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that characterizes the natural history of prostate cancer often leads to
under- or overtreatment. Moreover, the already substantial burden of
prostate cancer care on the health care system is predicted to rise signifi-
cantly. By discerning patterns within immense, complex datasets, Al has
the potential to augment the diagnosis, risk stratification, and treatment
of prostate cancer beyond what is possible with existing clinical tools. In
recent years, Al algorithms have achieved impressive diagnostic accuracy
in the realms of imaging and histopathology interpretation, and Al-based
biomarkers for risk stratification have been incorporated into major clin-
ical guidelines. Early strides have also been made in radiation treatment
planning, intraoperative surgical assistance and surgical education, and
quality control. Moving forward, the prospective validation of novel Al
algorithms across large, multi-institutional datasets is needed to minimize
bias and ensure validity. Furthermore, it is the responsibility of providers
across the continuum of prostate cancer care to ensure the safe and
ethical integration of Al into clinical practice. This review summarizes the
current state of Al applications in the diagnosis, risk stratification, and
treatment of prostate cancer, highlighting recent advances and emerging

opportunities in this ever-changing field.
Introduction

Artificial intelligence (Al) is rapidly transforming the landscape of
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learning, precision medicine, prostatectomy, diagnosed cancer and the second highest cause of cancer death
prostatic neoplasms among American men,' and the burden of diagnosis and treatment
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within the US health care system is only projected to
increase.? Prostate cancer presents a unique set of clinical
challenges, including a highly variable disease course,
rapidly evolving screening and diagnostic paradigms, and
multiple treatment modalities that necessitate personal-
ized and shared decision making. Traditional clinical tools
and technologies have proved inadequate in addressing
those challenges, leaving ample opportunity for Al-based
technologies to improve the care of patients with prostate
cancer (Figure).

The technical nuances of Al algorithm architecture
and development are beyond the scope of this article.
Briefly, machine learning (ML) is a foundational Al
approach in which algorithms are developed that extrap-
olate patterns from data without being explicitly pro-
grammed. This process overcomes some of the limitations
of predictive models and nomograms based on traditional
statistical methods such as multivariable regression, which
are limited to clinical variables that can be identified by
human individuals. In deep learning (DL) methods, mul-
tiple layers of learning are used to extract progressively
higher-level data features. DL methods are particularly
adept at extracting hierarchical features from complex data
such as pathology slides, medical images, and even surgical
videos. These Al-based technologies have demonstrated
promising capabilities across the spectrum of prostate
cancer care, including imaging interpretation, automated
pathology grading, surgical quality control, intraoperative
assistance, and radiation treatment planning.

The clinical integration of AI holds tremendous
potential to meet the needs of the modern patient by
leveraging the wealth of data that already guides prostate
cancer care. However, many barriers remain before Al can
be more widely and effectively adopted. Most prominently,
concerns exist about bias and reproducibility stemming
from the retrospective nature of most Al studies, data
heterogeneity, and the “black box” methodology of many
Al algorithms. Regulatory, social, and ethical factors are
also important considerations. Herein, we aim to capture
the current state of Al technologies across the spectrum
of prostate cancer care. This review highlights emerging
technologies, clinical advances, and new challenges that
will affect all providers who treat prostate cancer in the
era of AL

Initial Diagnosis and Evaluation

Imaging Interpretation

Magnetic resonance imaging (MRI) plays an important
role in the initial workup of prostate cancer and is sup-
ported by both American and European guidelines.’* As
the volume of prostate MRIs has skyrocketed in recent
years,’ the use of Al for automated MRI interpretation

has become a prominent focus of research. The recent
Prostate Imaging-Cancer Artificial Intelligence (PI-CAI)
study developed an Al system to detect Gleason grade
group 2 or higher cancers on MRIL® This Al system
demonstrated both noninferiority and superiority in
comparison with 62 human radiologists in isolation when
tested on 400 MR images (area under the curve [AUC],
91% vs 86%). When applied to 1000 real-world MRI
interpretations by radiologists with access to clinical
context and peer discussion, the Al system demonstrated
comparable performance, although missing the statistical
cutoff for noninferiority. Although prior AT models have
demonstrated diagnostic accuracy comparable with that
of radiologists,” the PI-CAI study has one of the largest
sample sizes to date.

One limitation of the PI-CAI system is that initial
model training still relies on manually segmenting regions
of interest. This feature may limit the number of train-
ing cases that can be incorporated, a problem that was
mitigated by international crowdsourcing in the case of
PI-CAIL Other groups have used alternative techniques
that do not require manual lesion identification. Cai and
colleagues used 1514 MRI examinations to train a convo-
lutional neural network to predict grade group 2 or higher
prostate cancers.® This study showed an AUC of 0.89 in
the internal test set and 0.86 upon external validation,
similar to the performance of radiologists. Furthermore,
Dimitriadis and colleagues incorporated 6458 MRI
examinations to develop a classifier predicting the pres-
ence of prostate cancer, with an AUC of 0.91.° Of note,
their input consisted of biparametric MRI, whereas many
other models rely on multiparametric examinations.

Recently, exploratory studies have suggested that
Al could one day exceed the diagnostic performance of
radiologists. Roest and colleagues developed an ML clas-
sifier that detects prostate cancer by analyzing DL-gen-
erated heat maps from biparametric MR, incorporating
both prior and current imaging examinations.' The
diagnostic performance of their longitudinal Al model
was superior to that of radiologists (AUC, 81% vs 69%).
These initial results support the need for further investi-
gation into Al-powered MRI interpretation algorithms in
the prospective setting.

Al applications in prostate cancer imaging extend
beyond cancer detection with MRI. For example, MRI
segmentation to create 3-dimensional (3D) prostate
models is currently done manually, a process that is
extremely labor-intensive. Boellaard and colleagues evalu-
ated a commercially available Al algorithm for automatic
prostate MRI segmentation, comparing its performance
with that of manual segmentation.! They found that
Al-assisted segmentation showed promising accuracy,
with only minor adjustments needed in most cases, and
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Figure. Schematic of emerging artificial intelligence applications across the prostate cancer care continuum.
ADT, androgen deprivation therapy; MD'T, metastasis-directed therapy; XRT, radiation therapy.

reduced the time required from 15 to 30 minutes to 2 to
3 minutes. This finding has significant implications for
MRI-based fusion prostate biopsy, as well as the genera-
tion of 3D models for surgical planning. In addition, DL
systems have been trained to segment the prostate auto-
matically into the peripheral and transition zones. This
segmentation facilitates the calculation of zone-specific
prostate-specific antigen (PSA) density, which has been
shown to improve the prediction of clinically significant
prostate cancer as well as the specificity of MRI vs that
of traditional PSA density.'"? Finally, early progress
has been made in applying Al to positron emission and
computed tomography (PET-CT). When a convolutional
neural network was trained to identify sites suspicious for
prostate cancer on the basis of prostate-specific membrane
antigen (PSMA) ligand PET-CT imaging, the accuracy
was approximately 80% for identifying suspicious uptake,

localizing anatomic site, and determining cancer stage.'
These novel approaches lay the groundwork for boosting
efficiency in imaging interpretation, which will be of
invaluable assistance to radiologists handling the ever-in-
creasing volume of prostate cancer imaging studies.

Automated Digital Pathology

The histopathologic assessment of prostate biopsy sam-
ples provides another fertile area for Al application. The
current pathology process remains labor-intensive and
subjective, with large volumes of biopsy specimens plac-
ing strain on pathologists and causing notable inter- and
intrapathologist variability."'® In 2019, Paige Prostate, a
multiple-instance learning system, was developed to clas-
sify whole-slide images without the need for pixel-level
annotation.” The system made it possible to discriminate
accurately between slides with benign and slides with can-
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cer-containing cores, thereby enabling the rapid exclusion
of benign slides and reducing pathologist workloads with-
out sacrificing sensitivity.">” Paige Prostate received US
Food and Drug Administration (FDA) approval in 2021,
and several groups have since prospectively evaluated
its performance. In a study that examined 600 prostate
biopsy cores, the sensitivity and negative predictive value
of Paige Prostate approached 100%, and it was able to
reduce diagnostic time by 66%.'” Other reported benefits
include a reduction in the use of immunohistochemistry,
which in turn decreased costs.'®

Whereas Paige Prostate is FDA approved to assist
pathologists by identifying slides suspicious for malig-
nancy, numerous other Al applications are being explored
for their ability to provide more detailed pathologic
analysis. The current standard for grading prostate

cancer is the Gleason score,"

on which all major clini-
cal guidelines base risk stratification and management
strategies.>® Intense interest is being shown in using Al
to automate the Gleason grading system. In 2020, this
subject was addressed in 4 major studies. Strém and col-
leagues trained a deep neural network that distinguished
malignant tissue with an AUC of 99.7% in their internal
test dataset and of 98.6% in external validation.!® Fur-
thermore, the algorithm achieved accuracy in determin-
ing Gleason score comparable to that of a panel of 23
expert uropathologists. Bulten and colleagues trained a
DL system that achieved an AUC of 99% for distinguish-
ing malignant tissue and of 98% for identifying grade
group 2 or higher disease.”” Furthermore, the algorithm
outperformed 10 of 15 human pathologists. Pantanowitz
and colleagues trained a convolutional neural network
that achieved an AUC of 99.7% for detecting malignant
tissue and maintained an AUC of 99.1% on external
validation.” On external validation, their algorithm had
an AUC of 94.1% for identifying cancer with a Gleason
score of 7 or higher. Importantly, when they deployed
this algorithm within their clinical workflow to trigger an
alert for second review when the Al model predicted a
high Gleason score but the human pathologist identified
benign or low-grade tissue, one case of missed cancer was
identified. Nagpal and colleagues trained a DL system
specifically to assign a Gleason score.”” When compared
with Gleason scores assigned by general pathologists, the
scores assigned by their algorithm were significantly closer
to scores determined by a panel of expert uropathologists,
achieving a concordance of 71% in both internal and
external datasets.

Alsoin 2020, the positive results from these individual
studies were further corroborated by the Prostate cANcer
graDe Assessment (PANDA) challenge, an international
Al pathology competition.” The organizers asked teams
to use a dataset of 10,616 digital biopsy slides to develop

algorithms for both diagnosing cancer and assigning
a Gleason score. The top-performing algorithms were
found to outperform general pathologists diagnostically,
and results were comparable with those of experienced
uropathologists. When the best algorithms were validated
on external biopsy slides, the rate of agreement with
expert uropathologists was 86%. The main errors made by
the Al algorithms were the overdiagnosis of benign cases
and a generalized tendency to overgrade slides.

Finally, Al techniques have shown early eflicacy in
identifying detailed morphologic features of prostate
biopsy cores, including length of cancer involvement,'

" and cribriform growth pattern,*

perineural invasion,?
all of which have implications for prognosis and manage-
ment decisions. In summary, Al-based automated tools
for pathology interpretation have achieved nearly perfect
sensitivity for distinguishing between benign and malig-
nant tissue. However, the level of concordance between
the Al-derived Gleason scores and those of expert uropa-
thologists is not yet high enough for the standalone use
of Al Future trials are needed to assess the performance
of Al algorithms prospectively, with a focus on Gleason
score assessment. Although Al is unlikely to supplant the
work of human pathologists, one can envision Al allevi-
ating pathologists’ workloads, identifying discrepancies
and human errors for review, and improving diagnostic
accuracy in resource-limited settings without access to
expert uropathologists.

Prognostication and Prediction

Risk Stratification and Survival Outcomes

Accurate risk stratification is central to the management
of prostate cancer and helps guide clinical decisions
regarding active surveillance, definitive therapy, and adju-
vant treatment. Traditional risk assessment models based
on PSA, Gleason score, T stage, and other clinical fea-
tures are widely accepted but limited in capturing tumor
heterogeneity and guiding individualized treatment.”
To address these limitations, Al has become a powerful
tool in enhancing individualized risk stratification and
prognostication.

One of the most extensively studied Al tools in this
space is the multimodal AT (MMAI) model developed
by Esteva and colleagues.”® The developers used a DL
framework based on digital histopathology and clinical
data collected from 5 randomized phase 3 NRG Oncol-
ogy trials to predict long-term clinical outcomes for
intermediate- to high-risk localized prostate cancer. Their
training data included 16,204 pathology slides from 5654
patients. This MMAI model improved discriminatory
performance relative to National Comprehensive Can-

cer Network (NCCN) risk stratifications by 11.4% for
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metastasis, 13.1% for prostate cancer—specific mortality
(PCSM), and 11.5% for overall survival (OS). The model
is commercially available as the ArteraAl Prostate Test and
is now included as an adjunctive tool within the NCCN
guidelines.”” These results were subsequently externally
validated in a cohort of 318 patients with high-risk or
locally advanced disease from the independent NRG/
RTOG 9902 phase 3 trial, with favorable performance in
predicting distant metastasis and PCSM.*

Beyond localized disease, the MMALI algorithm has
demonstrated prognostic relevance in the metastatic
setting. In a study by Markowski and colleagues, the
MMAL algorithm was applied to 456 patients with met-
astatic castration-sensitive prostate cancer enrolled in the
CHAARTED trial, effectively predicting OS, clinical pro-
gression, and the development of castration resistance.”
Finally, in the largest external validation trial thus far for
the MMAI algorithm, Parker and colleagues studied 3167
patients recruited to phase 3 trials in the STAMPEDE
platform protocol who had metastatic, node-positive, or
locally advanced disease.” The investigators showed that
the MMAI algorithm independently predicted PCSM
across all disease stages and treatment groups (androgen
deprivation therapy [ADT] + abiraterone or docetaxel),
performing better than any clinical variable alone. By
refining prostate cancer risk stratification, the MMAI
algorithm could be used to select patients for treatment
escalation or de-escalation according to their predicted
outcomes.

Surgical Applications

The MMAI algorithm has also been applied to surgical
cohorts. One ongoing challenge in the management of
localized prostate cancer is patient heterogeneity, even
within accepted risk stratification guidelines, as standard
clinicopathologic variables remain limited in predicting
tumor behavior. In a prospective, real-world radical
prostatectomy cohort spanning low-, intermediate-, and
high-risk localized disease, the MMAI algorithm was
found to be independently associated with biochemical
recurrence and adverse surgical pathology (grade group
3 or higher, pathologic stage T3b or higher, node posi-
tivity).*’ The MMAI algorithm demonstrated predictive
value even after controlling for NCCN risk group,
although the MMAI and NCCN risk stratifications were
highly concordant. Li and colleagues applied the MMAI
algorithm (developed in prostate biopsy pathology slides)
to radical prostatectomy pathology slides from 1021
patients enrolled in the Prostate, Lung, Colorectal, and
Ovarian (PLCO) Cancer Screening Trial.*> The MMAI
algorithm was able to predict both PCSM and OS inde-
pendently of traditional prognostic variables. Although
further prospective validation is needed, these findings

hold promise for the preoperative selection of patients
for active surveillance or deferred treatment, along with
postoperative selection for adjuvant therapy or intensified
PSA screening. However, it is noteworthy that the Artera
MMAI classifier has been evaluated mainly in a post hoc
fashion, and future prospective study remains critical.

Precision Medicine: Predicting Therapeutic Response

Beyond prognostication, Al-based tools are being increas-
ingly studied for their ability to predict therapeutic
response, marking a shift toward dynamic, biomark-
er-guided precision oncology. Two studies have sought
to predict the need for ADT in patients with localized
prostate cancer who received definitive radiation therapy
(RT). Using the previously discussed MMAI algorithm as
a starting point, Armstrong and colleagues trained a new
algorithm to predict which patients might benefit from
the addition of long-term ADT to RT.* In an external
validation cohort, patients who were MMAI biomarker—
positive displayed a 14% decrease in 15-year metastatic
risk with long-term ADT, whereas no benefit was seen
in the biomarker-negative group. Complementing this
work, Spratt and colleagues developed an independent
Al-based model that integrated clinical and pathologic
variables to predict benefit from adding short-term ADT
to RT.** Patients identified as model-positive displayed
a hazard ratio of 0.34 for 15-year distant metastasis and
of 0.28 for PCSM with the addition of ADT, whereas
no benefit was seen in the model-negative group. In the
near future, Al-based predictive models may be able to
personalize care for patients undergoing definitive RT,
allowing clinicians to add short-term, long-term, or no
ADT selectively to maximize therapeutic benefit while
minimizing the adverse effects of hormonal deprivation.

Active investigation is also ongoing in the space of
advanced prostate cancer and salvage therapies. Sabbagh
and colleagues developed an ML model based on clinical,
pathologic, and treatment variables from 2418 patients
to predict the risk of distant metastasis in patients under-
going salvage RT after prostatectomy.”> When this model
was later externally validated in 475 patients from 2 sep-
arate institutions, its discriminative accuracy was higher
than that of a previously published nomogram (AUC,
72% vs 60%). This tool could be useful in guiding fol-
low-up surveillance intervals or treatment intensification
for patients undergoing salvage RT.

For nonmetastatic castration-resistant prostate cancer,
Feng and colleagues applied the aforementioned MMAI
algorithm to 420 patients from the SPARTAN trial, which
had previously shown that adding apalutamide (Erleada,
Janssen) to ADT improves outcomes in this population.*
The MMAL algorithm predicted survival outcomes and
also identified patients more likely to benefit from the

296 Clinical Advances in Hematology & Oncology Volume 24, Issue 5 July/August 2026



ARTIFICIAL INTELLIGENCE IN PROSTATE CANCER DIAGNOSIS AND MANAGEMENT

addition of apalutamide to ADT. MMALI high-risk patients
derived significant benefit in regard to metastasis-free,
progression-free, and overall survival when treated with
apalutamide, whereas MMAI low-risk patients did not.
Similarly, Wang and colleagues used the MMAI model
in the setting of oligometastatic castration-sensitive dis-
ease. Again, in addition to independently predicting OS
and time to castration resistance, the MMAI model was
prognostic for an improved response to metastasis-directed
therapy in a subset of patients.”

Collectively, these studies underscore the versatility
of Al-based histopathology in addition to clinicopatho-
logic variables for refining risk stratification, predicting
treatment response, selecting clinical trial populations,
and guiding treatment decisions across the prostate cancer
continuum. These novel applications represent the early
stages of precision medicine in prostate cancer, shifting
from static risk stratification to dynamic, individual-level
predictions of therapeutic benefit. Future work is needed
for prospective validation of the additive benefit of
Al-based techniques vis-a-vis traditional risk stratification
tools, especially in regard to clinically relevant patient out-
comes. Furthermore, the ethical implications of using Al
for treatment selection mandates careful thought before it
is integrated into precision oncology workflows.

Treatment

Surgical Management

Robot-assisted laparoscopic prostatectomy (RALP) is
the most widely used surgical treatment for prostate
cancer and is a relatively nascent area of Al adoption. In
the preoperative setting, ML methods can facilitate the
development of complex models to predict postoperative
outcomes, incorporating a greater number of clinical
features than can be done with traditional statistical
techniques. These ML models have been shown to predict
postoperative incontinence,”® biochemical recurrence,
and extraprostatic extension,* often outperforming logis-
tic regression models developed with the same data. Al
can also assist with surgical planning. Mei and colleagues
trained a neural network to analyze spatial relationships
between the prostate and surrounding pelvic anatomy on
the basis of MRL# These relationships can then estimate
the “difficulty” of RALP as measured by blood loss and
operative time.

The vast majority of prostatectomies are performed
with an endoscopic camera, generating a wealth of visual
data perfectly suited for Al analysis. Indeed, our group
has collaborated with Theator, the developer of a surgi-
cal intelligence platform, to formulate an Al algorithm
that automatically segments RALP operative videos into
individual steps with 93% accuracy in comparison with

manual human segmentation.” This algorithm has been
applied to annotate live surgeries in real time, including
critical views of safety and major intraoperative events.®
We have also used the algorithm to automatically generate
RALP operative reports based on the Al-segmented surgi-
cal steps.* These reports were found to be more accurate
than surgeon-generated reports (87% vs 73%), with
“accurate” defined as free of any clinically significant dis-
crepancy between the report and the surgical video, which
was manually reviewed to determine the “ground truth.”
We hypothesize that this finding reflects the inaccurate
use of prepopulated templates, which affects both billing
and clinical care. Further applications of the segmentation
algorithm are under active exploration: automating surgi-
cal data collection for more accurate billing and research,
anticipating operative time and operating room utiliza-
tion, facilitating surgeon training and quality control, and
predicting postoperative outcomes.

In addition to visual data, kinematic data from
robotic instruments are a fruitful area of study. Andrew
Hung and colleagues have extensively described automated
performance metrics (APMs) based on the movement and
actions of the robotic arms as tracked by the DaVinci
robotic surgical platform (eg, path length, movement time,
idle time, energy usage).” The APMs have subsequently
been combined with clinical features and incorporated
into DL models to predict outcomes after prostatectomy.
The models have been moderately successful in predicting
length of stay and continence (most concordance indices
are approximately 0.6-0.7).“* APMs related to the vesico-
urethral anastomosis were expectedly most important for
predicting continence. Notably, DL models consistently
outperformed traditional statistical models with the same
inputs. However, in attempts to predict positive surgical
margins, the APMs did not add significantly to clinical
features alone.* The authors note that APMs are likely
surrogate measures for surgeon expertise and surgical
quality, but it remains unclear whether they translate into
actionable feedback for performance improvement. This
group recently described surgical “gestures” as a purely
video-based metric that may offer more clinically relevant
classification, showing that the frequency of certain ges-
tures (eg, “hot cut” and “peel/push”) correlate with erectile
recovery when used in ML models.”’

Intraoperative applications to assist surgeons in real
time is perhaps the most exciting Al frontier in RALP.
A neural network model based on surgical video pre-
dicted intraoperative bleeding events during RALP with
91% accuracy.’® Moreover, initial testing suggests that
the model can forewarn surgeons of bleeding events in
the coming seconds. Although prospective validation is
needed, such warnings could prove to be an invaluable
tool for intraoperative patient safety. Porpiglia and col-
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leagues developed a system to superimpose a 3D aug-
mented reality prostate model on the endoscopic video
feed during RALP, with the model responding in real time
to tissue deformation. Impressively, the technique allowed
surgeons to identify microscopic capsular involvement
accurately in 15 of 15 cases, whereas only 8 of 17 cases
were identified without the augmented reality model.!
However, their initial technique required constant intra-
operative manipulation of the 3D model by an additional
assistant, thereby limiting practical application in real-
world practice. Subsequently, the authors were able to use
a convolutional neural network to automate this process.
They demonstrated that the Al-generated augmented
reality overlay identified the location of neurovascular
bundle invasion accurately in 88% of patients with extra-
prostatic disease,’* potentially allowing precisely targeted
nerve sparing in those with high-risk tumors. Finally,
the recent NeuroSAFE study demonstrated the utility
of intraoperative frozen section analysis of the neurovas-
cular bundle, albeit at the expense of a 50% increase in
operative time.”> Could this be mitigated by harnessing
Al-driven digital pathology and augmented reality overlay
to identify the area of the neurovascular bundle at highest
risk more efliciently? These Al techniques may herald a
new era of ultraprecise RALP for enhanced nerve sparing
even in patients with advanced disease, which could sig-
nificantly improve sexual recovery and quality of life while
still maintaining durable oncologic control.

Radiation Oncology

The feasibility of Al adoption in prostate cancer radio-
therapy has steadily increased, with emerging studies
demonstrating use in automated segmentation, dose
adjustment, and treatment planning. Image segmentation
and autocontouring are crucial initial steps for radiation
planning. In a prospective clinical evaluation by Till-
man-Schwartz and colleagues, a DL model accurately
contoured the prostate and surrounding organs. Although
human evaluators could still distinguish between Al- and
human-generated contours in most cases, the evaluators
found efficiency gains in 98% of cases when Al segmen-
tation was used as a starting point, estimating that this
saved 17 minutes per patient.”® Similarly, assessment of a
commercial DL model showed that Al-generated contours
of the prostate and surrounding organs were “acceptable”
in 96% of cases and “perfect” in 35%, meeting clinically

adequate dose profiles.”

A broader implementation
study by Cha and colleagues supported these findings,
showing that Al-based automated segmentation reduced
segmentation time by an average of 12 minutes and

¢ However,

maintained a high level of geometric efficacy.
major edits were required in 33% of cases, highlighting

the need for quality oversight. Dosimetric adjustments

are also important for maintaining treatment efficacy
while minimizing collateral damage, and the use of Al to
automate dose adjustments could enhance the efficiency
and reproducibility of this process. For example, Rayn
and colleagues demonstrated that an Al-driven planning
platform could generate dose-escalated stereotactic body
radiotherapy plans in 8 to 12 minutes.”

Finally, McIntosh and colleagues tested ML as a tool
for developing a curative intent RT plan in a blinded study
that included prospective integration into a clinical work-
flow.>® Their results showed that Al produced acceptable
treatment plans in 89% of cases. In addition, 72% of the
Al-generated plans were selected over human-generated
plans, and plan development time was reduced by 60%.
The fact that the number of Al-generated plans ultimately
selected was lower than the number of plans deemed
acceptable implied some degree of hesitancy in adopting
Al for clinical use—possibly because of a lack of robust
clinical validation, skepticism regarding accuracy, or
concerns regarding accountability and medicolegal impli-
cations. Collectively, these data support the mounting
applicability of Al techniques to prostate RT, although
further improvement and prospective validation of the
models are needed. Although Al-generated autocontours
and treatment plans still require human supervision, they
can provide valuable assistance to increase the efficiency of
clinical workflows and enhance reproducibility.

Limitations of Al in Prostate Cancer

Several methodologic limitations and ethical concerns
remain concerning the adoption of Al in the manage-
ment of prostate cancer. The quality of Al models and
their outputs are limited by the quality of the input data.
Most Al algorithms in prostate cancer were developed by
using data from large, tertiary referral centers in Western
nations with predominantly White patient populations.
Consequently, generalizability to other populations may
be limited,” especially to African American patients, who
have historically been underrepresented in prostate cancer
research. In addition to compromising external validity,
this underrepresentation raises concerns about exacerbat-
ing longstanding racial and socioeconomic disparities in
prostate cancer care.

Specifically regarding imaging techniques, there is
known variability in MRI quality across different MRI
scanners, magnet field strength, and radiology imaging
protocols. The performance of Al models trained under
narrow technical conditions, as is likely in single-institu-
tion datasets, may be compromised when the models are
applied to outside populations.®*¢!

Pathologic examination is relied upon as the “ground
truth” for most clinical and research applications. Despite
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efforts to use the Gleason score to standardize pathologic
grading, interobserver variability remains substantial.®?
Eventually, Al algorithms do hold promise to mitigate this
variability, but at present, inconsistencies in the human
determination of “ground truth” can lead to inaccuracies
in Al-enabled automated pathology, as well as imaging
interpretation that requires pathologic confirmation of
cancer detection.

The true extent of the above limitations is unknown,
and prospective validation is the ultimate test of Al per-
formance. Nearly all Al models are evaluated by internal
cross-validation or retrospective validation with an exter-
nal dataset, which can lead to overfitting.® It is imperative
to incorporate promising Al models into future random-
ized prostate cancer trials, and to design pragmatic trials
specifically to evaluate the real-world effect of Al adoption
on patient outcomes.**

Finally, the widespread incorporation of Al into
cancer care generates considerable ethical ambiguity.
How much should high-stakes clinical decisions, such
as whether to perform a biopsy and whether to give or
withhold treatment, rely on Al outputs? Although most
imaging and pathology algorithms are designed to be con-
servative, even a small number of missed cancer diagnoses
would be unacceptable. The relative performance of algo-
rithmic Al determination vs heuristic human experience
and judgment remains unknown.® Furthermore, uncer-
tainties abound regarding medicolegal accountability and
liability with Al utilization. These unanswered questions
mandate the development of robust regulatory oversight
and rigorous quality control when Al techniques are inte-
grated into clinical practice.

Conclusion

Al research and applications in prostate cancer have
blossomed in recent years. In the diagnosis of prostate
cancer, the performance of Al algorithms in interpreting
imaging and histopathology findings has been compa-
rable with that of physicians. Far from supplanting the
roles of radiologists and pathologists, these technologies
hold promise for improving efficiency and accuracy as
the prostate cancer volume continues to rise. Al-based
tools for risk stratification may be the beginning of a rev-
olution in precision oncology across the myriad complex
disease states of prostate cancer. Although still in their
early stages, Al applications in surgical and radiation
treatment may improve quality control, expedite clinical
throughput, and mitigate the side effects of treatment.
The future of prostate cancer care depends on high-qual-
ity prospective trials of novel Al technologies as well as
a multidisciplinary ethical and regulatory framework for
clinical integration.
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