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Simple Summary: Existing research on predicting biochemical recurrence after prostate surgery
has been insufficient. Here, we aimed to predict biochemical recurrence after radical prostatectomy
leveraging recent advances in deep learning. We combined clinical variables with multiparametric
magnetic resonance imaging using deep learning methods. Our method performed better than
existing methods. Our method could direct patients to individualized care using routine medical
imaging and could achieve better patient care.

Abstract: Radical prostatectomy (RP) is the main treatment of prostate cancer (PCa). Biochemical
recurrence (BCR) following RP remains the first sign of aggressive disease; hence, better assessment
of potential long-term post-RP BCR-free survival is crucial. Our study aimed to evaluate a combined
clinical-deep learning (DL) model using multiparametric magnetic resonance imaging (mpMRI)
for predicting long-term post-RP BCR-free survival in PCa. A total of 437 patients with PCa who
underwent mpMRI followed by RP between 2008 and 2009 were enrolled; radiomics features were
extracted from T2-weighted imaging, apparent diffusion coefficient maps, and contrast-enhanced
sequences by manually delineating the index tumors. Deep features from the same set of imaging
were extracted using a deep neural network based on pretrained EfficentNet-B0. Here, we present a
clinical model (six clinical variables), radiomics model, DL model (DLM-Deep feature), combined
clinical-radiomics model (CRM-Multi), and combined clinical-DL model (CDLM-Deep feature) that
were built using Cox models regularized with the least absolute shrinkage and selection operator.
We compared their prognostic performances using stratified fivefold cross-validation. In a median
follow-up of 61 months, 110/437 patients experienced BCR. CDLM-Deep feature achieved the best
performance (hazard ratio [HR] = 7.72), followed by DLM-Deep feature (HR = 4.37) or RM-Multi
(HR = 2.67). CRM-Multi performed moderately. Our results confirm the superior performance of our
mpMRI-derived DL algorithm over conventional radiomics.

Keywords: prostate cancer; radical prostatectomy; biochemical recurrence; survival prediction;
magnetic resonance imaging; radiomics; deep learning

Cancers 2023, 15, 3416. https:/ /doi.org/10.3390/cancers15133416

https://www.mdpi.com/journal/cancers


https://doi.org/10.3390/cancers15133416
https://doi.org/10.3390/cancers15133416
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/cancers
https://www.mdpi.com
https://orcid.org/0000-0003-0482-1140
https://orcid.org/0000-0001-5681-8918
https://doi.org/10.3390/cancers15133416
https://www.mdpi.com/journal/cancers
https://www.mdpi.com/article/10.3390/cancers15133416?type=check_update&version=2

Cancers 2023, 15, 3416

20f18

1. Introduction

Radical prostatectomy (RP), the first-line treatment for organ-confined or locally
advanced prostate cancer (PCa), yields excellent long-term survival outcomes [1-3]. Post-
RP biochemical recurrence (BCR), affecting 50% of the patients, is a strong surrogate
marker for indicating subsequent distant metastasis, as well as PCa-specific and overall
mortality [1,4]. BCR predominantly develops in patients with high-risk features, such
as high initial prostate-specific antigen (PSA) levels, adverse RP pathology, including
extracapsular extension (ECE) and seminal vesicle invasion (SVI), positive surgical margins
(PSM), and surgical Gleason score (GS) >8 [1,4-6]. However, the natural history of relapse
following RP is heterogeneous even in patients with high-risk features, reflecting high
heterogeneity in clinical, tumor pathophysiological, and molecular aspects of PCa [4,7].
Therefore, early identification of patients with PCa at a higher risk for developing post-RP
BCR is important for intensive monitoring or providing adjuvant therapies at the proper
time for the control of systemic micro-metastasis for achieving long-term survival benefits.

Generally, multiparametric magnetic resonance imaging (mpMRI) integrates con-
ventional anatomic sequences (T1- and T2-weighted imaging) with functional sequences,
such as diffusion-weighted MRI (DWI), including the calculation of apparent diffusion
coefficient (ADC) and dynamic contrast-enhanced (DCE) maps, and optionally, MR spec-
troscopy [8-12]. Owing to its superior spatial resolution, mpMRI is regarded as the most
sensitive and specific imaging method for clinical staging, preoperative risk stratification,
surgical planning, predicting the presence of clinically significant PCa, and monitoring
recurrence following RP [1,3,4,7-16]. Noninvasive radiological assessment of anatomical,
functional, and physiologic information about the entire prostate through preoperative
mpMRI can overcome the known molecular heterogeneity and multifocality of PCa that can
be neglected by conventional tools incorporating only clinicopathological factors [7-12].

The extraction of handcrafted radiomics features based on labeled PCa regions of inter-
est (ROIs) on mpMRI allow objective qualitative and quantitative characterization of tumor
phenotypes [7,10,15-20]. PCa radiomics using preoperative mpMRI has a high potential to
define tumor aggressiveness and facilitate better prognostication of PCa-specific outcomes,
including BCR and post-RP BFS [7,10,15,17-21]. However, the radiomics approach using
handcrafted radiomics features typically considers only the features of an index lesion al-
though PCa is a multifocal disease [7,10,15,17-19]. Additionally, the challenges of a typical
radiomics workflow, such as defining and contouring ROI, selecting the best extraction
features, and appropriate predictive modeling still remain [7,10,15,16,20].

Recently, deep learning (DL) models, which have yielded excellent results for the anal-
ysis of mpMRI frequently outperform radiomics studies [22-30]. This is because DL models
condense high-dimensional imaging data into few representative features, creating classi-
fier models via data mining with more powerful fitting capabilities, based predominantly
on convolutional neural networks (CNNs) directly applied to real images [22-27,29-33].
DL models typically do not require precise ROI annotation or prior hand-crafted radiomics
feature extraction as the algorithm automatically learns to extract complex and abstract
features beyond radiomics features during training, thus reducing human effort and in-
terobserver variability, compared to manual ROI annotation [22-25,30]. Furthermore, DL
models are often based on entire organ-specific images, which contain information on
not only microstructural anatomical information but also information representing the
underlying pathophysiologic process such as the relationship of the tumor and the tumor
microenvironment (TME) [22-29,32,33]. Recently, DL models using prostate mpMRI have
shown promising results in detecting clinically significant cancers and predicting PCa
aggressiveness and oncologic prognosis [22,23,25-27,30,33-36].

Accurate prediction of post-RP BCR requires long-term follow-up (>10 years) ow-
ing to the high variability of BCR events and PCa’s slow-growing and often indolent
nature [37,38]. More importantly, the characteristics of PCa exhibit regional and ethnic
variations, suggesting that race- and nation-specific characteristics of PCa should be con-
sidered for developing a more accurate prediction model. Asian men, especially Koreans,
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are more likely to possess unfavorable risk profiles, such as advanced pathological stage,
high GS, high PSA levels, and worse prognoses than Americans and Europeans [39-42].
The performance of conventional clinical predictive tools in the Asian population, includ-
ing Koreans, has been reported as suboptimal compared to those of the European and
American populations [34,43-45]. These limitations motivated us to develop a new system
for predicting long-term post-RP BFS in Korean patients with high-risk PCa according to
our own data by completely integrating all the available clinical variables and mpMRI
features that could be clinically useful. To date, researchers have not developed clinically
relevant mpMRI-based DL risk models for predicting post-RP long-term BCR-free survival
because the erstwhile standard protocol of PCa care did not involve preoperative mpMRI
before RP in most countries. Notably, in contrast to other hospitals, preoperative prostate
mpMRI has routinely been performed before RP in patients with localized PCa at our
institution since 2008 [46], enabling the accumulation of large-scale, high-quality mpMRI
datasets in addition to long-term follow-up clinical data for developing more dependable
mpMRI-based DL risk models.

2. Materials and Methods
2.1. Patient Selection

This monocentric study was approved by the Institutional Review Board of Sam-
sung Medical Center (SMC) (no. 2022-01-134), which waived the requirement for written
informed consent owing to the retrospective study design. The study protocols were
conducted in accordance with the tenets of the Declaration of Helsinki. The inclusion
criteria were as follows: (1) primary prostate acinar adenocarcinoma confirmed by RP;
(2) undergoing RP after 3 T prostate mpMRI; (3) mpMRI images of adequate quality avail-
able in the Picture Archiving Communication System (Centricity; GE Healthcare, Chicago,
IL, USA); (4) no history of neoadjuvant or adjuvant therapies for PCa; (5) available com-
plete pathological and follow-up information. The exclusion criteria were as follows:
(1) incomplete mpMRI or poor-quality MRI scans; (2) PSA persistence characterized
by a postoperative PSA nadir >0.04 ng/mL 3 months post RP; (3) missing clinical vari-
ables; (4) tumors of other pathological types or mixed pathology. The primary endpoint
was the prediction of post-RP BCR-free survival. Post-RP BCR was defined as an initial
PSA value > 0.2 ng/mL, confirmed by a subsequent PSA value of >0.2 ng/mL [1,3-5,47].
The time of BCR incidence was defined as the midpoint between the nadir and the first of
three consecutive elevations [47]. BCR-free survival was defined as the interval between
the date of RP and that of BCR [47]. We censored the data of patients who were still alive
but without BCR at the last reported follow-up.

Initially, we retrospectively reviewed the baseline clinicopathological data of 512 pa-
tients with pathologically confirmed PCa who underwent RP, with or without lymphadenec-
tomy, at the SMC between 2008 and 2009. RP was performed by five surgeons with varying
surgical experience at our institution. The decision to perform lymphadenectomy was
based on the preoperative lymph node involvement risk assessment and surgeon’s discre-
tion. Participants were followed up every 3 months during the first 2 years, every 6 months
between the second and fifth years, and annually thereafter. Finally, a total of 437 patients
were analyzed. The study flowchart is depicted in Figure 1.

2.2. mpMRI Acquisition Protocol and Interpretation

All the patients underwent prostate mpMRI using a 3 T MRI scanner (Achieva TX;
Philips Healthcare, Best, The Netherlands) equipped with a phased-array coil. Routine
mpMRI protocols included TIWI, T2WI, DWI, ADC maps, and DCE sequences, acquired fol-
lowing intravenous injection of gadolinium diethylenetriamine penta-acetic acid (Gadovist;
Schering, Berlin, Germany) [46,48]. Table 1 summarizes additional details regarding image
acquisition. All the mpMRI scans were reviewed by an experienced uroradiologist (C.K.K.)
with 14 years of experience in prostate MRI interpretation.
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Figure 1. Overall framework of this study for data preparation, modeling, and predicting BCR-free
survival. BCR = biochemical recurrence; RP = radical prostatectomy; PCa = prostate cancer; T = Tesla;
mpMRI = multiparametric magnetic resonance imaging; ROI = region of interest.

Table 1. Prostate multiparametric magnetic resonance imaging acquisition details.

Parameters

T2WI DWI DCE MRI

Imaging planes

Sequence
TR/TE (ms)
Flip angle (°)
Sense factor
B value (s/mm?)
Slice thickness (mm)
Slice gap (mm)
Matrix size
No. of excitations
FOV (mm)

Scan time

Axial, sagittal,

Axial Axial
and coronal
Turbo spin-echo Echoplanar imaging 3D fast-field echo
3800—4700/80-100 4400-4800/63-75 7.4/39
NA NA 25
2 2 1
NA 0, 1000 NA
3 3 4
0.3-1 1 0
512 x 304 124 x 120 224 x 179
3 4 1
200 200 200
3min48s 1mind0s > min 58 s

(every 3 s with 60 repetitions)

T2WI = T2-weighted image; DWI = diffusion-weighted image; DCE = dynamic contrast-enhanced; TR = repetition
time; TE = echo time; FOV = field of view; NA = not applicable.

2.3. Clinical Variable-Based Risk Model Construction

Figure 1 shows the study’s conceptual workflow. First, we built a clinical variable
risk model (denoted as CM) comprising six clinically important variables for post-RP BCR,
namely, the patients” age during RP, preoperative PSA level, ECE, SVI, PSM, and surgical
GS International Society of Urological Pathology (ISUP) grade, to predict the BCR-free
survival using a Cox proportional hazards model. We assigned surgical GS values to the
corresponding ISUP grade to create an ordinal classifier ranging from 1 to 5 instead of
the grade group as follows: grade 1 =GS 3 + 3, grade 2 =GS 3 + 4, grade 3 =GS 4 + 3,
grade4=GS8(4+4,3+5,0r5+3),and grade5=GS9 (4 + 5,5 + 4) or GS 10 [49].

2.4. Tumor ROI Delineation, Radiomics Feature Extraction, Selection, and Risk Model Generation

For each patient, tumor delineation was performed by manually placing the ROI on
T2WI, ADC map, and DCE images, according to the histopathological results (Figure 2).
Tumor ROI was depicted for each patient’s index lesion using a three-dimensional (3-D)
slicer. The lesion with the largest diameter or that demonstrating ECE was considered the
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index lesion. Tumor ROI measurement encompassed the maximum possible lesion extent
in the image with the greatest visibility.

Figure 2. Examples of delineation on mpMRIs: DWI (left), T2 (middle), and DCE (right) sequences.
The red circles denote the tumor ROIs. Images acquired on a Philips 3T Scanner. Scan magnification
scale: x1. The patient’s information: post-RP BCR (+), initial PSA of 13.32 mg/dL, mpMRI: suspicious
ECE (cT3a), surgical pathology findings: GS of 9 (4 + 5), ECE (pT3a), no lymph node involvement
(pNO), PSM. mpMRI = multiparametric magnetic resonance imaging; DWI = diffusion-weighted
image; T = Tesla; DCE = dynamic contrast-enhanced; RP = radical prostatectomy; BCR = biochemical
recurrence; PCa = prostate cancer; GS = Gleason score; ECE = extracapsular extension; PSM = positive
surgical margin.

We extracted radiomics features from the ROIs drawn on the T2WI, ADC, and DCE
sequences of each patient using the open-source software, Python package “Pyradiomics”
(version 3.0.1) [50]. Seventy-two radiomics features were extracted and divided into three
categories: (1) 14 shape-based features, including the ROI's 3D size and shape descrip-
tors; (2) 18 first-order features describing the voxel intensity distribution within the ROI;
(3) 40 textural features, including 24 gray-level co-occurrence matrix and 16 gray-level size
zone matrix features (Figure 1). The radiomics features from the test set of each fold were
z-score-normalized by applying the mean and standard deviation values of the training
set. Details of the training and test set splits are described in Section 2.6. We constructed a
radiomics risk model based on the radiomics features extracted from mpMRI for BCR-free
survival prediction (RM-Multi) (Figure 1). We adopted a Cox model regularized with the
least absolute shrinkage and selection operator (Cox-LASSO) logistic regression analysis
using fivefold cross-validation to select an optimized subset of radiomics features with
nonzero coefficients and reduce overfitting and selection bias while constructing the final
model (Figure 1 and Figure S1). We also constructed a combined risk model by adding
six clinical variables to the RM-Multi model using a similar Cox-LASSO approach to assess
the impact of the clinical parameters (CRM-Multi) (Figure 1).

2.5. DL Procedures and Construction of the Related Risk Models

In this novel study, we developed a deep neural network for predicting post-RP BCR-
free survival following the process outlined in Figures 1 and 3. First, we extracted deep
features by cropping the raw mpMRI images of T2WI, DWI with ADC, and DCE sequences
of each patient into a dataset of 2.5D images as input for the DL model. The axial slice
depicting the largest tumor and two additional axial slices above and below the center slice
were used to sample the tumor characteristics with varying z-dimensions for each MRI
modality. We normalized the intensity for each slice to 0-1. We extracted an image patch of
64 x 64 pixels centered on the tumor centroid from the center slice, since a 64 x 64 patch
size was determined to contain the largest tumor. Two additional 64 x 64 patches were
extracted from the upper and lower slices. The regular neural network of the natural
images procured a three-channel (i.e., red, green, and blue channels) input as default. Our
input consisted of three stacked axial patches, which were matched to the three-channel
input of the natural image (Figures 1 and 3).
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EfficientNet-BO model

Figure 3. Details of the adopted EfficieneNetBO model. The left figure denotes the multimodal
MRI input of three slices. The second section from the left is the frozen layers pretrained from
the ImageNet. The third section from the left is the fine-tuned layers with our local data. The
right figure denotes the procedures to combine deep features and classify the binary BCR status.
DWI = diffusion-weighted image; T = Tesla; DCE = dynamic contrast-enhanced; MRI = magnetic
resonance imaging; BCR = biochemical recurrence.

Thereafter, we constructed a neural network to predict the binary BCR status, not BCR-
free survival. The CNN architecture was characterized by connected nonlinear functions
that learn multiple levels of representations of the input data, thereby yielding millions of
possible features using a raw image [23,25,27,29,31,32,51]. In general, the performance of
the DL models relies on the vast number of sample images because a large dataset allows
improvement of generalizability and performance by training deeper networks [29,31,32,51].
In contrast, a key limitation is the massive number of sample images required to robustly
train a model. EfficientNet, one of the most potent CNN architectures, uses a compound
scaling method to increase the network depth, width, and resolution, while requiring
fewer computational resources than other models [52,53]. Hence, we used an EfficientNet-
B0 network pretrained from the vast ImageNet natural image database as a backbone
network to handle the raw mpMRI input and partially mitigate the sample size issue
of DL. The DL deep features of the intermediate layer were used to build a risk model
(Figures 1 and 3). The first 45 layers were frozen, and the subsequent 158 layers were
fine-tuned using local data, resulting in 320 features for each modality (Figures 1 and 3).
The amalgamation of the three modalities yielded 960 deep features, which were used to
predict the binary BCR status from two fully connected layers (Figures 1 and 3). Second,
the deep features from the intermediate layer contained useful information for predicting
BCR, which could be beneficial for BCR-free survival analysis. Consequently, these deep
features were subjected to Cox-LASSO, yielding a DL deep feature risk model (DLM-Deep
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feature). Collating DL’s deep features with six clinical variables resulted in a combined DL
risk model (CDLM-deep feature) using the previously described approach. Furthermore,
we applied gradient-weighted class activation mapping (Grad-CAM) to interpret the DL
model for BCR prediction, which was consequently applied to the last convolutional layer.

2.6. Statistical Analysis

We performed Student’s t-test and the chi-square or Fisher’s exact test for the nu-
merical and categorical variables, respectively, to compare the clinical characteristics of
the patients with and without BCR. Quantitative variables are presented as the median
(interquartile range [IQR]) or mean (standard deviation [SD]), whereas qualitative variables
are presented as absolute values (percentages). We performed a univariate analysis to
confirm the relevance of each clinical variable for BCR. Furthermore, Kaplan—-Meier (K-M)
curves were utilized to compare the ability of the risk models to assign a high and low risk
of 10-year BCR-free survival using the median risk score as threshold. We used the hazard
ratio (HR) with 95% confidence interval (CI) and log-rank tests to compare the two risk
groups. The C-index measured the rank correlation between the risk score and BCR-free
survival. The C-index value was higher if the time to BCR was shorter in patients at a higher
risk than in patients at lower risk. Lastly, we calculated the integrated time-dependent area
under the curve (iIAUC), a time-wise AUC average for predicting events.

We split our data into two groups, the training and test sets, in a fivefold cross-
validation manner. Thus, our data were split into five parts, where four parts were used for
training, while the remaining part was used for testing. By repeating the procedure for the
five different test sets and retaining the same ratio of BCR to non-BCR cases (1:3) across all
test sets, potential overfitting caused by the relatively small cohort was reduced (Table S1).
We computed the average and SD of HRs with 95% Cls, C-indices, and iAUCs across all
repetitions to obtain the final scores. The performance of each risk model for predicting
post-RP BCR-free survival was compared to the average HRs (95% CI), C-indices, and
iAUCs in a fivefold cross-validation. Two-sided p-values <0.05 were considered statistically
significant. All statistical analyses were performed using Python (version 3.6.8; Python
Software Foundation, Wilmington, DE, USA).

3. Results

Table 2 summarizes the major clinicopathological characteristics of all the patients
(median age, 66 years; mean preoperative PSA level, 7.61 mg/dL). BCR occurred in 110
(25.2%) of the 437 patients following a median BCR-free survival period of 23 months (IQR:
9-52 months) during a median follow-up period of 61 months (IQR: 24-110 months). Signif-
icant differences in the clinicopathological risk factors associated with BCR (preoperative
PSA, ECE, SVI, SM, and pathologic GS ISUP grade; all p < 0.001) were observed between
the BCR and non-BCR groups, which was consistent with previous research [1-4,6,54].

Table 3 summarizes the performances of multiple risk models for BCR-free survival
using fivefold cross-validation in our single-center dataset for both the training and the
test sets. Figure 4 depicts the representative K-M analysis of the five models for the test
sets described in Table 3. The prognostic performance of the clinical variable risk model
(denoted as CM) was validated showing an HR of 5.82 (95% CI: 0.92-10.72, p = 0.0075),
a C-index of 0.81 (95% CI, 0.69-0.92), and an iAUC of 0.85 over five folds in the test set.
In comparison, the radiomics risk model based on the radiomics features extracted from
mpMRI (denoted as RM-Multi) exhibited a numerically inferior predictive performance to
the CM, with an HR of 2.67 (95% CI, 0.20-5.14, p = 0.054), C-index of 0.66 (95% ClI, 0.57-0.76),
and iAUC of 0.68 (Table 3 and Figure 4) in the test set.
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Table 2. Baseline characteristics of the study participants.

Clinical Parameters Full Cohort Non-BCR BCR
(n = 437) (n = 327, 74.8%) (n =110, 25.2%) P
FU duration, months, median (IQR) 61 (24-120) 78 (45-118) 23 (9-52) NA
10-year BCR-free survival, nn (%) 76 (17) 75 (17) 1(0)
Age, years, median (IQR) 66 (62-71) 66 (62-71) 66 (61-71) 0.35
Preoperative PSA, mg/dL, mean £ SD 7.61 4+ 6.45 6.35 1+ 4.14 11.35 £ 9.81 <0.001
Pathologic stage, 1 (%)
<T2 (pT1-pT2) 312 (71) 258 (79) 54 (49)
>T3 (pT3—pT4) 125 (29) 69 (21) 56 (51)
Adverse pathological features, n (%)
Extracellular capsular extension 121 (28) 66 (20) 55 (50) <0.001
Seminal vesicle invasion 27 (6) 52) 22 (20) <0.001
Positive surgical margin 78 (18) 30 (9) 48 (44) <0.001
Pathologic GS ISUP score group, 1 (%) <0.001
<6 (Group 1) 92 (21) 87 (27) 5(5)
3 +4 (Group 2) 232 (53) 183 (56) 49 (45)
4 + 3 (Group 3) 75 (17) 42 (13) 33 (30)
8 (Group 4) 13 (03) 6(2) 5 (6)
>9 (Group 5) 25 (06) 9 (3) 16 (15)
Lymph node involvement, 1 (%)
Yes 3(1) 0(0) 3(3) 0.02
No 83 (19) 48 (15) 35 (32) <0.001
Not determined 351 (80) 279 (85) 72 (65) <0.001
BCR = biochemical recurrence; FU = follow-up; IQR = interquartile range; SD = standard deviation;
PSA = prostate-specific antigen; ECE = extracapsular extension; ISUP = International Society of Urologic Pathology;
NA = not available.
Table 3. Head-to-head comparison between the five risk models for predicting biochemical recurrence-
free survival.
CcM HR (95% CI) P C-Index (95% CI) *iAUC
Train Test Train Test Train Test Train Test
4.57 6.92 0.81 0.85
1-fold [2.98, 7.00] [2.96,16.15] <0.0001 <0.0001 [0.76, 0.85] [0.77,0.93] 086 0-90
5.66 4.76 0.82 0.79
2-fold [3.69, 8.68] [2.04, 11.11] <0.0001 0.0007 [0.77, 0.86] [0.67,0.91] 0.87 0.85
7.28 2.71 0.84 0.72
3-fold [4.74,11.17] [1.16, 6.31] <0.0001 0.0365 [0.80, 0.88] [0.60, 0.84] 0.89 0.74
5.56 5.34 0.82 0.80
4-fold [3.63,851]  [2.23,12.77] <0.0001 0.0004 [0.78, 0.86] [0.70, 0.89] 0.87 0.84
5.35 9.39 0.81 0.87
5-fold [349,821]  [3.91,2255] <0.0001 <0.0001 [0.77,0.85]  [0.80,0.94] 086 092
5.68 £ 0.99 5.82 +2.50 0.82 £0.01 0.81 £ 0.05
Mean + SD [3.74,7.62] [0.93,10.72] 0.0000 +£ 0.0000  0.0075 + 0.0162 [0.80, 0.84] [0.69,0.92] 0.87 £0.01 0.85=£0.06
RM-Multi HR (95% CI) P C-Index(95% CI) *iAUC
1.30 2.26 0.53 0.61
1-fold [0.85, 1.97] [0.97,5.23] 0.2697 0.0918 [0.47, 0.60] [0.49, 0.73] 0.57 0.66
2.36 4.68 0.66 0.73
2-fold [155,3.60]  [2.02,10.84] 0.0001 0.0007 [0.61,0.72] [0.62, 0.84] 0.71 0.73
2.32 1.37 0.67 0.64
3-fold [1.52,3.55] [0.59, 3.18] 0.0001 0.5985 [0.61, 0.72] [0.52, 0.76] 0.71 0.65
0.18 2.98 0.64 0.69
d-fold (153,355]  [1.28,691] 0.0001 0.0202 [058,070]  [0.57,0.80] 068 069
0.06 2.07 0.66 0.64
5-fold [147,340]  [0.89,4.82] 0.0003 01387 [060,072]  [0.55,0.74] 069 067
Mean+sp 2L 26751266001 4 91205 017000500 063 E006 066 L0041, m g6 0.68+0.03

[0.00, 3.42] [0.20, 5.14] [0.52,0.75] [0.57,0.76]
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Table 3. Cont.

CRM-Multi HR (95% CI) p C-Index(95% CI) *{AUC
Train Test Train Test Train Test Train Test
6.05 6.92 0.80 0.85
1-fold [3.93,932]  [2.96,16.15] <0.0001 <0.0001 [0.76, 0.85] [0.77,0.93] 0.86 0.89
6.66 6.08 0.82 0.85
2-fold [4.33,10.285]  [2.62, 14.14] <0.0001 <0.0001 [0.78,086]  [0.76,0.93] 0.87 0.88
5.91 3.8 0.83 0.75
3-fold [3.84,9.10]  [1.41,7.65] <0.0001 0.0113 [079,087]  [0.64,0.86] 0.89 0.78
5.76 497 0.82 0.80
4fold [376,884]  [2.13,11.64] <0.0001 0.0005 [0.78,0.86]  [0.72,0.89] 0.87 0.84
5.99 5.95 0.81 0.89
5-fold [390,920]  [2.53, 13.98] <0.0001 0.0001 [0.76,0.85]  [0.83,0.95] 0.86 0.9
607 +035 544 +1.39 0824001  083+005
MeantsD  pIIERD By 0000000000 00024+00050 R PSS 087001 0874005
DLM- . . .
Deep Feature HR (95% CI) p C-Index (95% CI) iAUC
7.67 6.41 0.89 0.80
1-fold [5.04,11.67]  [2.72,15.13] <0.0001 <0.0001 [0.86,092]  [0.69,0.92] 091 0.83
6.77 252 0.77 0.72
2-fold [3.82,11.99]  [1.09,5.83] <0.0001 0.0527 [073,082]  [0.61,0.83] 0.84 0.74
895 727 0.89 0.83
3-fold [5.88,13.63]  [3.11,16.96] <0.0001 <0.0001 [0.86,091]  [0.73,0.93] 0-91 0.86
472 280 0.75 0.68
4-fold [277,804]  [1.20,6.54] <0.0001 0.0310 [070,081]  [0.58,0.79] 0.83 0.71
319 285 0.71 0.67
5-fold [2.10,486]  [1.23,6.61] <0.0001 0.0256 [0.65,076]  [0.57,0.78] 0.70 0.70
626-231 437 +228 0.80 £ 008 0744006
Mean 8D 0N o sy 0000000000 00219400224 (RO S R TSR 0844000 077006
CDLM- . . .
Deep Feature HR (95% CI) p C-Index(95% CI) iAUC
843 12.95 0.91 1.00
1-fold [5.53,12.84]  [5.45,30.78] <0.0001 <0.0001 [0.89,0.94]  [1.00,1.00] 0.94 1.00
6.02 378 0.82 0.85
2-fold [393,922]  [1.62,882] <0.0001 0.0042 [0.77,0.86]  [0.76,0.93] 0.87 0.9
8.65 7.65 0.92 0.87
3-fold 568, 13.16]  [3.26,17.92] <0.0001 <0.0001 [0.90,095]  [0.78,0.96] 0.95 0.9
6.07 7.08 0.82 0.85
4-fold [3.97,928]  [2.99,16.77] <0.0001 <0.0001 [0.77, 0.86] [0.77,0.92] 0.87 0.89
477 7.13 0.83 0.89
5-fold [3.13,7.27]  [3.03,16.76] <0.0001 <0.0001 [0.79,0.87]  [0.81,0.98] 0.88 0.93
679168  7.72+330 086005  0.89+0.06
Mean 8D 705000 (T 1ate 0000000000 0000800019 iSRRI ERE 0904004 093005

Performance measures are reported as the mean =+ standard deviation (SD) from five measurements of cross-
validation. * iAUC = time-dependent mean AUC; CM = the clinical model; RM-Multi = the radiomics model;
DLM-Deep feature = the deep learning model; CRM-Multi = the clinical + radiomics model; CDLM-Deep feature
= the clinical + deep-learning model.

Grad-CAM interpretation of our DL model confirmed its high degree of attention over
regions close to the primary cancer for predicting the BCR status (Figure 5). Notably, the
DL deep feature risk model (denoted as DLM-Deep feature) exhibited better predictive
performance than the RM-Multi, according to the cross-validation analysis; however, it
fared worse than the CM, exhibiting an HR of 4.37 (95% CI: 0.00-0.83, p = 0.0219), a C-index
of 0.74 (95% C1 0.59-0.88), and iAUC of 0.77 in the test set, indicating that using only mpMRI
imaging features without radiomics or deep features is insufficient for predicting BCR-free
survival. Moreover, the combined risk model collating DL’s deep features with six clinical
variables (denoted as CDLM-deep feature) yielded the best predictive performance for
the 10 year BCR-free survival with an HR of 7.72 (95% CI: 1.24-14.19, p = 0.0008), C-index
of 0.89 (95% CI: 0.77-1.00), and iAUC of 0.93 in the test set; however, the combined risk
model adding six clinical variables to the RM-Multi model (denoted as CRM-Multi) did
not outperform CM alone, with an HR of 5.44 (95% CI: 2.71-8.17, p < 0.001), C-index of 0.83
(95% CI: 0.72-0.93), and iAUC of 0.87 in the test set.
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Figure 4. Kaplan—Meier’s estimates of biochemical recurrence -free survival using the five risk models.
Each plot has a p-value from the log-rank test. CM = the clinical model; RM-Multi = the radiomics
model; DLM-Deep feature = the deep learning model; CRM-Multi = the clinical + radiomics model;
CDLM-Deep feature = the clinical + deep-learning model.

200

0 100

Low High

Figure 5. Deep learning (DL) gradient-weighted class activation mapping (Grad-CAM) examples for
biochemical recurrence (BCR) positive (left) and BCR negative (right) cases. The top row shows axial
slices, and the bottom row shows colored attention maps overlaid in color. Red color denotes high
attention, and blue denotes low attention. Our DL model focused more on the high-attention region
in red compared to the low-attention region in blue to stratify low- and high-risk groups.
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4. Discussion

To date, several clinical predictive tools have been proposed for post-RP BCR predic-
tion [54,55], including preoperative tools, such as the University of California, San Francisco
Cancer of the Prostate Risk Assessment (UCSF-CAPRA) [54]. However, three of the preop-
erative variables defining the CAPRA score (biopsy GS, clinical T stage, and percentage
of positive biopsy scores) could underestimate the true GS and extent of cancer [16,56-66].
More recently, the CAPRA post-surgical (CAPRA-S) score, comprising PSA, surgical GS,
PSM, ECE, SVI, and lymph node involvement (LNI), was introduced [55]. However, for
calculating CAPRA-S, patients with no pelvic lymph node dissection (PLND) are presumed
to have negative LNI [55]. Due to the underutilization of PLND in intermediate- and high-
risk individuals owing to conflicting evidence on the utility of PLND [67,68], excluding
those with unknown LNI status would be challenging for predicting post-RP BCR using
CAPRA-S [69].

The rapid development of deep neural network algorithms has gradually improved
the performance of DL, which exceeds that of radiomics for several tasks [22-27,29-36,51].
Our results confirmed the superior performance of a novel DL algorithm using deep fea-
tures derived from mpMRI over conventional mpMRI-based radiomics approaches. In
a retrospective study analyzing 195 patients with a high risk of PCa recurrence (median
follow-up: 46.3 months), Bourbonne et al. used an MRI T2- and ADC map-derived ra-
diomics model to predict the BCR-free survival following RP [20]. The performance of
their model was lower (HR 6.8) than that of our CDLM-Deep feature model (HR: 7.7) [20].
Similarly, Li et al. adopted the radiomics approach (n = 198, median 35-month follow-up),
which yielded a poorer prognostic performance (C-index: 0.77) than our CDLM-Deep
feature model (C-index: 0.89) [70].

Our DL model included 17 layers of convolution and, thus, could effectively model
a wide spectrum of features starting from fine-grained (found in early layers) to abstract
(found in late layers) features compared to fixed scale features of radiomics. Moreover,
our DL model included nonlinear activation functions in the intermediate layers and,
thus, could model possibly nonlinear interactions among the features. Another possibility
could be that the DL model adopted 320 deep features in the final layer compared to
72 radiomics features per modality, and the additional degree of freedom in the DL model
might have resulted in better handling of the multimodal MRI data. Lastly, our DL model
adopted the pretrained EfficientNetBO network and, thus, required fewer samples than the
standard CNN training approach. Yan et al. adopted a similar approach to ours, using DL
with mpMRI features to develop a deep survival neural network for predicting BCR-free
survival following RP [34]. They retrospectively enrolled 485 patients who underwent RP
between 2010 and 2017 from three institutions [34]. However, the performance of their
deep radiomics signature was worse (C-index: 0.80) than ours (C-index: 0.89), owing to
limitations in their DL approach [34], such as not directly extracting features from raw MR
images but rather using previously extracted radiomics features [34]. Similarly, Hiremath
et al. constructed an integrated nomogram (ClaD) using PSA levels, prostate volume,
lesion volume, prostate imaging reporting and data system score, and DL predictions from
biparametric MRI to identify clinically significant PCa [35]. The ClaD nomogram resulted
in a significant separation in K-M survival curves between the patients with and without
BCR (HR: 5.92, p = 0.044) [35]; however, its performance was inferior to that of our model
owing to the lack of DCE image data and its small sample size (1 = 81).

Moreover, in principle, DL models may not require tumor segmentation if the input of
the model is a full slice [71]. However, in our case, we adopted an image patch centered
on the tumor centroid partly because using the patch requires less memory compared
to using the full slice. Thus, we required tumor centroid information and not the full
tumor segmentation information. Specifying the patch is easier to perform than providing
voxel-level tumor segmentation. Hence, we reduced the expert burden and associated
variability compared to using tumor segmentation in the radiomics models. We sampled
three 64 x 64 image patches that enclosed the primary tumor in three axial slices to apply
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patch-based DL approaches focusing on the tumor ROI Through this approach, we could
easily incorporate the tumor periphery related to the TME (peritumoral region immediately
surrounding the visible tumor related to the tumor-adjacent normal tissues and TME), as
the DL analysis included a rectangular region comprising both the tumor ROI and the
periphery [72]. Similarly, Hiremath et al. explored multiple input configurations of the
DL network, by extracting patches at different scales; each subsequent scale incorporated
additional information from the peritumoral region on biparametric MRI [35]. The addi-
tional information provided by out-of-lesion tissues could have improved the learning of
the DL framework, since mpMRI consistently underestimates the PCa pathological tumor
size/extent when extending substantially beyond the ROI surface [22,73,74]. Furthermore,
peritumoral lesions, forming the TME at the intermediate and preneoplastic states, provide
critical molecular information that could serve to differentiate between aggressive and
indolent tumors [35,72,75,76]. Dynamic cell-to-cell interactions with the tumor, extracellular
matrix, or secreted protumoral factors lead to TME heterogeneity, which plays a key role in
PCa progression, distant metastasis, lethal outcomes, and therapeutic failure [75-77].

The EfficientNet network series demonstrated a high performance with respect to
the efficiency and accuracy of ImageNet tasks [52,78]. Herein, the shortcoming of the
relatively small sample size of the mpMRI input was partially mitigated by adopting the
EfficientNet-BO model [10,78]. The multimodality deep survival network based on Effi-
cientNetB0 and clinical features demonstrated the best performance for predicting post-RP
long-term BCR-free survival. We applied several optimization steps to the learned deep
features to improve the prediction performance, and we combined previously known
important clinical variables related to BCR to achieve complete integration of the available
useful clinical information, concurrent with other studies on BCR-free survival predic-
tion tasks [34,35,79]. Recently, a Korean Prostate Cancer Database registry-based analysis
demonstrated that the PSA levels, surgical GS >8, adverse pathological features [PSM, SVI,
ECE], and adverse laboratory features (detectable PSA levels after 6 weeks) were significant
predictors of BCR-free survival and overall survival (OS) following RP in Korea [6]. On
the basis of these findings, the clinicopathological characteristics, including preoperative
PSA, surgical GS, PSM, ECE, and SVI, rather than the preoperative biopsy finding, were
considered for constructing our prediction model. The combined model CDLM-Deep fea-
ture achieved stronger discriminatory power than any other model (CM, RM, CRM-Multi,
and DLM-Deep feature) as indicated by performance indicators, such as the HR, C-index,
and iAUC. The CDLM-Deep feature model performed better than the DLM-Deep feature
or CM models, providing further evidence that deep features can adjust to domain-specific
data and complementary information beyond clinical variables. This points to further
evidence of deep features adjusting to domain-specific data and providing complementary
information beyond clinical variables. Compared with the traditional predictive tools, our
approach of combining DL deep features with clinical risk factors could facilitate prognos-
tic predictions based on pre-RP mpMR]I, further contributing to precision oncology and
enhanced quality of care following RP in Korean patients with high-risk PCa. Additional
advantages, such as a longer follow-up with larger sample sets compared to previous
radiomics approaches that missed out on recent advances in DL [10,15,17-20,70,80], could
improve the robustness and relevance of our study. Interestingly, the performance of the
CRM-Multi model was comparable (or worse) to that of the CM model while several studies
demonstrated that the clinical-radiomics combined model showed higher performance
than the clinical or radiomics model alone for predicting clinically significant PCa and
BCR-free survival [81,82]. Our contradictory findings suggest that radiomics features were
predetermined; thus, they could not be adjusted to compensate for the possible overlap in
the clinical variables. Further studies are needed to validate the improvement of predictive
accuracy by incorporating additional clinical features to DL based on prostate mpMRI for
post-RP long-term BCR-free prognosis.

Prostate-specific membrane antigen (PSMA) is an oncogenic transmembrane glycopro-
tein overexpressed on PCa cells, and higher degrees of PSMA expression are associated with
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higher aggressive biology associated with PCa progression and recurrence [83,84]. Quanti-
tative PSMA positron emission tomography (PET) analysis has shown high performance in
identifying clinically significant intraprostatic lesions and in providing noninvasive and
objective risk stratification of patients with primary PCa [85-95]. Recent studies regard-
ing radiomics combined with machine learning (ML) and DL applications in PSMA-PET
demonstrate the potential feasibility of PSMA-PET as a novel tool for PCa risk stratification
and characterization of its biological properties [85-88,91,93,96,97]. For example, in the
prospective study by Cysouw and colleagues, ML-based analysis of pre-operative quantita-
tive [®8F[DCFPyL PET metrics could predict LNI and high-risk pathological tumor features
in patients with intermediate- and high-risk primary PCa scheduled for robot-assisted
RP with extended PLND [85]. Furthermore, combining information from mpMRI and
the PSMA-PET might offer complementary information in the diagnosis of intermediate
and high-risk PCa patients, as well as detect tumor recurrence, overcoming the limitation
of a single technique to the analysis of the tumor and TME within the whole prostate
gland [87,91,93,96,97]. For example, a recent study suggested the potential to discriminate
between low- and high-risk PCa and to predict the BCR or the overall patient risk in
primary PCa patients built on [*Ga]Ga-PSMA-11 PET/MRI radiomics and ML equally
compared to preoperative invasive biopsy [91]. Therefore, the added value of ML/DL and
radiomics-based PSMA-PET/mpMRI images in predicting BCR and risk stratification in
patients with newly diagnosed PCa deserves to be further explored.

This study had several limitations. Firstly, single-center mpMRI imaging data per-
formed 14-15 years ago were retrospectively evaluated. Secondly, tumor ROI delineation
was manually performed by one expert. Thirdly, the lack of generalizability of the model
predictions prevented adequate external and prospective validation of our prediction
models. Thus, future research should focus on multicenter, prospective multifaceted stud-
ies combined with multi-omics (e.g., genomics, proteomics, and metabolomics) in large
samples to assist the development of reproducible and interpretable DL risk models.

5. Conclusions

Collectively, the effective integration of deep features from presurgical prostate mpMRI
with clinicopathological parameters was the most powerful prognostic tool for long-term
post-RP BCR-free survival. Thus, our novel DL risk model could facilitate prognostication
based on routine prostate mpMRI, facilitating patient stratification following RP and
individualized postoperative management.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/cancers15133416/s1, Figure S1: Details of the RM-multi model in
terms of selected features over five folds. Table S1: Data distribution of 5-fold cross-validation. Each
fold keeps the ratio of BCR cases (around 75%).
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