology and model explainability
dilemma
Beyond the technical level, the inherent heterogeneity
of tumors and the atypical imaging characteristics
of small lesions pose fundamental challenges to
building biologically meaningful models. The
model must be able to recognise robust patterns in
complex biological background noise, and the lack of
interpretability in the multi-modal model’s decision-
making process remains a core bottleneck.85–88 When
the model integrates high-dimensional imaging
and genomic data, its decision-making logic often
becomes a “black box”, which not only hinders
clinicians’ understanding and trust but also makes
it difficult to trace back to the original AI discovery
and to deepen understanding of the disease’s
biological mechanisms.

Compliance, Clinical Deployment, and Governance
Barriers
Data privacy protection, cross-institutional data shar-
ing barriers, and continuous model learning and
performance drift monitoring all lack mature solu-
tions. Seamlessly integrating AI tools into existing
clinical workflows, such as PACS, LIS, EMR, etc.,
poses significant engineering challenges.64 In addi-
tion, the European Union’s AI Act classifies medical
AI systems as “high-risk” categories, and its “super-
imposed” compliance model with the medical device
regulations of various countries poses a severe test for
the cross-border deployment of products.89

Case studies of multi-modal AI models
In the specific application of tumors in the urinary
system, successful cases of multi-modal AI are accu-
mulating rapidly. With the increasing abundance of
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multi-modal datasets, AI technology can integrate
imaging, pathology, clinical data, and genomic infor-
mation to provide strong support for the accurate
diagnosis, staging, and treatment of urologic can-
cers.64 By integrating data across different modes,
AI has shown great potential for focal detection,
clinical decision-making, and personalized treatment
support.

AI application of prostate cancer
At present, the research focuses on the integrated
analysis of multi-modal images, including MRI and
PSMA-PET/CT. Evidence shows that the AI model
that integrates MRI depth characteristics with clini-
cal variables such as PSA level and prostate volume
can significantly improve the identification ability of
clinically significant prostate cancer.90 Such models
still maintain stable performance in external valida-
tion, demonstrating good generalization and support
for clinical decision-making.27,69 The integration of
mpMRI and PSMA-PET/CT into a multi-modal net-
work shows significant advantages in the precise
localisation and staging of the lesion, providing a
reliable basis for biopsy guidance and treatment
planning.70 With the progress of deep learning tech-
nology, AI has made a significant breakthrough in the
extraction of subtle features of images. For example,
through automated analysis, AI can identify early
lesions that are difficult to detect by traditional meth-
ods, thereby effectively improving the sensitivity and
specificity of early diagnosis.11 At the pathological
level, AI has realised the automation and accuracy
of Gleason scoring, significantly reducing subjec-
tive differences and providing stable and repeatable
auxiliary tools for pathological grading.39 The AI sys-
tem that integrates images, molecular markers, and
clinical information is gradually promoting the devel-
opment of prostate cancer diagnosis and treatment
in the direction of individualisation, showing a cer-
tain transformation potential in risk stratification and
treatment strategy optimization.91

AI application of bladder cancer
The diagnosis and staging of bladder cancer are
highly dependent on integrating multi-modal data,
and the application of AI in this field is gradually
reshaping its diagnosis and treatment. In terms of
imaging, AI can not only non-invasively predict PD-
L1 expression status based on CT and other imaging
features, but also provide a key reference for strati-
fying patients for immunotherapy.92 Furthermore, the
real-time enhanced cystoscopy system based on deep
learning can automatically identify and divide the
lesion during the examination process, significantly

improving the detection rate and boundary definition
accuracy of early lesions, and providing real-time and
visual support for perioperative decision-making.93–95

In the field of pathological analysis, AI has effectively
improved the consistency and objectivity of diagno-
sis by integrating digital pathological images. For
example, a deep learning model trained on full-slice
images (WSI) can accurately distinguish between nor-
mal tissues, non-invasive urinary tract thelial tumors,
and invasive bladder cancer, providing stable and
reliable auxiliary tools for pathological diagnosis and
significantly reducing inter-observer variability.40

In terms of multi-modal integration, AI builds
an auxiliary system with more comprehensive judg-
ment capabilities by integrating images, pathology,
and molecular data (e.g., PD-L1 expression, gene
mutations). Research shows that AI models based on
image-molecular coupling perform well in predicting
immunotherapy responses and provide a powerful
tool for the formulation of individualized treatment
strategies for bladder cancer.83 These advances jointly
promote the diagnosis and treatment of bladder
cancer in the direction of precision and minimally
invasive procedures.

AI application of RCC
By integrating CT images, clinical information, and
even pathology and transcriptomic characteristics
using multi-modal deep learning, the model shows
strong performance in predicting overall survival
and recurrence risk in patients. Several models have
undergone external validation and shown better
discrimination and calibration than traditional scor-
ing systems, including those based on multi-omics
or multi-group information.58,74,75 A recent review
also emphasised that incorporating genetic muta-
tions, expression profiles, and imaging phenotypes
into a unified analytical framework can substantially
improve our understanding of disease mechanisms
and better inform treatment decisions.74,76 Com-
pared with the single-modal model, multi-modal
AI has improved both statistical and clinical per-
formance in most studies. To provide a more
systematic overview of its core components and
technical bottlenecks, Table 1 summarises the main
data types, integration strategies, typical technolo-
gies, advantages, and key challenges involved in
multi-modal AI.

In summary, multi-modal AI is creating a
continuous chain of evidence for urologic cancers,
linking detection, stratification, and treatment
decision-making. Upstream of diagnosis, AI models
combine imaging or endoscopy with pathology
to enhance tumor detection and grading. In the
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TABLE 1. Data types, fusion strategies, and technical challenges in multi-modal AI

Data type Specific content
and sources

Fusion
strategy

Typical
techniques

Main
advantages

Key challenges References

Medical
imaging

CT, MRI (mpMRI,
DWI), Ultrasound,
PET/PSMA-PET—

anatomical and
functional
imaging.

Early,
intermediate,

late fusion.

Transformers,
graph neural

networks,
attention

mechanisms.

Enhances
lesion

detection,
localization,
and staging.

Heterogeneity,
standardization,

and
harmonization
across devices
and centers.

79,80

Digital
pathology

Whole-slide
images (WSI),

tissue
microarrays—

cellular and
tissue-level
diagnostics.

Intermediate or
late fusion with

imaging.

CNNs, vision–
language

models, and
multi-instance

learning.

Enhances
credibility and
interpretability

of imaging
findings.

Large data sizes,
high compute

cost, and difficult
spatial

co-registration
with imaging.

64

Clinical
data

Age, PSA, TNM
stage, treatment

history—
individual

context.

Combined with
imag-

ing/pathology
at intermediate
or late fusion.

MLP, feature
concatenation.

Improves risk
stratification

and prognosis.

Quality depends
on entry

standardization
and on the

frequency of
miss-

ing/inconsistent
data.

27

Genomic/
Molecular
data

Gene mutations
(e.g., VHL),
expression

profiles, PD-L1
expression—tumor

biology.

Radiogenomic
fusion at the
intermediate

stage.

Multi-omics
integration,

radiogenomic
analyses.

Non-invasive
biomarker

prediction aids
personalized

therapies.

High costs, high
dimensionality,

and complex
biological

interpretation
lead to

overfitting.

41,74,76

Footnote: CT: Computed Tomography; MRI: Magnetic Resonance Imaging; mpMRI: Multiparametric Magnetic Resonance
Imaging; DWI: Diffusion Weighted Imaging; PET: Positron Emission Tomography; PSMA-PET: Prostate-Specific Membrane
Antigen Positron Emission Tomography; PSA: Prostate-Specific Antigen; TNM: Tumor, Node, Metastasis; MLP: Multilayer
Perceptron; VHL: Von Hippel-Lindau; PD-L1: Programmed Cell Death-Ligand 1.

midstream, image–molecular fusion enables non-
invasive prediction of key biomarkers. Downstream,
AI integrates clinical variables with multi-omics
information to provide more accurate risk assessment
and treatment response prediction.79,80,96

Clinical Translation of AI in Urologic
Cancer Diagnosis

Barriers to clinical translation
The path from “research-grade algorithms” to
“clinically deployable tools” is bridged by three
domains: regulation, interpretability, and workflow
integration. On the regulatory front, a governance
framework for “adaptive” or continuously learning

algorithms has taken form. In the United States, the
FDA’s final guidance on PCCP for AI/ML-enabled
devices allows sponsors to pre-specify, in the initial
marketing submission, the scope and boundaries of
post-market model updates, while also requiring real-
world performance monitoring, risk management,
and change-impact analyses—requirements directly
linked to the safety and effectiveness of diagnostic AI
in hospital settings.97,98

Medical AI systems have been classified as “high-
risk” since the entry into force of the European
Union’s AI Act in August 2024, which imposes
statutory obligations for risk management, data gov-
ernance, transparency, and human oversight, with a
24–36-month transition period.99 Together with the
MDR, IVDR, and GDPR, the AI Act results in a
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multi-layered regulatory framework that substan-
tially increases the compliance burden for deploying
urologic-oncology AI products across borders.89,99

Real-world performance surveillance remains, how-
ever, a weak link: recent work argues that metric
monitoring alone cannot reliably detect data drift.
Postdeployment monitoring and recalibration mech-
anisms are needed, while calls are for greater
requirements—under STARD-AI, TRIPOD+AI, and
PROBAST-AI—for external validation, bias assess-
ment, and transparent reporting.100

From a regulatory perspective, current frame-
works acknowledge the promise of AI in urologic
cancer diagnosis while imposing essential constraints
on its widespread use. Most approved tools are
still narrow, task-specific applications (e.g., prostate
pathology or mpMRI reading), with limited multi-
centre and real-world evidence. In addition, stringent
requirements for external validation, lifecycle per-
formance monitoring, and bias assessment make it
difficult for many research-grade, single-centre mod-
els to progress towards authorization, meaning that
more complex multi-modal AI systems, such as those
discussed in this review, are not yet ready for routine
deployment in everyday practice.

Current clinical use cases
A small but growing number of AI systems have
moved beyond the research stage and into routine or
near-routine clinical use in urologic oncology, provid-
ing concrete examples of how these technologies are
being embedded into real workflows.

Digital pathology. Paige Prostate was the first
prostate pathology AI tool to receive FDA De Novo
authorization, marking a significant milestone for
computer-assisted diagnosis on whole-slide images.
Paige Prostate functions as a second reader: it high-
lights suspicious foci on digitized biopsy slides and
prompts pathologists to examine these regions more
carefully. In simulated and retrospective diagnostic
studies, researchers have reported that Paige Prostate
increases cancer detection rates and reduces missed
small tumor foci, while maintaining or even improv-
ing specificity.101–103 Several independent groups have
also evaluated the system and found that it per-
forms robustly across different slide scanners and
institutions, which supports its safe integration into
high-volume diagnostic laboratories to improve con-
sistency and efficiency.101–103

Prostate MRI. In radiology, several commercial AI
solutions for prostate MRI have obtained 510(k) clear-
ance and are now incorporated into standard imaging
pipelines. Products such as Quantib R© Prostate and

Siemens AI-Rad Companion Prostate MR auto-
matically segment the prostate gland, assist with
PI-RADS scoring by pre-marking candidate lesions,
and facilitate targeted fusion biopsy planning. In
daily practice, these systems are typically launched
directly from the PACS, generate structured reports
or overlays, and are used by radiologists for deci-
sion support rather than as stand-alone readers.104,105

By reducing manual contouring and standardising
lesion annotation, they aim to shorten reading time
and decrease inter-reader variability, particularly
among less experienced readers.104,105

Large-scale clinical evidence. The international,
paired, non-inferiority PI-CAI study provides a
good illustration of how MRI-based AI can per-
form under conditions close to real practice. In
this trial, multi-centre-trained AI models for clin-
ically significant prostate cancer detection were
prospectively compared with radiologists’ inter-
pretations under a preregistered protocol. The AI
system achieved non-inferior—and in some analy-
ses slightly superior—discrimination compared with
human readers, while maintaining robust perfor-
mance across centres and scanner types.91 Taken
together, these examples outline a typical pathway
for AI deployment in urologic oncology: initial reg-
ulatory authorization (De Novo or 510(k)), followed
by integration with existing digital pathology or
imaging infrastructure, and finally prospective or
large-scale validation to demonstrate added clinical
value beyond technical performance metrics.

Future directions and outlook
Looking ahead, several priorities will determine
whether AI can move from proof-of-concept tools
to reliable, practice-changing technologies in uro-
logic cancer diagnosis.11,79 In the short term, the most
realistic advances are likely to come from narrowly
focused, task-specific models that address clearly
defined clinical pain points, such as triaging prostate
biopsies, standardising PI-RADS or VI-RADS scor-
ing, or flagging high-risk lesions on CT and MRI.
These systems should be prospectively embedded
into real-world workflows and evaluated not only by
traditional metrics such as AUC or accuracy, but also
by their impact on biopsy rates, time to diagnosis,
inter-reader variability, and downstream treatment
decisions.21,91

Over the medium to long term, future work
will need to move beyond single-modality models
towards truly multi-modal AI systems that integrate
imaging, digital pathology, clinical variables, and,
where available, genomic and molecular data.60,61
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FIGURE 2. The flowchart of AI-based urinary system tumor diagnosis shows the multi-modal fusion of imaging,
pathology, and clinical data. AI: Artificial intelligence; FDA: Food and drug administration; MRI: Magnetic
resonance imaging; STARD-AI: Standards for reporting of diagnostic accuracy-artificial intelligence; TRIPOD:
Transparent reporting of a multivariable prediction model for individual prognosis or diagnosis; PROBAST:
Prediction model risk of bias assessment tool

Such models may enable more precise risk strati-
fication, dynamic prediction of treatment response,
and identification of patients who are most likely to
benefit from intensified surveillance or early inter-
vention. To achieve this, large multi-centre consortia,
federated learning frameworks, and harmonised data
standards will be essential to overcome data silos,
reduce batch effects, and improve generalizability
across scanners, institutions, and populations.30,77

Finally, the sustainable deployment of AI in
urologic oncology will depend on strengthening
interpretability, governance, and regulatory
alignment.68,79,106,107 Future research should prioritise
models that can provide case-level explanations or
visual evidence, thereby enhancing clinician trust and
facilitating shared decision-making with patients.22,106

At the same time, adherence to emerging reporting
and evaluation standards, together with continuous
postdeployment monitoring for performance drift,
bias, and safety events, will be crucial to satisfy
regulatory expectations. Suppose these technical,

clinical, and regulatory pillars can be aligned. In
that case, AI has the potential not only to refine
existing diagnostic pathways but also to reshape
how urologic cancers are screened, detected, and
managed in routine practice. Figure 2 shows the AI-
based flowchart for urinary system tumor diagnosis,
which seamlessly integrates imaging, pathology, and
clinical data to help doctors more accurately evaluate
the patient’s condition.

Limitations
Although multi-modal AI has shown great poten-
tial in urologic oncology, several limitations must
be considered. First, many studies rely on small,
single-center datasets that may not fully reflect the
diversity of patient populations in real-world clinical
settings. This limits the generalizability of AI models
across different institutions and regions. Second, data
quality and consistency are crucial. Inconsistent label-
ing and variations in imaging protocols can affect
model accuracy.
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Additionally, most studies to date have been ret-
rospective, which may introduce biases and limit the
reliability of the results. Finally, while AI tools have
been promising, their clinical adoption remains slow.
Clinicians need proper training and trust in these
systems before widespread use. Moreover, regulatory
hurdles and ethical concerns, such as patient pri-
vacy and transparency in decision-making, must also
be addressed.

Conclusion

Reviewing the available evidence, AI has shown
promising potential across the entire diagnostic pro-
cess for urologic cancers. In radiology, AI significantly
increases the sensitivity of lesion detection, grading,
and staging in different modalities, and in pathology,
whole-slide image analytics yields more objective and
reproducible evaluations. At the same time, at the
molecular level, integrative modeling improves risk
stratification and prediction of treatment response.
Multi-modal integration not only enhances the
model’s performance but also lays the founda-
tion for an explainable chain of clinical evidence.
However, AI clinical transformation still faces key
challenges, including insufficient model generaliza-
tion, imperfect interpretability mechanisms, limited
data standardization, insufficient privacy protection,
and a lack of continuous governance. To this end, it
is necessary to conduct multi-centre forward-looking
verification and to follow international standards to
promote technological transparency and standardiza-
tion. In terms of clinical impact, the application of
AI will show gradual development: as an auxiliary
tool to improve diagnostic efficiency in the short term,
support individualized treatment decision-making in
the medium term, and promote the comprehensive
implementation of precision medicine through the
deep integration of continuous learning systems and
medical information systems in the long term. In a
word, AI is promoting urinary oncology towards pre-
cision and efficiency. The key to achieving this goal is
to coordinate technological development, clinical ver-
ification, and standardized governance, and steadily
complete the final leap from algorithm innovation to
clinical benefit.
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