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Abstract

Background Biochemical recurrence (BCR) occurs in 20%-40% of men with prostate cancer (PCa) who undergo
radical prostatectomy. Predicting which patients will experience BCR in advance helps in formulating more targeted
prostatectomy procedures. However, current preoperative recurrence prediction mainly relies on the use of the Glea-
son grading system, which omits within-grade morphological patterns and subtle histopathological features, leaving
a significant amount of prognostic potential unexplored.

Methods We collected and selected a total of 1585 prostate biopsy images with tumor regions from 317 patients (5
Whole Slide Images per patient) to develop a deep learning system for predicting BCR of PCa before prostatectomy.
The Inception_v3 neural network was employed to train and test models developed from patch-level images. The
multiple instance learning method was used to extract whole slide image-level features. Finally, patient-level artifi-
cial intelligence models were developed by integrating deep learning -generated pathology features with several
machine learning algorithms.

Results The BCR prediction system demonstrated great performance in the testing cohort (AUC=0.911, 95% Con-
fidence Interval: 0.840-0.982) and showed the potential to produce favorable clinical benefits according to Decision
Curve Analyses. Increasing the number of WSIs for each patient improves the performance of the prediction system.
Additionally, the study explores the correlation between deep learning -generated features and pathological findings,
emphasizing the interpretative potential of artificial intelligence models in pathology.

Conclusions Deep learning system can use biopsy samples to predict the risk of BCR in PCa, thereby formulating
targeted treatment strategies.
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Introduction

According to the Global Cancer Statistics 2020, pros-
tate cancer (PCa) is a common malignancy among men
[1]. A majority of these patients undergo radical pros-
tatectomy, either as their initial treatment choice or
after a period of active surveillance. Prostate-specific
antigen (PSA) is a protein produced by both cancerous
and noncancerous tissue in the prostate. Its concentra-
tion in the blood is used to judge the presence of PCa.
In a successful prostatectomy surgery, PSA concentra-
tion will mostly be undetectable (<0.1 ng/mL) after
2—-6 weeks.

However, in 20%—-40% of these patients, PSA levels will
rise again after surgery, indicating biochemical recur-
rence (BCR) and suggesting the regrowth of PCa cells [2—
4]. BCR is a strong risk factor for subsequent metastases
and mortality. The accurate prediction of patients prone
to experiencing BCR before prostatectomy is crucial for
determining the pre-surgery course of action. For exam-
ple, more aggressive treatment options, such as addi-
tional chemotherapy, radiotherapy, hormone therapy,
immunotherapy and prophylactic extended pelvic lym-
phadenectomy, should be considered for patients with a
high risk of BCR.

Prostate multi-core needle biopsy is the most reliable
diagnostic method for patients suspected of having PCa,
and is also one of the standard procedures before prosta-
tectomy [5]. A systematic review showed that the cancer
detection rate is associated with the number of cores [6,
7]. Histopathological grading of prostate biopsy, along
with digital rectal examination and PSA level, forms the
basis of most preoperative prediction systems used in
clinics [8]. These systems can effectively estimate PCa
progression, but have repeatedly been shown to have
suboptimal prognostic and discriminatory performance,
which is partly due to the subjective and non-specific
nature of the core variables [9, 10]. For instance, Gleason
grading was developed in the 1960s and has suboptimal
interobserver reproducibility even among expert urologic
pathologists [11, 12].

In recent years, whole slide image (WSI), generated
by digitizing glass slide with histology samples, has seen
a rise in popularity. The development of cancer always
involves changes in cellular morphology and the micro-
environment [13], therefore, there is a consensus among
pathologists that WSI contains abundant cancer-related
information [14, 15]. Additionally, deep learning (DL)
based on convolutional neural network (CNN) has dem-
onstrated excellent capabilities to obtain cancer-related
information from WSI [16]. DL has been widely applied
in prostate pathology, including cancer detection [17, 18],
Gleason grading [19], genomic signatures prediction [20,
21], and post-surgery BCR prediction [22-24].
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In this study, we developed a pre-surgery BCR pre-
diction system based on DL and multiple instance
learning (MIL) framework, using prostate multi-core
needle biopsy. The system demonstrated excellent per-
formance on the testing dataset, providing evidence for
the potential contribution of Al in medical diagnosis.

Methods

Data preparation

This study incorporated two independent cohorts of
patients who underwent multi-core needle biopsy diag-
nosis prior to prostatectomy for clinically localized
PCa between January 1, 2018 and December 31, 2020.
All the resources were comprehensively character-
ized, including patients’ clinical and pathological data.
None of the patients had received any preoperative
treatment. All patients were investigated and followed
up for a period ranging from 47 to 83 months until
November 30, 2024. A total of 3092 hematoxylin and
eosin (H&E) stained slides from 342 PCa patients were
scanned by KFBIO PRO400 (Ningbo Konfoong Bioin-
formation Company, Zhejiang, China, 0.25um/pixel at
40 x magnification and 0.50um/pixel at 20 X magnifica-
tion) at a resolution of 20x, sourced from Tianjin Medi-
cal University Cancer Institute and Hospital (TMUCH)
and Tianjin Baodi Hospital (TBH). All patients under-
went 10-16 cores needle biopsy according to the hos-
pital guidelines. Pathologists, blinded to the diagnosis,
reviewed these slide images and selected 5 WSIs for
each patient. The selection criteria required that all 5
WSIs for each patient contain PCa tissue, and the WSIs
with higher Gleason scores were preferentially selected.
Thus, 1585 WSIs from 317 patients were selected
for model training and testing. The digital pathology
slides and clinical information of 254 patients treated
at TMUCH were used as the training cohort, and 63
patients treated at TBH were used as the testing cohort
in this study. This study was approved by the Ethics
Committee of TMUCH (No. Ek2020074) and was con-
ducted in accordance with the 1964 Helsinki Declara-
tion and its subsequent amendments, or comparable
ethical standards. Our Ethics Committees granted a
waiver of informed consent.

The clinical information of patients, including age, PSA
values, primary and secondary Gleason scores, was col-
lected from electronic surgical pathology reports. BCR
was defined as the detection of two consecutive postop-
erative PSA values equal to or higher than 0.2 ng/mL.
Meanwhile, other patients were confirmed to have non-
BCR through telephone follow-up. The baseline data
of patients before the radical prostatectomy period are
shown in Table 1.
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Table 1 Baseline data of the training cohort and testing cohort
Training cohort (TMUCH) Testing cohort (TBH) Total
Recurrence cases No events cases Recurrence cases No events cases
Patients, n 89 165 22 41 317
WSls, n 445 825 110 205 1585
Age, mean (SD) 67.30(£7.18) 68.08(£7.41) 67.91(x£5.80) 67.44(£743) 67.77(£7.25)
PSA (ng/ml), mean (SD) 7.16(£3.40) 3.34(£341) 6.79(+3.56) 3.75(+3.54) 4.70(+3.88)
GS=3+3,n 4 46 1 11 62
GS=3+4,n 2 13 2 4 21
GS=4+3,n 2 4 1 1 8
GS=4+4,n 42 62 13 17 134
GS=4+5,n 22 15 2 4 43
GS=5+4,n 2 5 0 0 7
GS=545,n 15 20 3 4 42
pr2,n 31 119 12 28 190
pT3a,n 33 34 3 11 81
pT3b, n 25 12 7 2 46

SD Standard deviation, GS Gleason scores, pT Pathology tumor stage

Overview of the BCR prediction system

The workflow of the BCR prediction system is shown in
Fig. 1. The system is implemented across three stages,
with each stage mapping to BCR prediction at the patch-
level, WSI-level, and patient-level. In stage 1, cropped
patches from WSIs are input into a pre-trained CNN
model to predict the recurrence probability. Thus, this
stage outputs the patch-level prediction. In stage 2, a
Patch Likelihood Histogram (PALHI) pipeline and a Bag
of Words (BoW) pipeline are used to extract the WSI-
level features of all patches’ prediction probabilities in
each WSI [25]. Meanwhile, the model based on PALHI
and BoW methods can predict the recurrence prob-
ability of each WSI, thus this stage can output the WSI-
level prediction. In stage 3, due to each patient involves
5 WSIs, patient-level features are generated by aggre-
gating WSI-level features of each patient using pooling
operation. These features are then combined with clinical
characteristics and inputted into machine learning (ML)
classifiers to predict patient-level recurrence risk.

Data processing

To address the challenge of handling large-scale digital
images, we implemented a systematic pre-processing
strategy. First, the WSIs were divided into 512x512
patches using a non-overlapping partitioning approach,
strictly maintaining a resolution of 0.5 pum/pixel. Then,
to ensure high-quality data, we removed the background
images according to the pixel threshold and bright
threshold. In addition, we used the Vahadane method to
normalize the color of these patches. During the training

process, we applied data augmentations, including ran-
dom horizontal and vertical flipping, and for the testing
process, we only used color normalization.

Deep learning training

Proposed DL process comprises three levels of predic-
tions: patch-level, WSI-level and patient-level predic-
tions, using CNN and MIL.

For patch-level predictions, we implemented transfer
learning to enhance the model’s generalization across
heterogeneous cohorts. This involved initializing the
model’s parameters with pretrained weights from the
ImageNet dataset. Afterward, we fine-tuned the entire
model using the training cohort dataset (254 samples)
which has been annotated at the patient level, since the
WSI area related to BCR in PCa could not be identified.
Utilizing transfer learning, we evaluated the efficacy of
various DL models, including Inception_v3, ResNet50,
VGG19 and ResNetl8, as shown in Table 2. The Incep-
tion_v3 demonstrated superior performance in terms of
the area under the receiver operating characteristic curve
(AUC) and accuracy, thus becoming the model selected
in this study.

To enhance generalization, in this study, we employed
the cosine decay learning rate algorithm to set the learn-
ing rate. The learning rate is presented as follows:

-5 . 1/, ) T,
e ) (20)
13

N = 0.01, nfnm = 0, T; = 50 represent the maximum
learning rate, the minimum learning rate, and the num-
ber of iteration epochs, respectively. For transfer learning
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Fig. 1 lllustration of the development and usage of the BCR prediction system. Steps 1 and 2, WSIs of the patients were cropped as tile-like
patches. Step 3, a CNN model was trained to output the recurrence probability of each patch. Its parameters, pretrained from the ImageNet dataset,
were fine-tuned using the training cohort dataset (1270 WSIs). Step 4, patches’ prediction probabilities were aggregated by PALHI and BoW pipeline
to output structured data of WSI-level features. Step 5, when the patient had multiple WSIs, the patient-level features were extracted by pooling
corresponding WSI-level features. Step 6, clinical features and patient-level features were input into ML classifiers to predict the recurrence risk

of the patient. Steps 4-6 form the MIL model of this study
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Table 2 Patch-level performances of the BCR prediction system

Model AUC 95%Cl Accuracy Sensitivity Specificity

incep- 0.803 0.8014- 0.732 0.663 0.78

tion_v3 0.8053

resnet50 0.802 0.8002- 0.727 0.685 0.757
0.8041

vgg19 0.789 0.7869- 0.725 0.645 0.779
0.7910

resnet18 0.78 0.7775- 0.708 0.653 0.745
0.7816

Cl confidence interval

algorithms, fine-tuning is essential as the backbone com-
ponent already contains pre-trained parameters. There-
fore, we fine-tuned the backbone component parameters
when T¢yr = %Ti. Furthermore, the learning rate of the
backbone component is defined as follows:

. 1
nbaﬁkhone — 0‘ . . lmer = ETZ
‘ n:nin + %(ninax - rlf—nin) (1 + cos (Tfi:r ﬂ)) T ewr > %Ti

Other hyperparameter configurations are as fol-
lows: Optimizer—SGD, Loss function—SoftMax cross-
entropy, with a batch size of 32.

Multi-instance learning process

After DL training, we used the trained Inception_v3
model to carry out label predictions for all patches and
obtained the corresponding probabilities for each patch.
Afterward, we used the MIL method to aggregate the
probability of all patches for each WSI as the feature vec-
tor of corresponding WSI. The MIL method used in this
study was refined from the commonly used methods in
pathological image analysis [25]. It was composed of the
PALHI pipeline and the BoW pipeline. The PALHI pipe-
line used histogram to represent the distribution of patch
probabilities in the WSI. The distribution of all patch
probabilities in different intervals of the histogram con-
stitutes the feature vector of the corresponding WSI. The
BoW pipeline used TF-IDF variable mapping for each
patch, and these variables constituted a TF-IDF feature
vector to represent corresponding WSI [26]. Term fre-
quency-inverse document frequency (TF-IDF) is a sta-
tistical method commonly used in information retrieval,
combining the term frequency (TF) and the inverse
document frequency (IDF). The TF measures the fre-
quency of each patch’s feature in a single WSI, and the
IDF assigns a weight to the feature based on the rarity of
each feature across the entire WSIs. By multiplying the
TF and IDF values, TF-IDF assigns a higher weight to
patches that are both frequent within a particular WSI
(high TF) and relatively rare across the whole set of WSIs
(high IDF), thus effectively identifying the significance
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of features by quantifying their importance based on
their frequency within and across WSIs. Feature vectors
obtained by PALHI and the BoW pipelines were then
spliced together and used for training classifiers to pre-
dict the label in each WSI.

Through the deployment of PALHI and BoW pipelines,
we integrated the initially scattered patch-level predic-
tions and subsequently obtained WSI-level features,
which were used for subsequent analysis operations,
including t-distributed stochastic neighbor embedding
(t-SNE) features projection and training ML classifiers.

Signature building

After constructing WSI-level features using patch-level
predictions, probability histograms, and TF-IDF fea-
tures in combination, we aggregated them into patient-
level features through pooling operation. Consequently,
final patient representations were formed by integrating
patient-level pathology features with clinical features.

For feature selection, initially, all feature lines were
standardized with the z-score standardization method.
The z-score standardization method is a technique that
transforms data points in a dataset to have a mean of 0
and a standard deviation of 1, and its formula is z = x*T“
where x is the original data point, ¢ is the mean of the
dataset, and o is the standard deviation of the dataset.

Next, Pearson’s rank correlation coefficient was
employed to compute the correlation among features.
When there is a monotonically increasing or monotoni-
cally decreasing relationship between two features, this
coefficient can quantify the closeness of such a relation-
ship. Among the features, if the correlation coefficient
between any two features was greater than 0.9, only one
of these features was retained. Finally, the least abso-
lute shrinkage and selection operator (LASSO) regres-
sion was used for feature selection, since it can shrink
the coefficients of some unimportant features to zero,
thereby achieving the purpose of variable selection and
reducing the risk of model overfitting.

Model evaluation

After signature building, we utilized machine learn-
ing algorithms, including multilayer perceptron (MLP),
logistic regression (LR), support vector machine (SVM)
and Random Forest, to develop classifiers. The MLP
model was a fully connected 3-layer perceptron, com-
prising 128, 64, and 32 hidden nodes, respectively. The
SVM model used the radial basis function kernel func-
tion, while the other parameters were kept as default.
The Random Forest model set the value of n_estimators
to 10. All of these models employed the implementation
of scikit-learn. Scikit-learn is a popular Python library
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and integrates various ML algorithms, allowing users to
directly call these algorithms for different ML tasks [27].

The receiver operating characteristic (ROC) curve
was employed to validate the performance of the Incep-
tion_v3 model in region identification at the patch-level.
Probability heatmaps were used for WSI-level visual
evaluation after the MIL process. For the BCR prediction
model, we employed the AUC value as the performance
metric, along with accuracy, sensitivity and specificity
calculations. Its clinical practicability was evaluated using
decision curve analysis (DCA).

Results

Performance evaluation and visualization

The performance of the BCR prediction system was
evaluated at the patch-level, WSI-level, and patient-
level using ROC curves. In the patch-level prediction,
the AUC for the Inception_v3 architecture was 0.968 for
the training dataset and 0.803 for the testing dataset, as
shown in Fig. 2A. In the WSI-level prediction, all ML
classifiers demonstrated improved performance on the
testing dataset compared to the patch-level prediction, as
shown in the ROC curves, and the RandomForest clas-
sifier achieved a higher AUC value of 0.848, as shown in
Fig. 2B. In the patient-level prediction, these classifiers’
performances were further improved after both average
pooling and maximum pooling feature aggregation, and
the average pooling operation displayed better perfor-
mance, yielding AUC values of 0.908 with MLP and LR
classifiers, as shown in Fig. 2C and D. These results dem-
onstrated the considerable effectiveness of our feature
aggregation approach.

Probability maps were utilized to assess the patch-
level prediction outcomes, as shown in Fig. 3A. It could
be observed that, compared to non-BCR patients, the
WSIs of BCR cases exhibited a greater number of patches
with higher probability values approaching 1. Thus, the
MIL model combining BoW with PALHI method was
utilized in this study. Another reason for choosing the
MIL method is that it does not require manual pixel-level
annotation, which is crucial for building a BCR predic-
tion model, because even experienced pathologists can-
not accurately match the pathological morphology of
H&E slices with BCR. Gradient-weighted Class Activa-
tion Mapping (Grad-CAM) is a technique that creates
maps to display the localization of different classes by
visualizing the gradients entering the final convolutional
layer of a neural network. Figure 3B shows the utilization
of Grad-CAM in displaying the activation of the last con-
volutional layer for BCR prediction evaluation. This visu-
alization highlighted the regions of the input image that
significantly contributed to the prediction, offering valu-
able insights into the model’s decision-making process.
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To comprehend the enhancement in performance at
the patient-level prediction, we employed the t-SNE algo-
rithm. WSI-level features were extracted from patches’
prediction probabilities by PALHI and BoW pipelines,
and their t-SNE projections were shown in Fig. 4A. The
inter-class distance and intra-class distance were calcu-
lated to quantitatively describe the changes in features
from WSI-level to patient-level, as shown in Fig. 4B.
The t-SNE projection of patient-level features which
were aggregated by maximum pooling was shown in
Fig. 4C, and the t-SNE projection of patient-level features
which were aggregated by average pooling was shown
in Fig. 4D. Clear differentiation between BCR and non-
BCR cases was observed in both WSI and patient level
t-SNE projections. It indicated a significant decrease
in the intra-class distance of both BCR and non-BCR
cases after aggregating features with pooling operations
(decrease from 25.94 & 32.84 to 9.47 & 13.26), which cor-
related with higher AUC values at the patient level. In
addition, the inter-class distance of the average pooling
projection was larger than that of the maximum pooling
(35.64 vs. 34.23), which correlated with the higher AUC
value for average pooling. Therefore, the average pooling
operation was employed in our BCR prediction system.

The impact of WSIs quantity on prediction performance
The impact of the number of WSI per patient on the effi-
cacy of models was evaluated and shown in Fig. 4E. For
models utilizing MLP, LR, and SVM classifiers, their
AUC values increased as the number of WSIs per patient
increased, and for all classifiers, the maximum AUC
value was achieved when all WSIs of each patient were
involved in training. To further explain this phenom-
enon, Table 3 listed the AUC, accuracy, sensitivity, and
specificity of these models on the testing cohort. It can
be observed that when selecting one WSI per patient for
training, the MIL model exhibited higher accuracy and
specificity values, and when using multi-WSIs per patient
for training, the MIL model exhibited higher AUC and
sensitivity values. For each patient, it seemed that sev-
eral WSIs contained more crucial information and are
assigned higher weights in the final decision. It also indi-
cated that using all WSIs per patient for training led to
the model achieving the highest AUC and moderate lev-
els of accuracy, sensitivity, and specificity. Therefore, we
concluded that increasing the number of WSIs for each
patient can improve the generalization performance of
the MIL model, and features aggregated from all 5 WSIs
of each patient were used for model training.

The impact of clinical features on prediction performance
The ROC curves of various classifiers trained using
pathology images and clinical features on the testing
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Fig. 2 BCR prediction system efficacy at the patch-level, WSI-level and patient-level. A the patch-level ROC curves in the training and testing
cohorts. Inception_v3 architecture was selected to build patch prediction model. B the WSI-level ROC curves in the testing cohort. C

the patient-level ROC curves in testing cohort. The patient-level features were aggregated by average pooling operation. D the patient-level ROC
curves in the testing cohort. The patient-level features were aggregated by maximum pooling operation

cohort were shown in Fig. 5A. The clinical informa-
tion included patient age, PSA value, primary Gleason
score, and secondary Gleason score. The ROC curves
of classifiers trained by clinical information were
shown in Fig. 5B. It could be observed that, compared
to clinical features, the pathological image features
extracted using CNN and MIL methods could signifi-
cantly enhance the model efficacy. The MLP classifier

trained on combined pathological and clinical features
achieved the highest AUC value in this study, reaching
0.911(95%CI: 0.840-0.982). The corresponding values
of accuracy, sensitivity, specificity and F1-score for var-
ious classifiers were shown in Table 4. For all classifiers
trained by pathological and clinical features, decision
curve analyses demonstrated good clinical benefits, as
shown in Fig. 5C-F.
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Fig. 3 Visualization of BCR prediction results. A H&E slides and probability maps for BCR and non-BCR cases. Color bars show the BCR probability
of each patch. B The utilization of Grad-CAM in displaying the activation of the last convolutional layer for patch-level prediction model

Discussion

PCa is the leading cause of cancer-associated disability
due to the negative effects of over-treatment and under-
treatment, and it is also a major cause of cancer death
in men [28, 29]. Radical prostatectomy is pivotal in the
treatment of PCa, and its procedure directly affects the
prognosis of patients. The BCR of PCa indicates tumor
progression and serves as a crucial basis for formulating
treatment procedures. This study has developed a preop-
erative BCR prediction system for PCa, aiming to provide
valuable reference for guiding the course of radical pros-
tatectomy procedures.

Since it is difficult to annotate regions or patches
related to BCR on pathological slides, we assigned each
WSI a single overarching label, instead of manually anno-
tating each region or patch of a slide, which means the
cropped patches of each WSI shared the label of the
corresponding WSI. The DL models then use WSI-level
annotation information to identify regions of inter-
est or use this to classify the disease state of the slide.
This approach, combing DL and the MIL pipelines, has
demonstrated promising performance in tumor region
identification [30], Gleason scoring [5], tumor purity
prediction [31], and morphological feature segmentation
[32] of PCa. Thus, we constructed a BCR prediction sys-
tem for PCa biopsy tissue based on the DL and the MIL
models, and demonstrated enhanced performance com-
pared to current systems.

Several BCR prediction systems for PCa have been
developed, and most of them are trained using clini-
cal variables, radiological variables [33-43], or macro-
scopic histological variables [44-55] such as Gleason
score, quantitative nuclear grade, and seminal vesical
invasion. With the development of Al, DL models that
can obtain microscopic information and extract high-
dimensional features have shown excellent performance
in many medical tasks. Eminaga et al. [56] and Pinckaers
et al. [22] trained DL models using H&E-stained tissue
microarrays (TMA) to predict BCR. Eminaga et al. con-
structed the DL model using the PlexusNET and grid
search methods, and the AUC on the testing cohort was
0.71 (95% CI: 0.67-0.75). Pinckaers et al. constructed
the DL model based on Resnet50 backbone, and hazard
ratios in univariate and multivariate analyses were 5.78
(95% CI: 2.44-13.72; p<0.005) and 3.02 (95% CI: 1.10-
8.29; p=0.03), respectively. Huang et al. [57] trained a DL
model using WSIs of radical prostatectomy specimens
to predict BCR, and the AUC on the testing cohort was
0.78. Our system trained a DL model based on the Incep-
tionV3 backbone using WSIs of preoperative biopsy tis-
sue, and its AUC value at WSI level in the testing cohort
was observed to reach 0.848 (95% CI: 0.802—0.894).

MIL is able to improve the performance of DL mod-
els [58, 59]. MIL is a machine learning paradigm where
training data is grouped into bags, and the labels of the
bags are determined by the labels of their instances.
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Table 3 The performance of models trained with varying numbers of WSIs per patient

Models Number of WSls AUC Accuracy Sensitivity Specificity

(mean, SEM) (mean, SEM) (mean, SEM) (mean, SEM)

MLP
1 0.842(x0.021) 0.800(x0.009) 0.718(x£0.049) 0.844(x£0.031)
2 0.848(+0.010) 0.787(£0.011) 0.777(£0.038) 0.793(+0.032)
3 0.860(x0.005) 0.784(x0.009) 0.837(x£0.030) 0.756(x£0.025)
4 0.870(£0.006) 0.775(£0.008) 0.855(+0.027) 0.732(+0.026)
5 0.908 0.857 0.636 0.976

LR
1 0.8186(+£0.028) 0.822(+0.009) 0.6998(+0.060) 0.8878(+0.036)
2 0.8571(x0.014) 0.814(x0.006) 0.7773(x0.032) 0.8341(x0.021)
3 0.8789(x0.008) 0.811(£0.009) 0.8319(+0.030) 0.8001(+0.025)
4 0.8914(+0.008) 0.794(£0.009) 0.8818(+0.027) 0.7462(+0.026)
5 0.908 0.81 0.818 0.805

SVM
1 0.842(£0.015) 0.816(+0.015) 0.709(x0.045) 0.873(+£0.041)
2 0.869(+0.008) 0.802(£0.010) 0.800(+0.035) 0.802(£0.030)
3 0.880(+0.007) 0.797(x£0.011) 0.759(£0.029) 0.817(£0.029)
4 0.885(x£0.007) 0.797(x0.018) 0.773(x0.056) 0.810(x0.057)
5 0.892 0.81 0.773 0.829

Random Forest
1 0.836(+0.024) 0.794(+0.021) 0.673(£0.033) 0.859(+0.034)
2 0.814(£0.012) 0.732(£0.015) 0.773(£0.032) 0.710(£0.032)
3 0.813(+0.013) 0.740(x0.009) 0.741(x0.039) 0.739(x0.025)
4 0.819(£0.017) 0.749(£0.023) 0.736(x£0.049) 0.756(£0.051)
5 0.876 0.778 0.864 0.732

SEM Standard error of the mean

Although MIL is widely adopted in computer vision,
its utilization in prostate histology images remains
scarce. The main premise of most weakly-supervised
methods for histological analysis requires pooling the
features from WSI patches, under the MIL framework
[31]. In this study, we combined MIL with histogram
methods to extract prediction probabilities features
of all patches in each WSI as the WSI-level features,
and then, we aggregated the WSI-level features to
obtain the patient-level features using pooling opera-
tions. Each step here improved the performance of
the system. Through t-SNE dimensionality reduction,
we found that the reason why the AUC value after the
average pooling operation was higher than after the
maximum pooling operation was that average pooling
generated larger inter-class distances. This could be
because the average pooling method better represents
the overall trend of BCR in patients, hence exhibiting
superior performance.

The pathology diagnosis of PCa needle biopsy is the
gold standard for confirming PCa before radical prosta-
tectomy. Increasing the core number of prostate biopsies

can enhance the cancer detection rate, and related stud-
ies have suggested an optimal number of 10—12 cores [60,
61]. In this study, experienced pathologists excluded WSI
without cancerous regions and then selected five WSIs
for each patient. We examined the impact of the number
of WSIs on BCR prediction and observed that increasing
the number of WSIs improved the overall performance of
the model, a trend also reported in other literatures [62,
63]. Further research revealed that this was because the
features of individual WSIs for each patient exhibited
higher weights in the model, suggesting that these WSIs
contained information more closely related to the pos-
sibility of recurrence. The phenomenon of several high-
weight WSIs did not become diluted with the increase in
the number of WSIs in our system. Therefore, we believe
that increasing the number of WSIs for each patient can
improve the generalization performance of BCR predic-
tion models for PCa.

We performed visualization of high-risk BCR areas in
prostate biopsy tissue slides, and found DL features were
significantly correlated with pathological findings, indicat-
ing the interpretability of DL models based on WSI. Using
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the Grad-CAM-based images, we observed that in the
tumor region, the sieve arrangement area and suspicious
vascular gap infiltration area indicated a higher likelihood
of BCR, consistent with the current consensus [64—67].
Areas of neural invasion, necrosis, and sharp-angle glandu-
lar areas also indicated a higher likelihood of BCR. In the
non-tumor areas, gland morphologies differed in non-can-
cer regions between patients who experienced recurrence
and those who did not. Recent studies based on prostate
digital pathology have reported similar findings [68, 69].

It should be clarified that the proposed system
refrained from using the tumor-stage (T-stage) informa-
tion as system parameters in view of the following con-
siderations, notwithstanding the fact that it had been
collected beforehand. Foremost, we employed clinical
indices that could be obtained before radical prostatec-
tomy as system parameters so that the proposed system
could predict the BCR risk immediately after obtaining
either preoperative biopsy WSI or postoperative WSIL.
However, in many cases, the pathology tumor stage (pT-
stage) is reported after radical prostatectomy has been

completed. Secondly, we preferred to select the clinical
variables that could be automatically obtained or gen-
erated as the system inputs, such as the Gleason score
which can be provided by the PAIGE Prostate Al prod-
uct after scanning the H&E-stained slides. However, the
T-stage information still relies on surgeons’ provision,
which restricts the system’s independent diagnostic capa-
bility. Furthermore, we also attempted to construct a
system with T-stage information but it failed to improve
the performance (Supplementary Table 1). Initially, the
clinical tumor stage (cT-stage) was collected, but the pre-
ponderance of cases presented with a T2 stage, rendering
it statistically inconsequential. Subsequently, the more
accurate pT-stage was used, but it was excluded during
feature selection process, which was carried out using
Pearson’s correlation coefficient and LASSO (Supple-
mentary Fig. 1). Therefore, after weighing the improve-
ment of system efficacy brought by the T-stage (cT and
pT) information against the costs that the system has to
bear, we did not include the T stage as a system input
parameter.
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Table 4 The performance of the system combining pathological
and clinical features

Model Group Accuracy AUC Sensitivity Specificity
MLP

Pathology +Clin-  0.825 0911 0.773 0.854

ics

Pathology 0.857 0.908 0.636 0.976

Clinics 0.714 0.722 0.636 0.756
LR

Pathology+Clin-  0.873 0.909 0.636 1

ics

Pathology 0.81 0908 0818 0.805

Clinics 0.714 0.724 0.636 0.756
SVM

Pathology +Clin- 081 088 0.773 0.829

ics

Pathology 0.81 0892 0773 0.829

Clinics 0.746 0.749 0.591 0.829
RandomForest

Pathology +Clin-  0.73 0.88  0.909 0.634

ics

Pathology 0.778 0876 0.864 0.732

Clinics 0.683 072 0636 0.707

However, this research has limitations. All patients
selected for this research had at least five biopsy cores
containing PCa tissue, which introduced selection bias
in patient inclusion. In addition, this research collected
a retrospective cohort, and the prospective design would
strengthen the findings of the study.

Conclusions

In summary, this study developed a DL system using
digital pathology slides from prostate multi-core nee-
dle biopsies to predict PCa recurrence before radical
prostatectomy. Due to the uncertainty in obtaining can-
cer tissue in biopsies, the proposed system can accept
any number of WSIs as input. However, it should be
noted that the system’s performance tends to decline
when the number of inputs WSIs decreases. The pre-
dictive result can provide valuable reference for guiding
radical prostatectomy procedures, such as considering
more aggressive treatment approaches or hormone and
immune therapy for high-risk patients. The system has
demonstrated satisfactory performance in the testing
cohort and the potential to produce favorable clinical
benefits.
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MIL Multiple instance learning
ML Machine learning
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BoW Bag of words
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