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Abstract

Purpose—To present fully automated DL-based prostate cancer detection system for prostate
MRI.

Methods—MRI scans from two institutions, were used for algorithm training, validation, testing.
MRI-visible lesions were contoured by an experienced radiologist. All lesions were biopsied using
MRI-TRUS-guidance. Lesions masks, histopatho-logical results were used as ground truth labels
to train UNet, AH-Net architectures for prostate cancer lesion detection, segmentation. Algorithm
was trained to detect any prostate cancer = ISUP1. Detection sensitivity, positive predictive values,
mean number of false positive lesions per patient were used as performance metrics.
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Results—525 patients were included for training, validation, testing of the algorithm. Dataset
was split into training (7= 368, 70%), validation (7= 79, 15%), test (n= 78, 15%) cohorts.

Dice coefficients in training, validation sets were 0.403, 0.307, respectively, for AHNet model
compared to 0.372, 0.287, respectively, for UNet model. In validation set, detection sensitivity was
70.9%, PPV was 35.5%, mean number of false positive lesions/patient was 1.41 (range 0—6) for
UNet model compared to 74.4% detection sensitivity, 47.8% PPV, mean number of false positive
lesions/patient was 0.87 (range 0-5) for AHNet model. In test set, detection sensitivity for UNet
was 72.8% compared to 63.0% for AHNet, mean number of false positive lesions/patient was 1.90
(range 0-7), 1.40 (range 0-6) in UNet, AHNet models, respectively.

Conclusion—We developed a DL-based Al approach which predicts prostate cancer lesions at
biparametric MRI with reason-able performance metrics. While false positive lesion calls remain
as a challenge of Al-assisted detection algorithms, this system can be utilized as an adjunct tool by
radiologists.
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Introduction

Since the introduction of population-based screening in the early 1990’s, prostate cancer
has been diagnosed by systematic biopsy prompted by an elevated serum prostate specific
antigen (PSA) level or abnormal digital rectal exam [1]. Wide use of screening has led to

a significant shift from metastatic to localized disease at the time of the initial diagnosis

and a decrease in disease-specific mortality [2]. This has been attributed to early detection
and treatment of localized prostate cancer. However, due to the screening-related increase
in disease incidence, the morbidity and toxicity of prostate cancer related treatment has
raised concerns of overdiagnosis and overtreatment. The serum PSA level is organ-specific
but not necessarily cancer-specific and can be elevated for a variety of reasons such as
benign prostatic hyperplasia or prostatitis [3, 4]. Furthermore, transrectal ultrasound (TRUS)
was only used to guide the biopsy needle into predefined systematic templated locations
within the prostate rather than to detect and sample prostate cancer suspicious lesions [5].
The combination of different anatomic and functional magnetic resonance imaging (MRI)
sequences has led to the development of multiparametric MRI, which has been proven

to be capable of detecting and visualizing prostate cancer lesions [6]. However, like all
imaging techniques, its diagnostic performance is highly dependent on radiologist training
and expertise. Thus, an international panel of experts proposed the Prostate Imaging-
Reporting and Data System (PI-RADS) in 2011 to achieve more standardization in image
evaluation and reporting. PI-RADS has been widely accepted as the standard in prostate
multiparametric MRI [7]. Nevertheless, recent data still suggests significant disparities in
detection and classification performance especially among readers with different experience
[8]. Many factors have been discussed but a major contributor to this performance mismatch
is human subjectivity. The PI-RADS guidelines are based on qualitative criteria which
cannot be objectively verified.
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Machine Learning (ML) solutions can assist human beings in solving everyday problems
due to their ability to process large amount of data much faster than human beings are
naturally capable of. Deep Learning (DL) is a subbranch of ML and Atrtificial Intelligence
(Al) which uses Deep Neural Networks for many different applications. Due to recent
advancements in algorithm theory, computer processor technology and the abundance of
big data, DL has undergone significant progress over the last decade and has become a
significant part in social media, image processing, self-driving cars, industrial robotics,
security, medicine and many other fields of everyday life [9]. Recent literature evidence
also suggests that prostate MRI can benefit from DL-based Al approaches for intraprostatic
lesion detection and classification tasks [10-12]. However, majority of current literature is
limited in terms of data size and diversity for their training and testing populations [13].

In this work, we aim to present a new fully automated DL-based prostate cancer detection
system for prostate MRI using a large-scale, diverse expert-annotated training dataset.

Material and methods

Study population

This retrospective study includes 525 patients from two different institutions who underwent
multiparametric prostate MRI and subsequent MRI-targeted prostate biopsy for clinical
suspicion of prostate cancer. Imaging protocols and biopsy technique differed among the
centers.

PROSTATEX open source dataset

This dataset is publicly available and was used for an international contest between
November 2016 and January 2017 and consists of 347 exams of 344 patients (three patients
had repeated exams). From this population 145 patients underwent MRI-targeted biopsy [14,
15]. These patients were included in this study for model training (7= 109), validation (n=
18) and testing (7= 18). All exams were performed at the Radboud University Medical
Center in Nijmegen, The Netherlands where patients underwent T2-weighted, proton
density-weighted, dynamic contrast enhanced and diffusion-weighted MR imaging using
the 3 Tesla MAGNETOM Trio and Skyra scanner systems (Siemens Healthineers, Erlangen,
Germany) without the use of an endorectal coil (Supplement Table 1). T2-weighted images
were obtained using a turbo spin echo sequence and had a resolution of 0.5 mm inplane
and a slice thickness of 3.6 mm. The DWI series were obtained with a single-shot echo
planar imaging sequence with a resolution of 2 mm in-plane and 3.6 mm slice thickness
and with diffusion-encoding gradients in three directions. Three b-values were acquired
(50, 400, and 800 s/mm?2), and ADC maps and b = 1400 DWI were calculated by the
scanner software. MRI-guided biopsies were performed by medical experts with multiple
years of experience in MRI-guided prostate biopsies. At the start of the biopsy procedure

a T2-weighted volume and an ADC map were acquired. After lesions have been identified,
a needle guide was inserted transrectally. Consecutive sagittal and transversal MRIs were
made during repositioning of the needle guide to confirm the correct position. Once the
correct position has been reached a biopsy needle was inserted and a biopsy core was
obtained. To verify the biopsy location, sagittal and transversal images were made with
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the needle in situ. Subsequently, biopsies were histopathologically processed, inspected and
graded by an experienced uropathologist with 17 years of experience in prostate pathology.

Institutional prostate MRI and biopsy dataset

For this dataset, patients were scanned between January 2015 and September 2019. This
consecutive cohort includes patients recruited as part of one or more IRB approved
protocols, including radiologic profiling of prostate cancer (Clinical Trials.gov Identifier:
NCT03354416), patients undergoing MRI-fusion-guided prostate biopsy (NCT00102544),
and patients undergoing surgical treatment for intermediate or high-risk prostate cancer
(NCT02594202). All these patients signed informed consent for these clinical trials, and
they were a part of a larger patient population whose MRI-targeted biopsy outcomes were
published in a major publication [6]. This dataset additionally included patients who did
not have any visible lesions on MRI with subsequent cancer negative 12-core TRUS guided
systematic biopsies to avoid selection bias towards prostate cancer and more aggressive
disease. After application of these inclusion and exclusion criteria a total of 380 patients
were included in this study for model training (77 = 259), validation (n = 61) and testing (7=
60).

Multiparametric MRI exams at the National Cancer Institute (NCI), National Institutes

of Health (NIH) were performed using a 3 Tesla magnet (Achieva 3.0-T-TX, Philips
Healthcare, Best, the Netherlands) with a 16-channel surface coil (SENSE, Philips
Healthcare, Best, the Netherlands) and an endorectal coil (BPX-30, MEDRAD, Pittsburgh,
Pennsylvania) inflated with perfluorocarbon (3 mol/l Fluorinert) to a volume of 45 ml in
235 patients. T2-weighted turbo spin echo acquisition sequences were obtained in the axial,
sagittal, and coronal planes. Diffusion-weighted imaging was obtained for production of
apparent diffusion coefficient (ADC) maps using a monoexponential decay model and a
separate high b-value sequence (2000s/mm? for scans with endorectal coil, 1500 s/mm?
for scans without endorectal coil). In 145 patients where an endorectal coil was not used,
a 32-channel cardiac coil (SENSE, InVivo, Gainesville, Florida) was used instead. MRI
acquisition parameters are summarized in Supplemental Table 1. Patients with lesions
identified on MRI underwent a targeted biopsy performed by a highly trained urologist
(PAP) and an interventional radiologist (BJW) with > 15 years of experience in MRI-
targeted prostate biopsy [16]. Patients also underwent a standard systematic biopsy in

the same session. The standard biopsy was typically 12 cores collected in an extended
sextant template of biopsies from the lateral and medial aspects of the base, mid, and
apical prostate on both sides. Using the UroNav® MRI/ultrasound fusion device (InVivo,
Gainesville, Florida) the targeted biopsies were performed with the previously identified
MRI lesions superimposed using the T2-weighted sequence on the real-time TRUS images.
Each lesion was sampled both in axial and sagittal planes by an end-fire TRUS probe
(Philips, Healthcare, Best, the Netherlands).

MRI evaluation and lesion annotation

All MRI exams were evaluated by a single genitourinary radiologist (BT) with over 15
years of experience and reading over 1500 multiparametric MRI exams per year. Suspicious
areas were manually outlined using an in-house segmentation software on T2-weighted
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series, with visual correlation to diffusion-weighted series for lesion volume determination
[17]. Histopathological reports of MRI-targeted biopsies were reviewed, and the highest
ISUP (International Society of Urological Pathology) grade group was assigned as the
outcome label for every lesion [18]. All in-house biopsy specimens were read by a dedicated
genitourinary pathologist (MJM) with > 15 years of experience. For scans from the Prostate-
X cohort, targeted biopsy outcomes were available as a point location. Any point location
within 5 mm of a radiologist-identified region was considered a correlate. All contours were
then saved in MIPAV VOI (volume of interest) format. For all subsequent image processing,
analysis, and training, all DICOM images were converted to NIfTI format, maintaining
original spatial resolution. Diffusion-weighted series (ADC and high b-value) were then
resampled to spatial resolution of T2W imaging. Contours were converted to NIfTI format
as binary masks, where value of 0 includes both background or suspicious lesions with
negative biopsy result and value of 1 represents any lesion with cancer-positive findings. The
masks were saved in equivalent spatial resolution as T2-weighted imaging. DCE MRI pulse
sequence was not used for lesion annotation and Al model development due to significant
mismatches between image acquisition parameters of the open source and institutional
datasets.

Al algorithm development

We adopted a 3D UNet model [19] and an AH-Net model [20] independently for experiment
benchmark. Both models are popular neural network architectures for 3D medical image
segmentation. In the experiment, the problem is formulated as volume-to-volume mapping
(2-channel foreground/background segmentation output from 3-channel multiparametric
MRI input). To further reduce the problem complexity, we resampled all input MRI and
label volumes towards uniform spacing/resolution 0.5 mm x 0.5 mm x 3.0 mm. Resampling
imaging volumes is via linear interpolation, and resampling label volumes is based on
nearest neighbor interpolation. The MRI input is pre-processed using Z-score standard
normalization independently.

During the conventional model training, the input of the network are 3-channel patches
(T2, ADC map, High-b map) with size 160 x 160 x 32, randomly cropped from imaging
volumes. The optimization objective is the combination of soft dice loss [21] and cross-
entropy loss. The model is trained for total 5,000 epochs using Adam optimizer [22],
and the learning rate of optimizer is 0.0005. The overall batch size is 32 (8 per GPU).
Necessary data augmentation techniques (e.g., random intensity shift, random flipping,
random zooming, random Gaussian noise, random Gaussian smoothing) are used for
training. The validation accuracy is measured with the Dice’s score after sliding-window
inference with window size is 160 x 160 x 32. Then the trained model with the best
validation accuracy is selected for final validation and testing. Our proposed approach is
implemented with NVIDIA Clara Train SDK [23] and experimented on four NVIDIA V100
GPUs with 16 GB memory.

Statistical analysis

The detection performance was measured at the lesion level and patient level. The lesion
level, calculation of true positive (TP), false positive (FP), and false negative (FN) was
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compared to targeted biopsy outcomes to evaluate sensitivity and positive predictive value
(PPV). A TP is defined as any overlap with radiologist-defined ROI that was associated with
positive biopsy outcome. A FP is defined as any prediction outside of radiologists defined
ROIs or a positive prediction within a radiologist-defined ROI that was associated with a
negative (benign) biopsy outcome. Given the lack of surgical correlation, true negatives
cannot be evaluated at the lesion-level. At the patient level, the segmentation accuracy was
measured with the Dice similarity coefficient score. Detection performance metrics were
calculated based on the patient’s overall cancer status from biopsy. A True Negative is

a patient with an overall negative (benign) biopsy result and no predicted Al areas. The
number of false positives per patient were tabulated for reporting.

Results were reported separately for validation and testing datasets. Performance metrics
were calculated from the entire set, where 95% confidence intervals (CI) were estimated
from 2000 bootstrap samples by random sampling on the patient-level to account for intra-
and inter-lesion correlations.

Study population and data split

A total of 525 patients were included for training, validation and testing of the model.

The dataset was split into a training cohort (17= 368, 70%), a validation cohort (n7=

79, 15%) and a test cohort (7= 78, 15%). The patient demographics after data split for
patients from our institution are shown in Table 1. Histopathology on the patient-level

based on ISUP grade groups is summarized in Table 2. A total of 844 contoured lesions

with histopathological confirmation were included for training, validation and testing of the
models. Lesion histopathology based on ISUP grades after data split for the complete dataset
are summarized in Table 3.

Patient-level cancer detection performance

The detection performance of both trained models in the validation and testing sets based
on ISUP grade groups is summarized in Table 4. Overall patient level cancer detection
sensitivity was similar between the two models, with 92.2% and 95.3% Sensitivity for UNet
and AHNet models, respectively. However, AHNet demonstrated a superior specificity of
26.7% compared to 6.7% in UNet. A similar result was observed in the testing set, with
93.3% and 91.7% sensitivity and 22.2% and 5.6% specificity values for AHNet and UNet,
respectively.

Lesion-level cancer detection performance

The Dice Similarity Coefficient (DSC) in the training and validation sets were 0.403 and
0.307, respectively, for the AHNet model compared to 0.372 and 0.287, respectively, for
the UNet model. Cases with highest DSC and representative case from those with lowest
Dice scores in the testing set are shown in Figs. 1 and 2, respectively. Overall lesion-based
detection performance is summarized in Table 5. In the validation set, overall detection
sensitivity was 70.9%, PPV was 35.5% and the mean number of false positive lesions per
patient was 1.41 (range 0 — 6) for the UNet model compared to 74.4% detection sensitivity,
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47.8% PPV, and mean number of false positive lesions per patient was 0.87 (0-5) for the
AHNet model. Performance analysis in the test set demonstrated an increased false positive
rate in both models, increasing to mean 1.90 (range 0-7) and mean 1.40 (range 0-6) false
positive lesions per patient in UNet and AHNet models, respectively (Table 5). An example
prediction demonstrating false positive is shown in Fig. 3. Detection sensitivity in the testing
set remained similar to validation set for UNet (72.8%) compared to a decrease for the
AHNet model (63.0%).

Analysis of false positive lesions

Several false positive lesions in each model cohort were found to correspond to radiologist-
detected lesions with a benign result (7= 52 in validation set, 7= 49 in testing set; Table 3).
For the UNet model, 16/111 false positives in the validation set and 21/148 false positives in
the validation set corresponded to radiologist-detected cancer suspicious but tumor negative
areas. For the AHNet model, 12/70 false positives in the validation set and 19/109 false
positives in the testing set corresponded to radiologist-detected cancer suspicious but tumor
negative regions. The prospectively assigned PIRADSV2 score during clinical assessment
(i.e., prior to targeted biopsy) for these benign results are shown in Fig. 4. Relatively, a
higher proportion of PIRADSv2 3-5 lesions were detected by Al compared to PIRADSv2
1-2 lesions. Remaining false positive lesions in all cohorts did not correspond to areas
suspicious for cancer by PIRADSV? criteria.

Discussion

In this work, we present the outcomes of a DL-based cascaded fully automated detection
model for prostate cancer on biparametric MRI using two different architectures. The model
was trained by imaging and histopathology information from two different centers, one in
the USA and one in The Netherlands. The systems can automatically detect prostate cancer
lesions at biparametric MRI and demonstrated a detection sensitivity ranging 63.0-72.8% in
an independent test set from both centers. This came at the cost of an average of 1.4-1.9
false positive lesions per patient. False positive lesion calls still remain a major challenge
for fully automated detection algorithms, on average approximately 15% of false positives
correspond to prospectively identified regions by a radiologist but were negative on targeted
biopsy. Nevertheless, although not ripe for use as a fully automated system, we believe

the model will be helpful for prostate multiparametric MRI readers as an assistive tool
during the reading process. Studies have shown that ML-based models tend to improve the
detection performance in prostate MRI reading for prostate cancer. This has been shown to
be most pronounced in less experienced readers while highly experienced readers seem to
benefit less from Machine Learning-based assistance [24].

This DL-based model demonstrates a higher detection sensitivity compared to classical
Machine Learning feature-based algorithms. However, direct comparison of performance
metrics are not plausible and relevant. Ideally, model performance should be compared to
the gold standard in the same patient population. The gold standard for automated systems
is human performance. Therefore, the next step in the evaluation of this model will be
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a prospective comparative study of human readers of different experience backgrounds
comparing the detection performance of radiologists with and without model assistance.

There has been a rise of DL technology in many domains including medicine over the last
past years and is replacing traditional Machine Learning techniques. In medicine, DL-based
applications have demonstrated super-human performance for several clinical applications
[25, 26]. Therefore, DL-based prediction models have become a matter of intensive research
recently. Saha et al. from the Radboud Medical university in Nijmegen, The Netherlands
recently published an article presenting the outcomes of a DL-based detection model using
a Deep attention mechanism combined with a false positive lesion filter [27]. They used

a large dataset of 1950 patient scans from their institution for training the model which

was tested on 486 patient scans from their own institution and 296 patient scans from a
separate center in the same country using the same MRI vendor and model. Lesions were
biopsied using MRI-guided biopsy technique and prostate cancer histopathology > Gleason
3 + 3 were defined as clinically significant. Based on these criteria, 1092 and 97 prostate
cancer lesions were included in the study. They reported sensitivity of 92.29% with a mean
number of 1.69 false positive lesions per patient in the institutional test set and a sensitivity
of 84.6% with a mean number 2.22 false positive lesions per patient in the external test set.
Furthermore, model performance was compared to a consensus of radiologists from different
backgrounds. Radiologists achieved 90.72% detection sensitivity with a mean number of 0.3
false positive lesions per patient demonstrating the main challenge for Machine Learning-
based algorithms remain as false positive lesion calls. The main strength of this work is the
large dataset, the application of a false positive lesion filter and direct comparison to human
performance. However, this comparison was done retrospectively and as mentioned earlier
prospective comparative studies are needed to evaluate the additional value of a prediction
model as an assistant tool. Our model demonstrated a slightly lower detection sensitivity per
lesion level with similar false positive rates. As we highlighted earlier direct comparisons
are inherently flawed, but we believe the lower detection sensitivity might be related to
lesion selection. Our study used a more conservative approach utilizing all cancer-positive
lesions as ground truth annotations including ISUP grade group 1 lesions. It is well-known
that low-grade prostate cancer is less visible on multiparametric MRI for human readers and
machines alike. Furthermore, the smaller dataset may have additionally contributed to lower
detection sensitivity.

Mehta et al. developed a model for patient-level prediction of clinically significant prostate
cancer using publicly available imaging datasets [28]. Overall, 215 patients from the
PICTURE dataset and 282 patients from the PROSTATEXx dataset were used for model
training and testing. The model was designed as a patient-level classification algorithm for
clinically significant prostate cancer defined as ISUP grade group > 1. Seven 3D ResNets
were trained, and forward feature selection was used to train a support vector machine
(SVM). Furthermore, clinical features were also used for training another SVM. Both SVMs
were then combined to produce the final patient classification probability. The model was
trained on 170 and tested in 40 patient scans. Patient-level sensitivity ranged from 75 to
95% and specificity from 35 to 55% depending on the threshold. Direct comparison to

our model is limited by significant differences in methodology. Our model was trained

as a detection system for histopathologically confirmed prostate cancer lesions rather than
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patient-based prostate cancer classification. However, our patient level sensitivity result for
cancer detection (80%) is similar to reported results by Mehta et al. The main strengths of
our study are the diversity of patients and imaging data which is rooted on the multi-center
nature of the study and the application of DL technology which has proven to be very
powerful especially with the availability of large representative imaging data.

This study has five major limitations. First, as mentioned is the “in silico” rather than “in
vivo” nature of the study. There was only one highly experienced genitourinary radiologist
involved in image reevaluation and annotation which is due to the institutional structure

of our center and although this may seem like a limitation, a prostate cancer detection Al
model trained on a highly focused radiologist can be advantageous for consistent radiology
evaluations. Second, although two different centers with different radiologists, pathologists
and MRI scanners were involved, institution-based overfitting can only be ruled out by
including more data and model testing on data from different centers and MRI scanners
around the world. Third, our histopathology verification is based on targeted biopsies but not
surgical specimens, which did not enable us to formally study specificity of our Al model.
However, we are aware of that fact that including surgical cases only would have artificially
boosted our performance metrics since surgical patients have higher risk prostate cancers,
where Al may not be needed as much compared to pre-biopsy use. Fourth, our Al model
was developed using biparametric MRI but not multiparametric MRI. DCE MRI was not
incorporated into the model due to inconsistent image acquisition in our study population.
Considering the increasing role of biparametric MRI in prostate imaging, the approach we
took with Al can be more advantageous for biparametric MRI users. Fifth, our Al model
was not tested in an interaction with a radiologist in a real life read out scenario, which we
plan to conduct prospectively as a near future research goal.

In conclusion, we developed a DL-based Al approach which predicts prostate cancer lesions
at biparametric MRI1 with reasonable performance metrics. This system can be utilized as an
adjunct tool for radiologists during the reading process.
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High b-value

Radiologist

S

Fig. 1.

68?year-old male with serum PSA 10.57 ng/ml who underwent targeted biopsy of MR
findings, revealing Gleason 3 + 3 in right midline peripheral zone lesion and Gleason 4

+ 4 in left anterior transition zone lesion. Both UNet and AHNet produced true positive
segmentation in left anterior transition zone lesion and false negative result in region of right
midline peripheral zone lesion. In addition to biopsy positive lesions, AHNet produced 1
false positive and overall Dice score of 0.80922. UNet overall Dice score was 0.72229
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High b-value

Radiologist - . o pe—— AHNet

Fig. 2.

57?year-old male with serum PSA 6.68 ng/ml who underwent targeted biopsy of MR
findings, revealing Gleason 3 + 3 in all targeted cores (/7= 3 lesions, 2 shown in this

figure). UNet results demonstrated false negative on the patient-level (Dice = 0, n= 3 False
Negative lesions), while AHNet underestimated the volume of disease (Dice = 0.0385, n=1
True Positive lesion, 7= 2 False Negative lesions)
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High b-value

Fig. 3.
55-year-old male with serum PSA 10.97 ng/ml who underwent targeted biopsy of MR

findings, revealing Gleason 3 + 4 in one lesion located in left anterior transition zone,
which was targeted at biopsy. UNet results demonstrated true positive detection with 1 false
positive penalty (DSC = 0.2057). AHNet produced 1 true positive detection with 3 false
positive penalty lesions (DSC = 0.4776)
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