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Urology, . prostatic hyperplasia (BPH), and kidney stones represent a significant global health
Machine Learning, . . e .
. burden. Over the past decade, data-driven approaches, particularly Artificial Intelligence
Deep Learning. . . . . ) .
(Al), have emerged as transformative tools in urology for clinical practice, diagnosis,
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diagnostic, prognostic, and interventional domains. Machine Learning (ML), Deep
Learning (DL), and Natural Language Processing (NLP) have enabled predictive modelling
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for prostate, bladder, and kidney cancer, facilitating early detection, risk stratification,

16-05-2026 and outcome prediction. Al-driven image analysis has enhanced the interpretation of
Published on: ultrasound, CT, and MRI data, while robotic-assisted systems have improved surgical
26-05-2026 ’ precision, reduced operating times, and provided intraoperative guidance. Beyond the

operating room, personalized medicine and long-term patient monitoring have been
supported by Al-based decision support systems, Chatbot, and wearable technologies.
Despite these advancements, challenges remain in terms of data heterogeneity,
algorithm transparency, clinical integration, and ethical considerations, particularly
regarding privacy and bias. Our review highlights both the strengths and limitations of
current Al applications in urology and underscores the future trajectory of Al-driven
precision medicine to optimize outcomes and transform patient care.

1. Introduction

of and

prediction of surgical outcomes. Computer-aided

Urological diseases, including Benign Prostatic imaging, histopathological analysis

Hyperplasia (BPH), Bladder Cancer, Prostate

Cancer, Renal Cell Carcinoma (RCC), Pediatric
Urology, Renal Transplants, and Urolithiasis,
represent a major health burden worldwide,
affecting millions of patients of all age groups.
BPH alone affects more than 200 million men
worldwide, resulting in Lower Urinary Tract
Symptoms (LUTS) that can have a substantial
negative effect on quality of life and productivity.

Throughout the past ten years, Al has evolved into
a game changer in urology with regards to
diagnosis, prognosis or treatment planning and
surgical decision-making. In early investigations
(2018 to 2025), Al was tested in the interpretation

1146

identification of imaging-based features in BPH
histology and DL for urinary stone detection [1]
Studies from 2018 to 2025 develop deeper into
mechanisms: radiomics-based survival prediction
in bladder prostate cancers (Takeda et al. 2024;
Wang et al. 2025) explainable Al for prostate MRI.

DL applied to pediatric ultrasound and
hydronephrosis  segmentation [4] and Al-
determined risk stratification in  renal

transplantation [5]. In research related to bladder
carcinoma, Al has been demonstrated to provide
more accurate or at least similar predictions of
mortality compared with classical statistical models
and achieved over 80% accuracy [6, 7]. The
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number of publications dramatically increased in
the past 7 years (2018-2025) regarding this topic.
Computing power, datasets and imagery have been
some of the biggest factors behind that, but most of
the Al systems are still early in development and
will need to be validated before they can become a
part of clinical practices. Al technologies such as
Machine Learning (ML), Deep Learning (DL),
Radiomics, and Natural Language Processing
(NLP) are showing the potential to address these
challenges. With enhanced diagnostic accuracy up
to 96.3% in histological diagnosis of BPH,
advanced treatment response assessment at an early
stage, and better patient stratification or CTA
staging [8, 9].

The purpose of this systematic review (2018-2025)
is to provide a comprehensive overview of the
potential use of Al in urological diseases such as
BPH, Bladder Cancer, Prostate Cancer, RCC,
Pediatric Urinary Stone Disease and
underdevelopment, along with a comparison
analysis of their diagnostic and prognostic accuracy
when compared with traditional techniques.
Review is despite many studies in the past few
years; this field still suffers from existing
heterogeneity of Al models and small sample size;
the absence of multicenter testing implies a lack of
generalizability and failure to translate an
interesting finding into practice. Based on the
current evidence, this review aims to describe
opportunities of Al, adoption trends in AI and
future prospects of Al in shaping precision
urological study.

2. Al in Urology

Artificial Intelligence (AI) has found broad
applications in urological studies, where imaging,
pathology, and clinical data play a vital role in
diagnosis and treatment. In Prostate Cancer,
Convolutional Neural Networks (CNNs), U-Nets,
and radiomics-based models are widely used for
MRI interpretation, biopsy guidance and Gleason
score prediction that achieving accuracies often
above 90% [10, 11]. In Kidney Cancer, CT and

21(2): S.I(2), 1146-1167,2026

1147

www.thebioscan.com

MRI-based DL models such as CNNs and U-Nets
have demonstrated accuracies up to 99% for
classification, = segmentation, and  survival
prediction [12, 13]. For Bladder Cancer, Al
applications range from urine cytology analysis to
radio genomic prediction models, with accuracies
consistently around 90-95% [14, 15]. In stone
disease, Support Vector Machines (SVMs), CNNss,
and ensemble models like CatBoost have been used
for CT stone detection, Percutaneous
Nephrolithotomy  (PCNL) and  Retrograde
Intrarenal Surgery (RIRS) outcome prediction, and
complication risk analysis, with some models
reaching up to 99% accuracy [1, 16]. Furthermore,
in renal transplantation, ML models including
ANNs, SVMs, XGBoost, and gradient boosting
have been applied for donor-recipient matching,
graft survival, and readmission prediction that
achieving accuracies between 85-99% [17, 18].
Collectively, these advances demonstrate Al’s
transformative role in wurology by improving
diagnostic precision, enabling risk stratification,
and supporting personalised treatment decisions.

The graphical representation (Mentioned in Graph
No. 1) summarises a total of 74 Al-related urology
studies distributed across seven major disease
categories. The highest number of studies were
conducted in Renal Cell Carcinoma (15 articles),
reflecting the growing role of Al in tumour
classification, segmentation, and
prediction. Bladder carcinoma (13 articles) and
Prostate carcinoma (13 articles) also show
substantial research activity, emphasising Al’s
importance in cancer detection and staging.
Moderate attention has been given to Benign
Prostatic Hyperplasia (9 studies) and Urolithiasis (9
studies), focusing on diagnosis and surgical
outcomes. Renal transplant (9 studies) represents a
significant area, particularly in graft survival and
donor-recipient matching. Pediatric urology (6
studies) remains underrepresented, signifying
opportunities for future AI research. Overall, Al
applications in urological-related diseases lead the
research scenarios.

survival
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Graph No.1 Clinical and Research Consequences in Urological Studies

Articles Reviewed for the Study of Urological Diseases
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3. Urological Diseases Studies

3.1 Benign Prostatic Hyperplasia (BPH)

Benign Prostatic Hyperplasia (BPH) is one
of the most common urinary tract
disorders affecting men’s health in a
global and crucial problem of both clinical
and research measures. The problem of
patient outcomes has  substantially
improved, and a few accurate surgical
decisions have been reported under the
study of Al. Deep Learning (DL) strategy
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H Bladder Carcinoma
M Pediatric Urology
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for prostate image analysis -efficiently
improved diagnostic efficacy to make
BPH identification more successful.
However, radiomics and machine learning
progression have provided non-invasive
and differential diagnoses. Figure 1 shows
the advancing benign prostatic hyperplasia
diagnosis and treatment flow.

Non-Invasive
Diagnoses

Radiomics and ML
offer alternatives

Figure:1 Advancing BPH Diagnosis and Treatment
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Table No. 1: Comparative Performance of AI Models in Benign Prostatic Hyperplasia

Author (Year) Objective Al Models Used Accuracy
Nazri et al. (2018) Automated detection and classification VGG16 CNN 95%
[19] of BPH using imaging
Shah et al. 2022 [20]  Review of Al in BPH diagnosis and Fuzzy logic, Computer 90%,

management vision 96.3%
Chen et al. 2023 [21]  MRI radiomics for subtype prediction ~ SVM 87%
Zhang et al. 2023 [22] Differentiating BPH vs PCa using Bi-directional CLSTM 92%
DCE-MRI
Wang et al. 2024 [23]  Biomarker identification for BPH WGCNA + Random Forest 88%
Syafie and Automated diagnosis from prostate DenseNet121 (Transfer 94.1%
Rismayanti 2025 [24]  images Learning)
Lama et al. 2025 [25]  Differentiating BPH from PCa, ML + DL on MRI, >90%
outcome prediction ultrasound, biomarkers
Wang et al. 2025b Predicting treatment response with ANN-MLP, RF, KNN 90%
[11] WSI + MRI radiomics
Guo et al. 2025 [9] Multimodal LLMs for cystoscopy ChatGPT-4V, Claude 3.5 89%

interpretation

Recent BPH studies clearly indicate a shift
from monomodal deep learning models to
multimodal and hybrid AI models. In
mentioned Table No:1 prior work Nazri et
al. (2018) demonstrated that imaging
analysis with CNN, in particular VGG16,
can be used for automated BPH detection
with a high diagnostic accuracy 95%,
proving that deep learning derivations are
applicable in prostate imaging[19]. Further
reviews and studies of methodology
expanded on the Al paradigm Shah et al.
(2022)[20] described high results for fuzzy
logic and computer vision methods 90-
96.3% in BPH diagnosis and treatment.
Specialized modalities  were  further
explored using radiomics and progressive
modelling Chen et al. (2023)[21] applied
MRI radiomics SVM to identify BPH
subtypes 87%, and Zhang et al. (2023)
[22] utilized bi-directional CLSTM on
DCE-MRI to distinguish BPH from
prostate cancer with an accuracy of 92%.
Together, these studies represent a move
towards more complex architectures that
potentially can identify spatial progressive
and textural biomarkers appropriate to
prostate disease.

In comparative performance mentioned
Table, No: 1 Recent development (2024-
2025) reveals a promising direction in
biomarker discovery, transfer learning,
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and multimodal fusion to enhance the
reliability of diagnostics and clinical
applicability. Wang et al. (2024) [23]
applied WGCNA and Random Forest to
screen out key molecular biomarkers
related to BPH 88% accuracy which
highlighted significance of omics-driven
Al. Transfer learning also enhanced the
development of imaging-based diagnosis
[24] with  DenseNet121 94.1%.
Multimodal approaches combining MRI,
ultrasound, histopathology, and
biomarkers consistently attained >90%
accuracy,  effectively  differentiating
diseases and predicting outcomes [11, 25].
And while slightly lower performance
89% accuracy, the appearance of
multimodal large language models for
cystoscopy interpretation [26] signifies a
paradigm shift towards explainable,
clinician-interactive Al. Together these
results indicate that CNN and radiomics
models are still promising for BPH
detection but BPH management in the
future might invention in multimodal,
explainable Al considering imaging,
biomarkers and clinical context to guide
precision urology [25, 27, 28].
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3.2 Bladder Cancer (BC)

Bladder Cancer is among the most
prevalent and recurrent malignancies
worldwide, posing major challenges in
diagnosis and treatment Jansen et al. 2020
[29]. Conventional modalities such as
cystoscopy, histopathology, and imaging
are limited by inter-observer variability
and restricted predictive  accuracy
Bhambhvani et al. 2021 [30]. In recent

www.thebioscan.com

years, Al technologies including DL,
radiomics, and various ML approaches
have been increasingly applied to improve
diagnostic  precision and prognostic
evaluation.  State-of-the-art ~ Al-based
studies have demonstrated significant
advantages over traditional methods,
offering  enhanced  accuracy  and
reproducibility in BC management Arita et
al. 2025 [8]. Figure 2 shows management
of bladder cancer treatment.

Histopathology

Conventional

Modalities

— BGIEGGEE e, ——

Al Technologies [aups

Figure 2: Al in bladder cancer management.

Table No. 2: Comparative performance of AI models in bladder cancer

Deep Learning

Radiomics

Machine Learning

Enhanced Accuracy

Reproducibility

Author (Year) Objective Al Models Used Accuracy
Jansen et al. 2020 Tumor segmentation in NMIBC U-Net + VGG16 74%
[29]
Bhambhvani et al. Prognosis prediction (OS, DSS) using ANN 81%, 80%
2021 [30] SEER dataset (161,227 patients)
Slusarczyk et al. 2023 Prognostic modeling of T1 NMIBC ANN vs Logistic 79%, 73%
[6] (32,060 cases) Regression

He et al. 2024 [31]

Demir et al. 2024
[14]

Liu et al. 2024 [15]

Algahtani et al. 2024
(32]

Zhao et al. 2024 [33]
Arita et al. 2025 [8]

Dai et al. 2025 [7]

Xiao et al. 2025 [34]

Zhao et al. 2025 [35]

Kostakopoulos et al.
2025 [36]

Prediction of muscle-invasive BC

Classification of blood & urine
droplet patterns

Urine cytology diagnosis with
AIxURO

Grading and performance
classification

Prognostic prediction using RNA-seq
data

mpMRI with delta-radiomics and
SVM
Post-cystectomy survival prediction

Lymphovascular invasion prediction

Multi-modality BC diagnosis

Cytology & histology-based BC
diagnosis

Radiomics, Deep Learning

ResNet-18 CNN
(ImageNet pretrained)

DL segmentation

MLP, Logistic Regression

ANN

Radiomics, SVM

6 ML models

ResNet50 CNN

GHL-Net + Ensemble ML
U-Net + ResNet50

89%, 91%,
92%

97%, 95%
93.9%
94%, 88%

~80%

97%, 96%
87%

82%

95%, 92%
91-90%

Progress in non-muscle-invasive muscle-
invasive BC research Mentioned in Table

No:2 in particular illustrates how Al is
increasingly being applied to imaging,
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pathology, cytology, and large-scale
clinical data. Early segmentation-based
approaches e.g. Jansen et al. (2020) [29]
combined U-Net and VGG16 for NMIBC
tumor segmentation with reasonable
accuracy 74%, indicating also the
difficulties of early lesion segmentation.
Population-level ~ prognostic modeling
utilizing registry data demonstrated
improved performance Bhambhvani et al.
(2021) [30] applied ANN on the SEER
dataset consisting of more than 161,000
patients to estimate overall and disease-
specific survival with an accuracy of 80-
81%, and Slusarczyk et al. (2023) [6]
found that ANN surpassed logistic
regression accuracy of 79% vs. 73% in
predicting T1 NMIBC. Recent works have
attempted to combine radiomics and deep
learning techniques with He et al. (2024)
[31] attaining a high accuracy 89-92% of
predicting muscle-invasive and Demir et
al.  (2024) [14] reaching  great
classification  performances  95-97%
accuracy with a pretrained ResNet-18 on
blood and urine droplet patterns. The
results demonstrate the advantage of deep
CNNs and feature enhancement in
complex BC phenotyping.

In Table No:2 comparative performance
2024-2025 published studies analyses
suggest an orientation toward multimodal
system Al and outcome prediction models.
Urine cytology Al-based tools like
AIXURO reached 93.9% accuracy in the
real-life diagnostic examination [37] and
grading and performance prediction
models based on MLP and logistic
regression reached accuracy of 94% [32].
RNA-seq based genomic prognostication
using ANN attained moderate accuracy
~80% [33] in line with the promise and
complexity of omics prediction. High-
implementation of Al

21(2): S.I(2), 1146-1167,2026
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performance radiomics was followed by
Arita et al. (2025) [38], who demonstrated
that delta-radiomics analysis with SVM on
mpMRI showed an accuracy of 96-97%
and ensemble or gradient-boosted models
yielded favorable survival prediction after
cystectomy accuracy 87[7].
Lymphvascular invasion was predicted by
CNN-based models 82% accuracy [39]
and multimodal diagnostic systems
comprising  imaging, cytology and
histology attained 90-95% accuracy [35,
40]. Taken together these results in the
literature suggest that DL and ensemble
methods especially when cross-modally
integrated, provide the best, most
clinically translatable performances for the
diagnosis, grading and prognosis of
bladder cancer, highlighting the increasing
importance to render these models
explainable and prospectively
validated[29, 35, 41].

3.3 Pediatric Urology (PU)

Pediatric urology is a vital subspecialty
where Al is only beginning to be applied
for diagnosis, surgical planning, and
prediction of long-term outcomes in
children. Distinct adults, children face
unique anatomical and developmental
challenges, such as vesicoureteral reflux,
hydronephrosis, and congenital urinary
abnormalities, which require timely
recognition and treatment. Globally,
pediatric urology faces critical issues
including a shortage of trained pediatric
urologists and radiologists, limited access
to advanced imaging in low-resource
settings, and variability in diagnostic
standards across regions. Figure 3 shows
the pediatric urology challenges, improved
pediatric urology and
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Challenges

Shortage, limited
access, variability

Implementation
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Improved

Al Pediatric Urology

Timely, accurate,
accessible care

Timely recognition of Planning surgeries for Predicting long-term

urinary issues

children health outcomes

Figure 3: Al enhances pediatric urology

Table No. 3: Comparative performance of AI models in pediatric urology

Author (Year) Objective Al Models Used Accuracy
Khondker et al. Diagnosis of hydronephrosis, SVM, CNN, ANN, 96%, 98% (PUV, ANN),
2022 [42] Posterior Urethral Valves CNN hybrids 97% (VUR, CNN

(PUV) and VUR hybrids)
Tsai et al. 2022 Pediatric renal ultrasound for ResNet-50 94.1%
[43] hydronephrosis detection
Song et al. 2022 [4] Hydronephrosis quantification =~ DeepLabV3+, DSC>91%

Ensemble models

Chowdhury et al. Prediction of bladder CNN + Random 92%
2024 [44] overactivity and VUR Forest
Aboud et al. 2025 Classification of hypospadias CNN + Logistic 90-93%
[45] Regression
Nedbal et al. 2025 Prediction of sepsis and CatBoost, Random 99%, 97.7%
[16] intraoperative complications in ~ Forest

URS

In mentioned Table No:3 indicate an
increasing success of Al in paediatric and
functional urology which incorporated
under bladder dysfunctions and ureteric
drainage obstruction or complication-
related disorders. “Early multi-model
approaches” section 3.1 Khondker et al.
(2022) [46] considered SVM, CNN, ANN
and hybrid CNN frameworks for the
detection of hydronephrosis, Posterior
Urethral Valves (PUV) and Vesicoureteral
Reflux (VUR). Tsai et al. (2022) [43] also
utilized a deep residual network ResNet-
50 on a data set of pediatric renal
ultrasound for differentiating VUR to
reconstructors and represent the relevance
of transfer severely learning for
ultrasound-based hydronephrosis
screening. song et al. (2022) proposed an
approach towards quantitative analysis of

using  DeepLabV3+ and collective
segmentation models with a Dice
similarity coefficient of >91% repeating
Al’s potential to offer reproducible and
objective severity grading as opposed to
simple binary classification.

A Table No:3 the recent studies (2024-
2025) demonstrate a distinct movement
toward  predictive = modeling  and
perioperative risk assessment with the
potential utility of Al now growing from
diagnosis to clinical decision-making.
Chowdhury et. al (2024) [44] achieved an
accuracy of 92% combining CNN features
with Random Forest classifiers to classify
bladder overactivity and VUR validating
the superiority of hybrid deep classical
ML approaches. Central Nervous System
(CNS) anomaly classification was also
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improved with Al incorporation Aboud et
al. (2025) [45] specified 90-93% accuracy
with CNNs combined with logistic
regression for hypospadias gradation. In
particular Nedbal et al. (2025) [47]
attained outstanding predictive
performance (99% for sepsis, 97.7% for
intraoperative complications) employing
CatBoost and RF on pit points which
highlights the significance of ensemble
learning based on structured perioperative
data. Taken together these results indicate
that  although CNN-based models
currently dominate imaging-based tasks
ensemble and hybrid Al models appear to
be playing an increasingly important role
in risk prediction and outcome forecasting
which further suggests that Al can serve as
a catalytic tool in the ulation of pediatric
and functional urology care [16, 46, 48].

3.4 Prostate Cancer (PC)

Prostate Cancer is the other frequently
occurring cancer in men and it’s difficult
to correctly diagnose and treat with
today’s tools as Prostate-Specific Antigen
(PSA) tests, MRI scans and biopsies can

21(2): S.I(2), 1146-1167,2026
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give unclear or mixed results [49]. Al is
currently applied to enhance these aspects,
since the decision accuracy of MRI
images, biopsy images, or
blood/molecular data analysis is stronger
based on directly to improve overall
detection sensitivity and specificity by
analyzing MRI and biopsy imaging, as
well as blood data or molecular with a
higher level of reliability than once
thought possible. [50, 51]. Several of the
new Al models have delivered impressive
results, outperforming even doctors in
detection of aggressive cancers and
helping to minimize human errors [2, 52].
Furthermore, the use of Al also increases
reliability and facilitates the synergistic
integration of all different aspects for a
more personalized treatment [53, 54]
Explaining these recent studies is essential
to get a sense of how good Al is, what are
the benefits it provides and what problems
such as small datasets or not external
testing yet must be reported to use Al on
daily clinical care [55, 56]. Figure 4 shows
improving diagnosis and treatment for
prostate cancer with Al

r ml
5 &
1 . [
Al Image Al Model
Analysis Combine blood and Training

Analyze MRI and
biopsy images

molecular data

Train models on
large datasets

Figure 4: Improving prostate cancer diagnosis with Al

Table No. 4: Comparative performance of AI models in Prostate Cancer

Author (Year) Objective Al Models Used Accuracy
Gunashekar et al.(2022) Tumor segmentation on mpMRI using ~ U-Net CNN 62%
[10] histology
Sunogqrot et al. (2022) Review of Al in prostate MRI CNNs, nnU-Net Up to 95%
[56] (segmentation, csPCa detection)
Gabriele et al. (2023) Serum-based prostate cancer prediction Random Forest (RF) 93%
[49]
Li et al. (2024) [55] TRUS biopsy image classification Feature Pyramid 93%
Network (FPN)
Talaat et al. (2024) [54] mpMRI interpretation Improved ResNet50 96.1%
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Takeda et al. (2024)

(2]

Yang et al. (2025) [50]

Urso et al. (2025) [53]

Wang et al. (2025) [52]
Zhong et al. (2025) [51]

Arafa et al. (2025) [57]

Taguelmimt et al.

PCa detection

learning
PSMA PET staging

Predict Gleason >7

RNA signature validation

Prostate cancer detection

(2025) [58]

Badiezadeh et al [59]

PCa detection

PSA, ultrasound, MRI integration for

Prostate cancer detection with efficient

MRI + clinical data integration

CNN + SVM 88%
Green U-shaped >90%
Learning (GUSL)

Radiomics + ML 91%

2.5D DL + Radiomics 92%

Nine-gene RNA 91%
signature

ML (Extra Trees, RF) 96%
Hybrid ML/DL >82%
Mamba H-vmunet 92%

In Mentioned Table No:4 exactness the
fact that Al provides a powerful tool to
improve PCa detection, segmentation and
risk stratification 9-79 the recent literature
indicates an evolution in the methodology
with increasing performance as models
consider multimodal data and more
advanced architectures. Early
segmentation studies based on histology-
guided mpMRI, e.g., Gunashekar et al.
(2022) [10], achieved rather meagre
results with U-Net 62% accuracy,
highlighting the underlying difficulties in
accurately describing tumour boundaries.
In contrast general overview and
benchmarking studies such as Sunoqrot et
al. (2022) [56] demonstrated that state-of-
the-art CNN-based models as well as
NNU-Net based models can reach up to
95% accuracy in segmentation and
clinically significant PCa detection. In
addition to imaging structured data-based
models had good predictive performance
and Gabriele et al. (2023) [49] reported a
93% accuracy with RF on serum
biomarkers as well as Li et al. (2024) [55]
and Talaat et al. (2024) [54] who
presented an accuracy of 93% and 96.1%
respectively using advanced CNNs FPN
and enhanced ResNet50 for TRUS biopsy
and mpMRI reading. These results in
accord highlight the need for architectural
designs to be closely followed with task-
specific feature extraction in order to
represent high-fidelity PCa.

The Table No:4 2024-2025 studies’
interpretations demonstrate a definitive
outcome toward multimodal integration
optimized learning  methods, and
molecular profiling for improved clinical
utility. Multimodal methods such as PSA
with ultrasound and MRI Takeda et al.,
2024 [2] reached good results 88%
accuracy by the way and learning
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strategies i.e. Green U-Shaped Learning
(GUSL) achieved on PCa detection
accuracy of over 90% Yang et al., 2025
[60]. The radiomics-based methods for
staging and grading also improved
predicting power with accuracies of
PSMA PET staging and Gleason >7
prediction of 91-92% reported by Urso et
al. (2025) [61] and Wang et al. (2025c)
[52], respectively. Molecular Al such as
RNA-signature validation Zhong et al.
(2025) [51] attained 91% accuracy
substantiating the increasing significance
of genomics. Integrative ML/DL strategies
that combine imaging with clinical
variables including ensemble and hybrid
models  similarly report impressive
accuracy in 82-96% accuracy (Arafa et al.,
2025 [57]; Taguelmimt et al. (2025) [58]
and novel architectures like Mamba H-
vmunet further yield superior detection
performance that achieved 92% accuracy
Badiezadeh et al [59]. In summary the
findings suggest that multimodal hybrid
and explainable Al system designs appear
to have the most potential for clinical
Prostate Cancer diagnosis and risk
stratification among the other investigated
systems [50, 54, 56].

3.5 Renal Cell Cancer (RCC)

RCC is the most common form of kidney
cancer approximately 85-90% cases of
renal neoplasm globally. It is a serious
health problem the incidence of which is
increasing and with poor survival in
advanced stages. Early detection is critical
because localized RCC can frequently be
cured surgically and the 5-yr survival rate
of metastatic disease is substantially
lower. Current diagnostic media such as
CT, MRI and histopathology while
effective. This global burden signifies the
increasing importance of Al based tools to
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make accurate diagnosis and patient
management decisions in RCC [62, 63]. In
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figure 5 shows Al in renal cell cancer
pathway.

Detailed imaging for kidney
tumor detection.

) .MRI Scans
M EoRirateitis
Diagnosis
Histopathology
Microscopic analysis for
definitive diagnosis.
Al Tools
Al-driven tools enhance
diagnostic accuracy.
Figure 5: Al in renal cell cancer pathway.
Table No. 5: Comparative performance of AI models in Renal Cell Cancer
Author (Year) Objective Al Models Used Accuracy
Baghdadi et al. 2020 RCC classification from CT Deep Learning (DL) 95%
[12]
Nikpanah et al. 2021 Differentiate ccRCC from Deep Learning (DL) 90%
[64] oncocytoma (MRI)
Qiliang Pengl 2021 Survival prediction using molecular  Molecular feature 73-86%
[65] features integration
Giulietti et al. 2021 Survival prediction using molecular  Molecular feature 73-86%
[62] features integration
Kowalewski et al. RCC detection from imaging CNN Up to 98%
2022 [66]
Toda et al. 2022 [67] CT-based multi-center RCC U-Net 93%
detection
Zhao et al. 2023 [13] Kidney segmentation & CNN 99%, 90.6%
classification (CT)
Lin et al. 2023 [68] Intraoperative imaging analysis CNN 97%
Distante et al. 2023 Histopathology-based RCC Al on histopathology Up to 99%
[69] diagnosis
Knudsen et al. 2024 Survival prediction using genomic Genomics-based Al 93%
[70] data
Song and Park 2024 Treatment decision support Gradient Boosting 95%
[71]
Du et al. 2025 [72] MRI fusion for RCC classification Fusion CNN 86%
Dai et al. 2025 [73] Survival prediction across datasets Al survival prediction 70-80%
models
Najem et al. 2025 [63]  Metastasis prediction Radiogenomic Al 93%
Gouravani et al. 2025 Meta-analysis of Al in RCC CNN, U-Net, >90% (up to
[74] Collaborative ML 99%)

Current progress mentioned Table:5 in
Renal Cell Cancer (RCC) highlights the
growing contribution of Al within the
domains of imaging histopathology,

1155

genomics and clinical decision support.
Early imaging-based classification
research studies for example Baghdadi et
al. (2020) [12] and Nikpanah et al. (2021)
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[64] demonstrated that deep learning
architectures could predict RCC subtypes
accurately on CT and MRI with 90-95%
accuracy. Molecularly driven survival
prediction studies by Qiliang Peng (2021)
[65] and Giulietti et al. (2021)[62] showed
slightly less favourable results 73-86%
underlining the complexity and
heterogeneity of RCC biology. Following

work in  imaging-related  practice
demonstrated  significant performance
enhancements.  Kowalewski et al

(2022)[66] announced a maximum of 98%
accuracy in RCC classification based on
CNNs and strong generalizability 93%
accuracy with multi-center CT data in the
study of Toda et al. (2022) [67] by U-Net.
Highly optimized CNNs based
frameworks pushed the results even
further Zhao et al. (2023) [13] reached
accuracy 99% and 90.6% for kidney
segmentation and RCC classification
respectively while Lin et al. (2023) [68]
introduced a 97%  accuracy for
intraoperative imaging analysis.
Histopathology-based Al  approached
near-expert performance with Distante et
al. (2023) [69] reporting accuracies up to
99% confirming the robustness of deep
learning in microscopic tissue
characterization.

In mentioned Table:5 from recent research
(2024-2025) now suggest integrated
predictive, clinically meaningful Al tools.
Genomics-based  survival  prediction
improved significantly with Knudsen et al.
(2024) [70] reported an accuracy of 93%
suggesting that more refined molecular
feature selection and larger data sets allow
for improved prognostic reliability.
Decentralized learning-enabled treatment
decision support based on gradient
boosting also showed superior
performance 95% accuracy. Song & Park,
(2024) [71] testify to AIl’s potential in
Going beyond diagnosis. Multimodal
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fusion methods based on MRI features
demonstrated modest but encouraging
performance that achieved 86% accuracy,
Du et al., (2025)[72], whereas cross-
dataset survival analysis exposed the
persistent issue of over-generalization 70-
80% accuracy, Dai et al. (2025)[73].
Radio genomic schemes for metastasis
prediction attained a good accuracy 93%,
Najem et al. (2025) [63] and thus
demonstrate that imaging phenotypes can
be effectively associated with molecular
data. An exhaustive meta-study by
Gouravani et al. (2025)[74] validated that
CNNs, U-Net as well as collaborative ML
models typically achieve >90% accuracy
with the highest performance nearing 99%
accuracy thus the finding that multimodal.
Al methods are also the most robust and
clinically translatable approach for
detection, prognostication and treatment
prediction of RCC is further reinforced
[12, 69, 74].

3.6 Renal Transplant

Al in renal transplantation is important as
it provides solutions to key problems such
as diagnosis, prognosis and patient
management. New studies demonstrate the
ability of Al to predict rejection, long-term
graft survival and hospital readmission
and other donor recipient risk factors. [75]
trained an Al model for precise detection
of kidney transplant rejection and [76]
created dynamic prediction models for
renal survival based on international
multicohort data. Similarly, [S] enlist
Explainable Al (XAI) models for 30-day
readmissions prediction while [77] used
Al to predict long-term outcomes. In
figure 6 shows AI enhances renal
transplantation through advanced
solutions.

Al in Renal

Transplantation
Al enhances renal
transplantation through

A Diagnosis
advanced solutions.

Alimproves kidney transplant
rejection detection accuracy.

Prognosis

Al predicts long-term renal
survival with multicohort
data

. Patient Management
\ Al predicts hospital

/  readmissions and donor-
recipient risks.

Figure 6: Al role in renal transplantation
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Table No. 6: Comparative performance of AI Models in Renal Transplant

Author (Year) Objective Al Models Used Accuracy

Burlacu et al. 2020 [17] Predictive modeling in ANN, SVM 92%
transplantation

Thongprayoon et al. 2020  Big data applications for graft ML (Big Data models) 85-90%

[78] survival & allocation

Raynaud et al. 2021 [76]  Longitudinal follow-up survival Bayesian joint model 86%
prediction

Thongprayoon et al. 2023  Risk stratification in diabetic donor Consensus clustering 92%

[79] kidney transplants

Badrouchi et al. 2023 Compare 35 algorithms for graft XGBoost + RF feature 90%

[77] survival prediction selection

Kotsifa and Mavroeidis Review of Al in transplantation Multiple AI models 80-95%

2024 [80] applications

Fayzullin et al. 2024 [75]  Renal biopsy pathology analysis CNN 92-95%

He et al. 2025 [18] Three-decade summary of Al in Gradient Boosting, Up to
transplantation survival modeling 99%

Alnazari et al. 2025 [5] 30-day readmission prediction Interpretable Gradient 80%

Boosting

In Table No:6 initial studies by Burlacu et
al. (2020) [17] and Thongprayoon et al.
(2020) [78] demonstrated that prognostic
models based on ANN, SVM and other
high-dimensional ML methods are able to
predict transplant outcomes and graft
survival with accuracies up to 85-92%,
confirming the potential of Al-based
decision assistance. Then, Raynaud et al.
(2021) [76] developed Bayesian joint
models to jointly model longitudinal
clinical data for improving survival
predictiveness. Since 2023, there has been
a growing trend towards ensemble and
clustering-based techniques e.g.,
Thongprayoon et al. (2023)[79] utilized
consensus clustering for better risk
stratification in diabetic donor transplants,
meanwhile, Badrouchi et al. (2023) [77]
showed that XGBoost with Random
Forest (RF) as feature selection
outperformed 35 other algorithms, with an
accuracy of  approximately  90%.
Systematic reviews also supported that
different Al algorithms can attain high
predictive  performance 80-95% on
transplantation-related tasks [80].

Table No:6 the advancement of
performance could be attributed to the
improvement of data fusion, model
optimization and more attention to clinic
related index. Currently, deep learning
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methods CNN-based renal biopsy, etc.
obtain the accuracy of 92-95%,
comparable to that of expert pathologists
and minimizing inter-observer
variability[75]. Large-scale surveys and
meta-analyses demonstrate that current
ensemble and survival-based approaches
could obtain near-perfect accuracy e.g., up
to 99% in a retrospective scenario
[81]which  further  underline their
applicability towards precision medicine.
Yet, recent trends towards explainable and
interpretable Al such as interpretable
gradient boosting within the context of 30-
day readmission prediction [5] highlight
the importance of a trade-off between
predictive performance and explainability
for clinical trust and adoption. The
literature points to ensemble and
explainable AI models as the best
candidates to enable safe, accurate and
clinically applicable kidney
transplantation decision-support systems.

3.7 Urolithiasis

The use of Al in urolithiasis is growing to
assist in the diagnosis, prediction of
treatment, and evaluation of surgical
outcomes. Deep learning-based detection
system, such as CNNs on CT images have
been shown to demonstrate high accuracy
for stone detection [1] and ML based
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predictors are also more effective in
postoperative outcome prediction of
procedures like Percutaneous
Nephrolithotomy (PCNL) and Retrograde
Intrarenal Surgery (RIRS) compared with
conventional scoring systems [82, 83]. Al
is also useful in determining ureteroscopy
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improved accuracy in the prediction of
treatment success than that provided by
clinical assessment [85—87]. New models
such as Urinary Stones Classification net
(USCnet) appear to hold the potential for
preoperative stratification of stone type
and risk of infection [88]. In figure 7

complications [84]. Furthermore, several shows role of AI in urolithiasis
other studies are shedding light on AI’s management to improve the diagnosis and
increasing contribution to ESWL, with treatment.

ML and CT-based techniques showing

) N : 7> Treatment
Stone Detection |@| — @ Prediction

Complication
Determination

Surgical Outcome
Evaluation

Sx —

Stone
Classification

ESWL Success \k?,U s
Prediction o—m

Figure 7: AI's Role in Urolithiasis Management

Table No. 7: Comparative performance of AI Models in Urolithiasis

Author (Year) Objective Al Models Used Accuracy
Parakh et al. 2019 [1]  CT stone detection Cascading CNN with GrayNet 95%
Aminsharifi et al. Predict PCNL outcomes SVM 92%
2020 [82]

Wu et al. 2023 [89] Infection stone detection AdaBoost 87.7%

Nakamae et al. 2024 Stone classification SVM 74%

[85]

Song et al. 2024 [86]  Genetic-based stone prediction CNN (ResNet50) 92.4%
(SNV)

Lee et al. 2025 [83] Predict stone-free status after RIRS ~ Cox regression (univariate + 77.1%

multivariable)

Talyshinskii et al. Systematic analysis of Al in Multiple AI models >80%

2025 [87] urolithiasis

Nedbal et al. 2025 Predict fURSL complications (6,669 CatBoost 99.2%

[84] cases)

Pan et al. 2025 [88] CT + clinical data integration USChnet framework 87%

(USCnet framework)

Recent studies on urolithiasis/kidney stone
disease reveal an advancing role of
artificial intelligence from imaging-based
detection models to outcome prediction
and complication risk stratification. In
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mentioned Table No: 7 previous work
Parakh et al. (2019)[1] demonstrated the
potential of deep learning for stone
detection on CT, cascaded CNN using
GrayNet reached 95% accuracy, whereas
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Aminsharifi et al. (2020)[82] proved that
classical machine learning (SVM) can be
utilized to accurately forecast
percutaneous nephrolithotomy (PCNL)
outcomes 92% accuracy. Later research
varied targets as well as data typology
Wu et al. (2023)[89] engaged adaptive
boosting for infection stone detection with
87.7% accuracy in contrast, Nakamae et
al. (2024)[85] obtained poorer results 74%
accuracy by applying SVM for the stone
classification, revealing the difficulty in
multiclass stone composition analysis.
New more complex data modalities also
appeared, including genetic-based
prediction, where Song et al. (2024)[86]
used a ResNet50 CNN model on Single
Nucleotide Variant (SNV) data with an
accuracy of 92.4% underscoring the
expanding importance of molecular Al in
imaging.

The studies in 2025 describes a decisive
movement to integrated clinical decision
support and prediction of perioperative
risk. Traditional statistical survival
modeling continued to be applicable in
Table No: 7 Lee et al. (2025)[83] reported
modest accuracy 77.1% for stone-free
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prediction after retrograde intrarenal

surgery employing Cox regression,
highlighting the usefulness of
interpretability  but also  performance

limitations in this regard. Ensemble
learning approaches on large-scale were
usually more predictive, especially Nedbal
et al. (2025)[84], which brought the best
result with 99.2% accuracy by Cat-Boost
for predicting the flexible Ureteroscopic
Lithotripsy (fURSL) complications with
6,669 cases, showing the superior
performance of gradient-boosting methods
on structured clinical data. Multimodal
integration became more popular as well;
Pan et al. (2025)[88] integrated CT
imaging and clinical features with the
USCnet model 87% accuracy, indicative
of an inclination for holistic modeling of
patients. The systematic review by
Talyshinskii et al. (2025) confirmed that
the majority of modern Al models in
urolithiasis exhibit >80% accuracy, further
validating the statement that ensemble and
multimodal AI approaches are most likely
to provide robust, clinically scalable
solutions for detecting stones, predicting
outcomes and managing complications [1,
82, 84].

Table No. 8: Comparative table of Al applications in Urology

Disease Reviewed Al Models Used Key Applications Performance
Articles (Accuracy)
BPH 9 CNN, SVM, RF, Diagnosis, subtype prediction, 95%,
CLSTM, GPT-4, cystoscopy analysis, drug
DenseNet, ANN-MLP response prediction
Bladder Cancer 13 U-Net, VGG16, ANN, Tumor grading, prognosis, 87-96%
SVM, CNN, GBM, survival prediction,
XGBoost LVI/metastasis detection
Pediatric 6 CNN, RF, ANN, SVM,  Hydronephrosis detection, 92-99%
Urology CatBoost, ResNet-50 VUR/PUV diagnosis,
hypospadias detection,
surgical planning
Prostate Cancer 13 U-Net, ResNet, CNN, Tumor detection, biopsy/MRI 96%,
RF, Extra Trees, assistance, staging,
Multimodal DL aggressiveness prediction
RCC (Renal 15 CNN, U-Net, ResNet, Tumor detection, subtype 95%,
Cell GBM, Radiogenomics classification, prognosis,
Carcinoma) DL survival modelling
Renal 9 ANN, SVM, RF, Rejection prediction, graft 79-95%
Transplant XGBoost, CNN, survival, readmission risk
Bayesian Models
Urolithiasis 9 CNN, SVM, RF, Stone detection, type 95-99%

CatBoost, USCnet

classification, surgical
outcome prediction, ESWL
success prediction
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CNN: Convolutional Neural Network, SVM: Support Vector Machine, RF: Random Forest, CLSTM: Convolutional Long Short-
Term Memo, GPT-4: Generative Pre-trained Transformer-4, DenseNet: Densely Connected Convolutional Network, ANN-MLP:
Artificial Neural Network — Multi-Layer Perceptron, U-Net: CNN-based segmentation model, VGG16: Visual Geometry Group-16,
GBM: Gradient Boosting Machine, XGBoost: Extreme Gradient Boosting, CatBoost: Categorical Boosting, ResNet-50: Residual
Neural Network-50, Multimodal DL: Multimodal Deep Learning, Radiogenomics DL: Radiogenomics-based Deep Learning,
USChnet: Urolithiasis Stone Classification Network. ANN: Artificial Neural Network.

In this review highlights the applications
of various Al models in the most common
urological diseases. (Mentioned in Table
No. 8) BPH articles working models such
as CNN, SVM, RF, and GPT-4 for
diagnosing, predicting subtypes, analyzing
cystoscopy and drug response with
approximately 95% of accuracy. In
Bladder Cancer researchers used U-Net,
VGG16, ANN and boosting models to
tumor grading prognosis and metastasis
detection with 87-96% of accuracy. A
Pediatric Urology studies most commonly
applied CNNs, RF and ResNet-50 to
detect hydronephrosis, diagnose
VUR/PUV and support surgical planning
with an accuracy of 92-99%. For Prostate
Cancer articles with models such as U-
Net, ResNet and multimodal DL were
dedicated to tumor detection MRI/biopsy
assistance, staging and aggressiveness
prediction with an average accuracy of
96%. Renal Cell Carcinoma (RCC)
utilizing CNN, U-Net, ResNet and radio
genomics for tumor detection,
classification and survival modeling also
reported an accuracy approaching 95%. In
renal transplant used ANN, SVM, RF and
Bayesian models to predict rejection and
graft survival as well as risk for
readmission advising 79-95% accuracy.
Urolithiasis research applied CNN, RF,
SVM, CatBoost and USCnet with
accuracy of 95-99% for detecting stones,
classifying types and predicting surgical
outcomes. Al models demonstrate high
performance consistently in  diverse
urologic applications.

4. Future Considerations

Future consideration of Al in urology
should focus on moving beyond small
single-center retrospective studies toward
large multicenter trials with standardized
datasets to ensure generalizability.
Integration of radiomics, genomics, and
multimodal DL can improve precision in
diagnosis, prognosis, and treatment
planning across BPH, Bladder Cancer,
Pediatric Urology, Prostate Cancer, RCC,
Renal Transplantation and Urolithiasis [1,
2,19, 29,45,72,75].
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Future models should also address
explainability and interpretability to build
trust among clinicians, while incorporating
Al-assisted decision support tools into
routine workflows. Ethical considerations
including data privacy, fairness, and
patient consent must be ensured before
clinical translation becomes
practice.

routine

5. Conclusion

Urology has progressed rapidly with Al
now assisting doctors in better
diagnosing, predicting outcomes and
treatment planning for conditions such as
BPH, Bladder Cancer, Prostate Cancer,
RCC, Pediatric Urology issues, Renal
Transplants and Urolithiasis. The findings
from several studies demonstrate high
accuracy of diagnostics and very often to
exceeds 90-95% in some cases even it is
higher than that tools like cystoscopy,
symptom scores and statistical models [6—
8]. These findings underscore the
effective applicability of Al to moderate
human-related mistakes and enable
customized, evidence-based medicine.
However, even with these successes,
current Al research are still challenged
with significant limitations like small
datasets, single-center studies, absence of
external validation and heterogeneity of
employed algorithms. Many models are
well-performing in experiments but they
fail to get robust results between different
population and hospitals due to different
demographical distributions [18, 44, 76].
Standardization multicenter validation
and seamless integration into clinical
workflow for the general population of
urology patients will be major hurdles for
safe implementation of Al in urology.

In future, doctors and Al will partner to
detect diseases early select the most
effective treatments and track patients
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over time. Future directions are

anticipated toward large-scale
collaborative datasets, explainable Al
models and ethical guidelines for trust and
transparency [2, 5, 52]. Solving these
challenges will enable Al to transition
from research to routine clinical practice
driving the future of precision urology and
impacting outcome for millions of patients

globally.

6. Limitations

Many studies use small or single-center
datasets which reduces the generalizability
of results. Lack of external validation and
standardized data pipelines makes it hard
to compare models across studies. Some
Al systems work like “black boxes,”
offering  predictions  without  clear
explanations which limits clinical trust.
Data privacy and ethical issues also
remain concerns especially when sharing
sensitive medical records. Most studies are
retrospective and very few have been
tested in real-world multi-center clinical
trials. These factors slow down the safe
adoption of Al in everyday urological
practice.
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