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Prostate cancer is a leading cause of male cancer mortality, and early, accurate diagnosis is critical.
Artificial intelligence (AI), including machine learning, deep learning, and radiomics, enhances
detection, characterization, and treatment assessment across TRUS,mp-MRI, and PSMAPET/CT. AI
models achieve high accuracy, often matching experts, improving small-lesion detection, and
supporting risk stratification. Challenges remain in data quality, generalization, clinical integration, and
ethics, with future prospects in multi-omics, explainable AI, and workflow-embedded decision
support.

Prostate cancer is a major threat to the health of elderly men. According to
GLOBOCAN 2022 data, there are over 1.4 million new prostate cancer
(PCa) cases and approximately 370,000 deaths worldwide each year. The
incidence rate is significantly higher in developed countries than in devel-
oping countries, and there is a trend of younger age1,2. Recent epidemiologic
studies further clarify this age shift. Early-onset prostate cancer, commonly
defined as diagnosis at ≤55 years of age, is now recognized as a distinct
clinical entity and accounts for a meaningful proportion of prostate cancer
cases in Western populations1,2. Global analyses of adolescents and young
adults (15–40 years) also showa steady increase in prostate cancer incidence
across all young age strata, with an average annual rise of approximately 2%
since 19901,2. Consistent with these observations, population-based cancer
registry data from Jiangsu Province in China demonstrate that the age-
standardized incidence has increased most rapidly among men aged 0–59
years, accompanied by a decrease in the age-standardized mean age at
diagnosis and an increasing proportion of cases in younger age groups1,2.
The clinical outcome of PCa is closely related to the timing of diagnosis1,2.
The 5-year survival rate of patients with early localized PCa can reach 99%,
while that of patients with metastatic PCa drops sharply to less than 30%.
Therefore, achieving early and accurate detection and risk stratification of
PCa is of great significance for formulating individualized treatment plans
and reducing mortality3,4.

In the clinical management of PCa, diagnostic imaging techniques are
important tools, and various modalities have their own advantages and
disadvantages: Transrectal Ultrasound (TRUS) is a commonly used
screening method due to its real-time performance and low cost, but it
cannot identify small lesions and is dependent on the operator’s experience;
multi-parameterMRI (mp-MRI) has high soft tissue resolution andcanwell

display theprostate capsule, seminal vesicles, and surroundingbloodvessels,
making it the “gold standard” for diagnosing clinically significant prostate
cancer (csPCa), but it is time-consuming for image reading and has low
consistency in image reading among radiologists from different centers
(Kappa value: 0.4–0.6)5,6; positron emission tomography/computed tomo-
graphy (PET/CT) can accurately detect PCa metastatic lesions through
tracers that target prostate-specific membrane antigen (PSMA), but it
cannot identify small lesions ≤5mm, and the equipment cost is high,
making it difficult to popularize in primary hospitals.

With the rapid evolution of artificial intelligence (AI)-particularly
machine learning and deep learning-there is growing evidence that AI can
enhance every step of imaging-based diagnosis of prostate cancer7,8. In
ultrasound and elastography, AI-driven detection and radiomics models
improve lesion conspicuity, reduce operator dependence, and assist
decision-making in patients with PSA levels in the gray zone. In multi-
parametric MRI (mp-MRI), AI algorithms enable fully automatic prostate
and zonal segmentation, standardized assessment of clinically significant
prostate cancer (csPCa), and accurate risk stratification, in some multi-
center studies achievingperformance that is non-inferior or complementary
to expert radiologists while reducing reading time and inter-reader varia-
bility. For PSMA-based PET/CT, AI models can automatically segment
metabolically active lesions, quantify whole-body tumor burden, and sup-
port earlier and more objective assessment of treatment response. Against
this background, the present review systematically summarizes the current
applications and clinical impact of AI across major diagnostic imaging
modalities in PCa, analyzes key technical and translational challenges, and
outlines future directions for integrating robust, explainable AI systems into
routine prostate cancer care.
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From a technical perspective, current AI systems are designed to work
on top of conventional imaging modalities rather than replace them. In
routine practice, ultrasound, mp-MRI, and PSMA positron emission
tomography/computed tomography (PSMA PET/CT) are acquired
according to standard clinical protocols, and the resulting DICOM images
are fed into AI pipelines that follow three main steps. First, images are pre-
processed, and the prostate and surrounding structures are segmented
either manually, semi-automatically, or by deep-learning–based contour-
ing. Second, quantitative information is extracted from these images: tra-
ditional radiomics approaches compute hundreds of handcrafted intensity,
texture, and shape features, whereas deep learningmodels learn hierarchical
image representations directly from the pixel data. Third, these imaging-
derived features are combined with established diagnostic information—
such as PI-RADS assessment, PSA level, or PSMA uptake—and used to
train supervised machine-learning or deep-learning models against refer-
ence standards (biopsy or prostatectomyhistopathology).At inference time,
the trained model processes new MRI/ultrasound/PET-CT studies in par-
allel with conventional reading, automatically highlighting suspicious
regions, generating malignancy probabilities or risk scores, and suggesting
biopsy targets or treatment-response categories. In this way, AI augments
traditional MRI, ultrasound, and PET/CT by providing quantitative,
reproducible, and workflow-integrated decision support that can be inter-
preted alongside existing imaging criteria and clinical judgment.

In contrast to most existing reviews, which typically focus on a single
imaging modality or emphasize algorithmic performance metrics in isola-
tion, the present work is designed to provide amultimodal and system-level
perspective on AI in prostate cancer imaging. First, we integrate evidence
across all major diagnostic imaging techniques—ultrasound (including
gray-scale, elastography, and multimodal TRUS), mp-MRI, PSMA-based
PET/CT, and emerging image-fusion approaches—along the entire clinical
pathway from initial screening and biopsy guidance to metastatic staging
and treatment-response evaluation. Second, we synthesize methodological
and translational limitations within a structured “data–model–clinic” fra-
mework and, informed by recent clinical trial data, discuss scenario-specific
deployment strategies for outpatient screening, inpatient diagnosis, and
post-treatment surveillance. Third, we devote dedicated sections to ethical,
regulatory, and medico-legal considerations, including data governance,
algorithmic bias, risk-based regulation, and allocation of responsibility
among stakeholders, which are often only briefly mentioned or omitted in
prior overviews. By explicitly combining multimodal technical advances
with clinical workflow integration and governance perspectives, this review
aims to offer adistinctive andpractical roadmap for the safe and trustworthy
implementation of AI-assisted diagnostic imaging in prostate cancer.

Application of artificial intelligence in mainstream
diagnostic imaging modalities for prostate cancer
Ultrasound imaging
Ultrasound imaging is the most commonly used screening tool for PCa
diagnosis. However, PCa lesions in gray-scale ultrasound images often
appear as hypoechoic areas, which have a high degree of overlap with the
imaging features of benign prostatic hyperplasia (BPH) and prostatitis,
resulting in a specificity of only 55–65% for traditional ultrasounddiagnosis,
as shown in Fig. 1. It illustrates a typical workflow of ultrasound-based
radiomics analysis for prostate cancer, including lesion segmentation,
extraction of multiple texture features, feature selection and subsequent
statistical or machine-learning modeling. Similar pipelines have been
implemented in clinical TRUS studies. Han et al. developed a computer-
aided diagnosis system that combined multiresolution autocorrelation
texture features with clinical descriptors (tumor location and shape) and
used a support vector machine classifier, achieving approximately 92–96%
sensitivity and 90–95% specificity for detecting cancerous tissue on TRUS
images7,8. Huang et al. later proposed a texture feature-based classification
method on 342 transrectal ultrasound images using optical-density con-
version, local binarization, and Gaussian Markov random fields to derive
fused texture features, and their SVMmodel reached an accuracy of 70.9%,

sensitivity of 70.0% and specificity of 71.7% for differentiating malignant
fromnon-malignant prostate tissue7,8. The steps in Fig. 1 summarize the key
stages shared by these ultrasound radiomics approaches. Through feature
learning and pattern recognition of ultrasound images, AI technology has
effectively improved the performance of lesion detection and qualitative
diagnosis, with the main application directions including the following two
categories:

Deep learning-based automatic lesion detection. To address the
limitations of conventional ultrasound lesion detection, in whichmanual
selection of the region of interest (ROI) is time-consuming and prone to
missed lesions, convolutional neural network (CNN)-based object-
detection algorithms using multi-scale feature fusion can automatically
localize the prostate gland and generate real-time annotations of suspi-
cious lesion areas9,10. Wang constructed a YOLOv5s model based on
TRUS images and proposed a method based on the Attention Mechan-
ism, which can improve the feature extraction and recognition of
hypoechoic PCa lesions. The detection sensitivity of PCa lesions was
92.3%, with only 3.1 false positives per case, and the detection time for a
single image was only 0.8 s, which was much shorter than that of 2
intermediate radiologists. Wang et al. developed a radiomics-based
prediction model using whole-gland TRUS video clips; 851 texture fea-
tures were extracted and reduced by LASSO, and support vectormachine
and random forest classifiers achieved AUCs of approximately 0.75–0.78
for distinguishing PCa from benign lesions in the validation and test
cohorts, performing slightly better thanMRI-based assessment by senior
radiologists9,10. Sun et al. subsequently proposed a multi-institutional
three-dimensional convolutional neural network (3D P-Net) trained on
standardized grayscale TRUS videos of the entire prostate; the model
achieved an AUC up to 0.90 in the training cohort and maintained high
diagnostic accuracy in independent internal and external validation
cohorts, while reducing unnecessary biopsies compared with conven-
tional TRUS scoring systems9,10. In addition, Zhang et al. constructed
several machine-learning models that integrated multimodal transrectal
ultrasound parameters with PSA-related indicators; their best-
performing artificial neural network yielded an AUC of 0.855 with 80%
sensitivity and 88.6% specificity for predicting clinically significant PCa,
underscoring the value of combining ultrasound with clinical
variables9,10. Collectively, these clinical studies demonstrate that AI-based
lesion detection and risk prediction using TRUS or multimodal ultra-
sound can outperform or complement conventional imaging assessment
and provide real-time decision support in prostate cancer screening and
biopsyworkflows. In addition, data augmentation technologywas used to
solve the bottleneck of poor model robustness caused by artifacts in
ultrasound images, and the detection sensitivity was still maintained at
89.8% in the external validation set, providing a reliable auxiliary
detection tool for ultrasound physicians in primary hospitals.

Radiomics-based benign-malignant differentiation. In addition to
lesion detection, AI can extract quantitative features of ultrasound images
through Radiomics and combine machine learning algorithms to
establish a benign-malignant differentiation model. Li analyzed ultra-
sound images of 586 patients undergoing TRUS-guided biopsy, extracted
126 radiomic features, retained 12 important features after LASSO fea-
ture selection, and constructed a random forest model11,12. The results
showed that the AreaUnder the Receiver Operating Characteristic Curve
(AUROC) of this model for differential diagnosis of PCa and BPH
reached 0.89, with a sensitivity of 87.1% and a specificity of 83.3%, which
were significantly better than those of conventional ultrasound (0.72) and
serum PSA detection (0.68). Further subgroup analysis showed that the
AUROC of the model remained 0.83 in patients with PSA gray zone
(4–10 ng/mL)13,14. This meets the needs of clinical diagnosis for patients
in the PSA gray zone - the misdiagnosis rate of traditional methods for
patients in the PSA gray zone is as high as 40%, while that of the AImodel
is below 15%.
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Secondly, elastography is an extended technology of ultrasound, which
assists diagnosis by detecting tissue hardness. The application of AI tech-
nology has further improved its diagnostic accuracy. In 2021, Zhang et al.
established a CNN model using Shear Wave Elastography (SWE) images,
integrating hardness values and texture features to distinguish PCa from
benign lesions, with an AUROC of 0.9115,16. At the same time, the detection
rate of high-risk PCa with a Gleason score ≥8 was 94.5%, providing a new
quantitative index for PCa risk stratification.

Magnetic resonance imaging
Multi-parameter MRI (mp-MRI) is the “gold standard” for PCa diagnosis,
usually including T2-weighted imaging (T2WI), Diffusion-Weighted
Imaging (DWI), Dynamic Contrast-Enhanced MRI (DCE-MRI), and
Diffusion Tensor Imaging (DTI) sequences. It can reflect the characteristics
of prostate tissue from multiple dimensions, such as anatomical structure,
watermolecule diffusion, and vascular perfusion. However,mp-MRI image
reading requires integrating multi-sequence information, which has high
requirements for the professional level of physicians, and the diagnostic
consistency among different centers is low (especially for small lesions
≤1 cm)17,18. The application of AI technology in mp-MRI has developed
from single-sequence analysis to multi-sequence fusion models, with the
core goals of realizing automatic prostate segmentation, accurate csPCa
identification, and clinical parameter prediction. The specific applications
are as follows:

Automatic segmentation of prostate and its zones. The prostate is
divided into the Peripheral Zone (PZ), Transition Zone (TZ), andCentral
Zone (CZ). 70% of PCa originates from PZ, and 30% originates from TZ.
However, TZ lesions aremore likely to bemissed due to their high overlap
with BPH images. Traditional manual segmentation requires surgeons to
outline MRI images layer by layer, taking about 20 min per case, and the
segmentation consistency Kappa value is only 0.5–0.719,20. The deep
learning-based segmentation algorithm realizes pixel-level semantic
segmentation through an encoder-decoder, significantly improving the
efficiency and accuracy of segmentation, as shown in Fig. 2.

Chen constructed a U-Net++ model using 1000 cases of mp-MRI,
using residual connections to avoid gradient disappearance in deep

networks and a Dice loss function to optimize segmentation boundaries.
The Dice Similarity Coefficient (DSC) of this model for the entire prostate,
PZ, andTZwas significantly higher than that of the classicCNNmodel, and
the segmentation time for a single case was only 1.2min21,22. In addition, the
model maintained robustness to datasets of MRI with different field
strengths, well solving the problemofmodel inapplicability caused by image
differences generated by different devices. In 2023, Zhao et al. added an
attention gating module to the above model, and by improving the feature
extraction ability for TZ boundaries, the segmentation DSC of TZ reached
0.90. The TZ area segmented by AI is the basis for accurate segmentation of
TZ lesions—clinical reports show that based on radiomic analysis of the TZ
area segmented by AI, the detection rate of TZ PCa is increased by 20–30%.

Accurate identification and risk stratification of csPCa. Clinically,
csPCa is mainly treated with intervention, while indolent PCa is mainly
under active surveillance. Accurate identification of csPCa is the key to
avoiding over-treatment and missed diagnosis23,24. AI models can
improve the diagnostic performance of csPCa by integrating multi-
sequence features ofmp-MRI, which aremainly divided into CNN-based
end-to-end identification models and radiomics-based prediction
models.

In terms of end-to-end models, Liu et al. proposed a Transformer-
based multi-sequence fusion model (ViT-MRI). The T2WI, DWI, and
DCE-MRI sequences were input into the Vision Transformer (ViT) enco-
der, respectively, and a cross-attention mechanism was used for multi-
modal feature fusion, and aprobabilitymapof csPCawas output25.A total of
1500 patients were included in this study. The results showed that the
AUROC of this model for identifying csPCa in the test set was 0.94, with a
sensitivity of 91.2% and a specificity of 88.5%, whichwas significantly better
than that of 3 senior radiologists (AUROC: 0.85-0.88). Further research
found that the detection rate of themodel for small csPCa≤1 cmwas as high
as 87.3%, while the average detection rate of physicians was 72.1%, indi-
cating that AI is superior to humans in detecting small lesions, as shown in
Fig. 3.

Tumor activity evaluation based on dynamic MRI. DCE-MRI mea-
sures changes in tissue blood perfusion by dynamically injecting contrast

Fig. 1 | Application of AI in Ultrasound Imaging: Flow Chart of Automatic Lesion Detection and Benign-Malignant Differentiation. a Image segmentation. b Feature
extration and selection. c Spss analysis.
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agents, reflecting the state of tumor angiogenesis. Traditional DCE
requiresmanual selection of ROI and complex calculation of quantitative
parameters. AI technology can automatically extract the DCE time-
intensity curve (TIC) for quantitative analysis, thereby making an
objective evaluation of tumor activity26,27.

Huang et al. established a long short-termmemorymodel basedon600
cases of DCE-MRI data, using the learned dynamic change features of TIC
to automatically classify TIC types and predict Ktrans and kep values. The
results showed that the correct rate of the model for TIC type classification
was 93.5%, and the Pearson correlation coefficients between the predicted
Ktrans and kep values and the manually calculated values were 0.91 and
0.89, respectively. Further analysis found that the Ktrans value predicted by
AI was positively correlated with the Gleason score of PCa, and the risk of
biochemical recurrence in patients with Ktrans >0.8 min−¹ was 3.2 times
that of patients with Ktrans ≤0.8min−¹, suggesting that AI-quantified DCE
parameters have potential value in PCa prognosis evaluation28,29.

Technical breakthroughs in PET/CT for metastatic lesion
detection and treatment response evaluation
PET/CT combines tumor-specific molecular tracers to achieve whole-body
evaluation of PCa, playing an irreplaceable role in metastatic lesion detec-
tion and recurrence monitoring. However, traditional PET/CT image
reading often relies on physicians’ subjective judgment of metabolically
increased areas, which is significantly less effective in detecting small
metastatic lesions (≤5mm), and the quantitative analysis is relatively
subjective30,31. By automatically segmenting metabolically abnormal areas
and quantitatively analyzing tracer uptake characteristics, AI has effectively

improved thediagnostic efficiency of PET/CT,with themain applications as
follows:

Deep learning-basedautomaticdetectionofmetastatic lesions. PCa
metastasis is common in bones, lymph nodes, and visceral organs. Bone
metastatic lesions appear as tracer accumulation in PET/CT, but they are
easily confused with physiological uptake; lymph nodemetastatic lesions
are often missed due to their small size. The CNN-based multi-modal
fusion detection model can effectively solve the above problems.

In 2023, Kim et al. constructed a 3D-UNetmodel based on 800 cases of
68Ga-PSMA-11 PET/CT, including 320 patients with metastasis and 480
patientswithoutmetastasis. Themodel realized automatic detection of bone
metastatic lesions and lymph node metastatic lesions by inputting 3D
images of PET and CT simultaneously32,33. In this study, the sensitivity and
specificity of the model for bone metastatic lesions were 90.5% and 92.3%
respectively, and those for lymph node metastatic lesions were 88.1% and
91.7% respectively, which were higher than those of 2 nuclear medicine
physicians. The model can automatically calculate parameters such as SUV
max and metabolic tumor volume (MTV) of metastatic lesions, providing
support for the objective evaluation of metastatic burden. Studies have
confirmed that the MTV calculated by AI is inversely correlated with the
progression-free survival of PCa patients (HR = 1.85, P < 0.001).

Dynamic evaluation of treatment response. After PCa patients receive
endocrine therapy, chemotherapy, or radiotherapy, PET/CT is required
to evaluate the treatment response. The traditionalmethod for evaluating
PCa treatment response includes evaluating the therapeutic effect based

Fig. 2 | Comparison of Prostate Zone (PZ/TZ/CZ) SegmentationResults between
AI U-Net + + Model and Traditional Manual Segmentation (adapted/redrawn
from published work and publicly available data30). The first column is the
prostate image, the second column is the ground truth of the prostate, the third
column is the segmentation result of MPU-Net, the fourth and fifth columns are the

PZ and TZ segmented byMPU-Net, respectively. The four rows of images represent
four different cases. The first two rows show MRI modality, and the last two rows
show ADC modality. Both modalities are used in the actual segmentation process.
MPU-NetMorphology-PreservingU-Net, PZ Peripheral Zone, TZTransition Zone,
MRI Magnetic Resonance Imaging, ADC Apparent Diffusion Coefficient.
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on the rate of change of SUV max before and after treatment34,35, which
has disadvantages such as strong subjectivity and inability to evaluate the
response early. AI models can predict and accurately evaluate the treat-
ment response early based on the characteristic changes of PET/CT
before and after treatment.

Park conducted a prospective study on 68Ga-PSMA-11 PET/CT of
400 patients with metastatic PCa undergoing endocrine therapy before
treatment, 1 month after treatment, and 3 months after treatment. By
establishing a contrastive learning model based on a Siamese network, the
treatment response of patients was predicted by comparing the changes of
metabolic features before and after treatment. Itwas found that theAUROC
of the model for predicting the 3-month treatment response based on the
data at 1month after treatment reached 0.90, which was significantly better
than the traditional method based on the rate of change of SUV max
(0.75)36,37. When applied to patients, the model could early identify patients
with no treatment response, providing a basis for timely adjustment of
treatment plans, avoiding adverse reactions caused by ineffective treatment,
and reducing resource waste.

Clinical trial evidence for AI-assisted diagnostic imaging of
prostate cancer
Several clinical and near-clinical studies have evaluatedAI-assisted prostate
MRI in settings that closely resemble routine practice. In a simulated clinical
deployment study including men undergoing bi-parametric MRI and
subsequent MRI–ultrasound fusion biopsy, a fully automatic U-net–based
deep learning system for clinically significant prostate cancer (csPCa)
detection achieved sensitivity and specificity comparable to radiologist PI-
RADS assessment, and the combination of AI output with PI-RADS scores
improved positive predictive value without compromising negative pre-
dictive value36,37. In a large international, paired, non-inferiority study (PI-

CAI) involving 10,207MRI examinations from 9129 patients, an AI system
showed higher sensitivity for csPCa detection than the average radiologist
and non-inferior specificity compared with both radiologists and multi-
disciplinary standard-of-care decisions36,37. Clinical evaluation of a fully
automated diagnostic AI software integrated into the PACS environment
demonstrated an area under the ROC curve of about 0.80 and sensitivity
around 85% for csPCa at a PI-RADS ≥ 4 threshold, with performance
comparable to meta-analytic estimates for expert PI-RADS readers36,37. A
recent two-center study assessing AI assistance for radiologists with dif-
ferent experience levels showed that AI support increased lesion-level sen-
sitivity and area under the curve for less-experienced readers, modestly
improved performance for experienced readers, reduced reading time, and
improved inter-reader agreement36,37. Taken together, these clinical data
indicate that AI systems canmatch or even surpass expert readers in csPCa
detection, enhance efficiency, and reduce variability, providing important
context for the limitations and challenges discussed in the following section.

Despite these promising advancements across ultrasound, MRI, PET/
CT, and early clinical deployment studies, several key obstacles still hinder
the widespread, standardized, and equitable implementation of AI-assisted
diagnostic imaging for prostate cancer in everyday practice. In the next
section, we thereforemove from “what is currently possible” to “what is still
needed”, focusing on critical challenges related to data quality and sharing,
model generalization and robustness, clinical workflow integration and
physician trust, as well as the broader ethical and regulatory environment.

Key challenges in the application of artificial intelli-
gence in prostate cancer diagnostic imaging
Building on the application examples and clinical studies outlined above, AI
has already achieved remarkable results in the imaging analysis of PCa
diagnosis; however, it still needs to overcome many problems on the path

Fig. 3 | Comparison of csPCa identification between AI (ViT-MRI model) and
senior radiologists. The figure shows the performance of the ViT-MRI model
compared with three senior radiologists in detecting clinically significant prostate
cancer (csPCa)37. Panels A–F display example prediction results and corresponding

ADCmaps. The yellow lines indicate the AI-predicted lesion boundaries, which are
highly consistent with the manual annotations (A–F) performed by experienced
genitourinary radiologists based on pathological results.
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from experimental research to large-scale clinical application, including
issues related to image data acquisition, technical model implementation,
clinical adoption, and ethics. These require systematic planning and reso-
lution, as shown in Fig. 4.

Dual bottlenecks of data quality and quantity
The performance of AI models is highly dependent on the “quantity” and
“quality” of training data, and there are three core problems in PCa diag-
nostic imaging data:

First, the amount of data is insufficient, and the distribution is uneven.
High-quality annotated multi-modal imaging data is scarce—most studies
have a training set size of only 500–1000 cases, which are concentrated in
tertiary hospitals38,39, and the proportionof data fromprimary hospitals is less
than 10%. However, the heterogeneity of PCa requires models to be trained
on large-scale and diverse datasets; otherwise, “overfitting” is likely to occur.
For example, an MRI AI model trained on 1000 cases of data from tertiary
hospitals had its AUROC drop from 0.93 to 0.78 in the validation set of
primary hospitals. This is mainly because the image resolution and artifact
types of MRI equipment in primary hospitals are different from those in
tertiary hospitals, leading to the failure of the model’s feature extraction40,41.

Second, data annotation is subjective and inconsistent. Image anno-
tation requires radiologists to manually outline lesions and label regions
based on pathological results, which takes about 1–2 h for a single case of
multi-modal imaging. However, the consistency of annotations among
different physicians is very low. Such annotation differences can have a fatal
impact onmodel training—if the same lesion in the training set is labeled as
both “benign” and “malignant”, the model will learn incorrect features,
resulting in a decrease in diagnostic specificity42,43. In 2023, a multi-center
study showed that the diagnostic AUROC of AI models trained on data
independently annotated by 3 physicians was lower than that of models
trained on consensus-annotated data, indicating that the accuracy of
annotation is also crucial.

Third, data privacy and sharing restrictions exist. PCa imaging data
contains patients’ private information, and cross-center data sharing faces
strict supervision due to regulations such as the Personal Information Pro-
tection Law and Guidelines for Medical Data Security44,45. At present, most
studies use single-center data, lacking external validation withmulti-center,
cross-device, and cross-population data, resulting in insufficient model
generalization.A2024 systematic review showed that only 18%ofAI+ PCa
imaging studies included validation data from 3 or more centers, and only
9% of studies included populations of different races. However, the prostate
anatomical structure and PCa imaging features vary among different racial
populations, which further limits the universality of the models.

Insufficient model generalization and robustness
Generalization and robustness are the core prerequisites for the clinical
application of AI, but current AI models for PCa diagnostic imaging have
obvious shortcomings in these two aspects.

There is the problem of “domain shift” caused by differences in
equipment and scanning parameters. Different manufacturers’ MRI/PET
equipment and different scanning parameters can lead to differences in the
imaging features of the same patient, that is, different “data domains”. Most
AI models are trained on datasets with a single manufacturer and single
parameters46,47, so they cannot adapt to “domain shift”. For example, a
csPCa identification model trained on Siemens 3.0T MRI had its AUROC
drop from0.94 to 0.76 and the false positive rate rise from5.2 to 18.3%when
applied to GE 1.5T MRI data. The fundamental reason is that the features
learned by the model are bound to specific equipment parameters rather
than the essential pathological features of the lesions.

The robustness to image noise and artifacts is weak. Clinical images
inevitably contain artifacts, and current AI models are sensitive to such
noise.Huang inputMRI imageswith different artifact intensities into awell-
trained MRI AI model and found that when the artifact intensity increased
by 20%, the lesion detection sensitivity of the model decreased from 91.2 to
72.5%, and the specificity decreased from88.5 to65.3%48,49. The root causeof
this problem is that the training data contains relatively few samples with
artifacts, so the model has not learned the distinguishing features between
artifacts and lesions, leading to misjudgment of artifacts as lesions or
masking of lesions.

The model’s ability to handle rare cases is insufficient. The imaging
features of rare subtypes of PCa are significantly different from those of
common acinar carcinoma, but there are very few samples of rare subtypes
in the existing training data, resulting in a misdiagnosis rate of more than
60% for such cases by AI models. In addition, complex cases with other
concurrent diseases also become “blind spots” inmodel diagnosis due to the
scarcity of samples.

Problems of clinical adaptability and physician trust
Even if an AI model has excellent performance, it will be difficult to be
implemented if it cannot be integrated into the clinical workflow and gain
the trust of physicians. Currently, there are three main problems:

The formofmodel output is disconnected fromclinical needs.MostAI
models output technical indicators such as “lesion probability map” and
“AUROC value”, while clinicians need more intuitive and interpretable
diagnostic suggestions50,51. A 2024 survey of 200 radiologists showed that
only 35% of physicians believed that the output form of current AI models
“conforms to clinical habits”, and 62% of physicians hoped that the models

Fig. 4 | Three Core Challenges (Data/Model/Clinical) in the Application of AI in Prostate Cancer Diagnostic Imaging (adapted/redrawn from published work and
publicly available data52). A Model input data. B Mode architecture. C Model application.
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could directly generate “drafts of imaging diagnostic reports” and label key
evidence.

The lack of “explainability” of the model leads to low physician trust.
Currently, the most performant AI models are mostly “black-box”models,
which cannot explain “why this region is determined to be a malignant
lesion”. The model maymake a diagnosis based on a certain texture feature
of the lesion, but physicians cannot know the pathological significance of
this feature52,53. If the model’s diagnosis is inconsistent with the physician’s
experience, the physician ismore likely to reject themodel’s result. A clinical
trial study showed that when the AI model’s diagnosis was consistent with
that of the physician, the adoption rate by the physicianwas 92%;when they
were inconsistent, the adoption rate was only 18%54,55. The core reason is
that physicians cannot understand the model’s decision-making logic. This
“distrust”will lead to themarginalizationofAImodels,making themunable
to play an auxiliary role.

The model does not consider the diversity of clinical scenarios. Dif-
ferent clinical scenarios have different requirements for AI models: out-
patient screening requires rapid exclusion of benign lesions, inpatient
diagnosis requires accurate identification of csPCa, and post-operative fol-
low-up requires focused detection of recurrent lesions56,57. However, most
current AI models are “general-purpose” and not optimized for specific
scenarios. For example, when an AImodel suitable for screening is used for
post-operative follow-up, its sensitivity drops to 70% because most recur-
rent lesions are small, which cannot meet clinical needs. In addition, the
operational skills of physicians and equipment conditions in primary hos-
pitals can also affect the quality of model input data, resulting in unstable
model performance.

To facilitate an integrated view of the current barriers and future
priorities, the major challenges and corresponding research directions for
AI-assisted diagnostic imaging in prostate cancer are summarized in
Table 1.

Future prospects of artificial intelligence in prostate
cancer diagnostic imaging
Building on the key challenges summarized in the previous section, and
combined with the development trend of AI technology and clinical needs,
the future development of AI for PCa diagnostic imaging will focus on the
four directions of “data optimization, technological innovation, clinical
integration, and system improvement”, promoting the transformation of
technology from the “laboratory” to the “clinic” and achieving the goals of
accurate diagnosis and individualized treatment.

Constructionof high-quality and shareablemulti-modal datasets
Solving the data bottleneck is the basis for improving the performance of AI
models. In the future, data optimization will be achieved through three
strategies, and the architecture of the federated learning model is shown
in Fig. 5:

Promote the construction of multi-center data alliances. Led by
national or regional health departments, unite tertiary hospitals, primary
hospitals, and scientific research institutions to build a PCa diagnostic
imaging data alliance, and formulate unified data collection standards and
annotation specifications58,59. The European Union has launched the “PCa-
AI DataHub” project, integratingmulti-modal data from 50 hospitals in 20
countries, and opening it to qualified R&D institutions after standardized
processing. Such alliances can achieve the accumulation of data “quantity”
and improve data “diversity” through multi-center data, reducing model
bias caused by regional, equipment, and population differences.

Advance semi-supervised/unsupervised learning and synthetic data
technology. To solve the problem of high annotation costs, semi-supervised
learning and unsupervised learning will become the main technical
directions60,61. Li established an MRI AI model using semi-supervised
learning, training it with 200 annotated data+ 800 unannotated data. The
diagnostic AUROC reached 0.92, which was similar to that of the fully
supervised model, saving a lot of annotation costs. In addition, synthetic
data technology can supplement data of rare cases. Wang used GANs to

generate 1000 cases of MRI images of neuroendocrine PCa. After adding
these data to the training set, the diagnostic AUROC of the model for this
subtype increased to 0.85, effectively solving the problem of scarce samples
of rare cases.

Establish a privacy-preserving data sharing system. Use federated
learning to realize “models move while data stays”—each medical institu-
tion keeps its local data in-house and only uploads the gradient parameters
ofmodel training to a central server. The server aggregates the parameters to
update the model and then distributes it back to each medical institution.
During this process, no raw data is transmitted62,63, fundamentally ensuring
privacy. In 2024, the “Prostate Cancer AI Diagnosis Alliance” in China
constructed a three-dimensional multi-center AI model based on federated
learning, aggregating 5000 cases of data from 15 hospitals. The diagnostic
AUROC of the model was 0.95, and no data privacy leakage occurred.
Technologies such as differential privacy and homomorphic encryptionwill
also be continuously explored to balance data sharing and privacy
protection.

Technical level
Technological innovation is the core driving force for the clinical imple-
mentation of AI models. In the future, four key technical directions will be
focused on to solve the current problems of model generalization,
explainability, and scenario adaptability:

In-depth integration of explainable AI (XAI) technology. To overcome
the trust issue of “black-box” models, XAI will develop from “post-hoc
explanation” to “pre-hoc design”, enabling the model to have a trans-
parent decision-making process. On the one hand, the feature regions
focused on by the model will be visualized—based on the improved
algorithm of Gradient-Weighted Class Activation Mapping (Grad-
CAM)64,65, the main regions relied on by the model when determining a
lesion as malignant are labeled on MRI images through heatmaps and
associated with pathological features, facilitating physicians to under-
stand the model’s decision-making logic. In 2024, a team proposed an
XAI-assisted diagnosis system that, while outputting the csPCa risk score,
automatically generates a “feature-pathology” association report, such as
“The model determines a high risk based on the texture heterogeneity of
the lesion and the degree of diffusion restriction (ADC value), which is
consistent with the pathological feature of a Gleason score of 8”. This
increased physicians’ trust in themodel from 35% (traditional models) to
78%66,67. On the other hand, develop “intrinsically explainable” light-
weight models—compared with complex Transformers or deep CNNs,
ensemble models based on decision trees and simple CNNs achieve
explainability through explicit feature weights and decision rules, while
still having good performance. For example, an ultrasound AI model
based on lightweight CNN outputs the weight values of each feature,
allowing physicians to intuitively grasp the core basis for the model’s
judgment, and the model can run in real-time on low-configuration
equipment in primary hospitals.

Domain adaptation and robustness optimization technology.
Domain Adaptive Learning (DA) and robustness training will be the
core. From the perspective of domain adaptation, transfer learningwill be
used to enable the model to adaptively adjust on datasets with different
equipment and scanning parameters—train the model based on the
“source domain”, and learn the feature distribution of the “target
domain” through domain adversarial training to eliminate performance
degradation caused by equipment differences. In 2024, Kim et al. con-
structed an MRI AI model based on Domain-Adversarial Neural Net-
works (DANN), and the AUROC difference of the model between the
source domain and target domain data decreased from 0.18 to 0.05,
achieving stable performance across different equipment68,69. Universal
feature extraction technology can enable themodel to learn the “essential
features” of lesions rather than “superficial features” bound to equip-
ment, further improving generalization. In addition, to address the
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problem of robustness optimization, data augmentation algorithms will
be used to simulate common noise and artifacts in clinical practice,
allowing the model to fully learn the discrimination algorithms for these
interfering features during training.

Development of scenario-specific customizedmodels. In the future,
AI models will shift from “general-purpose” to “scenario-customized”
according to different clinical problems, and be customized for different
scenarios. Outpatient screening scenario: Focus on high specificity,
integrate ultrasound + short MRI sequences (T2WI+DWI) to quickly
generate a “benign possibility” score. Patients with a score > 90% are
advised to have regular follow-up without further examination70,71. In
2024, a primary hospital inChina trialed a screeningAImodel, which had
a specificity of up to 92% and reduced the unnecessary biopsy rate by
30%, significantly alleviating the medical burden on patients. Inpatient
diagnosis scenario: Focus on accurate judgment of csPCa, integrate
multi-modal information to generate a “csPCa risk level” and “suggested

biopsy area” for csPCa, and label the relationship between the lesion and
surrounding structures to support surgical plans. Post-operative follow-
up scenario: Focus on the detection of small recurrent lesions, auto-
matically label suspicious recurrent lesions by comparing changes in
imaging features before and after treatment, with a sensitivity of over
90%. At the same time, developing customized models for special
populations is also a popular direction—for example, for elderly patients,
by enhancing the model’s ability to learn lesion features against the
background of glandular atrophy, the diagnostic AUROC is increased by
0.12 compared with the general model72,73; the customized model for
patients in the PSA gray zone combines radiomic features and clinical
parameters to reduce the misdiagnosis rate to 8%.

Construction of multi-omics data integration models. In the future,
radiomics AI models will break through the limitation of relying on
single-group imaging data and build diagnostic or prognostic prediction
models based on multi-dimensional information such as “radiomics+

Table 1 | Key challenges and proposed future research directions for AI in prostate cancer diagnostic imaging

Domain Key challenges Proposed future research directions / solutions

Data (quantity, quality and
sharing)

• Limited size and imbalance of multi-modal datasets; over-
representation of tertiary centers and under-representation of
primary hospitals and minority populations

• Labor-intensive, subjective and inconsistent image annotation
across readers and centers

• Strict privacy regulations and technical barriers that hinder
multi-center data sharing and external validation

• Build national and international multi-center data alliances with
unified acquisition and annotation standards; actively include
primary hospitals and under-represented populations

• Develop semi-supervised and unsupervised learning strategies,
active learning, and synthetic/rare-case data generation to reduce
annotation burden and enrich rare phenotypes

• Implement federated learning, differential privacy and secure
aggregation schemes to enable “data stay local, models move”
frameworks that support large-scale training without raw data
exchange

Model development and
technical performance

• Domain shift caused by differences in vendors, field strengths,
sequences and reconstruction algorithms, leading to poor
generalization on external scanners/protocols

•Sensitivity ofmodels to noise and artifacts,withmarkeddrops in
performance on low-quality images

• Poor performance and calibration in rare PCa subtypes and
complex comorbid cases

• Limited transparency and explainability of high-performing
“black-box” deep networks

• Use domain adaptation, transfer learning and domain-adversarial
training to learn vendor- and protocol-invariant feature
representations

• Incorporate artifact-aware data augmentation, robustness training
and adversarial stress-testing in development pipelines

• Design dedicated sub-models or hierarchical frameworks for rare
histologic subtypes and complex cases, supported by synthetic
data and expert prior knowledge

• Integrate Explainable AI (XAI) methods (e.g., heatmaps,
feature–pathology linkage reports, intrinsically interpretable or
hybrid models) into prostate MRI, ultrasound and PET/CT systems
to improve transparency and user trust

Clinical workflow integration
and physician adoption

•Mismatch between model outputs (e.g., probability maps,
technical metrics) and clinicians’ needs for concise, actionable
reporting

• Low physician trust due to lack of explainability and uncertainty
quantification

• “One-size-fits-all” models that do not account for differences
between outpatient screening, inpatient diagnosis and post-
treatment surveillance

• Limited integration with existing HIS/PACS/PIS infrastructure
and insufficient AI literacy among clinicians

• Co-design output formats with clinicians to generate structured,
report-ready summaries, lesion highlighting and standardized risk
scores linked to existing reporting systems (e.g., PI-RADS-like
outputs)

• Implement XAI-enhanced interfaces with visual evidence,
confidence intervals and clear indications of model limitations

• Develop scenario-specific and population-specific models
(screening, biopsy guidance, post-therapy follow-up, PSA gray-
zone patients, elderly patients) and evaluate them in prospective
and multi-center studies

• Embed AI tools within Hospital information system (HIS)/picture
archiving and communication system (PACS)/pathology
information system (PIS) workflows, and establish tiered training
programs to improve AI literacy and effective human–AI
collaboration among radiologists, urologists and primary-care
physicians

Ethics, regulation and
governance

• Risks of privacy breaches and secondary use of imaging data
without adequate consent or governance

•Algorithmic bias andunequal performance across demographic
groups, institutions and device types

• Lack of standardized processes for continuous performance
and fairness monitoring during post-market use

• Unclear allocation of legal liability among developers, hospitals
and physicians when AI contributes to diagnostic errors

• Implement robust data-governance frameworks with de-
identification, clear consent procedures, data-use logging and
ethics-committee oversight, in line with national guidelines for
medical AI data

• Introduce routine bias audits at dataset, model and outcome levels,
using subgroup-stratified metrics and predefined fairness
thresholds, with documented mitigation actions when disparities
are detected

• Align development and deployment with high-risk AI/ML-based
Software as a Medical Device (SaMD) principles, including
lifecycle-based risk management, post-market surveillance and
model-update control plans

• Clarify liability attribution through dedicated legal and institutional
policies, and establishmultidisciplinary ethics/fairness committees
to oversee AI deployment, incident analysis and corrective action
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genomics+ clinical data”. On the one hand, in imaging diagnosis, inte-
grating imaging features and genetic markers to identify csPCa can
improve the accuracy of differential diagnosis. For example, a multi-
omics AI model that integrates mp-MRI radiomic features and PCA3
gene expression levels to identify csPCa has an AUROC of 0.97, which is
0.03 higher than that of diagnostic models based on single imaging74,75.
On the other hand, in imaging prognostic prediction, integrating imaging
features, genomic information, and clinical parameters to predict
patients’ biochemical recurrence-free survival (bRFS) and overall survi-
val (OS) provides support for personalized treatment. For example, a
multi-omics prognostic model constructed by a research team in 2024
can accurately predict patients’ 1-year and 3-year bRFS, and recommend
treatment plans for patients based on the prediction results. Clinical trials
found that this can increase the 3-year bRFS rate of high-risk patients by
15%. In addition, the relationship between imaging and molecular fea-
tures can also be discovered—for example, it was found that the DCE-
MRIKtrans ofMRI is positively correlatedwith the expression level of the
VEGF gene (r = 0.82), and imaging features can be used as a non-invasive
indicator of tumor angiogenesis, providing a means for monitoring the
efficacy of precise targeted therapy for PCa.

However, translating suchmulti-omicsmodels from proof-of-concept
studies into clinically usable tools requires more rigorous validation and
standardization than many current single-modality radiomics pipelines.
First, model development and evaluation should follow explicit standards,
including pre-specification of endpoints and statistical analysis plans,
transparent reporting of feature preprocessing and selection, strict separa-
tion of training, validation, and independent test sets, and external valida-
tion in multi-center cohorts with diverse patient populations. For
prognostic applications, calibration analysis and decision-curve analysis are
essential to ensure that predicted risks of biochemical recurrence or overall
survival are accurate and clinically actionable rather thanmerely statistically
significant76.

Second, reproducibility across different imaging devices and acquisi-
tion protocols is a critical bottleneck formulti-omics integration. Variations

in scanner vendor, field strength, sequence parameters, and reconstruction
algorithms can substantially alter radiomic features and destabilize multi-
omics signatures, especially when they are combined with genomic
markers77. For prostate MRI and PSMA PET/CT, harmonized acquisition
protocols, phantom-based cross-vendor calibration and statistical feature-
harmonization techniques, together with robustness testing on hetero-
geneousmulti-center datasets,will benecessary prerequisites before amulti-
omics model can be deployed as a reliable decision-support tool. Finally,
because multi-omics AI systems that combine imaging, genomic, and
clinical variables are likely to be classified as high-risk AI/ML-based Soft-
ware as a Medical Device (SaMD), their entire lifecycle needs to be aligned
with emerging international regulatory benchmarks78. Key elements include
adherence to goodmachine-learning practice, pre-market evaluation based
on well-controlled clinical evidence, clearly defined mechanisms for post-
market performance monitoring and model updating, and change-control
procedures consistent with frameworks such as the U.S. FDA’s AI/ML-
based SaMD action plan. Incorporating these requirements at the design
stage of multi-omics pipelines will improve reproducibility across sites,
facilitate regulatory review, and ultimately accelerate the safe clinical
translation of AI-assisted precision diagnosis in PCa.

Clinical integration level
The ultimate value of AI technology lies in serving clinical practice. In the
future, in-depth integration of AI and clinical practice will be achieved
through process optimization, training system construction, and patient
participation. The flowchart of AI embedded in the clinical workflow of
prostate cancer diagnosis is shown in Fig. 6.

AI-assisted system embedded in clinical workflow. In the future, AI
systems will transform from “isolated tools” to “seamless assistants”
embedded in the original clinical workflow. During an ultrasound
examination, AI reads the examination images in real-time. When AI
identifies a suspicious lesion, it automatically prompts the doctor to
rotate the probe and generates a preliminary diagnosis in real-time.

Fig. 5 | Federated Learning Model Architecture.
Individual healthcare centers standardize their
health record data using a common data model.
Local models are trained at each center. Local
model parameters and coefficients are shared with
the global model, which merges the local model
parameters and coefficients and then shares them
back with the local models (adapted/redrawn from
published work and publicly available data79).
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During mp-MRI image reading79, AI pre-performs automatic prostate
zone segmentation and csPCa risk analysis, marking high-risk areas with
heatmaps. On this basis, physicians only need to review the areas within
the heatmaps instead of checking each frame one by one, reducing the
image reading time from the original 30–10 min. In addition, AI systems
will be embedded in hospital information systems (HIS), Picture
Archiving and Communication Systems (PACS), and pathology infor-
mation systems (PIS), automatically importing patients’ clinical history,
imaging data, and pathological reports without the need for physicians to
input them one by one. In 2024, after the application of an AI system in a
tertiary hospital, the time consumed for PCa diagnosis was reduced from
72 to 24 h, and patient satisfaction increased by 40%.

Beyond conceptual workflow diagrams, several multi-center and
prospective studies have demonstrated that AI systems for prostate cancer
imaging can be embedded into real-world clinical pathways. In prostate
MRI, the international PI-CAI study evaluated an AI system for csPCa
detection in a paired, routine-like reading setting involving more than
10,000 examinations from over 9000 patients, and showed that AI-assisted
assessment achieved higher sensitivity than the average radiologist andnon-
inferior specificity compared with multidisciplinary standard-of-care deci-
sions, supporting its feasibility as a plug-in to existing MRI reporting
workflows80. InChina, the Prostate CancerAIDiagnosis Alliance has built a
three-dimensional diagnostic model using a federated learning framework
on 5000 cases from 15 hospitals; the model is trained by aggregating local
gradient updates while raw data remain within each institution’s firewall,
and achieves an AUROC of 0.95 across participating centers without any
recorded privacy breaches, illustrating that cross-hospital AI deployment
can be integrated into PACS/HIS environments in a privacy-preserving
manner. Together with prospectivemulti-center studies of TRUS-based 3D
convolutional neural networks that reduced unnecessary biopsies while
maintaining high sensitivity for csPCa in routine ultrasound workflows81,
these initiatives provide concrete evidence that AI-assisted systems can be
operationalized within diverse clinical settings, thereby reinforcing the
translational relevance and practical feasibility of the workflow-integration
strategies discussed in this section.

Improvement of physician training systems for AI application cap-
abilities. To enhance physicians’ understanding and application of AI
technology, hierarchical training content will be designed: For senior
radiologists, the training will focus on the performance boundaries of AI

models, methods for interpreting XAI results, and how to use clinical
experience to correct diagnostic errors of AI. For mid-career and young
physicians, the content will be expanded to include the principles of AI
technology and the impact of data quality on AI models, improving their
ability to judge AI results independently. For physicians in primary
hospitals, the training will mainly cover the operation process of AI
systems and solutions to common equipment problems in AI applica-
tions. In addition, through the “AI-physician” case discussion mechan-
ism, physicians can accumulate experience in diagnosing diseases using
AI technology. After training, the adoption rate of AI models by physi-
cians has been significantly improved82,83. In 2024, a provincial training
program on the application of AI technology in radiology, ultrasound,
pathology, and otherfields was launched, covering 100 primary hospitals.
After the training, the adoption rate of AImodels by physicians increased
from 35% to 82%, and the diagnostic consistency Kappa value rose from
0.65 to 0.81.

Patient-participated collaborative decision-making model. AI
technology can be integrated into the patient-participated decision-
making process. Through “patient-friendly” reports, patients can
understand the diagnostic process—for example, in addition to profes-
sional terminology, the AI-generated diagnostic report includes a plain-
language explanation, options for treatment plans, and the risk-benefit
ratio of each plan84. Moreover, AI provides personalized treatment
recommendations based on the patient’s age, underlying diseases, and
living habits, helping patients make joint decisions with doctors85. In
2024, a clinical study observed that the treatment satisfaction rate under
the “AI-assisted+ doctor-patient joint decision-making” model was
92%, and the compliance with post-treatment follow-up increased by
35%, which was significantly higher than the traditional “physician-led”
model86.While these data, technical, andworkflow strategies are essential
to enhance the performance and usability of AI systems, their safe and
equitable deployment ultimately depends on robust ethical norms and
regulatory frameworks.

Ethical and regulatory level
From a governance perspective, the ethical and regulatory issues sur-
roundingAI for PCa imaging canbe considered along three complementary
dimensions: ethical norms and data governance, formal regulatory super-
vision, and allocation of legal liability. To ensure the safe application of AI

Fig. 6 | Flowchart of AI Embedded in the Clinical Workflow of Prostate Cancer Diagnosis (adapted/redrawn from published work and publicly available data92).
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technology, it is necessary to establish an ethical and regulatory system
covering the entire lifecycle of “R&D → approval → application →

iteration”.

Refinement and implementation of ethical norms. At the algorithm
level, on the one hand, universal guidelines for the collection, use, and
sharing of medical imaging data will be established, such as specifying
data de-identification standards, informed consent procedures, and
implementing a data usage recording mechanism. In 2024, China issued
the Ethical Guidelines for Medical Artificial Intelligence Data, which
clearly stipulates that AI developers can only use clinical data after pas-
sing ethical review, and must sign a confidentiality agreement for data
sharing; otherwise, the maximum fine can reach 5 million yuan87,88. On
the other hand, procedures for detecting and correcting algorithmic bias
will be formulated. For example, AI models are required to pass fairness
reviews for diverse populations before being approved. If the diagnostic
performance for certain populations is much lower than the average, the
model must be adjusted. In addition, a periodic bias monitoring system
will be established for AI models that are continuously iterated and used
in clinical practice, with timely adjustments made when necessary.

In practical terms, algorithmic bias detection and correction can be
operationalized at three levels: datasets, models, and clinical outcomes. At
the dataset level, developers should routinely audit the composition of
training, validation, and test sets by key subgroups (e.g., age, race or ethnicity
where applicable, comorbidities, and hospital level) and document any
under-represented populations. At the model level, performance metrics
such as sensitivity, specificity, false-negative rate, and calibration should be
reported in a stratified fashion across these subgroups, with pre-defined
fairness thresholds beyond which the model is considered biased. If sub-
stantial disparities are detected, mitigation strategies—such as targeted data
augmentation or re-sampling, re-weighting of under-represented groups,
group-specific decision thresholds, or re-training with fairness constraints
—should be triggered and documented as part of an algorithmic impact
assessment. At the outcome level, institutions are encouraged to establish
multidisciplinary ethics or fairness committees that periodically review real-
world performance dashboards, investigate systematic discrepancies in
error patterns, and mandate corrective updates, consistent with the
requirements for continuous bias monitoring in China’s Ethical Guidelines
for Medical Artificial Intelligence Data (2024).

Standardization and dynamization of regulatory systems. From the
perspective of regulatory requirements, international cooperation among
regulatory authorities will be strengthened to form a global consensus
and further unify the review requirements for AI-assisted PCa diagnostic
imaging systems, such as requirements for clinical trial verification data,
performance standards, and safety requirements. A “risk-based hier-
archical supervision” mechanism will be established: Models with low
risk can go through a simplified approval process; models with high risk
require large-scale and rigorous clinical trials. At the dynamic super-
vision level, considering the iterative update characteristics of AImodels,
a mechanism of “real-timemonitoring→ regular evaluation→ dynamic
update” will be established. For example, AI developers are required to
submit the number of clinical cases inwhich theAImodel is applied every
6 months. The regulatory authority judges whether the model perfor-
mance is stable based on this information89. If performance degradation
occurs, the developer must submit a safety certificate for the federated
learning iterative optimization algorithm to avoid new vulnerabilities
caused by federated learning-based iterative optimization.

Recent international regulatory developments provide more
concrete benchmarks for these requirements. In the European Union,
the AI Act, which entered into force in 2024, classifies AI systems
that are components of medical devices or standalone diagnostic
software as “high-risk” and mandates a documented risk-
management system, robust data governance, detailed technical
documentation, appropriate human oversight, and post-market

monitoring for such systems. These obligations apply directly to
AI-based prostate MRI, ultrasound, and PET/CT decision-support
tools and require manufacturers to demonstrate dataset representa-
tiveness and actively manage algorithmic bias throughout the life-
cycle. In China, the Ethical Guidelines for Medical Artificial
Intelligence Data (2024), together with emerging guidance on the
clinical application of medical AI, similarly emphasize prior ethical
review, strict de-identification and data-security requirements, and
explicit procedures for fairness review and bias correction before
large-scale deployment90. Aligning PCa imaging AI systems with
these high-risk regulatory frameworks “by design”—from data col-
lection and model development to clinical validation and iterative
updating—will facilitate cross-jurisdictional approval and help ensure
that technical performance gains are matched by robust protection of
patient rights and equity.

Clarification of liability definition mechanisms. Legal provisions will
be formulated to clarify the liability for AI diagnostic errors: If the error is
caused by problems with the model itself, the AI R&D institution shall
bear themain liability; if the error is caused by the hospital’s failure to use
the model in accordance with requirements, the hospital shall bear the
main liability; if the error is caused by the physician’s failure to review the
AI results, the physician shall bear the main liability. A mediation
mechanism for AI medical disputes will also be established. In 2024, a
country passed the Medical Artificial Intelligence Liability Regulations,
which clearly defined the standards for liability attribution in AI medical
disputes for the first time, reducing the dispute rate of clinical applica-
tions using AI-assisted diagnostic systems by 60%91.

Discussion
AI technology is beginning to tangibly reshape clinical decision-making in
prostate cancer diagnostic imaging92. By coupling with ultrasound, mp-
MRI, and PSMA-based PET/CT, AI systems can automatically highlight
suspicious regions, quantify tumor burden, and generate standardized risk
scores that feed directly into biopsy, treatment, and follow-up strategies. In
prospective and routine-like settings, AI-assisted MRI reading has reduced
reporting time from about 30min to roughly 10min per examination—an
approximate two-thirds reduction—while maintaining, and in some cases
improving, clinically significant prostate cancer (csPCa) detection perfor-
mance compared with senior radiologists and increasing inter-reader
agreement. EmbeddingAI into hospital information and PACS systems has
shortened theoverall diagnostic turnaround for suspectedPCa fromaround
72–24 h and has been associated with patient satisfaction gains of about
40%93. In ultrasound workflows, three-dimensional convolutional neural
network models trained on multi-center TRUS videos have preserved high
sensitivity for csPCa while reducing unnecessary biopsies, and federated-
learningmodels trained on thousands of cases frommultiple hospitals have
achievedAUROCs close to 0.95across centerswithout sharing rawdata. For
systemic therapy, AI models that compare pre- and post-treatment PSMA
PET/CT scans can predict 3-month treatment response based on 1-month
imaging with AUROCs around 0.90, enabling earlier identification of non-
responders and more timely adjustment of endocrine or systemic
regimens94. Together, these findings indicate that AI is moving from an
experimental proof-of-concept to a practical assistant that accelerates
workflows, standardizes image interpretation, and supports faster,
evidence-based clinical decisions in both tertiary and primary-care settings.

At the same time, currentAI applications still face substantial obstacles,
including data scarcity and imbalance, limited model generalization and
robustness, imperfect clinical adaptability, and incomplete ethical and
regulatory safeguards. Addressing these issues will require coordinated
efforts to build large, diverse multi-center datasets; develop explainable and
domain-adaptive algorithms; design scenario-specific models that integrate
seamlessly into AI–physician–patient collaborative decision-making; and
implement full-lifecycle regulatory oversight and bias monitoring. Looking
forward, as multi-omics data fusion matures, edge computing becomes
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more widely available, and shared decision-making models are more
broadly implemented, AI is expected to evolve into an indispensable tool for
precision diagnosis, individualized treatment planning, dynamic efficacy
monitoring, and prognostic prediction in prostate cancer. The experience
accumulated from AI deployment in prostate cancer diagnostic imaging
will, in turn, inform imaging-basedAI strategies for othermalignancies and
help shape the next generation of intelligent oncologic imaging.
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