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based model for predicting post-prostatectomy treatment outcomes
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PURPOSE

Prostate cancer (PCa) is the second most common cancer and cause of cancer deaths among Amer-
ican men. Existing risk prediction methods have limited accuracy and reproducibility, resulting in
difficulty in predicting treatment outcomes. We demonstrate the development and external valida-
tion of an automated multimodal artificial intelligence (Al) algorithm using biparametric magnetic
resonance imaging (bpMRI) and clinical covariates for predicting biochemical recurrence (BCR) af-
ter radical prostatectomy (RP) in patients with PCa.

METHODS

The development cohort included 80% of patients from center 1 (n = 240) who underwent prostate
MRI prior to RP between January 2008 and December 2018, with a minimum of 2 years of follow-up
after RP. The test cohort included the remaining 20% of center 1 patients (n = 71) and an external
validation cohort from center 2 (n = 168). Center 2 patients included those who underwent prostate
MRI and RP between January 2015 and January 2024, with a minimum of 2 years of follow-up. Clin-
ical comparisons were made using the Cancer of the Prostate Risk Assessment Postsurgical (center
1) and International Society of Urological Pathology Gleason Grade Group (ISUP GGG) scoring sys-
tems from post-RP pathology (center 2). The models developed were as follows: clinical (M0), auto-
mated clinical (M1), radiomics (M2), and a multimodal model (M3). Clinical variables (M0) included
prostate-specific antigen (PSA), age, primary Gleason, and ISUP GGG. Automated clinical variables
(M1 and M3) included PSA and age. Radiomic features (M2 and M3) were extracted from bpMRI
using a lesion detection Al model. Accuracy, sensitivity, specificity, and area under the receiver op-
erating characteristic curve (AUC) were calculated, and log-rank tests compared BCR-free survival
to assess the models’ ability to discriminate relative to clinical standards. Intermediate-risk groups
were also assessed.

RESULTS

The multimodal model (M3) had the highest AUC across test sets (combined: 0.71; center 1: 0.70;
center 2: 0.75). This was the only model that significantly differentiated BCR-free survival outcomes
in intermediate-risk groups across both centers (P < 0.05).

CONCLUSION

This automated multimodal model leveraging radiomics and clinical covariates can predict BCR
after RP, approaching clinical gold standards, and may enhance imaging-based prognostication
following further validation.

CLINICAL SIGNIFICANCE

Given that this model demonstrated the potential to outperform pre-surgical and post-surgical
clinical gold standards in an external cohort’s intermediate-risk patient subgroup (for whom it is
more challenging to predict disease trajectory), this model may contribute to enhanced personal-
ized care in PCa after further validation.
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rostate cancer (PCa) is the second
P leading cause of cancer deaths among

American men. In 2025, there are pro-
jected to be 313,780 new diagnoses and
35,770 deaths from cancer in America and
712,000 global deaths per year in 2040."2 Al-
though PCa has a reputation for being treat-
able due to the high rates of low-grade dis-
ease and availability of blood-test screening
through prostate-specific antigen (PSA) test-
ing, it is a heterogeneous disease with multi-
ple treatment options and risk of metastases
and mortality.® High-grade and distant-stage
disease are on the rise despite advances in
treatment technologies. There are several
common tools to stratify patients’risk of me-
tastasis to avoid over- and under-treatment.
Widely used scoring systems, such as the
National Comprehensive Cancer Network
(NCCN) risk groups, Gleason grading, Cancer
of the Prostate Risk Assessment Postsurgical
(CAPRA-S), and Prostate Imaging Reporting
and Data System (PI-RADS), suffer from biop-
sy sampling error and inter-reader disagree-
ment. Although these metrics can differen-
tiate outcomes on a large-scale level, for an
individual patient, it is unclear how sensitive
or specific these scores may be, as they most-
ly rely on subjective “expert”-dependent cat-
egorical evaluations. Despite their shortcom-
ings, these systems still inform treatment
decisions, presenting an opportunity to
improve outcomes by exploring a precision
medicine approach. There is a need to intro-

* This study developed and validated an au-
tomated multimodal artificial intelligence
(Al) model using biparametric magnetic res-
onance imaging (MRI) and clinical features
such as age and prostate-specific antigen to
predict biochemical recurrence after radical
prostatectomy (RP).

* The fully automated multimodal model out-
performed unimodal models using imaging
and clinical data alone, achieving the best
predictive performance in the internal test-
set and external validation cohort, with area
under the receiver operating characteristic
curve values of 0.70 and 0.75, respectively.

* This automated model was also the only
approach that was consistently able to sep-
arate intermediate-risk patients into prog-
nostic groups with significantly different
recurrence-free survival outcomes in both
centers.

* These results suggest that automated MRI-
based Al may improve risk assessment prior
to RP, providing a potential avenue for per-
sonalized treatment planning in prostate
cancer, although larger multicenter valida-
tion is still needed.

duce technology that is consistent across
centers, and accurately prognostic on an in-
dividual patient level, to determine optimal
treatments. With magnetic resonance imag-
ing (MRI) being relatively new to PCa guide-
lines, this signal-rich imaging technology
provides an exciting opportunity for modern
artificial intelligence (Al) and computer vi-
sion to play a role.

For higher-risk PCa, treatment often
comes down to a decision between surgery
or radiation therapy with or without andro-
gen deprivation therapy. With roughly equiv-
alent long-term outcomes, this decision of-
ten depends on how patients and providers
choose to weigh side effects.* Sometimes,
factors such as extraprostatic extension (EPE)
or age will shift the decision away from sur-
gery due to a higher likelihood of cancerous
margins or risk of complications.® These fac-
tors, too, are subjective and may vary across
physicians and hospitals.®

One solution to the inter-reader disagree-
ment across gold standard risk stratification
techniques is Al, which has demonstrated
the potential to assist various medical deci-
sion-making processes across various modal-
ities objectively.” Although there is some ex-
ploration on the use of Al in PCa, this mostly
focuses on detection, and it is difficult to find
multimodal high-quality work with sufficient
external validation.>® There is a need for au-
tomated multimodal pipelines to predict
outcomes for patients undergoing radical
prostatectomy (RP) with external validation
for PCa. Here, we aim to develop and evalu-
ate a multimodal Al-based algorithm using
biparametric MRI (bpMRI) and clinical covari-
ates for predicting biochemical recurrence
(BCR) after RP in patients with PCa.

Methods

Development cohort—center 1—patient
population

This retrospective, Institutional Review
Board (IRB)-approved, and Health Insurance
Portability and Accountability Act-com-
pliant study (ClinicalTrials.gov identifiers
NCT02594202 and NCT03354416) included
patients at the National Institutes of Health
(National Cancer Institute) who underwent
prostate MRI prior to RP between January
2008 and December 2018 (n = 683). The cri-
teria for exclusion are described in detail in
Figure 1a and resulted in a final dataset of
311 patients. Biopsy methods and reader
details are available in the Supplementary

Methods. Clinical covariates (age, PSA, Glea-
son scores, and ISUP GGG) were recorded at
the time of MRI or biopsy, and follow-up for
BCR after RP was assessed using follow-up
PSA values (using consistent PSA 0.2 ng/mL
as the definition of BCR). The RP pathology
evaluation was used to calculate a post-sur-
gical CAPRA-S score for predicting BCR af-
ter surgery.® Data were split through pseu-
do-randomization into n = 240 training and
n = 71 test images, consistent with the split
used in the authors’ previously developed
open-source algorithm for lesion detection
to avoid data leakage and maintain test-set
independence.’ Center 1 image acquisition
details are shown in the Supplementary
Table 1.

External validation cohort—center 2—pa-
tient population

This retrospective IRB-approved study
included patients who underwent prostate
MRI prior to RP and received a diagnosis of
PCa at center 2 between January 2015 and
January 2024 (n = 682) at Hacettepe Univer-
sity. The criteria for exclusion are described
in detail in Figure 1b and resulted in a final
dataset of 168 patients. Biopsy methods and
reader details for this cohort are available in
the Supplementary Methods. Clinical covari-
ates (age, PSA, Gleason scores, and ISUP GGG)
were recorded at the time of MRI or biopsy,
and follow-up for BCR after RP was based on
follow-up PSA values (using two consecutive
PSA values of °0.2 ng/mL as the definition of
BCR). Center 2 image acquisition details are
shown in the Supplementary Table 1.

Lesion segmentation artificial intelligence
model and radiomics extraction

The lesion segmentation Al model was
built on a previously developed and publicly
available lesion detection and segmentation
model (GitHub)."® This Al model leveraged
T2-weighted (T2W) imaging, apparent diffu-
sion coefficient maps, and high-b-value dif-
fusion-weighted imaging to produce a lesion
segmentation. Further work has leveraged
this model for various purposes, such as EPE
detection,'’ external validation,'? and more."?
Al-derived lesion masks were then used to
measure 112 T2W MRI radiomic features
using PyRadiomics version 3.10.0 (AIM, Har-
vard, Boston, MA, USA) in python. The T2W
MR images were normalized and resampled
to isotropic 1-mm? voxel spacing with an in-
tensity discretization of 20. Features included
both texture and volumetric features.
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https://github.com/Project-MONAI/research-contributions/tree/main/prostate-mri-lesion-seg

Center 1

Search of research
database for patients
who underwent prostate

MRI followed by RP
from January 2008 to
December 2018 (n=683)

*Neoadjuvant androgen deprivation
therapy (n =37)

«Inconclusive findings regarding
EPE on pathologic assessment of RP
specimen (n= 1)

*Missing or inadequate MRI

Seq (n=10)
*Transurethral resection of the

G(cludcd patients (n = 49) \

@state (n=1) J

[Excludcd patients (n = 323)

\ 4

Full Data Set (n =
311)

P»| -Missing BCR information (n = 62)

Less than 2 years of follow up (n=

2" Y,

Training Set (n =

240)
69 BCR Cases

a

Test Set (n=71)
16 BCR cases

Search of research
database for patients
who underwent prostate
MRI followed by RP
from January 2015 to
January 2024 (n=682)

External
Validation Data

Set (n = 168)
19 BCR Cases

b

Center 2

Excluded patients (n = 287)
*Confirmed metastatic disease (n =
82)

*Equivocal metastatic findings (n =
29)

*Incomplete metastatic evaluation
during follow up (n= 102)
*Missing or inadequate MRI
Sequences (n = 74)

Excluded patients (n = 227)
*Missing Follow up data (n = 227)

Figure 1. Patient population flowchart. (a) Describes retrospective query for individuals with prostate cancer (PCa) at center 1 who underwent radical prostatectomy
(RP) during the specified interval and exclusions made based on other treatments, image quality, and follow-up. (b) Describes a retrospective query for individuals
with PCa who underwent RP during a specified interval and had appropriate evaluation for metastatic disease, imaging, and follow-up data. MRI, magnetic

resonance imaging; BCR, biochemical recurrence; EPE, extraprostatic extension.

Outcome prediction models

Al-derived lesion segmentation-based
texture and volumetric features, along with  « MO0 is a comprehensive clinical model
clinical covariates (age and PSA), were used
as inputs to XGBoost models (Figure 2). Hy-
perparameter tuning was completed using
5-fold cross-validation using the area under

(AUQ). Training did not consider the time to
BCR. Four models (M0-M3) were developed:

the receiver operating characteristic curve

%R
&
*T2W-MRI
*High-B
ADC Maps

without MRI information; MO inputs in-
clude only age, PSA, primary Gleason, and
ISUP GGG at biopsy. This model serves as
a control to evaluate M2 and M3.

Features

Pyradiomics Feature
Extraction

Lesion

Segmentation Mask

| Lesion Detection Model [

M1 is a purely automated clinical model
without MRI information; M1 inputs in-
clude only age and PSA. This model also
serves as a control to evaluate M2 and M3.

M2 is a purely imaging-based model with
only the 112 radiomic features associated
with the Al-derived lesion mask on T2W
MRI.

‘0
A'Q
XY
N\
Risk of Recurrence
Prediction

Figure 2. Model Pipeline Schematic. Pipeline schematic illustrating three imaging sequences used in the lesion segmentation model, followed by feature extraction
of T2-weighted magnetic resonance imaging using PyRadiomics and finally combining with clinical data to predict the biochemical recurrence. T2W, T2-weighted;
MRI, magnetic resonance imaging; ADC, apparent diffusion coefficient.
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M3 is the automated multimodal model
combining these imaging features with
age and PSA.

These models and associated code are
freely available at https://github.com/NIH-
MIP/MultimodalRadiomicsSurgeryModel.

Statistical analysis

For each model and cohort, the AUC was
calculated with pairwise DelLong’s tests for
comparison. Youden'’s J Statistic in the train-
ing set was used as a cut-off for the model’s
final prediction, and accuracy, sensitivity,
specificity, positive predictive value, and
negative predictive value are reported with
bootstrapped (n = 1,000) 95% confidence in-
tervals. Kaplan-Meier curves were generated
for each cohort and combined to evaluate
prediction in the context of time to BCR. Log-
rank tests were performed to evaluate these
curves. The CAPRA-S score was evaluated
and compared for the development cohort
test as a clinical gold standard baseline, and
only the RP specimen ISUP grade was used
for the external validation cohort due to a
lack of margin status and regional biopsy in-
formation. Furthermore, a comparison with
the pre-operative biopsy ISUP GGG is includ-
ed. The equivalent statistical analyses were
conducted for intermediate- and low-risk pa-
tients, for whom it is most difficult to identify
which patients will have BCR.

Results

Patient population—center 1

Of the 311 patients from center 1, 85 had
BCR. This constituted 29% of the training set
(69/240) and 23% of the test set (16/71).

The postsurgical CAPRA-S score was cal-
culated for patients, with most receiving an
intermediate score of 3-5 [66% (157/240) in
the training set and 72% (51/71) in the test
set]. Of those with BCR, a higher percentage
had high-risk CAPRA-S scores of = 6 [54%
(37/69) in the training set and 38% (6/16) in
the test set].

Patient population—center 2

Of the 168 patients in center 2, there were
19 patients with BCR documented. This con-
stituted 11.3% of the external validation set
(19/168).

The postsurgical CAPRA-S score could
not be calculated for patients at this center;
therefore, the ISUP GGG at post-surgical bi-
opsy specimens was used as a clinical base-
line. The majority of patients had an interme-

diate ISUP GGG score of 2-3 (58% or 97/168
in the external validation set) compared with
50/168 ISUP 1 and 21/168 ISUP 4-5. Those
with high-risk ISUP had a larger proportion of
BCR events (6/21) than those with ISUP 2-3
(13/97) and low-risk ISUP 1 (2/50). Complete
demographic information for each center is
presented in Table 1.

Hyperparameter tuning

Hyperparameter tuning was completed
for all models based on cross-validation AUC
(Table 2).

Table 1. Patient characteristics table

Model results

For each model, the performance was
evaluated using the AUC overall and for each
cohort, separately treating BCR as a binary
outcome. The AUC in the combined set of
test patients in centers 1 and 2 was 0.54 for
Mo, 0.61 for M1, 0.65 for M2, and 0.71 for M3.
Using the optimal threshold as determined
by Youden'’s J Statistic in the training set, M3
achieved the highest sensitivity of 94%, and
MO had the highest specificity of 70% and
accuracy of 66%. Complete binary results
are shown in Table 3, with AUCs presented in

Min 25t Median 75t Max
percentile percentile

PSA 0.21 4.58 6.8 11.5 113.6
Age (years) 42 56 61 65 76

Center 1 ISUP GGG 0 1 2 4 5
Gleason primary 3 3 3 4 9
BCR free survival g 27 34 47 9.0
time
PSA 0.01 5.19 7.08 10.96 334.00
Age (years) 45 59 64 69 77

Center 2 ISUP GGG 1 1 2 2.25 5
Gleason primary 3 3 3 3 5
e P, 24 38 50 6.1
time (years)
BCR No BCR

Center 1 85 226

Center 2 19 149

Inte.rmedlate risk BCR No BCR

patients

Center 1

(CAPRA-S 3-5) 4 168

Center 2

(ISUP 2-3) 1 8

Basic clinical distribution statistics for each center and BCR event counts. PSA, prostate-specific antigen; ISUP
GGG, International Society of Urological Pathology Gleason Grade Group; CAPRA-S, Cancer of the Prostate Risk
Assessment Postsurgical; BCR, biochemical recurrence; Min, minimum; Max, maximum.

Table 2. Hyperparameter tuning selections

Hyperparameter distribution MO M1 M2 M3
Estimators 100, 150, 200, 250, 300 250 200 100 200
Learning rate 0.01, 0.05,0.1,0.2,0.3 0.05 0.01 0.3 0.01
Maximum depth 3,4,5,6,7,8,9,10 5 5 5 5
Subsample 0.6,0.8,1.0 0.80 0.60 0.60 0.60
Minimum child weight 1,3,5 3 5 1 5
Gamma 0,0.1,0.2,0.3 0 0.3 0.2 0.3
Lambda 0,0.1,05,1,2,5 1 5 1 5
Alpha 0,0.1,05,1,2,5 0.1 5 5 5
A G e iRl 0.6,0.8,1.0 080 060 060 060

ratio (per tree)

Distribution of hyperparameters evaluated using 5-fold cross-validation of the training set and selected parameters

for each model.
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Figure 3. Delong’s tests pairwise for each
model in combined and separate center co-
horts can be found in Table 4.

In the center 1 cohort, the AUC was 0.53
for MO, 0.61 for M1, 0.58 for M2, and 0.70
for M3. Using the optimal threshold, M3
achieved the highest sensitivity of 88%, and
MO had the highest specificity of 85% and
accuracy of 72%. In the center 2 cohort, the
AUC was 0.60 for M0, 0.61 for M1, 0.76 for M2,
and 0.75 for M3. Using the optimal threshold,
M3 achieved the highest sensitivity of 100%,
and MO had the highest specificity of 65%
and accuracy of 64%. The feature importanc-
es for each model are presented in Table 5.

Outcome analysis

Although each model was trained on bi-
nary outcomes, time to BCR is an important
factor. Accordingly, Kaplan—-Meier curves for
BCR-free survival were created for each mod-
el across multiple subgroups, including the
combined cohort, individual cohorts, and
intermediate-risk patients. A log-rank test
was performed between the two prediction
groups (BCR vs. BCR-free) using the optimal

cut-off. Models M1 and M3 stratified patients
into risk groups with significantly different
BCR-free survival outcomes in the combined
cohorts; MO, M1, and M3 demonstrated sig-
nificant stratification in center 1, whereas in
center 2, M1, M2, and M3 significantly strati-
fied patients (P < 0.05). These survival curves
are shown in Figure 4 (a-d for the combined
test set, e-h for center 1, and i-| for center 2).
Center 1 and center 2 intermediate-risk re-
sults are presented in Figure 5a—d and Figure
5e-h, respectively, with clinical comparisons
in Figure 5i for center 1 (CAPRA-S) and 5j for
center 2 (post-surgical ISUP GGG).

Clinical comparison

Given that scoring systems such as
post-surgical ISUP, CAPRA-S, and NCCN prog-
nostic groupings perform relatively well in
low- or high-risk individuals, it is important
to investigate how these models perform in
the intermediate-risk subgroups.’*'* Across
all center 1 patients, CAPRA-S stratified pa-
tients into risk groups with significantly
different BCR-free survival outcomes (P <
0.05). For the intermediate-risk PCa center

Table 3. Model MO-M3 results at optimal threshold

1 test-set patients with CAPRA-S scores of
3-5, neither CAPRA-S nor models M0, M1, or
M2 could stratify patients (P > 0.05). Howev-
er, M3 successfully stratified patients in the
same cohort (P < 0.05).

For all center 2 external validation pa-
tients, ISUP GGG was able to significantly
stratify patients. However, looking at inter-
mediate-risk patients only with ISUP GGG
groups 2-3, neither ISUP nor models M0, M1,
or M2 could stratify patients successfully (P
> 0.05). In the same cohort, M3 successfully
stratified patients (P < 0.05). The multimodal
model M3 was the only model that consis-
tently stratified patients into risk groups with
significantly different outcomes across each
cohort and subgroup. Complete clinical com-
parison results are shown in Supplementary
Figure 1. Because post-surgical scores could
not be combined across centers, combined
pre-surgical ISUP GGG results are presented
in Supplementary Figure 2. Pre-surgical ISUP
GGG was able to stratify patients into mean-
ingful risk groups (P < 0.05) in the entire test-
set population but was unable to do so in the
intermediate-risk subgroup (P > 0.05).

M1

M2

M3

MO

Acc 66% (60%—72%)

Sens 40% (24%-56%)
Combined

Spec 70% (64%-77%)

AUC 0.54 (0.43-0.65)

Acc 72% (61%-82%)

Sens 25% (6%-47%)
Center 1

Spec 85% (76%-93%)

AUC 0.53 (0.38-0.70)

Acc 64% (57%-71%)
Center 2 Sens 53% (30%—76%)

(external)  gpec

AUC

65% (58%-73%)
0.60 (0.45-0.73)

62% (56%-68%)
60% (43%—-75%)
62% (56%-68%)
0.61 (0.50-0.71)
63% (52%-73%)
56% (32%-81%)
65% (53%-78%)
0.61 (0.44-0.78)
61% (54%-69%)
63% (39%-85%)
61% (54%-68%)
0.61(0.46-0.74)

55% (48%-60%)
60% (44%—77%)
54% (47%-60%)
0.65 (0.54-0.74)
62% (51%-73%)
38% (15%-62%)
69% (57%-81%)
0.58 (0.42-0.75)
52% (45%-58%)
79% (59%-95%)
48% (41%-56%)
0.76 (0.63-0.87)

50% (44%-56%)
94% (86%-100%)
43% (36%-50%)
0.71 (0.62-0.79)
62% (51%-73%)
88% (69%-100%)
55% (42%-67%)
0.70 (0.53-0.84)
45% (38%-52%)
100% (100%-100%)
39% (32%-46%)
0.75 (0.64-0.84)

Binarized result statistics at the optimal threshold determined by the training set by center and combined. Acc, accuracy; Sens, sensitivity; Spec, specificity; AUC, area under the

curve.
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ROC Curves for M0-M3 Combined Test Set

~ MO (AUC = 0.54]

== Random Chance

ML (AUC = 061
M2 (AUC = 0,65
M3 (AUC = 0,70

ROC Curves for M0-M3 Center 1 Test Set

ROC Curves for M0-M3 Center 2 External Validation Set

— MO (AUC = 0.60)
M1 (AUC = 0.61)
M2 (AUC = 0.76)
— MIAUC - 07%)
=== Random Chance

00 02 04 06 o8

Figure 3. Area under the receiver operating characteristic (ROC) curve (AUC) results by model and cohort. (@) The AUC for each model MO-M3 in the combined test

10

Falze Poskive Rate

00 02 a4 06 o8 10
False Positive Rate

set. (b) The AUC for each model in the center 1 test set. (c) The AUC for each model in the center 2 external validation set.

Table 4. Pairwise AUC DelLong’s tests

Model a Model_b AUC a AUC b Pvalue
Combined MO M1 0.54 0.61 0.148
Combined MO M2 0.54 0.65 0.141
Combined Mo M3 0.54 0.71 0.000218
Combined M1 M2 0.61 0.65 0.628
Combined M1 M3 0.61 0.71 0.0172
Combined M2 M3 0.65 0.71 0.215
Center 1 Mo M1 0.53 0.61 0.323
Center 1 Mo M2 0.53 0.58 0.679
Center 1 Mo M3 0.53 0.70 0.0337
Center 1 M1 M2 0.61 0.58 0.824
Center 1 M1 M3 0.61 0.70 0.251
Center 1 M2 M3 0.58 0.70 0.154
Center 2 MO M1 0.60 0.61 0.836
Center 2 MO M2 0.60 0.76 0.0850
Center 2 Mo M3 0.60 0.75 0.00471
Center 2 M1 M2 0.61 0.76 0.141
Center 2 M1 M3 0.61 0.75 0.00765
Center 2 M2 M3 0.76 0.75 0.918
DeLong’s test P values for each center and model pairwise comparison with significant P values (P < 0.05) bolded.
Table 5. Feature importance
MO M1 M2 M3
Feature Weight Feature Weight Feature Weight Feature Weight
PSA 30.5% PSA 89.6 GLSZM—zone variance 8.4% PSA 3.7%
Primary Gleason 28.9% Age 10.4 Shape sphericity 6% Shape—Ieast axis length 2.9%
ISUP GGG 22.2% First order range 5% izfu‘fm_ma’“m“m 2D diameter , oo,
Age 18.4% GLSZM—small area emphasis 3.3% Shape—mesh volume 2.4%
G el 3.1% GLSZM—gray level variance 2.4%

uniformity

Top five feature importance weights for models MO-M3 and corresponding weights. PSA, prostate-specific antigen; ISUP GGG, International Society of Urological Pathology
Gleason Grade Group; GLSZM, Gray Level Size Zone Matrix; GLRLM, Gray Level Run Length Matrix; 2D, two-dimensional.
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Figure 4. Recurrence-free survival curves by model and center with log-rank tests. Kaplan-Meier survival curves with error bars for artificial intelligence prognostic
predictions from each model in the combined center test set. (a) MO: complete clinical model (b) M1: automated clinical model. (c) M2: imaging model. (d) M3:
multimodal model. (e-h) Center 1 test set by model (note limited sample size). (i-) Center 2 external validation set by model.

Discussion

We present the development and exter-
nal validation of an automated multimodal
Al-based model to predict outcomes fol-
lowing RP from baseline bpMRI, age, and
PSA. Across both the internal and external
validation sets, M3—the fully automated
multimodal Al model—was the only model
that stratified patients into meaningful risk
groups for predicting BCR-free survival across
each center and within intermediate-risk
sub-groups. With intermediate-risk patients
being the most difficult group for outcome
prediction based on current gold standards,
a model that can reproducibly and accu-
rately predict patient outcomes within this
group, independent of current metrics, is an
important contribution and could potential-
ly further delineate patient risk and inform
treatment strategies. Although reader-based
scoring systems, such as NCCN groups, Glea-
son grades, and PI-RADS, are incredibly im-
portant, they may yield inconsistent predic-
tions due to reader variability. An automated
approach, such as the one presented here,
could be instrumental after further multi-
center external validation and ethical testing
to inform physicians and patients of individ-

ualized surgical risk, independent of reader
analyses.

The field of Al in prostate imaging has
garnered considerable attention in the past
decade; however, existing research often fac-
es barriers to being realistically implemented
in the clinic. Leading research tends to be
non-automated through the use of reader
contours or biopsy grades. Single-center
studies lacking external validation are com-
mon but do not provide evidence of repro-
ducibility. With bpMRI being a relatively new
component of the PCa prognostication pro-
cess, its evaluation may be inconsistent and
relatively under-explored, with guidelines
incorporating it only in the past decade or
so. Our radiomics extraction pipeline is fully
automated, outperforming CAPRA-S in our
internal test cohort from center 1 and ISUP
GGG grades in the external center 2 test set,
providing evidence that our results may be
generalizable and that these features have
clinical value. Our results provide evidence
that Al may further refine prognostic abilities
independently of existing clinical gold stan-
dards. This could be especially helpful for in-
termediate-risk patients.
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Several studies have explored the clin-
ical relevance of quantitative MRI-based
assessments, although few venture to take
a multimodal approach integrating clini-
cal covariates.'® Those that do so generally
focus on single-center studies and do not
provide evidence that these results gener-
alize to external centers™' or incorporate
non-automated features, such as contours
or biopsy reads, which are subject to reader
variability.'®'® Some also focus on compari-
sons between low/intermediate vs. high-risk
groupings rather than focusing on challeng-
ing comparisons, such as within the interme-
diate-risk group.’® More common in the PCa
Al space is a focus on histopathology or even
integration of pathology and MRL."7%* How-
ever, digitized pathology is not necessarily
feasible in many clinical settings, and many
studies focus on post-operative pathology,
which is not relevant for stratifying pre-treat-
ment risk.

In comparing our results with the existing
literature, we observe that few models are di-
rectly comparable given our focus on multi-
modal (radiomics and clinical covariates) and
automated pre-operative MRI in PCa. Our
AUC of 0.75 on an external validation set ap-
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Figure 5. Intermediate-risk comparisons by center. Recurrence-free survival curves for intermediate-risk patients by model and center with clinical baseline and
log-rank tests. (a—d) Kaplan—-Meier curve for each model M0-M3 in center 1. (i) Kaplan-Meier curve for Cancer of the Prostate Risk Assessment Postsurgical scores
in center 1. (e-h) Kaplan—-Meier Curve for each model M0-M3 in center 2. (j) Kaplan—Meier curve for ISUP grade in center 2. CAPRA-S, Cancer of the Prostate Risk
Assessment Postsurgical; ISUP, International Society of Urological Pathology.

pears consistent with the existing literature,
and our sample size and external validation
provide evidence of generalizability. One
similar study focusing on imaging alone re-
ported an AUC of 0.73 for predicting BCR.?'
However, their external validation set was
considerably smaller, with n = 50 patients
and seven BCR events. Another study fea-
tured an even smaller cohort of n = 18 test-
set patients and reported an AUC of 0.73%
Other studies reporting similar or higher
AUCs focus solely on single centers or phy-
sician reads,'*? highlighting concerns about
reproducibility and bias.’®? The fact that M3
can differentiate intermediate-risk outcomes
with significance in an external center in a
completely automated fashion that would
not be subject to reader variability presents
an exciting contribution to the PCa prog-
nostic space. Nevertheless, it is important
to acknowledge and consider differences in
performance across centers for such a mod-
el and whether centers have similar patient
populations and vendors. Although center 1

and center 2 perform similarly given the use
of different vendors, it is possible that these
patient populations are similar, and the mod-
el performance may degrade in further ex-
ternal validations. Multicenter analyses and
heterogeneity assessment are imperative to
ensure fair and comprehensive efficacy.

Although the main focus of this study is
not explainability, the weighted feature im-
portances provide some insight into the fea-
tures the algorithm relies upon for decision
making. For example, it is notable that PSA
was the most heavily weighted feature in
models MO, M1, and M3. Furthermore, radio-
mic features associated with tumor hetero-
geneity, spatial irregularity in tumor intensi-
ty patterns, and tumor size and shape were
heavily weighted in models M2 and M3. A
detailed discussion of features can be found
in the Supplementary Discussion.

Although the results indicate that M3 may
provide value in PCa prognostics beyond
that of existing metrics, several aspects of

the study limit its applications and demand
further study before clinical implementation.
First, we did not have information available
to calculate CAPRA-S in center 2 nor infor-
mation about adjuvant radiotherapy status.
Although the external validation results are
promising, they must be approached with
caution given the difference in the clini-
cal comparison standard. Future research
should quantify equivalent gold standards
across training and external validation co-
horts. Second, BCR-free survival times pres-
ent a limitation, as the model itself did not
account for time to BCR, although our BCR-
free survival analysis did. In addition, given
that a substantial portion of our patients
had < 3 years of follow-up, it is possible that
some of these patients experienced BCR at a
later date (25 percentile of 2.7 and 2.4 years
in centers 1 and 2, respectively), thus imper-
fectly training the model and evaluating its
results. Furthermore, although external val-
idation provides some evidence of general-
izability, given that this study relies on only

Multimodal Al for prostatectomy outcome prediction «



two centers, it is worth questioning the vari-
ability of clinical environments. A larger-scale
multicenter or national study is needed to
verify that these results are clinically reliable
regardless of specific center demographics
and imaging technology. Finally, the lower
specificity of M3 compared with the other
models presents a limitation that raises the
question of what the clinical utility of such a
model might be. Although this might be pri-
marily a result of cut-off calibration given the
improved AUCs, this model may tend to flag
patients unnecessarily. This should be ad-
dressed before any clinical implementation.

In conclusion, we present a fully automat-
ed deep learning-based multimodal model
that can predict BCR after RP in patients with
PCa using baseline bpMRI and routinely used
clinical covariates and demonstrates promis-
ing generalizability in an external validation
center.

Footnotes

Conflict of interest disclosure

The authors declared no conflicts of inter-
est.

Funding

This work was supported by the intra-
mural program at the National Institutes of
Health, National Cancer Institute. The con-
tent of this publication does not necessarily
reflect the views or policies of the Depart-
ment of Health and Human Services, nor
does mention of trade names, commercial
products, or organizations imply endorse-
ment by the U.S. Government.

Supplementary  Methods:  https://
d2v96fxpocvxx.cloudfront.net/cf9d60d6-
523c-458a-a2e6-78728d3ffbb0/con-
tent-images/fa4ac6cb-c19d-4114-b712-
942425d170d4.pdf

Supplementary Discussion:  https://
d2v96fxpocvxx.cloudfront.net/cf9d60d6-
523c-458a-a2e6-78728d3ffbb0/con-
tent-images/84834bc0-f7a7-43d3-847c-
68bd309afe16.pdf

Supplementary Table: https://d2v96fx-
pocvxx.cloudfront.net/a426c3a3-a110-
40af-a6dd-1b2b563ce9ac/content-images/
fdef2e70-13cf-45ae-a68c-b86128b3de85.
pdf

Supplementary Figures: https://d2v96fx-
pocvxx.cloudfront.net/a426c3a3-a110-40af-
a6dd-1b2b563ce9ac/content-images/bfof-
caf4-1c6b-4980-b529-15a256d86b62.pdf

References

1.

10.

11.

12.

13.

Siegel RL, Kratzer TB, Giaquinto AN, Sung H,
Jemal A. Cancer statistics, 2025. CA Cancer J
Clin. 2025;75(1):10-45. [Crossref]

Schafer EJ, Laversanne M, Sung H, et al. Recent
patterns and trends in global prostate cancer
incidence and mortality: an update. Eur Urol.
2025;87(3):302-313. [Crossref]

Raychaudhuri R, Lin DW, Montgomery
RB. Prostate cancer: a review. JAMA.
2025;333(16):1433-1446. [Crossref]

Hamdy FC, Donovan JL, Lane JA, et al. Fifteen-
year outcomes after monitoring, surgery, or
radiotherapy for prostate cancer. N Engl J Med.
2023;388(17):1547-1558. [Crossref]

Partin AW, Borland RN, Epstein JI, Brendler CB.
Influence of wide excision of the neurovascular
bundle(s) on prognosis in men with clinically
localized prostate cancer with established
capsular penetration. J Urol. 1993;150(1):142-
146; discussion 146-148. [Crossref]

Zhu M, Gao J, Han F, et al. Diagnostic
performance of prediction models for
extraprostatic extension in prostate cancer: a
systematic review and meta-analysis. Insights
Imaging. 2023;14(1):140. [Crossref]

Simon BD, Ozyoruk KB, Gelikman DG, Harmon
SA, Tirkbey B. The future of multimodal
artificial intelligence models for integrating
imaging and clinical metadata: a narrative
review. Diagn Interv Radiol. 2025;31(4):303-
312. [Crossref]

Bhattacharya I, Khandwala YS, Vesal S, et al.
A review of artificial intelligence in prostate
cancer detection on imaging. Ther Adv Urol.
2022;14:17562872221128791. [Crossref]

Cooperberg MR, Hilton JF, Carroll PR. The
CAPRA-S score: a straightforward tool for
improved prediction of outcomes after radical
prostatectomy. Cancer. 2011;117(22):5039-
5046. [Crossref]

Mehralivand S, Yang D, Harmon SA, et al.
A cascaded deep learning-based artificial
intelligence algorithm for automated lesion
detection and classification on biparametric
prostate magnetic resonance imaging. Acad
Radiol. 2022;29(8):1159-1168. [Crossref]

Simon BD, Merriman KM, Harmon SA, et
al. Automated detection and grading of
extraprostatic extension of prostate cancer
at MRI via cascaded deep learning and
random forest classification. Acad Radiol.
2024;31(10):4096-4106. [Crossref]

Belue MJ, Mukhtar V, Ram R, et al. External
validation of an artificial intelligence
algorithm using biparametric MRI and Its
simulated integration with conventional PI-
RADS for prostate cancer detection. Acad
Radiol. 2025;32(7):3813-3823. [Crossref]

Simon BD, Harmon SA, Merriman KM, et al. A
multimodal automated deep learning-based
model for predicting biochemical recurrence
of prostate cancer following prostatectomy
from baseline MRI, presurgical clinical

« June 2026 - Diagnostic and Interventional Radiology

20.

21.

22.

23.

24,

covariates. Clin Imaging. 2025;126:110579.
[Crossref]

Cornford P, van den Bergh RCN, Briers E,
et al. EAU-EANM-ESTRO-ESUR-ISUP-SIOG
guidelines on prostate cancer-2024 update.
Part I: screening, diagnosis, and local
treatment with curative intent. Eur Urol.
2024;86(2):148-163. [Crossref]

Dess RT, Suresh K, Zelefsky MJ, et al.
Development and validation of a clinical
prognostic  stage group system for
nonmetastatic  prostate  cancer  using
disease-specific mortality results from the
international staging collaboration for cancer
of the prostate. JAMA Oncol. 2020;6(12):1912-
1920. [Crossref]

Park SY, Oh YT, Jung DC, et al. Prediction
of biochemical recurrence after radical
prostatectomy with PI-RADS version 2 in
prostate cancers: initial results. Eur Radiol.
2016;26(8):2502-2509. [Crossref]

Hu C, Qiao X, Huang R, Hu C, Bao J, Wang
X. Development and validation of a
multimodality model based on whole-slide
imaging and biparametric MRI for predicting
postoperative biochemical recurrence in
prostate cancer. Radiol Imaging Cancer.
2024;6(3):230143. [Crossref]

Li L, Shiradkar R, Leo P, et al. A novel imaging
based nomogram for predicting post-
surgical biochemical recurrence and adverse
pathology of prostate cancer from pre-
operative bi-parametric MRI. EBioMedicine.
2021;63:103163. [Crossref]

Manceau C, Beauval JB, Lesourd M, et al. MRI
characteristics accurately predict biochemical
recurrence after radical prostatectomy. J Clin
Med. 2020;9(12):3841. [Crossref]

Gu WJ, Liu Z, Yang YJ, et al. A deep learning
model, NAFNet, predicts adverse pathology
and recurrence in prostate cancer using MRIs.
NPJ Precis Oncol. 2023;7(1):134. [Crossref]

Shiradkar R, Ghose S, Jambor |, et al. Radiomic
features from pretreatment biparametric
MRI predict prostate cancer biochemical
recurrence: Preliminary findings.  Magn Reson
Imaging. 2018;48(6):1626-1636. [Crossref]

Zhong QZ, Long LH, Liu A, et al. Radiomics of
multiparametric MRI to predict biochemical
recurrence of localized prostate cancer after
radiation therapy. Front Oncol. 2020;10:731.
[Crossref]

Wu XH, Ke ZB, Chen ZJ, et al. Periprostatic fat
magnetic resonance imaging based radiomics
nomogram for predicting biochemical
recurrence-free survival in patients with
non-metastatic prostate cancer after radical
prostatectomy. BMC Cancer. 2024;24:1459.
[Crossref]

Wu SY, Wang Y, Fan P, et al. Bi-parametric MRI-
based quantification radiomics model for the
noninvasive prediction of histopathology and
biochemical recurrence after prostate cancer
surgery: a multicenter study. Abdom Radiol
(NY). 2025;50(9):4320-4330. [Crossref]

Simon et al.


https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/fa4ac6cb-c19d-4114-b712-942425d170d4.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/fa4ac6cb-c19d-4114-b712-942425d170d4.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/fa4ac6cb-c19d-4114-b712-942425d170d4.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/fa4ac6cb-c19d-4114-b712-942425d170d4.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/fa4ac6cb-c19d-4114-b712-942425d170d4.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/84834bc0-f7a7-43d3-847c-68bd309afe16.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/84834bc0-f7a7-43d3-847c-68bd309afe16.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/84834bc0-f7a7-43d3-847c-68bd309afe16.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/84834bc0-f7a7-43d3-847c-68bd309afe16.pdf
https://d2v96fxpocvxx.cloudfront.net/cf9d60d6-523c-458a-a2e6-78728d3ffbb0/content-images/84834bc0-f7a7-43d3-847c-68bd309afe16.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/fdef2e70-13cf-45ae-a68c-b86128b3de85.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/fdef2e70-13cf-45ae-a68c-b86128b3de85.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/fdef2e70-13cf-45ae-a68c-b86128b3de85.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/fdef2e70-13cf-45ae-a68c-b86128b3de85.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/fdef2e70-13cf-45ae-a68c-b86128b3de85.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/bf9fcaf4-1c6b-4980-b529-15a256d86b62.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/bf9fcaf4-1c6b-4980-b529-15a256d86b62.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/bf9fcaf4-1c6b-4980-b529-15a256d86b62.pdf
https://d2v96fxpocvxx.cloudfront.net/a426c3a3-a110-40af-a6dd-1b2b563ce9ac/content-images/bf9fcaf4-1c6b-4980-b529-15a256d86b62.pdf
https://doi.org/10.3322/caac.21871
https://doi.org/10.1016/j.eururo.2024.11.013
https://doi.org/10.1001/jama.2025.0228
https://doi.org/10.1056/NEJMoa2214122
https://doi.org/10.1016/s0022-5347(17)35416-2
https://doi.org/10.1186/s13244-023-01486-7
https://doi.org/10.4274/dir.2024.242631
https://doi.org/10.1177/17562872221128791
https://doi.org/10.1002/cncr.26169
https://doi.org/10.1016/j.acra.2021.08.019
https://doi.org/10.1016/j.acra.2024.04.011
https://doi.org/10.1016/j.acra.2025.03.039
https://doi.org/10.1016/j.clinimag.2025.110579
https://doi.org/10.1016/j.eururo.2024.03.027
https://doi.org/10.1001/jamaoncol.2020.4922
https://doi.org/10.1007/s00330-015-4077-5
https://doi.org/10.1148/rycan.230143
https://doi.org/10.1016/j.ebiom.2020.103163
https://doi.org/10.3390/jcm9123841
https://doi.org/10.1038/s41698-023-00481-x
https://doi.org/10.1002/jmri.26178
https://doi.org/10.3389/fonc.2020.00731
https://doi.org/10.1186/s12885-024-13207-4
https://doi.org/10.1007/s00261-025-04873-4

