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Prostate MRI is widely employed across the clinical pathway of prostate cancer, including
detection, staging, treatment planning, and surveillance. With the increasing demand for
consistent and efficient image interpretation, Al has gained considerable attention as a sup-
portive tool in prostate MRI. This review provides a task-based overview of Al applications
in prostate MRI, addressing key areas such as prostate gland segmentation, cancer detec-
tion and risk stratification, local staging, disease monitoring during active surveillance, re-
currence detection, and image quality assessment. Across these tasks, Al, particularly deep
learning, has demonstrated promising results. Although only a limited number of Al tools
for prostate MRI are commercially available, it remains essential for radiologists to under-
stand how Al can support clinical practice, particularly as further advances are anticipated.

Index terms Magnetic Resonance Imaging; Prostate; Artificial Intelligence; Deep Learning;
Diagnosis

INTRODUCTION

Prostate MRI has become an essential tool across the clinical care continuum of
patients with prostate cancer (PCa), encompassing cancer detection, staging, treat-
ment planning, and monitoring for recurrence or progression. In particular, its role
in the prebiopsy setting has received increasing attention in recent years. Owing to
its high sensitivity for detecting clinically significant PCa (csPCa), MRI enables ac-
curate localization of suspicious lesions, thereby improving the precision of target-
ed biopsies. MRI-guided biopsy enhances the detection of csPCa while reducing the
detection of clinically insignificant PCa (ciPCa), thereby helping to minimize overdi-
agnosis and overtreatment (1-3). In addition, the superior soft tissue contrast of MRI
allows for accurate assessment of local tumor staging, including extracapsular ex-
tension and seminal vesicle invasion, thereby supporting optimal treatment planning
(4). MRI also plays a key role in detecting disease progression during active surveil-
lance (AS) and evaluating recurrence after definitive therapy (5, 6). These multifacet-
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ed clinical applications have driven the widespread adoption of prostate MRI in routine clini-
cal practice.

To standardize image acquisition and interpretation, the Prostate Imaging Reporting and
Data System (PI-RADS) was introduced and has since been updated to version 2.1 (7, 8). PI-
RADS recommends multiparametric MRI (mpMRI)—which includes T2-weighted imaging
(T2W1), diffusion-weighted imaging (DWI), and dynamic contrast-enhanced imaging (DCE)—
over biparametric MRI (bpMRI), which excludes DCE but requires higher image quality and
reader expertise. The PI-RADS framework applies a five-point scale, ranging from 1 (very
low) to 5 (very high), to assess the likelihood of csPCa and provides technical guidance for
image acquisition to ensure diagnostic quality. However, PI-RADS primarily focuses on le-
sion detection in biopsy-naive or previously biopsied patients before definitive treatment. To
address other clinical contexts and unmet needs, additional standardized systems have been
developed, including prostate imaging quality (PI-QUAL) for evaluating technical adequacy,
prostate cancer radiological estimation of change in sequential evaluation (PRECISE) for
monitoring disease during AS, and prostate imaging for recurrence reporting (PI-RR) for as-
sessing recurrence after treatment (9-12). Despite these advances in standardization, key
challenges remain, including interreader variability, inconsistent image quality, and the ris-
ing demand for prostate MRI in clinical practice (13-15).

In parallel, rapid advances in Al have driven significant progress in medical imaging. Al
models have been developed to perform tasks such as anatomical segmentation, lesion de-
tection and classification, and prediction of treatment response (16, 17). These models have
demonstrated promising performance across diverse imaging modalities and clinical set-
tings. As Al technologies continue to mature, their integration into clinical workflows is be-
coming increasingly feasible. Among imaging domains, prostate MRI presents a particularly
promising and impactful area for Al application due to its inherent complexity, interpretive
subjectivity, and the need for reproducible assessment (18-20). Given the diverse roles of MRI
in the diagnosis, treatment, and surveillance of PCa, AT has the potential to support clinical
decision-making at multiple stages (21). This review provides a task-based overview of Al re-
search in prostate MRI, aiming to summarize existing studies according to clinical tasks and
offer an updated understanding of the current state of Al in this field (Fig. 1).

PROSTATE GLAND SEGMENTATION

Prostate gland segmentation is a fundamental task in Al-based prostate MRI analysis, serv-
ing as the initial step for identifying and delineating the gland’s boundaries. Accurate seg-
mentation provides essential clinical information, most notably through precise calculation
of prostate volume. Compared with traditional estimation using the ellipsoid formula, which
relies on three orthogonal diameters, Al-based segmentation enables more reliable measure-
ments, as the prostate often deviates from an ideal ellipsoid shape and may enlarge asym-
metrically. This improved volumetric accuracy is particularly important for evaluating be-
nign prostatic hyperplasia and monitoring volume changes over time. In the context of PCa,
precise prostate volume measurement is also critical for calculating the prostate-specific an-
tigen density (PSAD), defined as the serum PSA level divided by prostate volume. PSAD im-
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Fig. 1. Schematic illustration of the clinical pathway in patients with suspected prostate cancer.
Orange-outlined boxes indicate specific tasks where Al applications for prostate MRI are explored or proposed.
ciPCa = clinically insignificant prostate cancer, csPCa = clinically significant prostate cancer, RP = radical
prostatectomy, RT = radiotherapy
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proves risk stratification, particularly in patients with negative or indeterminate MRI findings,
and can guide biopsy decisions (22, 23). Furthermore, prostate segmentation masks can sup-
port downstream applications such as MRI-guided biopsy and radiotherapy (RT) planning (18).

Numerous Al algorithms for prostate segmentation have been developed using deep learn-
ing networks. A systematic review identified 48 studies that addressed segmentation of the
whole gland and its anatomical zones using deep learning methods (24). The most common-
ly used performance metric was the Dice similarity coefficient (DSC), which quantifies the
spatial overlap between segmentation results from different sources. A DSC of 1.0 indicates
perfect agreement, whereas a score of 0 indicates no overlap. Expert radiologists achieved a
mean DSC of 0.86 for whole-gland segmentation in one study (25). Many deep learning mod-
els have reported comparable or superior performance, with some achieving DSC values as
high as 0.98. For zonal segmentation, the mean DSCs were lower: 0.787 £ 0.059 for the pe-
ripheral zone and 0.874 £ 0.052 for the transition zone, compared with 0.905 & 0.039 for
whole-gland segmentation. Notably, no statistically significant differences in DSC were ob-
served across MRI vendors. While most studies relied on T2WTI alone, some incorporated
multiple MRI sequences; however, the inclusion of additional sequences does not consistent-
ly improve segmentation performance.

The size and shape of the prostate can vary considerably due to individual anatomy or pri-
or interventions, such as transurethral resection of the prostate or abdominal perineal resec-
tion. Artifacts from metallic implants, such as hip prostheses, may also degrade image quali-
ty and complicate segmentation. One study specifically evaluated deep learning-based
segmentation in these challenging cases (26); the results demonstrated a DSC of 0.916 com-
pared with radiologist-defined ground truth, slightly lower than that of typical cases but still
indicating high performance (27). The presence of signal distortion or anatomical irregulari-
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ties negatively affects segmentation accuracy.

In summary, deep learning-based prostate gland segmentation has consistently achieved
high performance across multiple studies. These algorithms remain robust even in challeng-
ing cases, where traditional volume estimation methods using the ellipsoid formula are more
prone to error. Al-based segmentation enables accurate, efficient, and reproducible mea-
surements without the need for time-consuming manual contouring, providing clear advan-
tages across a range of clinical applications.

CANCER DETECTION AND RISK STRATIFICATION

In patients with clinically suspicious PCa, such as those with elevated PSA or suspicious
findings on other imaging modalities, the primary goal of prebiopsy MRI is cancer detection.
However, the reliability of prostate MRI is often limited by interreader variability in lesion
detection and classification. In particular, the clinical management of PI-RADS 3 lesions, in-
dicating an indeterminate likelihood of csPCa, remains controversial, with reported propor-
tions of PI-RADS 3 findings varying across studies (28, 29). If AT algorithms can demonstrate
reliable performance in interpreting prostate MRI in biopsy-naive patients, they could serve
as triage tools or assist as second readers. A major focus of Al research in prostate MRI has
been the detection of focal lesions and classification of cancer risk, tasks central to prostate
MRI interpretation. Al algorithms in this domain vary widely in their design, including dif-
ferences in input data (bpMRI vs. mpMRI), model architecture, and output objectives. Some
models are trained to detect suspicious lesions, whereas others perform binary risk classifi-
cation (e.g., PCa vs. non-PCa or ciPCa vs. csPCa) or provide multiclass predictions based on
PI-RADS scores, the International Society of Urological Pathology (ISUP) grade of PCa. Fig. 2
presents the output of representative commercial Al software (Prostate Al, Siemens Health-
ineers, Forchheim, Germany), demonstrating bpMRI-based focal lesion detection, PI-RADS
classification, and automated prostate gland segmentation.

A systematic review of deep learning approaches for PCa detection included 29 studies
published between 2019 and 2023. Most were retrospective (93.1%) or single-center (62.0%)
studies (30). The majority of models used T2WI and/or DWI with an apparent diffusion coef-
ficient (ADC) map as input. These studies addressed diverse objectives, including cancer de-
tection, risk stratification, and lesion localization. Deep learning-based models demonstrated
promising performance in detecting and segmenting csPCa on MRI, often matching or sur-
passing the accuracy of radiologists’ PI-RADS-based assessments. Reported sensitivities
ranged from 56.1% to 96%, and specificities ranged from 31% to 87.1%, depending on factors
such as probability thresholds, test datasets, and reference standards (e.g., radiologists or his-
topathology) (31-38). For example, models trained on T2WI and DWI achieved diagnostic
performance comparable to PI-RADS =4 classifications by radiologists. In some studies,
deep learning models demonstrated noninferior sensitivity to radiologists when whole-
mount histopathology was used as the gold standard, with no statistically significant differ-
ences. Furthermore, deep learning systems outperformed general or junior radiologists in
terms of sensitivity or specificity while achieving results comparable to those of expert read-
ers (38, 39). One study applying a deep learning algorithm for PI-RADS-based cancer risk as-
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Fig. 2. An example of a deep learning-based algorithm applied to prostate MRI.

An exemplary Al software (MR Prostate on syngo.via, Siemens Healthineers) generates MRI reports, includ-
ing a prostate sector map annotated with the locations of detected lesions. The algorithm detects focal le-
sions, classifies prostate cancer risk according to the PI-RADS, and performs segmentation of the prostate
gland and lesions, approximately providing prostate volume and lesion volume.

DCE = dynamic contrast-enhanced imaging, DWI = diffusion-weighted imaging, EPE = extraprostatic extension,
PI-RADS = Prostate Imaging Reporting and Data System, PSA = prostate-specific antigen, PZpl = peripheral
zone posteromedial, PZpm = peripheral xone posterolateral, T2W = T2-weighted imaging
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sessment reported a notably low proportion of PI-RADS 3 classifications, reflecting reduced
diagnostic uncertainty. In contrast, the least experienced radiologists assigned PI-RADS 3 to
24% of cases (39). Another study demonstrated that Al assistance reduced interreader vari-
ability among seven radiologists with varying levels of experience and also shortened MRI
reading times (40). Similarly, the diagnostic performance of less experienced radiologists in
detecting and classifying focal lesions significantly improved when aided by Al support (38).
The Prostate Imaging: Cancer Al (PI-CAI) challenge was a large-scale international study
designed to compare the performance of Al algorithms and radiologists in detecting csPCa
(41). Tt represented a global effort, involving the largest cohort of radiologists (n = 62) and nu-
merous Al submissions from around the world. In this study, an ensemble AT model, formed
by combining the top five performing algorithms, demonstrated superior diagnostic perfor-
mance compared with the average performance of the participating radiologists, using PI-
RADS =3 as the threshold for positivity. Specifically, the ensemble Al achieved a positive pre-
dictive value (PPV) of 68.0% versus 53.2% for radiologists and a negative predictive value of
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93.8% versus 90.2%. However, the AT model did not meet the noninferiority threshold com-
pared with expert interpretation in a multidisciplinary practice, showing slightly lower speci-
ficity (68.9% vs. 69.0%) at matched sensitivity (96.1%). A subsequent study based on the PI-
CAI algorithm compared the diagnostic performance of 61 radiologists reading bpMRI, both
with and without AT assistance (42). Al support significantly improved performance, increas-
ing the area under the receiver operating characteristic curve (AUC) from 0.882 to 0.916
(+3.3%), with corresponding gains in sensitivity (+2.5%) and specificity (+3.4%). Notably, the
benefit of Al assistance was particularly prominent among nonexpert readers.

These findings collectively highlight the potential of deep learning algorithms for PCa de-
tection and risk stratification. In particular, Al assistance enhances radiologists’ diagnostic
performance, particularly among less experienced readers, and reduces interreader variabil-
ity. Many algorithms have demonstrated strong performance using only bpMRI, without the
need for DCE. Although studies have reported that bpMRI can achieve diagnostic accuracy
comparable to that of mpMRI, the omission of DCE remains controversial (43, 44). Several
reports have demonstrated the added value of DCE in lesion detection and improving radiol-
ogists’ diagnostic confidence (45, 46). Nevertheless, given the increasing demand for prostate
MRI examinations, bpMRI offers significant practical advantages, including reduced scan
time, lower cost, and avoidance of gadolinium-based contrast agents, which raise concerns
regarding safety and long-term brain retention. With continued advances in deep learning
techniques, Al algorithms for detecting csPCa are expected to play an increasingly impactful
role in future prostate MRI workflows.

LOCAL TUMOR STAGING

Accurate staging of PCa is essential for selecting the optimal treatment strategy, planning
surgery, and predicting patient prognosis. MRI is regarded as the most effective imaging mo-
dality for local staging because of its superior soft-tissue contrast. Tumor T stage is classified as
follows: T2 for organ-confined disease; T3a for extracapsular extension, including neurovascu-
lar bundle invasion; T3b for seminal vesicle invasion; and T4 for invasion into adjacent organs.

Several AT algorithms have been developed to perform local tumor staging using radiomics-
based machine learning (ML) or deep learning networks on prostate MRI (47). While many
early studies required manual tumor segmentation by radiologists, they still demonstrated
high diagnostic performance, with AUC values ranging from 0.61 to 0.88. For example, one
study applied texture analysis and ML to predict histopathologically confirmed extraprostatic
extension (EPE), encompassing both T3a and T3b stages, using bpMRI (48). Radiomics fea-
tures were extracted from a two-dimensional region of interest (ROI) of the index lesion, and
various feature selection and classification techniques were evaluated. The best-performing
classifier achieved an AUC of 0.88 for EPE prediction. Another study implemented a deep
learning-based pipeline for automated EPE grading from bpMRI (49). This approach lever-
aged pretrained Al models for prostate gland and lesion segmentation, from which extracted
features were used to train a random forest classifier to predict EPE, with grades ranging
from 0 to 3. Using a threshold of EPE grade =1, the ATl model achieved performance compa-
rable to that of radiologists (sensitivity: 67% vs. 81%; specificity: 73% vs. 62%; accuracy: 72%
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vs. 66%). In a separate study, a pretrained convolutional neural network was used for pros-
tate segmentation and cancer detection, followed by rule-based classification to estimate the
likelihood of EPE (47). At a threshold of 0.35, the algorithm achieved 80.0% sensitivity and
28.2% specificity at the patient level, whereas the radiologists’ sensitivity and specificity was
50.0% and 76.9%, respectively. As research has progressed from models requiring manual le-
sion segmentation to those utilizing automated lesion and gland segmentation, Al algorithms
have demonstrated the advantage of providing clinically relevant information with less time

and effort from radiologists.

DISEASE PROGRESSION MONITORING DURING ACTIVE
SURVEILLANCE

AS is the recommended management strategy for patients with low-risk PCa confined to the
gland (5, 50). While AS allows patients to avoid immediate aggressive treatment and its associ-
ated side effects, it carries the risk of initial misclassification and the possibility of missing dis-
ease progression over time. Baseline MRI plays an important role in minimizing misclassifica-
tion by improving the detection of csPCa (5). During AS, patients typically undergo serial PSA
testing, digital rectal examinations, and scheduled control biopsies. Given the utility of MRI in
evaluating prostate anatomy and tumor characteristics, some guidelines have incorporated
mpMRI into AS monitoring protocols (51, 52). Although using MRI as a potential alternative to
repeated biopsies is an attractive approach, the optimal timing and triggers for biopsy remain
unclear. Two meta-analyses reported that serial MRI during AS demonstrates moderate sensi-
tivity (0.59-0.61) and good specificity (0.75-0.78), helping to reduce unnecessary biopsies.
However, MRI alone may miss up to 12% of true progressions, indicating that it cannot fully
replace scheduled repeat biopsies (53, 54). To improve standardization, the PRECISE scoring
system was introduced and recently updated to version 2. The PRECISE system provides a
5-point scale for assessing radiologic progression, ranging from 1 (complete regression) to 5
(definite progression). A score of X is assigned when image quality is insufficient for reliable
assessment (11).

AT has the potential to address several limitations of MRI in AS by standardizing serial im-
age interpretation, reducing interreader variability, and assisting less experienced radiolo-
gists (55). One study evaluated a pretrained deep learning algorithm for detecting csPCa on
mpMRI images obtained during AS (excluding MRI examinations for the initial diagnostic bi-
opsy) (56). The Al algorithm provided results in the form of PI-RADS scores. Radiologists de-
tected 83 lesions, 33% of which were csPCa (ISUP grade =2). The Al system identified most
csPCa cases but missed six significant lesions. At the patient level, AT achieved high sensitivi-
ty (96.4%) but low specificity (25%) for detecting ISUP =2 disease. These findings suggest
that although the AI algorithm has low specificity and may produce false positives, its high
sensitivity can complement radiologists by reducing the risk of missing clinically significant
progression or PCa. In this context, Al may help ensure timely treatment decisions during
AS, where undetected progression could lead to delayed or suboptimal care.

Several studies have investigated the use of ML and deep learning models for monitoring

tumor progression during AS, reporting AUC values between 0.72 and 0.86 (57). Notably, incor-
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porating clinicopathological data and their longitudinal changes significantly improved mod-
el performance, highlighting the importance of additional input features. However, most
studies included small sample sizes, and the findings should be interpreted with caution. De-
spite these encouraging results, Al implementation in AS still faces key challenges, including
inconsistent definitions of disease progression, heterogeneous inclusion criteria, and limited
access to large, standardized, and publicly available datasets. Therefore, further research and

validation studies are needed to establish stronger evidence before clinical adoption.

RECURRENCE PREDICTION AND DETECTION AFTER TREATMENT

Radical prostatectomy (RP) is the only treatment for localized PCa that has demonstrated a
survival benefit in both overall and cancer-specific terms, whereas RT remains one of the pri-
mary curative approaches (58). Despite these curative intents, biochemical recurrence (BCR)
still occurs. The 15-year cumulative incidence of BCR after RP is reported to be 16%, 30%, and
46% in the low-, intermediate-, and high-risk DAmico groups, respectively, whereas for RT the
corresponding rates are 18%, 24%, and 36%, respectively (59). The use of mpMRI enables the
accurate early detection of local recurrence after both RP and RT (6). To standardize imaging
and reporting in this context, the PI-RR system was introduced (12). PI-RR employs a five-point
scoring system to indicate the level of suspicion for recurrent PCa, with DWI and DCE as key
sequences for assessment.

Several studies have developed ML models to predict BCR using pretreatment MRI. One
study trained an ML classifier using the most discriminative radiomic features extracted from
2D ROI in cancerous areas on T2W images and ADC maps. This model achieved an AUC of
0.73 for predicting recurrence after RT (60). Another study using radiomic features from T2W
images acquired before and after RT reported an AUC of 0.632, with posttreatment radiomics
providing the best predictive performance (61).

In contrast to the abundance of deep learning models for PCa detection and risk stratifica-
tion in treatment-naive patients, only a few have addressed recurrence detection after defini-
tive therapy. One study evaluated a deep learning model trained on bpMRI images of treat-
ment-naive lesions to detect recurrent PCa following RT (62). In this study, radiologists
achieved per-patient and per-lesion sensitivities of 91.3% and 87.5%, respectively, without Al
assistance. The standalone deep learning model showed lower performance, with sensitivi-
ties of 76.1% (per-patient) and 71.4% (per-lesion). However, Al-assisted reading modestly im-
proved the PPV compared with unassisted reading (78.4% vs. 70.0%), although the difference
was not statistically significant.

Currently, deep learning models for recurrence detection remain limited and are not yet
widely accessible. Given the clinical importance of early recurrence detection for treatment
planning and prognosis, future studies are warranted to explore and validate Al models in this

domain.

IMAGE QUALITY EVALUATION

In prostate MRI, image quality is critical for accurate interpretation and clinical decision-
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making. Although PI-RADS provides technical recommendations, considerable variation in
MRI acquisition parameters has been observed across institutions (15). To address this, the PI-
QUAL score was developed as a standardized system for evaluating prostate MRI image quality
(10). Many studies have demonstrated that poor image quality is associated with reduced diag-
nostic performance in cancer detection and staging (63). While interobserver agreement for
PI-QUAL scoring has been reported as moderate to substantial, further improvements in in-
terreader consistency remain necessary. Additionally, although PI-QUAL version 2 simplified
the scoring system, radiologists are still required to verify whether essential technical criteria
are met and perform subjective assessments of image quality (64).

A study introduced a semiautomated image quality assessment system that checks wheth-
er the recommended acquisition parameters are met for each MRI sequence (65). Although
visual assessment still needs to be performed manually, this tool enables radiologists to
quickly and reliably evaluate technical parameters. Similar functionality is also available
through freely accessible online tools (66).

Al-based approaches are also being explored to improve workflow efficiency and personal-
ize imaging protocols. One convolutional neural network was developed to determine the ne-
cessity of DCE acquisition based on T2WI and DWI, achieving a sensitivity and specificity of
94.4% and 68.8%, respectively (67). To support real-time clinical decision-making, this model
was implemented within a server-based system and mobile application, enabling radiologic
technologists and radiologists to classify image quality as “approved,” “insufficient,” or “incon-
clusive.” In approved cases, image acquisition is considered complete without DCE; in insuffi-
cient cases, DCE images are acquired; and in inconclusive cases, radiologists are prompted to
review and decide on DCE acquisition (68). This Al-driven triage process allows for a stream-

lined workflow and optimized use of radiology resources.

FUTURE DIRECTIONS AND CONCLUSION

Owing to the rapid recent advances in large language models (LLMs), several studies have ex-
plored their use in prostate MRI reporting. In one study, an LLM processed unstructured pros-
tate MRI reports to extract prostate gland dimensions and volume, PSA density, and lesion
characteristics, including PI-RADS score and lesion dimensions (69). The LLM demonstrated
excellent performance in extracting prostate volume and PSA density, whereas results for ex-
tracting lesion characteristics were more variable. Additionally, another study used an LLM to
assign PI-RADS categories from clinical free-text MRI reports and reported limited perfor-
mance (70). Further studies are anticipated, including applications for automatically generated
structured reports, extraction of sequence-level metadata, multilingual/generalizable LLMs
across institutions, and multimodal LLMs integrating image features with clinical text.

This review summarized the current landscape of Al research by key tasks, including gland
segmentation, cancer detection and risk stratification, local staging, disease monitoring dur-
ing AS, recurrence detection, and image quality evaluation (Table 1). Across these tasks, Al
models, particularly deep learning-based approaches, have demonstrated strong perfor-
mance. Several Al-based software products for prostate MRI have received clearance under

Section 510(k) by the United States Food and Drug Administration for applications that assist
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Table 2. Summary of Prostate MRI Al Software with U.S. FDA Clearance

. . U.S.FDA Date of U.S.
Device Company Intended Use/Functions .
Regulatory Status  FDA Decision
Al-Rad Companion Siemens Automatic prostate segmentation; Class|l,510(k)-cleared 2020-07-30
Prostate MR Healthineers quantitative analysis of the prostate gland
gp-Prostate Quibim S.L. Quantitative MR analysis; reporting Class|l,510(k)-cleared 2021-02-04
assistance
Avenda Health Al Prostate Avenda Health, Inc.  Prostate and lesion segmentation; Class Il,510(k)-cleared 2022-11-22
Cancer Planning Software biopsy/ablation tool placement simulation
Quantib Prostate Quantib BV Automatic prostate segmentation; semi- Class 1, 510(k)-cleared 2023-04-17
automatic lesion segmentation;
reporting assistance
Medihub Prostate JLK Semi-automatic prostate outlining and Class|l,510(k)-cleared 2024-06-21
volume estimation
Prostate MR Al Siemens Automatic prostate and zonal segmentation; Class I, 510(k)-cleared 2025-03-05
Healthineers automatic lesion detection and PI-RADS
classification; suspicion map and lesion list
generation
QP-Prostate® CAD Quibim Lesion detection; two-level suspicion Class|l,510(k)-cleared 2025-03-18

markers (moderate/high)
FDA = Food and Drug Administration, PI-RADS = Prostate Imaging Reporting and Data System

radiologists with MRI interpretation (Table 2) (71).

Despite this progress, several barriers remain before Al can be fully integrated into clinical
workflows. Challenges include limited generalizability across institutions, lack of standard-
ization in outcome definitions (particularly for progression or recurrence), and the predomi-
nance of small, retrospective datasets. In addition, critical unmet needs persist around mod-
el interpretability, regulatory approval, and prospective clinical validation.

Future studies should focus on developing robust, generalizable models through multi-
center collaborations and prospective trials. The integration of multimodal inputs, including
clinical, pathological, and temporal data, may further enhance AI model performance. Ulti-
mately, successful adoption of Al in routine prostate MRI practice requires not only high di-
agnostic accuracy but also meaningful improvements in efficiency, consistency, and patient-
centered outcomes.
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