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Abstract
Objectives

To develop and test deep-learning models which detect extraprostatic extension (EPE) on biparametric
(bpMRI) and multiparametric MRI (mpMRI) of the prostate in comparison to radiologists.

Methods

Consecutive patients at a large healthcare enterprise who underwent prostate MRI (2015 to 2023) with
subsequent radical prostatectomy within 1 year were included. The dataset was divided into
training/validation/test sets. Transfer learning models, composed of two multi-branch 3D convolutional
neural networks based on a 3D ResNet-50 backbone, were trained on bpMRI (AIbp) with an input of axial
T2-weighted imaging (T2WI) and diffusion-weighted imaging (DWI) and on mpMRI (AImp) with an input of
axial T2WI, axial DWI, and axial post-contrast imaging. No prostate gland or tumor segmentations were
performed. A logistic regression model with prostate specific antigen density was also trained with the
AImp model (AImpPSAD). Three fellowship-trained abdominal radiologists evaluated the test set for EPE on
a 1 to 5 scoring system based on capsular appearance, on bpMRI and mpMRI for each study. Areas
under the receiver operating characteristic curves (AUC) were obtained and compared with Delong test.
Diagnostic statistics were also obtained.

Results

1,232 prostate MRIs were included (1003/113/116 in the training/validation/test sets). AUC for models
were as follows: AIbp (0.71), AImp (0.72), and AImpPSAD (0.73). While holding sensitivity constant at the
Youden index for AIbp (0.77), specificity and accuracy of the AIbp, AImp, and AImpPSAD were 0.64, 0.69,

0.71 and 0.71, 0.73, 0.74, respectively. The ranges of AUC for readers were: bpMRI (0.66–0.71) and
mpMRI (0.69–0.74). The ranges of accuracy of the readers on bpMRI was 0.60–0.68 and on mpMRI was
0.65–0.72.

Conclusion

A segmentation-free transfer learning model performs comparably to fellowship-trained radiologists on
the detection of EPE on both bpMRI and mpMRI. There was a trend of increasing accuracy with the
addition of post contrast sequences for all models and readers.

Introduction
Prostate cancer is the most common cancer among men in the United States, and accurate staging is
critical for guiding management [1]. A key feature of advanced local disease is extraprostatic extension
(EPE), defined as tumor spread beyond the prostate’s fibromuscular pseudocapsule [2]. The presence of
EPE is an established risk factor for biochemical recurrence and metastasis after radical prostatectomy
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[3, 4]. Clinically, identifying EPE before or during treatment planning is crucial because it often warrants
changes in management, including wider resection margins or foregoing nerve-sparing techniques.
Adjuvant therapies like radiation or androgen deprivation may be recommended as well [5–7]. Further, it
is an important prognosticator of prostate cancer. Men with EPE after radical prostatectomy had a more
than fivefold increased risk of death from prostate cancer compared to those without EPE, even after
adjusting for other factors such as Gleason score and PSA level [8]. Reliable pretreatment detection of
EPE in prostate cancer is of high clinical significance.

Both multiparametric magnetic resonance imaging (mpMRI), with T2 weighted imaging (T2WI), diffusion
weighted imaging (DWI), and post-contrast imaging especially dynamic contrast enhanced imaging
(DCE), and biparametric MRI (bpMRI), including T2WI and DWI, have been shown to be effective in
identifying and risk stratifying prostate lesions [9, 10]. They are also the modality of choice for local
staging of prostate cancer including EPE, however, mpMRI only demonstrates moderate sensitivity and
moderate-to-high specificity for detecting EPE, with most meta-analyses and large studies reporting
sensitivity in the range of 32–58% and specificity in the range of 73–89% [11–13]. A recent trial which
determined that bpMRI was non-inferior to mpMRI in detecting and risk stratifying prostate lesions also
noted that EPE evaluation on mpMRI and bpMRI had 86.7% agreement but was unable to investigate true
detection of EPE given the lack of prostatectomies in the trial [14].

Grading systems have been proposed to standardize MRI reads, taking into account features such as the
length of capsular contact, capsular bulge/irregularity, and neurovascular bundle asymmetry to
determine the likelihood of EPE [15, 16]. Even with grading systems, there is room for improvement in the
detection of EPE.

Machine learning techniques may be leveraged to meet this need. Recent advances in machine learning
show promise for improving EPE detection on prostate MRI when compared to radiologists especially
when using deep learning models and radiomics [17–19]. The reported models require tumor and gland
segmentations, which is a time-consuming process and demonstrate inter-reader variability especially
with segmentation of lesions [20]. Given the clinical importance of detecting EPE and the limitations of
segmentations, there is a clear need for more creative and improved diagnostic strategies. In this study,
we build and test weakly supervised sequential transfer learning models to detect EPE on bpMRI and
mpMRI compared with radiologists without the rate limiting step of prostate gland or tumor
segmentation. We also assess the added value of DCE in detecting EPE to both readers and deep
learning algorithms.

Materials and Methods
This study is an institutional review board approved, HIPAA compliant study. Consent was waived as it
was a retrospective study.

Patients
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The picture archive and communication system (PACS) was searched from December 1, 2015 to
December 28, 2023 for adult patients who had a prostate MRI with the following inclusion criteria: 1.
Clinical suspicion for prostate cancer and 2. Follow-up prostatectomy within 1 year of the prostate MRI.
Exclusion criteria included 1. Patients who had simple prostatectomies performed for benign prostatic
hyperplasia. 2. Hip or other orthopedic implants affecting the image quality of the prostate gland.

Image Acquisition, Surgery, and Histopathologic Evaluation
All images were acquired on a variety of 3T MR systems with pelvic multiarray surface coil (Siemens
MAGNETOM: Vida, Prisma, Skyra, Sola; Erlangen, Germany). All image acquisitions followed our
standard clinical protocol which includes a small field-of-view axial T2 weighted image (T2WI), coronal
T2WI, sagittal HASTE, DWI (b = 50 s/mm2, b = 1000 s/mm2), calculated high b value (b = 1500 s/mm2),
apparent diffusion coefficient map (ADC), large field-of-view in and opposed phase T1 gradient, T1
without intravenous contrast, small field-of-view Golden-angle RAdial Sparse Parallel (GRASP), and large
field-of-view post contrast T1 with fat suppression (Supplemental Table 1). The GRASP includes a single
post contrast T1 fat suppressed sequence acquired over 3 minutes which is post-processed into a DCE
with 3 sec time resolution [21]. Radical prostatectomies were performed by urology oncologists.
Histopathology was reviewed by genitourinary pathologists, according to International Society of
Urologic Pathology 2014 consensus statement [22]. The radical prostatectomy ISUP grade group and
EPE including focal and nonfocal for each patient was recorded.

Deep Learning Model for EPE
Prediction of EPE from prostate MRI is a data-limited problem, as reliable ground truth is primarily
available from prostatectomy specimens and therefore only for a subset of patients. To address this
limitation, we adopted a sequential training strategy in which a deep learning architecture was first
trained on related prostate MRI tasks with substantially larger labeled datasets before being applied to
EPE prediction (Fig. 1).

All models were implemented in PyTorch using a multi-branch 3D convolutional neural network based on
a 3D ResNet-50 backbone. The network consisted of parallel input branches, each processing a distinct
MRI input stream, followed by feature fusion and a shared classification head. Two versions of the
model were trained and evaluated: one incorporating only T2WI and DWI (AIbp) and one additionally
leveraging the single post contrast GRASP sequence (AImp). In both versions, axial T2WI was processed

through a dedicated branch. Diffusion information was provided through a second branch in which the
ADC map and high b-value diffusion-weighted image (b = 1500 s/mm²) were stacked as separate input
channels and jointly processed. In the DCE-enabled model (AImp), an additional branch processed post-
contrast DCE images. Feature maps from all branches were concatenated after the final convolutional
stage.
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Using this shared architecture, we trained a series of models on progressively more specific prostate
cancer tasks. These intermediate tasks were chosen to encourage learning of prostate anatomy, lesion
appearance, and cancer-related imaging features prior to training the EPE model. First, the image-based
models were trained to predict the presence of PI-RADS ≥ 4 lesions at the case level using labels derived
from structured radiology reports (38,000 cases). Second, the models were trained to predict clinically
significant prostate cancer, defined as Gleason score ≥ 7, using histopathology as ground truth (7000
cases). Finally, the EPE models were trained to classify organ-confined disease (≤ T2) versus EPE (≥ T3)
using surgical pathology with 1003, 113, 116 cases in the train, validation and test splits, respectively.

All models used identical imaging inputs and architecture, differing only in task-specific output layers
and training labels. Models were trained using binary cross-entropy loss with the Adam optimizer, with
early stopping based on AUC on the validation set. Data augmentation, including random flips and small
affine perturbations, was applied during training.

Logistic regression with PSA density
To assess complementarity with image-based predictions, we trained a logistic regression model
incorporating the AImp model and prostate-specific antigen density (PSAD) (AImpPSAD). PSA density was
calculated as serum PSA divided by MRI-derived prostate volume. PSAD values were log-transformed
prior to modeling. The logistic regression model was trained using maximum likelihood estimation with
L2 regularization. Missing PSAD values in the training set (90/1003, 9%) were imputed using the median
value from the training set. Model performance was evaluated on the same held-out test set as the deep
learning models using AUC.

Image Review
The same test set used to test the model, unique from the training and validation sets, was anonymized
and randomized and presented to three abdominal fellowship trained radiologists (with > 5000, > 1800,
and > 1700 prostate MRI experience). The readers evaluated the studies for the following characteristics
of the dominant lesion: abutment of capsular length > 1.5 cm, capsular bulging, capsular irregularity,
gross EPE. Based on these characteristics, the radiologist gave an EPE score of 1–5 as follows: 1 = no
evidence of EPE, 2 = capsular abutment length > 1.5 cm, 3 = capsular bulging OR irregularity, 4 = capsular
bulging AND irregularity, 5 = gross EPE. Prior to the study, the radiologists were shown examples of each.
The readers first evaluated the non-contrast sequences. After noting the scores for the non-contrast
sequences, the readers evaluated the entire study including the DCE and post-contrast sequences using
the same grading scale.

Statistics
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Comparison between demographics of training set, validation set, and test set were performed with
ANOVA test for continuous variables, and chi square test and Fisher exact test for ordinal variables. Area
under the receiver operating characteristic curves (AUC) with 95% confidence intervals were obtained for
the AIbp, AImp, and AImpPSAD. AUC was calculated for the reader scores evaluating bpMRI and mpMRI and
for predictions of focal and nonfocal EPE. Comparisons were made between AUC curves using the
Delong test. The Youden indices were also calculated for the receiver operating characteristic curves
(ROC) of the deep learning models, and the diagnostic statistics were calculated including sensitivity,
specificity, positive predictive value (PPV), negative predictive value (NPV), and accuracy. We matched
the sensitivity of the AImp and AImpPSAD to that of AIbp at the Youden index and calculated the associated
diagnostic statistics for each. The same diagnostic statistics were calculated for reader results by
dichotomizing the 5-point EPE scale with scores 1 and 2 marked as negative for EPE and 3 or greater
marked as positive for EPE. Fleiss’ kappa was performed to assess inter-reader variability. The majority
determination of the dichotomized EPE assignment between the three readers was used as a
representation of all three readers when assessing discordances between models and readers. All
statistical work was performed with R Studio (Posit PBC, Boston, MA; R Foundation, Vienna, Austria).

Results

Patients
A total of 1307 patients were initially included in the search. After exclusions, 1232 studies were
included in the final study cohort with 653 (53%) with EPE (Fig. 2). 1003 (523 with EPE, 174 focal, 349
nonfocal) studies were used in the training set, 113 (57 with EPE, 21 focal, 36 nonfocal) were used in the
validation set, and 116 (61 with EPE, 23 focal, 37 nonfocal) were used in the test set. The mean PSAD of
all included patients was 0.23 ± 0.23 ng/mL2. The complete demographics of included patients are in
Table 2.

Page 7/20



Table 1
Prostate MRI Scanning Parameters

Sequence Slice thickness
(mm)

TR (ms) TE (ms) Flip
Angle

In-plane
resolution

(mm x mm)

Ax T2 TSE 3 4000 100 160 0.6 x 0.8

Cor T2 TSE 3 400 100 160 0.6 x 0.8

Sag HASTE 3 1400 150 120 0.7 x 1.0

Ax DWI (b50, 1000)* 3 5600 77 90 0.5 x 0.5

Ax In/Opposed Phase 5 120 1.2/2.4 52 1.5 x 1.5

Ax Vibe (pre and post
contrast)

3 2.7 1.0 12 1.5 x 2.2

Ax GRASP DCE 3 4.1 2.0 12 0.8 x 0.8

TR = repetition time, TE = echo time, Ax = axial, TSE = turbo spin echo, Cor = coronal, Sag = sagittal,
HASTE = Half-Fourier Acquisition Single shot Turbo spin-Echo, DWI = diffusion weighted imaging,
GRASP = golden angle radial sparse parallel, DCE = dynamic contrast enhanced imaging
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Table 2
Demographics and Dataset Descriptions

Category Training Set (n = 
1003)

Validation Set (n = 
113)

Test set (n = 
116)

P

Mean Age (Std Dev) 63.8 (7.2) 63.5 (7.0) 63.7 (7.1) 0.91

Prostate Volume (Std Dev) 43.6 (26.8) 41.5 (19.5) 43.1 (22.4) 0.72

PSA (Std Dev) 8.5 (8.7) 8.4 (9.1) 7.8 (6.5) 0.73

PSA Density (Std Dev) 0.24 (0.34) 0.20 (0.25) 0.23 (0.15) 0.48

Gleason Grade Group 1 (%
total)*

33 (3.3) 3 (2.7) 5 (4.3) 0.82

Gleason Grade Group 2 (%
total)*

516 (51.4) 59 (52.2) 63 (54.3) 0.95

Gleason Grade Group 3 (%
total)*

275 (27.4) 36 (31.9) 33 (28.4) 0.76

Gleason Grade Group 4 (%
total)*

49 (4.9) 2 (1.8) 1 (0.9) 0.06

Gleason Grade Group 5 (%
total)*

124 (12.4) 11 (9.7) 12 (10.3) 0.76

Post Radiation Treatment
(% total)

2 (0.2) 0 0 1.00

Post ADT (% total) 4 (0.4) 2 (1.8) 2 (1.7) 0.05

EPE (% total) 534 (53.2) 58 (51.3) 61 (52.6) 0.98

Focal EPE (% total) 174 (17.3) 21 (18.6) 23 (19.8) 0.78

Nonfocal EPE (% total) 349 (34.8) 36 (31.9) 38 (32.8) 0.77

Std Dev = standard deviation, PSA = prostate specific antigen, ADT = androgen deprivation therapy,
EPE = extraprostatic extension, *Gleason Grade Group is based on prostatectomy results

AI Performance
All AI and reader diagnostic statistics are presented in Table 3 and AUCs are presented in Table 4. The
AUC of AIbp, AImp, and AImpPSAD were 0.71 (confidence interval [CI] 0.62–0.81), 0.72 (CI: 0.62–0.82), and

0.73 (CI: 0.64–0.83) respectively (Fig. 3). The sensitivity, specificity, PPV, NPV, and accuracy at the
Youden index for AIbp was 0.77, 0.64, 0.70, 0.71, and 0.71, for AImp was 0.75, 0.69, 0.73, 0.72, and 0.72,
and for AImpPSAD was 0.98, 0.25, 0.59, 0.93, and 0.64. When held at a constant sensitivity of 0.77, the
specificity and accuracy increased between AIbp (specificity 0.64, accuracy 0.71) and AImp (specificity
0.69, accuracy 0.73) and AImpPSAD (specificity 0.71, accuracy 0.74) (Table 3). The models had higher
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performance in detecting nonfocal EPE (AUC: AIbp 0.75, AImp 0.78, AIPSAD 0.80) versus focal EPE (AUC:
AIbp 0.64, AImp 0.63, AIPSAD 0.63) (Fig. 4).

Table 3
Diagnostic Statistics of Detecting Extraprostatic Extension of Deep Learning Models and Readers

AI bpMRI* Sensitivity Specificity PPV NPV Accuracy

0.77 0.64 0.70 0.71 0.71

AI mpMRI* 0.77 0.60 0.68 0.70 0.69

AI mp + PSAD* 0.77 0.71 0.75 0.74 0.74

R1 bpMRI 0.49 0.82 0.75 0.59 0.64

R1 mpMRI 0.66 0.78 0.77 0.67 0.72

R2 bpMRI 0.57 0.80 0.76 0.63 0.68

R2 mpMRI 0.70 0.75 0.75 0.69 0.72

R3 bpMRI 0.51 0.71 0.66 0.57 0.60

R3 mpMRI 0.67 0.62 0.66 0.63 0.65

Maj Reader bpMRI 0.54 0.80 0.75 0.61 0.68

Maj Reader
mpMRI

0.69 0.75 0.75 0.68 0.72

*Matched to sensitivity of AI bpMRI at the Youden index. bpMRI = biparametric MRI, mpMRI = 
multiparametric MRI, PSAD = prostate specific antigen density, R1 = reader 1, R2 = reader 2, R3 = 
reader 3, PPV = positive predictive value, NPV = negative predictive value, Maj Reader bpMRI = 
conglomerate reader results based on majority binary extraprostatic extension interpretation on
bpMRI, Maj Reader mpMRI = conglomerate reader results based on majority binary extraprostatic
extension interpretation on mpMRI
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Table 4
Comparison of the Area Under the Receiver Operating Characteristic Curve Between Models and

Radiologists
Model/Rad AUC (CI) Model/Rad AUC (CI) p

AIbp 0.71 (0.62–0.81) AImp 0.72 (0.62–0.81) 0.82

AIbp 0.71 (0.62–0.81) AImpPSAD 0.73 (0.64–0.83) 0.52

AImp 0.72 (0.62–0.81) AImpPSAD 0.73 (0.64–0.83) 0.09

AIbp 0.71 (0.62–0.81) R1bp 0.69 (0.60–0.77) 0.56

AIbp 0.71 (0.62–0.81) R1mp 0.71 (0.62–0.80) 0.97

AIbp 0.71 (0.62–0.81) R2bp 0.71 (0.62–0.80) 1.00

AIbp 0.71 (0.62–0.81) R2mp 0.74 (0.65–0.83) 0.53

AIbp 0.71 (0.62–0.81) R3bp 0.66 (0.56–0.75) 0.27

AIbp 0.71 (0.62–0.81) R3mp 0.69 (0.60–0.78) 0.68

R1bp 0.69 (0.60–0.77) R1mp 0.71 (0.62–0.80) 0.32

R2bp 0.71 (0.62–0.80) R2mp 0.74 (0.65–0.83) 0.11

R3bp 0.66 (0.56–0.75) R3mp 0.69 (0.60–0.78) 0.17

AIbp = deep learning model trained on biparametric MRI (bpMRI), AI_mpMRI = deep learning model
trained on multiparametric MRI (mpMRI), AI_mp_PSAD = deep learning model trained on mpMRI and
prostate specific antigen density, R1 = reader 1, R2 = reader 2, R3 = reader 3

Reader Performance
The readers’ AUC for evaluating bpMRI was as follows: Reader1: 0.69 (CI: 0.60–0.77), Reader2: 0.71 (CI:
0.62–0.80), and Reader3: 0.66 (CI: 0.56–0.75). The readers’ AUC for evaluating mpMRI was as follows:
Reader1: 0.71 (CI: 0.62–0.80), Reader2: 0.74 (CI: 0.65–0.83), Reader3: 0.69 (CI: 0.60–0.78) (Table 3). The
AUC of all readers also trended higher when evaluating mpMRI when compared to bpMRI. Compared to
evaluating bpMRI, the readers all had increased sensitivity and accuracy and decreased specificity when
evaluating mpMRI (Table 4). There was moderate agreement in the dichotomized detection of EPE on
bpMRI (kappa = 0.50) and substantial agreement on mpMRI (kappa = 0.61).

Comparison Between AI Models and Readers
Further investigation of the relationships between AIbp versus AImp, AIbp versus Readerbp, and AImp

versus Readermp revealed discordances. AImp had 12 “misses” (6 false positives (FPs) and 6 false
negatives (FNs)) compared to AIbp. Of these FNs, 4 were of focal EPE and 2 were of nonfocal EPE. AIbp
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had 10 “misses” (4 FPs and 6 FNs). Of the 6 FNs, 3 were focal EPE and 3 were nonfocal EPE. Readerbp

and Readermp were obtained by using the majority dichotomous rating of the presence of EPE.
Compared to AIbp, Readerbp had 18 “misses” (1 FPs and 17 FNs). Of the FNs, there were 12 focal and 5

nonfocal EPE. Compared to ReaderAIbp, AIbp had 13 “misses” (10 FPs and 3 FNs). Of the FNs, there was
1 focal and 2 noncal EPE. Compared to AImp, Readermp had 16 “misses” (4 FPs and 12 FNs). Of the FNs,
there were 7 focal and 5 nonfocal EPE. Compared to Readermp, AImp had 19 “misses” (12 FPs and 7
FNs). Of the FNs, there were 3 focal and 4 nonfocal EPE.

Patient Examples
Supplemental Fig. 1 shows an example of a patient with correct positive EPE prediction from all AI
models and readers. Figure 5 shows an example of a patient with correctly predicted EPE by the AI
models but missed by all the readers.

Discussion
This study investigated the performance of deep learning models on detecting EPE on bpMRI versus
mpMRI in comparison to fellowship-trained readers. We found that the models performed similarly to
readers. With the addition of contrast enhanced images, the readers showed improved sensitivity,
accuracy, and inter-reader agreement. The addition of contrast enhanced images and PSAD slightly
increased performance of AI models. Although there were small differences in performance across AI
and readers, the differences were not significant.

Local staging is an important prognostic indicator and is essential for presurgical and pretreatment
planning, thus, there has been great interest in creating an imaging-based automated system to identify
EPE [23, 24]. Our model was unique in that it was a classification model with no input of prostate and
tumor segmentation, only labels of Gleason grade group and presence of EPE both from prostatectomy
pathology reports. Two recent systematic reviews have been performed for models to predict EPE
included 21 studies in one and 8 in another [25, 26]. The included studies demonstrated a wide variety of
approaches including machine learning with convolutional neural networks, radiomics, and multimodal
models including clinical variables modeled after traditional nomograms [25, 26]. Of these, Hou et al,
Moroianu et al, Priester et al, and Simon et al presented models which use convolutional neural networks
and machine learning methodologies to analyze bpMRI through prostate gland and tumor labels as
inputs [18, 19, 25–28].

Hou et al developed a model most similar to ours and used the largest dataset of 849 studies. The
prostate gland and lesions were segmented and compared to histologic results from prostatectomies.
Their model was 2D convolutional neural network (CNN), ResNeXt, with a convolutional block attention
module (CBAM) which used the segmentations to focus the attention of the models, and the output of
the model was likelihood of EPE. They initially trained with an input of a single slice with the largest area
of the lesion. Their model had an output of a single slice and multi-slice prediction of EPE based on the
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segmentations. In contrast, we used a 3D CNN, ResNet, that took an input of the entire volume of the
prostate without any segmentation of the prostate or lesions. This decreased the upfront time of data
preparation. We used a multi-step transfer learning model to focus the algorithm first on PI-RADS 4 and 5
lesions, then on GG ≥ 2 labels, and finally on the presence of EPE. While our AI_bp performance (AUC = 
0.71) was slightly lower than that reported in Hou et al (AUC 0.76), a direct comparison is not possible
due to the models being evaluated on different sets [28].

Moroianu et al and Simon et al both used a combination of deep learning models built for prostate lesion
identification and segmentation in combination with additional probabilistic or random forest models
based on positioning of segmented lesions in conjunction with the prostate capsule [18, 19]. They
achieved AUC of 0.70 and 0.71 respectively, similar to our results, however requiring much more data
preparation. Priester et al used a multi-modal deep learning model with inputs of T2WI, PSA, biopsy
locations, and biopsy pathology with an output of a tumor map [27]. EPE risk was estimated based on
the probability of csPCa in the prostate gland capsule [27].

When compared to readers, our models demonstrated similar AUC with higher sensitivity and lower
specificity. As shown in previous literature, readers often under call EPE, which is reflected in the larger
number of false negatives in our study [29]. The largest differences in false negative numbers between
the AI models and readers in our study were in the number of missed focal EPE, a lower volume EPE and
expectedly less visible on imaging. In the clinical setting, the increased sensitivity in detecting EPE is a
potential protection against undertreatment as the presence of EPE upgrades the staging of prostate
cancer to high-risk or very high-risk group [23]. This is especially true in radiation treatment planning
where the addition of androgen deprivation therapy is recommended with higher risk disease.

Our study also compared readers and models using bpMRI to mpMRI. Post contrast sequences have the
potential to add value in the detection of EPE given the high contrast of enhancing tumor compared to
the surrounding normal tissue [30, 31]. GRASP may be useful in addition to T2WI in detecting EPE by
readers and deep learning models since it has high resolution and is motion robust [21, 31]. GRASP
increased the specificity, PPV, NPV, and accuracy of the models when sensitivity was held constant. All
readers had increased sensitivity and accuracy in detecting EPE when reading mpMRI compared to
bpMRI. These consistent trends show that GRASP may add value, however, the sample size may have
been too small to realize a statistical significance.

Clinical parameters are known to help with prostate cancer prognostication and prediction of EPE in
traditional nomograms and in ones that incorporate prostate MRIs [15, 32]. We trained a logistic
regression model incorporating PSAD to AImpMRI. The results increased AUC slightly, but not significantly.
It also slightly increased the specificity, PPV, NPV, and accuracy of AImpMRI when matching sensitivity.
These small increases suggest that clinical parameters may help, but imaging features drive the model.

There were several limitations to this study. This is a single center retrospective study performed only on
studies acquired from a single vendor, thus the generalizability was not assessed. We included post
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treatment patients who may have had prior androgen deprivation therapy, focal therapy, or radiation
therapy. The numbers of patients who had prior treatment for prostate cancer was low and thus likely did
not have significant impact on the model performance. Our ground truth labels for EPE were
dichotomized to positive or negative. We recognize that evaluation of EPE is more nuanced histologically
and that there are management differences to focal versus non-focal EPE. The readers assessed the
mpMRI immediately after bpMRI for each study which could have biased the mpMRI reads. Given that
DCE is less emphasized in PI-RADS, we felt that this would not deviate significantly from the way readers
normally interpret studies. The model used only the single conglomerate GRASP and not a true
reconstructed dynamic contrast series with multiple time points, while the readers had access to both.
This may have given the readers a slight advantage as they were able to assess early enhancement,
where the tumor may have had even more contrast against the normal prostate. Future directions
include re-training these algorithms with additional data points such as the side of EPE, biopsy Gleason
grade, and other pertinent clinical variables.

Conclusion
We built a classification-based deep learning model that demonstrated no significant different EPE
detection rates as abdominal fellowship trained radiologists. The addition of contrast enhanced
sequences slightly increased AUC for all the readers more than for the model, though the differences
were not significant.
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Figures

Figure 1

Transfer learning was used to build our image-based models. The models are first trained to predict
Prostate Imaging Reporting and Data System (PI-RADS) ≥ 4, then trained to predict Gleason ≥ 7, and
finally to predict extraprostatic extension (EPE). Inputs in each section include T2, diffusion weighted
imaging (DWI) including high b-value sequence (b1500 s/mm2) and apparent diffusion coefficient (ADC),
and with and without dynamic contrast enhanced imaging (DCE).
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Figure 2

Flow chart of Patient Cohort.

Figure 3
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a. Receiver operating characteristic curves of the deep learning models using biparametric MRI (bpMRI),
multiparametric MRI (mpMRI), and mpMRI with PSAD, and readers evaluating bpMRI and bpMRI. All
demonstrate similar area under the curve without significant differences. b. Receiver operating
characteristic curves of deep learning models comparing focal and nonfocal EPE and

Figure 4
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Confusion matrix of the AI algorithms and readers in comparison to histology results from prostate
biopsies in the test set including a) AIbp, b) AImp, c) Readersbp, and d) Readersmp.

Figure 5

A 66 year-old patient presented with Gleason grade group 2 prostate cancer with PSA 9.12 ng/mL and
had a PI-RADS 4 lesion in the right posterolateral midgland peripheral zone (arrow). None of the readers
detected extraprostatic extension (EPE) (arrow head), however, each of the AI models identified EPE on
this lesion when using the Youden index cutoff.
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