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Abstract

Rationale and objectives: Prostate MRI improves detection of clinically significant prostate 

cancer; however, its diagnostic performance has wide variation. Artificial intelligence (AI) has the 

potential to assist radiologists in the detection and classification of prostatic lesions. Herein, we 

aimed to develop and test a cascaded deep learning detection and classification system trained on 

biparametric prostate MRI using PI-RADS for assisting radiologists during prostate MRI read out.

Materials and Methods: T2-weighted, diffusion-weighted (ADC maps, high b value DWI) 

MRI scans obtained at 3 Tesla from two institutions (n = 1043 in-house and n = 347 Prostate-X, 

respectively) acquired between 2015 to 2019 were used for model training, validation, testing. 

All scans were retrospectively reevaluated by one radiologist. Suspicious lesions were contoured 

and assigned a PI-RADS category. A 3D U-Net-based deep neural network was used to train an 

algorithm for automated detection and segmentation of prostate MRI lesions. Two 3D residual 

neural network were used for a 4-class classification task to predict PI-RADS categories 2 to 5 and 

BPH. Training and validation used 89% (n = 1290 scans) of the data using 5 fold cross-validation, 

the remaining 11% (n = 150 scans) were used for independent testing. Algorithm performance 

at lesion level was assessed using sensitivities, positive predictive values (PPV), false discovery 

rates (FDR), classification accuracy, Dice similarity coefficient (DSC). Additional analysis was 

conducted to compare AI algorithm's lesion detection performance with targeted biopsy results.

Results: Median age was 66 years (IQR = 60-71), PSA 6.7 ng/ml (IQR = 4.7-9.9) from in-house 

cohort. In the independent test set, algorithm correctly detected 111 of 198 lesions leading to 

56.1% (49.3%-62.6%) sensitivity. PPV was 62.7% (95% CI 54.7%-70.7%) with FDR of 37.3% 

(95% CI 29.3%-45.3%). Of 79 true positive lesions, 82.3% were tumor positive at targeted biopsy, 

whereas of 57 false negative lesions, 50.9% were benign at targeted biopsy. Median DSC for 

lesion segmentation was 0.359. Overall PI-RADS classification accuracy was 30.8% (95% CI 

24.6%-37.8%).
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Conclusion: Our cascaded U-Net, residual network architecture can detect, classify cancer 

suspicious lesions at prostate MRI with good detection, reasonable classification performance 

metrics.
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INTRODUCTION

Prostate cancer is the most common cancer type and second leading cause of cancer-related 

deaths among men in the United States (1). Thus, its detection is a major public health 

concern and a matter of debate for several decades. Lack of specificity in prostate specific 

antigen (PSA) serum testing has led to a significant increase in unnecessary prostate 

biopsies and resultant major public criticism of prostate cancer screening. Multiparametric 

magnetic resonance imaging (mpMRI) of the prostate enables the visualization of prostate 

cancer lesions and targeted biopsies (2,3). This approach improves the detection of 

clinically significant prostate cancer and reduces the upgrading rate of radical prostatectomy 

specimens with better risk assessment prior to therapy (4,5). However, unlike serum 

biomarkers which can be measured objectively with full automation, medical imaging 

needs to be analyzed by human readers with varying expertise resulting in significant 

inter-reader variability. This is especially the case in mpMRI of the prostate due to the 

complexity of its technique. To overcome these challenges, expert-consensus-based Prostate 

Imaging-Reporting and Data System (PI-RADS) guidelines which aim to standardize 

patient preparation, scanning technique and interpretation have been released (6,7). Lesions 

detected on mpMRI are assigned an assessment category on a 5-tier scale based on 

their likelihood of being clinically significant prostate cancer. Nevertheless, even with 

more standardized approaches, inter-reader variability in the detection and classification 

of prostate lesions continued to be significant (8).

Recent advancements in deep learning (DL) have led to impressive results in many different 

research domains. This was enabled by major developments in DL algorithm theory, as well 

as increased availability of large datasets and better hardware for training efficiency. DL can 

achieve or even surpass human performance level for many different tasks (9). However, 

DL applications in medicine struggle to follow this trend due to inherent limitations in 

well-annotated and diverse data availability. Nevertheless, several studies have been lately 

published demonstrating the efficiency of DL in medical imaging even in small single-center 

patient cohorts (9,10). In 2019, a novel DL-based model was proposed for the classification 

of prostate lesions on mpMRI (11). However, that work included a relatively small sample 

size from one institution which can be a significant limitation for DL-based AI approaches. 

In this study we aimed to develop a fully automated AI algorithm for assisting radiologists 

during prostate MRI read out during prostate lesion detection, segmentation and PI-RADS 

classification steps based on cascaded DL Networks, which were trained using a large 

multi-institutional dataset of mpMRI scans with expert-derived annotations for prostate 

segmentation, prostate lesion segmentation and PI-RADS category labelling; and to test its 

performance metrics in an independent test set.
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MATERIALS AND METHODS

Patient Population

The dataset of this retrospective study comprises patient cohorts from two different 

institutions. Patient selection for the final dataset is demonstrated in Figure 1.

PROSTATEx 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 with repeated scans) (12,13). All scans were performed 

at the Radboud University Medical Center in Nijmegen, The Netherlands where patients 

underwent T2-weighted, proton density-weighted, dynamic contrast enhanced (DCE) and 

diffusion weighted 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 in plane 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/mm2), and ADC maps and 

b = 1400 DWI were calculated by the scanner software. For use in this study, all scans 

from training and testing cohorts were independently evaluated for lesion segmentation and 

PI-RADS classification. Biopsy outcomes were not provided to the radiologist at the time of 

interpretation.

NCI MRI Dataset—This dataset comprises of 1043 scans from patients who underwent 

mpMRI at our institution for clinical assessment of suspicion for or previously confirmed 

localized prostate cancer. Patients were scanned between January 2015 and September 2019. 

This includes patients accrued 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/or patients 

either diagnosed at our institution or referred to us for surgical treatment of intermediate or 

high risk prostate cancer (NCT02594202) and signed an informed consent form. For patients 

undergoing radical prostatectomy, these patients’ outcomes and correlation to preoperative 

mpMRI and MRI-targeted biopsies were recently published in a major publication (4). For 

patients with positive findings on MRI (i.e. detection of PIRADSv2 lesions score 2-5), 

these data were recently reported in a study evaluating automated classification of PIRADS 

categorization (14). Importantly, this dataset additionally included patients who did not 

demonstrate any lesions to prevent selection bias towards prostate cancer patients and more 

aggressive disease states. mpMRI scans at NCI, 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) and an endorectal coil (BPX-30, Medrad, Pittsburgh, 

Pennsylvania) inflated with perfluorocarbon (3mol/l Fluorinert) to a volume of 45 ml in 

472 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 (2000 s/mm2 for scans with endorectal coil, 1500 s/mm2 
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for scans without endorectal coil). In 571 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.

MRI Evaluation and Lesion Annotation

All MRI scans were evaluated by a single genitourinary radiologist (BT) with over 14 

years of experience and reading over 1500 mpMRI exams per year. Suspicious areas 

were manually outlined using an in-house segmentation software on T2W series, with 

visual correlation to diffusion-weighted series for lesion volume determination (15). The 

resulting contours were saved in MIPAV VOI (volume of interest) format and assigned 

a corresponding PI-RADSv2 category. 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 in equivalent spatial resolution as T2W imaging.

AI Algorithm Development

In all of our experiments, only T2-weighted images, high b-value DWI and ADC maps 

were used for training, validation and testing of the deep neural networks. Briefly, the 

final algorithm consists of three separate models (Supplemental Figure 1): lesion detection/

segmentation, Benign Prostatic Hyperplasia (BPH) nodules filter/removal, and PIRADSv2 

classification. The lesion segmentation algorithm was trained for binary segmentation of 

any lesion PIRADSv2 scores 2-5 from radiologist interpretation. The architecture is a 

3D neural network (Supplemental Figure 2) and follows a similar architecture to 3D U-

Net (convolutional encoder-decoder), which guarantees the input and output to share the 

same 3D shape (16). The subsequent classification algorithms (BPH filter and PIRADSv2 

classification) are both based on a 3D deep residual network. Full details of algorithm design 

and image processing are presented in Supplementary Material.

We pseudo-randomly collected 150 patient cases from the data pool as the hold-out test set. 

In order to prepare the framework for the clinical study, the patient distribution of the test set 

matches the real population among a large group of patients in terms of PI-RADS category. 

The remaining 1390 patient cases were used for 5 fold cross validation.

Comparison to Pathology Outcome

For the test set, an additional analysis was conducted to compare AI algorithm’s lesion 

detection and PI-RADS classification vs. pathology. The ground truth for this analysis 

was based on TRUS/MRI fusion guided biopsies which was performed by a urologist 

(PAP) and interventional radiologist (BJW) (both with >15 years of experience in 

performing TRUS/MRI fusion guided biopsies using a commercial platform [UroNav, 

Philips, Gainesville, FL, USA]).

Statistical Analysis

The detection performance was measured at the patient level and lesion level. We computed 

the instance numbers of true positive (TP), false positive (FP), and false negative (FN) 
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at the lesion-level compared to radiologist ground truth to evaluate sensitivity, positive 

predictive value (PPV), and false discovery rate (FDR). Additionally, lesion-based detection 

performance was characterized using the Free-Response Operating Characteristic (FROC) 

curve. Here we considered a prediction as true positive when it has any overlapping area 

with ground truth labels. Given the use of radiologist-based ground truth, true negatives 

cannot be evaluated at the lesion-level. The segmentation accuracy was measured with the 

Dice similarity coefficient score. At the patient-level, a true negative is defined as a PIRADS 

1 scan correctly predicted as containing no lesions. Therefore, specificity was additionally 

calculated at the patient-level.

For the classification algorithm, accuracy in PIRADSv2 scoring was calculated compared to 

radiologist ground truth. For all regions of interest (ROI) detected, the classification model 

was used to predict the PI-RADS category of each ROI and compared to radiologist ground 

truth.

Results were reported separately for validation and testing datasets. Performance metrics 

in the validation sets were reported as median values across 5 fold cross-validation sets. 

Performance metrics in the hold-out test set 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.

RESULTS

Study Population and Data Split

Overall, 1390 patient scans were included in this study. The dataset was randomly 

subdivided into a training and validation set (n = 1240, 89%) and an independent test set (n 
= 150, 11%). Patient demographics after data split for all datasets created at our institution 

are summarized in Table 1.

Validation Set Prostate Lesion Detection Performance

Detection performance metrics for the baseline algorithm on the lesion level are summarized 

in Table 2 for all five folds. The mean lesion level sensitivity was 65.5% (range 

61.5%-70%), mean positive predictive value was 46.7% (range 42.4%-50.9%) and mean 

false discovery rate was 53.3% (range 49.1%-57.6%). Patient level statistics are presented 

in Supplemental Table 2, where mean sensitivity was 97.8% (range 95.3%-99.3%) and 

specificity was 2.5% (range 0%-12.5%).

Detection performance metrics for the BPH filter enhanced algorithm on the lesion level 

are summarized in Table 2 for all five folds. FROC curves for all five folds are shown in 

Figure 2. The mean lesion level sensitivity was 61% (range 57.7%-65.9%), mean positive 

predictive value was 54.7% (range 48.9%-58.6%) and mean false discovery rate was 59.4% 

(range 51.1%-65.9%). The mean patient level sensitivity was 96.1% (range 97.1%-98.1%) 

and mean specificity was 10% (range 0%-25%) (Supplemental Table 2).
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Test Set Lesion Detection Performance

Detection performance metrics for the baseline and BPH filter enhanced algorithm in the test 

set are summarized in Table 3. FROC curve for the BPH filter enhanced test set detection is 

shown in Figure 3.

The baseline algorithm demonstrated a sensitivity of 61.1% (95% CI 54.6%-67.5%), a 

positive predictive value of 44.8% (95% CI 38.4%-51.4%) and a false discovery rate of 

55.2% (95% CI 48.6%-61.6%). This corresponds to a mean of 0.99 false positive lesions per 

patient.

The BPH filter enhanced algorithm demonstrated a sensitivity of 56.1% (95% CI 

49.3%-62.6%), a positive predictive value of 62.7% (95% CI 54.7%-70.7%) and a false 

discovery rate of 37.3% (95% CI 29.3%-45.3%). This corresponds to a mean of 0.44 false 

positive lesions per patient.

Sample visual results for algorithm prediction and visualization are shown in Figures 4-6.

Lesion-Based Segmentation Congruence

Mean Dice similarity coefficient scores of lesion detection algorithm for the validation set 

after 5 fold cross-validation had a mean Dice similarity coefficient score of 0.385 (range 

0.347-0.141) in the validation set and 0.359 in the test set (Supplemental Table 3).

PI-RADS Category Classification Performance

Validation Set—In the validation set, overall classification accuracy for correct PI-RADS 

category classification was 60.3% (135/224). The confusion matrix for ground truth lesion 

PI-RADS category vs. algorithm PI-RADS category prediction is shown in Supplemental 

Table 4. Correct classification among PI-RADS categories was distributed as follows: PI-

RADS category 2 0% (0/21), PI-RADS category 3 66.7% (46/69), PI-RADS category 4 

76.1% (67/88), PI-RADS category 5 47.8% (22/46).

Test Set—The confusion matrix for PI-RADS category predictions in the test set is shown 

in Supplemental Table 5. Overall classification accuracy for correct PI-RADS category 

classification was 30.8% (61/198, 95% CI 24.6%-37.8%). Correct classification among 

PI-RADS categories was distributed as follows: PI-RADS category 2 0% (0/23), PI-RADS 

category 3 66.7% (26/39), PI-RADS category 4 14.6% (14/96), PI-RADS category 5 52.5% 

(21/40).

Cascaded Algorithm Performance

Combined detection and classification performance for the cascaded algorithm (detection, 

BPH filtering, classification) are summarized in Table 4. The majority of false positive 

lesions were classified as PI-RADS categories 3 and 4. The majority of false negative 

lesions were PI-RADS categories 2,3 and 4. Among the correctly detected lesions, correct 

classifications were 0% (0/7) for PI-RADS category 2, 58.3% (7/12) for PI-RADS category 

3, 66.1% (39/59) for PI-RADS category 4, 58.3% (21/36) for PI-RADS category 5. Overall 

classification accuracy was 57.7%.
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Correlation with Pathology Results

Of the 198 lesions in the test set, 136 had targeted biopsy outcomes (n = 43 benign, n = 

19 Gleason Grade [GG] 1, n = 42 GG2, n = 18 GG3, n = 7 GG4, n = 1 GG5). Of 79 true 

positive lesions, 82.3 were tumor positive at targeted biopsy, whereas of 57 false negative 

lesions, 50.9% were benign at targeted biopsy. Cancer detection rate could not be assessed 

since this was a retrospective study, false positive lesions’ pathology validation could not be 

done with targeted biopsy.

DISCUSSION

In this work, we sought to develop a DL-based AI system for biparametric MRI which 

comprises of cascaded algorithms detection and classification algorithms, simulating the 

workflow of a human radiologist during the reading process. The algorithm is based on a 

3D U-Net and trained to detect and segment cancer-suspicious lesions within the prostate 

based on expert reader annotations. Following detection, a four-class 3D Residual Network 

was trained to assign a PI-RADS category to detected regions. Initial experiments resulted 

in a high number of false positive detections corresponding to BPH nodules. Therefore, we 

trained a fourth algorithm for BPH classification to reduce false-positive lesion detections. 

This algorithm was inserted between the lesion detector and classifier. With this approach, 

the FDR decreased 17.9% for lesion detection task in the independent test set with only 5% 

penalty in detection sensitivity. Majority of false negative lesions were categories 2, 3 and 4 

while only 10% (4/40) of PI-RADS 5 lesions were missed.

There was moderate classification accuracy at 30.8% in the test set with highest agreement 

in categories 3 and 5. Similar to the detection results, this is mostly attributed to the fact that 

PI-RADS 5 lesions are by definition large and well demarcated and therefore easier to detect 

and classify for computer algorithms. Overall, 4 class classifications tasks are inherently 

more challenging than binary tasks. Furthermore, the categorical PI-RADS system is based 

on mainly subjective image features which limit reproducibility. This is reflected in the 

modest inter-reader agreement which is well established in current literature (17,18). We 

therefore believe PI-RADS category prediction with all its challenges in the human world 

may not a suitable task for DL based algorithms. Retrospective analysis of biopsy outcomes 

in the test set, when available, demonstrated majority of cancer positive lesions in this 

dataset were detected by the algorithm. Future work will focus on modifying this algorithm 

for automatic detection of prostate cancer lesions based on gold standard histopathology. If 

accomplished, this system will be able to automatedly detect suspicious lesions and assign 

a risk category based on prediction probability. This will ensure similar benefits as the 

PI-RADS system with the advantage of being independent of subjective criteria and reader 

dependence.

Direct comparison of performance metrics between other published algorithms are difficult 

and often invalid due to differences in methodology, performance metrics and most 

importantly patient populations. Several prior works explored the use of DL based AI 

systems for prostate lesion detection and classification on mpMRI. Schelb et al. used a 

similar approach to develop a model for prostate lesion detection on mpMRI (11). Similar 

to this work a U-Net architecture was used but with a two-dimensional instead of three-
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dimensional structure. Annotations were derived from 312 men for training and testing 

from a single institution. Detection accuracy was similar between the U-Net and radiologist 

lesion detections for PI-RADS thresholds ≥ 3 and ≥ 4. Congruency of lesions was good 

with a mean Dice similarity coefficient score 0.359 for detected prostate lesions. However, 

ground truth true positivity was defined by any overlap of prediction masks with a prostate 

sextant containing clinically significant prostate cancer confirmed on biopsy which makes 

direct comparison to our study difficult. Our model was trained to detect and classify 

PI-RADS prostate lesions rather than biopsy-confirmed prostate cancer. Arif et al. trained a 

model based on U-Net architecture with 292 patients with low-risk prostate cancer eligible 

for active surveillance (19). The model was trained to detect prostate cancer lesions of 

ISUP grade ≥ 2 confirmed by targeted biopsy on multi-parametric prostate MRI including 

T2-weighted imaging, DWI and ADC maps. True positive lesions were defined if prediction 

masks and ground truth masks were overlapping > 0.01 cc. Sensitivity ranged from 82% to 

92%, Specificity from 43% to 76% and AUC 0.65 to 0.89 depending on lesion sizes. The 

model showed the best performance on lesions > 0.5 cc. Prostate lesion congruency data was 

not reported in this publication. In another study, Sanford et al. developed a classification 

model for PI-RADS lesions based on a two-dimensional ResNet-50 architecture (14). 

They achieved 58% classification accuracy with 80% agreement on PI-RADS category 5 

lesions. However, lesion had to be detected first by a radiologist before classification could 

be performed by the algorithm instead of an end-to-end solution for both intraprostatic 

lesion detection and classification. The main strengths of our model are its diverse 

multi-institutional patient population, use of biparametric MRI, a three-dimensional neural 

network architecture and its large data size.

This study has three limitations. First, we did not train our model based on gold standard 

labels, which would be histopathologically proven prostate cancers. The focus of this 

project was to develop an assistance tool for radiologists during prostate MRI read-out 

via replicating an expert radiologist’s diagnostic prostate MRI reads but not an AI model 

to predict histopathology outcomes. Second, annotations were made by a single highly 

experienced genitourinary radiologist. Ideally, annotations should be made by multiple 

readers based on consensus. However, our institutional infrastructure in this field does 

not permit this and although this may seem like a limitation, a prostate MRI read out 

assisting AI model trained on a highly focused can be advantageous for consistent radiology 

evaluations. Third, DCE imaging was not incorporated into the model due to inconsistent 

image acquisition in our study population. While DCE is not a primary sequence used in 

PIRADSv2 assessment, it is used for further discrimination between PIRADSv2 category 

3 and category 4 lesions in the peripheral zone. Therefore, it is possible underperformance 

in the classification task of the model was due to lack of enhancement-related information. 

Finally, true value and applicability of an algorithm needs to be tested in a prospective 

and comparative study against human performance to determine its practical value when 

implemented in a clinical scenario.

In conclusion, we developed an end-to-end DL based AI approach which includes a 

three-dimensional prediction model with promising detection and moderate PI-RADS 

classification performance for prostate lesions on biparametric MRI. This system can be 

used as an adjunct tool for radiologists during the reading process. Future work will include 
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prostate cancer tissue prediction, testing on external data and prospective testing with human 

interaction.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig 1. 
Study flowchart for dataset creation for training, validation and testing of our algorithms. 

MRI, Magnetic Resonance Imaging.
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Fig 2. 
FROC curves for detection performance with BPH filter in all five folds in the validation set.
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Fig 3. 
FROC curves for detection performance with BPH filter in the test set.
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Fig 4. 
Ground truth masks and segmentation predictions in a test set patient. Green contours 

represent ground truth lesions and red contours are model predictions. Patient is a 66 

year-old man with a PSA of 7.88 ng/ml and prostate volume of 42 ml and first-time 

multiparametric prostate MRI. The patient was scanned at 3T using an endorectal coil. 

Two distinct lesions were detected by the radiologist representing the ground truth. Lesion 

1 was 0.9 cm in the right apical-mid peripheral zone and assigned PI-RADS category 4. 

Lesion 2 was 0.9 cm and in the left apical-mid peripheral zone and assigned PI-RADS 

category 4. Both lesions were correctly detected by the cascaded algorithm representing true 

positive lesions. (a) Original T2 weighted imaging, (b) Original Apparent Diffusion Map, 

(c) Original high b-value, (d) T2 weighted imaging with ground truth contours overlaid, (e) 

Apparent Diffusion Map with ground truth contours overlaid, (f) High b-value with ground 

truth contours overlaid, (g) T2 weighted imaging with prediction contours overlaid, (h) 

Apparent Diffusion Map with prediction contours overlaid, (i) High b-value with prediction 

contours overlaid.
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Fig 5. 
Segmentation prediction in a test set patient without associated ground truth mask. Red 

contours are model predictions. 71 year-old man with PSA of 6.56 ng/ml and prostate 

volume 51 ml. The patient was scanned at 3T using without an endorectal coil. No distinct 

lesions were detected representing a negative MRI (PI-RADS category 1). One false positive 

lesion was called by the cascaded algorithm in the right mid transition zone. The false 

positive lesion was reevaluated and defined as a BPH nodule. (a) Original T2 weighted 

imaging, (b) Original Apparent Diffusion Map, (c) Original high b-value, (d) T2 weighted 

imaging with prediction contours overlaid, (e) Apparent Diffusion Map with prediction 

contours overlaid, (f) High b-value with prediction contours overlaid.
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Fig 6. 
Ground truth masks and segmentation predictions in a test set patient. Green contours 

represent ground truth lesions and red contours are model predictions. 70 year-old man with 

PSA of 8.71 ng/ml and prostate volume of 63.6 ml and first-time multiparametric prostate 

MRI. The patient was scanned at 3T using an endorectal coil. Two distinct lesions were 

detected by the radiologist representing the ground truth. Lesion 1 was 1.8 cm in the midline 

to right apical anterior transition zone and assigned PI-RADS category 5. The second lesion 

was 1.6 cm in the left mid peripheral zone and assigned PI-RADS category 4. Lesion 1 

was correctly detected while lesion 2 was missed by the cascaded algorithm representing 

a false negative. (a) Original T2 weighted imaging, (b) Original Apparent Diffusion Map, 

(c) Original high b-value, (d) T2 weighted imaging with ground truth contours overlaid, (e) 

Apparent Diffusion Map with ground truth contours overlaid, (f) High b-value with ground 

truth contours overlaid, (g) T2 weighted imaging with prediction contours overlaid, (h) 

Apparent Diffusion Map with prediction contours overlaid, (i) High b-value with prediction 

contours overlaid.
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