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Abstract
Background

Accurate identi�cation of pelvic lymph node metastasis (PLNM) in patients with prostate cancer (PCa) is
crucial for determining appropriate treatment options. However, there is no clear consensus on the
integration of clinicopathological and imaging �ndings available to predict PLNM. Therefore, we built a
Prostate Cancer Risk (PRISK) tool using an arti�cial intelligence-based multimodality-integration to obtain
a precisely informed decision about whether to perform extended pelvic lymph node dissection (ePLND).

Methods

PRISK provides a novel precise risk assessment tool to reduce unnecessary ePLNDs while controlling
PLNM missing rate. It was developed in 280 patients and veri�ed in 71 patients internally and in 50
patients externally by integrating a set of radiologists’ interpretations, clinicopathological factors and
newly re�ned imaging indicators from MR images with radiomics machine learning and deep learning
algorithms. Its clinical applicability was compared with Briganti and Memorial Sloan Kettering Cancer
Center (MSKCC) nomograms.

Results

PRISK yielded the best diagnostic performance with areas under the receiver operating characteristic
curve (AUC) of 0.932 (95% CI, 0.895-0.958), 0.924 (95% CI, 0.837-0.974) and 0.758 (95% CI, 0.616-0.868)
in the training/validation, internal test and external test cohorts. If the No. of ePLNDs missed for risk
assessment is controlled at < 2%, PRISK can provide both higher No. of ePLNDs spared (PRISK 59.6% vs
MSKCC 44.9% vs Briganti 37.7%) and lower No. of false-positives (PRISK 59.3% vs MSKCC 70.1% and
Briganti 72.7%) as compared with MSKCC and Briganti score. In follow-up, patients strati�ed by PRISK
showed signi�cantly different biochemical recurrence rate after surgery.

Conclusions

PRISK offers a noninvasive clinical biomarker to predict PLNM for patients with PCa. It shows improved
accuracy of diagnosis support and reduced overtreatment burdens for patients with �ndings suggested
of PCa.

Background
Prostate cancer (PCa) is one of the most common malignancies and the second leading cause of cancer-
related mortality in western men 1. The presence of pelvic lymph node metastasis (PLNM), with the
incidence of up to 15% in a patient with newly diagnosed PCa, is an important prognostic factor,
indicating great risk for biochemical recurrence and distant metastases after curative treatment 2, 3.
Therefore, accurate pretreatment identi�cation of PLNM in patients with PCa would have a signi�cant
impact on clinical decision making, the planning of treatments and prediction of outcomes for patients 4.
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Pelvic lymph node dissection (PLND) or extended PLND (ePLND) is generally recommended for high-risk
PCa patients who are undergoing radical prostatectomy (RP) 4. However, there is no ideal preoperative
tool available to select candidates for PLND or ePLND due to unsatisfying sensitivity and application
limitation 5. In the last few decades, risk assessment tools such as Briganti score, Memorial Sloan
Kettering Cancer Center (MSKCC) nomogram and Partin tables were proposed for the prediction of PLNM
6-8, while showing moderate predictive accuracy on internal and external validations 9-12. Multiparametric
magnetic resonance imaging (mpMRI) has been widely used to preoperatively characterize PCa and
determine the tumor and nodal stage 13. Lymph node over 8 mm in short-axis dimension on T2-weighted
imaging (T2WI) and high signal intensity on diffusion weighted imaging (DWI) is generally recognized as
suspicious for malignancy. However, the performance of mpMRI for direct interpretation of PLNM is
relatively poor, with a sensitivity of less than 60% 14. Moreover, interpretation of mpMRI requires the
expertise of experienced radiologists; accordingly, there is inconsistency across readers of varying
experience. Recently, measurable imaging parameters such as tumor size, apparent diffusion coe�cient
(ADC), dynamic contrast-enhanced-derived Ktrans, and imaging-based staging of PCa have been
regarded as promising predictors of PLNM 15, 16. An ideal risk assessment tool by integrating clinical and
imaging information would consistently improve the predictive performance for PLNM, but this is lacking.
Several studies had attempted to develop models for the prediction of PLNM from imaging �ndings and
demographic factors 17-19. Others have carried out on the application of arti�cial intelligence (AI) such as
machine learning or deep learning methods, yielding higher accuracy than the Briganti and MSKCC
nomograms 20. Transforming full imaging �ndings, especially these high-dimensional machine-learning
radiomics features and/or deep learning-generative features, into a clinically interpretable signature is a
potential alternative for improved prognostic and predictive accuracy in patients with localized PCa.
However, there are challenges associated for such analyses. First, there are multi-modalities data
generated in different clinical work�ows and procedures; a clinical tool should leverage the integration
and interactions of multi-modal features for risk-strati�cation analysis. Second, in the analysis of high-
resolution imaging data, machine learning or deep learning has shown promising performance, but
requires more precisely guided modeling and confronts small-sample learning problems. Third, for large-
scale multi-modality data, the traditional analyzing has to do with its limitation in dealing with these high-
dimensional data. As every algorithm has their strengths and weaknesses; there is no single learning
algorithm that works best for every problem.

To �ll this gap, we described a Prostate Cancer Risk Calculator (PRISK) for PLNM assessment and to aid
in PLND decision in PCa patients. PRISK incorporates a set of demographic/clinical factors and imaging
indicators extracted by in-depth AI-based analysis. Our hypothesis is that the
demographic/clinical factors combined with AI-based imaging biomarkers might provide better prediction
and strati�cation of PLNM. Our study included 401 patients with PCa from two medical centers,
consisting of 280 data sets for PRISK model development, and an independent set of 71 patients for
internal test and 50 patients for external test. The �ndings of current study showed that our PRISK can
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identify subtle patterns accurately. It generates a more optimized risk score for the decision to PLND in
surgical candidates.

Methods
Ethical information and Study cohort

This study was retrospective and approved by the local Institutional Review and need for written informed
consent was waived. All included of consecutive patients who underwent prostate mpMRI at two tertiary
care medical centers were reviewed. All procedures performed in studies involving human participants
were in accordance with the 1964 Helsinki declaration and its later amendments. A total of 351
consecutive patients between Jan 2012 and Jun 2019 from the First A�liated Hospital of Nanjing
Medical University (NUH) and 50 PCa patients between January 2017 and December 2019 from the First
A�liated Hospital of Soochow University (SUH), who underwent both radical prostatectomy and ePLND,
were identi�ed and formed the primary cohort. A �ow diagram of patient selection with inclusion and
exclusion criteria is provided in Supplementary Fig. S1.

Preoperative clinical characteristics and histological data

Clinical and histopathologic data were obtained from the medical records. Preoperative clinical
characteristics included the age, serum prostate-speci�c antigen (PSA), PSA density (PSAD), clinical T-
stage (≤ T1c, T2a-c, ≥ T3), biopsy Gleason score (≤ 3+3, 3+4, 4+3, and ≥ 4+4), percentage of positive
cores, as well as perineural invasion (absent or present). The histologic parameters included Gleason
score (≤ 3+3, 3+4, 4+3, and ≥ 4+4), surgical margin, extracapsular extension (ECE), seminal vesicle
invasion (SVI) and PLNM (absent or present). Histopathologic results of ePLND including the total
number of resected lymph nodes and total number of positive nodes were recorded.

Transrectal ultrasound (TRUS)-guided cognitive biopsy and/or targeted TRUS/MRI-fusion biopsy was
performed followed by a standard 13-core systematic biopsy after mp-MRI scans. RP with ePLND was
performed in high-risk patients classi�ed by the EAU risk group classi�cation criteria. All biopsies and
surgical specimens were prepared and examined by two pathologists who had 10-yr experience in
urologic pathology according to the ISUP 2005 recommendations.

Follow-up

The �rst postoperative visit was 6 weeks later after RP and ePLND and then patients were consistently
followed-up at intervals of 3 to 6 months based on PSA. The time of biochemical recurrence (BCR) was
recorded. Patients were censored in case of emigration, or on 30th Jul 2020, whichever came �rst. The
de�nition of BCR was referred to criteria previously reported 21, 22.

Prostate mp-MRI examination and sequence preprocess
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MpMRI images were acquired prior to prostatic biopsy on two same 3.0-T MR scanner (Verio and Skyra;
Siemens, Erlangen, Germany) at the two institutes with a pelvic phased-array coil, complaint with
European Society of Uro-Radiology guidelines. The scan protocol is a combination of transverse T1-
weighted, transverse, coronal, and sagittal T2-weighted imaging, and transverse diffusion-weighted
imaging sequences. The parameters are listed in Supplementary Table 1. Besides, the ADC value was
measured by expending a mono-exponential �tting model.

The elastic transform from low-resolution DWI and ADC to high-resolution T2-w images was estimated by
an Elastix software package (v. 4.10) referring to the suggested parameter �le “par0001bspline16”. The
parameter con�guration for the registration was set according to Klein et al’s work23. The aligned DWI
and ADC had the same resolution, �eld of view and the orientation compared with T2WI.

Radiologists’ interpretation

The mpMRI exam were retrospectively interpreted based upon the guidelines of ESUR by two
genitourinary radiologists at two institutions (Reader 1, 10-year experience; and Reader 2, 15-year
experience in prostatic MRI in NUH; Reader 3, 5-year experience; and Reader 4, 10-year experience in
prostatic MRI in SUH;) respectively, who were blinded to the histological results and all clinical
information. In each patient, the radiologists identi�ed the leading cancer lesion, referring to those with
the higher Prostate Imaging and Reporting and Data System (PI-RADS) version 2.1 (v2.1) score or larger
diameter if the score was the same, and the following imaging features were recorded: (i) prostate
volume; (ii) zone of lesion origin (peripheral zone (PZ) or transitional zone(TZ)); (iii) shape of the lesion
(regular or irregular); (iv) margin of the lesion (well-de�ned or ill-de�ned); (v) tumor max diameter; (vi)
volumetric mean ADC value; (vii) PI-RADS score (PI-RADS 1-5) 24, 25 ; (viii) MRI T-stage (≤ T1c, T2a, T2b,
≥ T2c); (ix) MRI-based ECE, SVI, and PLNM (absent or present). The de�nition of MRI-based imaging
features was described in Supplementary Data 1, referring to criteria previously reported 20, 26. All cases
were interpreted individually �rst and then re-reviewed in tandem by the two readers 4 weeks after the
individual evaluation. Individual readings were used for the calculation of inter-observer agreement, and
the re-review interpretation of both readers was used for the following model constructions. Any
disagreement at re-review was discussed until a �nal standard consensus was generated.

Radiomics machine learning and deep learning

PCa lesions were manually segmented by two genitourinary fellows (Reader 5 and Reader 6)
independently. The entire volume of interest (VOI) of the tumor were drawn on the base of radiologic-
histologic correlation slice by slice. For the patient with multiple lesions, only the dominant lesion was
segmented. All sequences and the corresponding VOIs were resampled to the inner-resolution of 0.5 × 0.5
mm2 by Bicubic methods.

Radiomics features including shapes (14), histograms (18), textures (75), and wavelets (774) were
extracted from T2WI, DWI with b = 1500 s/mm2, and ADC by PyRadiomics
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(https://pyradiomics.readthedocs.io/en/latest/#) 27. Since the low resolution of the diffusion images, we
did not extract wavelet-based features from DWI and ADC. Finally, a total of 2553 features were obtained.
Each feature was normalized to a similar scale to avoid scale effects. The features matrix was
normalized by Z-score normalization, which maps each feature with mean of zero and standard deviation
of one. Pearson product-moment correlation coe�cient was estimated between each pair of features and
remove random one if the value was larger than 0.9.

The entire-volumetric radiomics features focus on the inner regions of PCa. We further investigated a
tumor-related region around the PCa to extract deep learning-embedded features. The deep learning-
embedded features adopted a transfer learning technique based on a VGG-19 networks which is pre-
trained on ImageNet 28. For each case, the axis-slice with largest area of the PCa cross section was
selected from axial T2WI, high-b DWI and ADC images. In order to obtain the representative imaging
features of the target lesion, we used hand-cropped ROI as an attention to gate the VGG-19 model training
(i.e., regions around the PCa) in the center slice of the MRI scan. For the image embedding, we used the
penultimate layer of model to produce a total of 12, 288 new feature vectors, serving as another set of
deep learning(DL)-derived imaging features.

A random forests classi�er, which combined the concepts of feature selection and step model training
was used to build radiomics and DL signatures for predicting PLNM. Cross-validation was applied on the
training cohort to optimize the hyper-parameter of each methods and one-standard error was used to
determine the number of the features. In random forests algorithm, each tree is developed from a
bootstrap sample from the training data. When developing individual trees, an arbitrary subset of
attributes is drawn from which the best attribute for the split is selected. The �nal model is based on the
majority vote from individually developed trees in the forest. Regarding feature selection, we assessed the
features using a mean decrease Gini index (MDGI). The MDGI represents the importance of individual
features for correctly classifying a residue into linker and non-linker regions. The MDGI was calculated by
classifying randomly selected linker features and non-linker features, and the mean MDGI was calculated
as the averaged MDGI over 100 trials. The mean MDGI z-score of each feature was calculated as: , where
 is the mean MDGI of the feature dedicated; and σ is the standard deviation of all mean MDGI. Vector
elements with MDGI Z-Score larger than 1.5 were selected as optimum feature candidates. The direct
output values of random forests classi�er do not show probabilities of PLNM positivity of PCa, so we
converted their output values to probabilities (Pi) by applying a sigmoid function as follows: Pi

=1/(1+exp(-xi)), where xi is the classi�er output value. The value of Pi indicates the probability that the
observation is PLNM (+). By this, the outputs of radiomics machine learning (RML) and VGG-19 models
(designated RML score and DL score) were obtained, respectively.

Development, Performance, and Validation of the Predictive Model

Our primary aim is to develop an interpretability-enabled AI model for discriminating patients between
with PLNM or not. We randomly split the data of NUH into training (n = 280) and test (n = 71) group,

https://pyradiomics.readthedocs.io/en/latest/
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respectively, for model development and internal test. We also used the data from SUH with 50 patients
for external test.

The �owcharts of imaging analysis and PRISK development are descripted in Fig. 1. The PRISK model is
comprised of 20 multi-modalities data derived features including 7 clinicopathological variables such as
age, PSA, PSAD, clinical T-stage, biopsy grade, percentage of positive cores and perineural invasion; and
11 radiological �ndings such as prostate volume, zone of lesion origin, shape, margin, tumor size, ADC,
PI-RADS score, MRI T-stage, MRI-based ECE, SVI and PLNM; and two AI-derived imaging signatures such
as RML score and DL score. The PRISK model was trained using an open-source AutoGluon framework
(https://github.com/awslabs/autogluon) for auto AI analysis. Different to other auto AI frameworks,
AutoGluon employs a novel form of multilayer stack ensembling. The �rst layer of AutoGluon has n types
of base learners including extremely randomized trees, k-nearest neighbors, gradient boosting machine,
random forests and a tabular neural network, whose outputs are concatenated and then fed into the next
layer, which itself consists of multiple stacker models. These stackers then act as base models to an
additional layer. It merely employs random search for hyperparameter tuning, model selection,
ensembling, feature engineering, data preprocessing, data splitting, etc., thus offered us to implement all
strategies for hyperparameter tuning, feature selection, model selection and ensemble.

Statistical analysis

The detailed difference of clinicopathological factors, radiological parameters, RML and DL signatures of
PLNM-absent and PLNM-present were compared by t-test or Mann-Whitney U test. The discrimination
performance of predictive models was quanti�ed by the area under the ROC curve (AUC) value in the
primary training data and internally validated in the independent test data. Diagnostic sensitivity (SEN),
speci�city (SPE), accuracy (ACC) were calculated at a cutoff point that maximized the value of the
Youden index. Additionally, true-positive and false-positive rates, weighted by the odds of the selected
threshold probability of risk, were assessed to evaluate the clinical usefulness and net bene�ts of the
developed PRISK model.

Disease-speci�c survival was computed from the date of surgery to date of death or censored at the date
of last follow-up. Progression-free survival was de�ned as the interval between surgery and PSA detection
of biochemical recurrence, last follow-up, or death. Survival curves were generated with the Kaplan-Meier
method and compared by a two-sided log-rank tests. The statistical analysis was conducted with an R
package (version 3.3.4; http://www.Rproject.org). The reported statistical signi�cance levels were all two-
sided, with statistical signi�cance set at 0.05.

Results
Baseline characteristics

Out of all patients included, presence of histologic PLNM was diagnosed in explanted tissue of 70/401
patients (17.5%), with 64/351(18.2%) in NUH and 6/50 (12%) in SUH. The demographic/clinical factors

https://github.com/awslabs/autogluon
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included the serum prostate-speci�c antigen (PSA), PSA density (PSAD), clinical T-stage, biopsy Gleason
score, number of positive cores and perineural invasion. The radiographic features interpreted by
dedicated radiologists included the prostate volume, zonal location of PCa, tumor shape, tumor margin,
tumor size, tumor volumetric ADC value, Prostate Imaging and Reporting and Data System (PI-RADS)
score. MRI-based T-stages such as extracapsular extension (ECE), seminal vesicle invasion (SVI) and LN
status were also described. Detailed baseline characters of the patients are summarized in Table 1.
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Table 1: The baseline characteristics of PCa patients between PLNM (-) and PLNM (+) in NUH and
SUH

  NUH SUH

Variable PLNM (-)

n = 287

PLNM
(+)

n = 64

p PLNM (-)

n = 44

PLNM (+)

n = 6

p

Age (y), mean (std) 69.5 (6.6) 67.5
(7.2)

0.032† 70.1 (6.3) 66.2 (7.4) 0.160†

PSA (ng/mL), mean
(range)

29.9 (1.4-
591.0)

75.6
(3.9-
676.0)

0.000† 31.2 (3.3-
100.0)

77.6
(22.6-
200.1)

0.155†

PSAD (ng/mL/cc),
mean (range)

0.8 (0.1-9.2) 1.6 (0.1-
16.3)

0.008† 0.8 (0.1-3.3) 1.8 (0.5-
5.3)

0.008†

Clinical T-stage     0.031*     0.328*

T1c or less 180/287
(62.7)

32/64
(50.0)

  29/44
(65.9)

3/6 (50.0)  

T2a-c 86/287 (30.0) 30/64
(46.9)

  13/44
(29.5)

2/6 (33.3)  

T3 or more 21/287 (7.3 2/64
(3.1)

  2/44 (4.5) 1/6 (16.7)  

Prostate volume
(cm3), mean (range)

39.0(11.2-
189.6)

50.4
(11.2-
117.7)

0.000† 43.8 (15.7-
111.1)

46.5(36.4-
61.0)

0.753†

Tumor shape     0.000*     0.650*

Regular 138/287(48.1) 6/64
(9.4)

  16/44
(36.4)

1/6 (16.7)  

Irregular 149/287
(51.9)

58/64
(90.6)

  28/44
(63.6)

5/6 (83.3)  

Zone of tumor origin     0.048*     1.000*

TZ 91/287(31.7) 12/64
(18.8)

  11/44(25.0) 1/6 (16.7)  

PZ 196/287
(68.3)

52/64
(81.2)

  33/44
(75.0)

5/6 (83.3)  

Tumor margin     0.000*     1.000*

Well-de�ned, n (%) 126/287
(43.9)

5/64
(7.8)

  8/44 (18.2) 1/6 (16.7)  

Ill-de�ned, n (%) 161/287
(56.1)

59/64
(92.2)

  36/44
(81.8)

5/6 (83.3)  
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Tumor max diameter
(cm), mean (range)

1.7 (0.4-5.9) 3.1 (0.7-
6.3)

0.001† 2.1 (0.5-5.4) 3.1 (1.4-
4.1)

0.055†

Mean ADC (×10-3

s/mm2), mean (std)
0.8 (0.2) 0.8 (0.2) 0.042† 1.0(0.2) 0.9 (0.1) 0.829†

PI-RADS score     0.000*     1.000*

1-2 19/287 (6.6) 0/64
(0.0)

  3/44 (6.8) 0/6 (0.0)  

3 40/287 (13.9) 0/64
(0.0)

  2/44 (4.5) 0/6 (0.0)  

4 95/287 (33.1) 4/64
(6.3)

  8/44 (18.2) 1/6 (16.7)  

5 133/287
(46.3)

60/64
(93.7)

  31/44
(70.5)

5/6 (83.3)  

MRI-based stage     0.000*     1.000*

T1c or less 42/287 (14.6) 0/64
(0.0)

  2/44 (4.5) 0/6 (0.0)  

T2a 98/287 (34.1) 2/64
(3.1)

  14/44
(31.8)

2/6 (33.3)  

T2b 24/287 (8.4) 5/64
(7.8)

  4/44 (9.1) 0/6 (0.0)  

T2c or more 123/287
(42.8)

57/64
(89.1)

  24/44
(54.5)

4/6 (66.7)  

MRI-ECE+ 90/287 (31.4) 55/64
(85.9)

0.000* 15/44
(34.1)

3/6 (50.0) 0.654*

MRI-SVI+ 29/287 (10.1) 43/64
(67.2)

0.000* 9/44 (20.5) 2/6 (33.3) 0.601*

MRI-LNI+ 15/287 (5.2) 36/64
(56.3)

0.000* 10/44
(22.7)

2/6 (33.3) 0.621*

Biopsy �ndings     0.000*     0.504*

GS 3+3 70/287 (24.4) 3/64
(4.7)

  0/44 (0.0) 0/6 (0.0)  

GS 3+4 63/287 (22.0) 5/64
(7.8)

  9/44 (20.5) 0/6 (0.0)  

GS 4+3 77/287 (26.8) 21/64
(32.8)

  11/44
(25.0)

1/6 (16.7)  

GS ≥ 4+4 77/287 (26.8) 35/64
(54.7)

  24/44
(54.5)

5/6 (83.3)  

Percentage of 0.4 (0.0-1.0) 0.7 (0.2- 0.000† 0.5(0.1-1.0) 0.8 (0.6- 0.008†



Page 12/26

positive cores,
median (range)

1.0) 1.0)

Perineural invasion+ 45/287 (15.7) 28/64
(43.8)

0.000* 8/44 (18.2) 1/6 (16.7) 1.000*

Surgical �ndings            

GS 3+3 33/287 (11.5) 0/64
(0.0)

  0/44 (0.0) 0/6 (0.0)  

GS 3+4 87/287 (30.3) 4/64
(6.3)

  8/44 (18.2) 0/6 (0.0)  

GS 4+3 97/287 (33.8) 17/64
(26.6)

  17/44
(38.6)

0/6 (0.0)  

GS ≥ 4+4 71/287 (24.7) 43/64
(67.2)

  19/44
(53.2)

6/6
(100.0)

 

ECE+ 76/287 (33.0) 44/64
(68.8)

  13/44
(29.5)

4/6 (66.7)  

SVI+ 31/287 (13.5) 43/64
(67.2)

  5/44 (11.4) 2/6 (33.3)  

SM+ 91/287 (39.6) 48/64
(75.0)

  15/44
(34.1)

4/6 (66.7)  

LNI+ 0/287 (0.0) 64/64
(100.0)

  0/44 (0.0) 6/6
(100.0)

 

No. of nodes
dissected

2758 798   238 71  

No. of positive nodes 0 248   0 19  

Note. -Unless indicated otherwise, data are number of tumors, with percentages in parentheses. NUH =
the First A�liated Hospital of Nanjing Medical University. SUH = the First A�liated Hospital of
Soochow University. PSA = prostate serum antigen. PSAD = prostate serum antigen density. PI-RADS=
Prostate Imaging and Reporting and Data System version 2.1[ref.37.38] ECE = extracapsular
extension. SVI = seminal vesicle invasion. PLNM = pelvic lymph node metastasis.GS= Gleason Score.
RP=radical prostatectomy. SM=surgical margin. †Independent sample t test. * Chi-Square test.

PRISK development

The dynamic performance tuning of two types of imaging-signature models (RML score and DL score),
and ensemble of the best-performing PRISK models are descripted in Fig. 2. The novelty of our model
development is that the PRISK is built from an in-depth multimodality features/models ensembling using
10 dedicated AI-based learning algorithms, where the modalities and dedicated base models can be
interpretable. Additionally, RML score, MRI-interpreted SVI and DL score were identi�ed as three top-
ranked predictors of PLNM; and model using stacking ensemble outperforms other base models in terms
of importance score and AUC value.
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The resulting PRISK based on the model ensembling demonstrated good accuracy in estimating the risk
of PLNM, with an area under the receiver operating characteristic curve (AUC) of 0.932 (95% CI, 0.895-
0.958) in training group, 0.924 (95% CI, 0.837-0.974) in internal and 0.758 (95% CI, 0.616-0.868) in
external test group, respectively(Fig. 3a). The obtained PRISK score showed signi�cant difference (p <
0.001) between PLNM-absent and PLNM-present groups, and using an optimal threshold (PRISK score >
0.131) that maximizes the Youden index of the ROC analysis from the training/validation data, the PRISK
model resulted in a sensitivity of 92.2%, 84.6% and 50.0% with a speci�city of 81.2%, 84.5% and 84.0% in
predicting PLNM in training, internal and external test sets, respectively(Fig. 3b). In order to evaluate the
integrated effects of different modalities/features, we compared the performance of PRISK with that of
model using clinical factors (Clinical), clinical and ML-based radiomics factors (Clinical + RML), clinical
and DL-derived features (Clinical + DL), where the input to the model was a single-modality or fuse
multimodalities. The PRISK demonstrated better performance than that of RML and DL, Clinical model,
Clinical + RML model, and Clinical + DL model, respectively, suggesting interactive effects of those
modality features (Fig. 3c).

Clinical application

As part of this study, we considered clinical implications of using PRISK assessment as a triage test to
identify who are candidates for ePLND or who should be spared. We compared the true/false positive
rates of PRISK to an established MSKCC and Briganti score for stratifying PLNM risk. As shown in Fig. 4,
for internal-tested data, PRISK resulted in similar true positive rates while achieved notably lower false
positive rates at threshold probabilities of PLNM < 60% compared to MSKCC and Briganti score. For
external-tested data, our PRISK had lower true positive rates and lower false positive rates compared to
MSKCC and Briganti score. However, according to the European Association of Urology (EAU) and
National Comprehensive Cancer Network (NCCN) guideline for the treatment of PCa, if the No. of ePLNDs
missed for risk assessment is controlled at < 2% (PRISK, 1.7% vs MSKCC 2.2% and Briganti 1.9%), our
PRISK can provide both higher No. of ePLNDs spared (PRISK: 239/401 [59.6%] vs MSKCC: 180/401
[44.9%] vs Briganti 151/401[37.7%]) and lower No. of false-positives (PRISK, 96/162 [59.3%] vs MSKCC,
155/221 [70.1%] and Briganti, 178/245 [72.7%]) as compared with MSKCC and Briganti score.

Prognostic aspects of PRISK for biochemical recurrence:

As of 30th Jul 2020, we collected 331/401 (82.5%) patients who had completed 2-yr BCR follow-up after
surgery. The overall recurrence rate was 34.7% (115/331), with 36.4% (104/286) in NUH and 24.4%
(11/45) in SUH. The median BCR-free survival of the patients was 5.8 (range, 1.4-40.7) months, and in
particular 5.2 (1.4-40.7) months for those with PLNM and 6.2 (1.4-38.1) months for those without PLNM
(log-rank test, p < 0.001). Similar results were observed in the PRISK model: The median PFS was 4.3 (1.4-
28.8) months for patients with PRISK-predicted PLNM presence and 8.0 (1.4-40.7) months for those with
PRISK-predicted PLNM absence (log-rank test, p < 0.001) (Fig. 5).

Discussion
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The EAU and NCCN clinical guidelines recommend the use of Briganti and MSKCC nomograms based on
clinical factors to estimate the risk of PLNM 4, 29. However, these tools are associated with moderate
performance characteristics for not taking intraprostatic heterogeneity into consideration. With wide
application of mpMRI in prostate, evaluation of PLNM on the basis of such morphologic criteria not only
is unable to detect microscopic metastasis, but also leads to false-positive results, with the sensitivity of
10-96% and the speci�city of 89-99% 14.

In this study, we built and validated a clinically interpretable PRISK calculator, where multimodalities
data/features from clinical, biopsy and high-dimensional imaging data were incorporated using a novel
auto AI-based framework. Our model has several novel elements compared with previously published
nomograms. First, to our knowledge, this arti�cial intelligent-based risk assessment tool is the �rst for the
prediction of nodal status by the in-depth integration of multimodality data/features in a routine clinical
work�ow. In this light, the assumption that imaging features obtained by in-depth AI-based analysis have
the potential to discover imaging phenotypes of PCa that fails to be recognized visually by human
experts, thus for improved prognostic and predictive performance. This deep multimodal interaction and
data mining would provide a more extensive understanding of heterogeneity of PCa. Second, the study
cohort consisted of a relatively large population and the PRISK was developed and tested internally and
externally. Third, different from most of the studies focusing on the task of combined algorithm selection
and hyperparameter optimization, where only the algorithm with the best performance was selected 30, 31,
we applied an open-source auto AI-based analysis framework using stacked ensemble learning, that
combining the aggregated predictions of the base models as its features and exploiting interactions
between base models that offer enhanced predictive power.

Distinct facets of our results deserve attention. First, our results show that the newly built imaging
hallmarks, i.e., RML score and DL score, are workable for the nodal staging. In the previous studies,
attempts to adding radiological evaluations to clinical nomograms have shown promising results, with
the AUC of 0.89-0.95 16, 20, 32. In current work, when the new imaging hallmarks were integrated with
clinical factors simultaneously, the predictive performance of PRISK was signi�cantly higher than that of
any other method. Additionally, the two new imaging hallmarks, were superior to most of those clinical
factors in the weighted ensemble model, suggesting their incremental role on PCa risk assessment. Our
�ndings are consistent with those of previous studies, which used the similar computational approaches
for breast cancer assessment 33, 34.

Second, we made head-to-head comparison of the performance of PRISK with MSKCC and Briganti
nomogram. Patients with the risk threshold higher than 5% estimated by the MSKCC or Briganti
nomogram are the candidates for ePLND on the EAU guideline 29, 35. The adoption of 5% threshold at
Briganti nomogram in original cohort resulted in 65% ePLNDs spared at cost of 1.5% PLNM missed 6. On
the following external validation, using a 7% cutoff, the Briganti nomogram had an AUC of 0.79 and
resulted in 56-70% ePLNDs spared at cost of 1.5-2.6% PLNM missed 36-38. In our cohort, with a PLNM
missing rate controlled less than 2%, the PRISK resulted in higher no. of ePLNDs spared (59.6% vs 44.9%
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vs 37.7%) at lower cost of no. of PLNMs missed (1.7% vs 2.2% vs 1.9%) than MSKCC and Briganti
nomogram. Therefore, our PRISK, using an optimal threshold 8%, can resulted in higher no. of ePLNDs
spared at cost of lower PLNMs missed. Our preliminary results also showcase the PRISK even revealed a
potential role in predicting the prognostic of disease progression risk preoperatively. We found that PCa
patients after surgery re�ected signi�cantly different BCR-free survival in the subgroups strati�ed by
PRISK, MSKCC and Briganti score, implying the prognostic relevance of our PRISK assessment on short
and long-term management of patients. After all, this was a preliminary result in a small population, the
prognostic aspects of PRISK on external independent cohorts warrant further validations.

However, as showed results in our external-tested cohort, the PRISK might not be able to completely
replace currently available models such as MSKCC or Briganti nomogram, the accuracy of which have
been internally and externally validated. The performance in the external set is inferior to the
training/validation and internal test sets. This may be caused by the small test cohort and the distribution
difference that the positive rate in the external validation cohort in relatively lower than training/validation
and internal test cohorts. Besides, subjective radiologist-based interpretations lack of standardization
may be another important factor exerting an in�uence on external validation. it also requires the expertise
of experienced radiologists and there is inconsistency across readers of varying experience. Therefore, it
is further required to test the generalization of PRISK in more external cohorts.

Our study had several limitations. First, because of its retrospective character, there were a large number
of patients who did not undergo ePLND excluded, selection bias and treatment procedure might make
in�uence. Second, the study has tested externally on a relatively small group of patients, and the
validation on a larger scale of patients in multicenter is needed. Third, prospective application of an
automatic decision support tool in a clinical scenario for PCa risk assessment involves a series of
challenges such as individual variations in the pathological manifestations of disease and technical
variations in imaging device, parameters and image processing. Therefore, in current stage, our PRISK
might not be routinely available.

Conclusion
Therefore, we proposed a PRISK assessment tool for the prediction of PLNM in PCa patients using AI-
based multimodality integration and multi-algorithm ensembling. The interpretability of PRISK is
particularly imperative towards building trustable AI-based tools for clinical applications. Adoption of this
risk assessment tool allows to spare 59.6% of ePLND procedures at the cost of missing only 1.7% of
PLNM cases, better than the current MKSCC and Briganti nomogram. Therefore, integrating pre-treatment
factors with in-depth AI approach would provide us a great alternative to improve our routine procedure in
patient management.
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Figure 1

Flowcharts of imaging analysis and PRISK development. In step.1, radiomics features extracted from
high-resolution T2-weighted imaging, high-b-value diffusion-weighted imaging and quantitative apparent
diffusion coe�cient images were ranked, selected and modeled by random forest classi�er. In step 2,
deep-learning features extracted from the penultimate layer of the pre-trained VGG-19 model were ranked,
selected and modeled by random forest classi�er similarly. In step 3, three single-modality data including
18 clinico-radiological variables, outputs of radiomics machine learning and VGG-19 models (designated
RML score and DL score) were integrated into the RRISK using an open-source auto AI-based analysis
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framework to derive a PLNM risk assessment. PRISK=Prostate Cancer Risk Calculator; RML = radiomics
machine learning; DL = deep learning; PLNM=pelvic lymph node metastasis; AI= arti�cial intelligence.

Figure 2

Graphs show results of (A.B) radiomics and deep learning features analysis with random forests and (C)
ensemble of the PRISK model. (A.B) The detail log loss, performance and the importance of features
ranked by mean decrease accuracy in radiomics machine learning and deep learning analysis. (C) The
scaled importance of multimodality features and performance of auto-ensemble models using AI
algorithms.
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Figure 3

Graphs show (A) the Sens and Spec curves, (B) the plots vs criterion values in classi�cation of PLNM
status using PRISK score and (C) diagnostic performance of predictive models for N-staging. (A) The
solid lines are created by sweeping a threshold over the predicted probability and the hidden lines
represent the 95% con�dence interval. (B) Based on the optimal threshold of 0.131, the sensitivity is 0.992
vs 0.846 vs 0.500 and the speci�city is 0.812 vs 0.845 vs 0.841 in in training/validation, internal test and
external test cohorts, respectively. (C) Compared with other modalities/features integrations, PRISK
performs best in the training/validation and internal test sets and performs comparably in the external
test. Sens = sensitivity; Spec = speci�city; PRISK=Prostate Cancer Risk Calculator; PLNM=pelvic lymph
node metastasis; RML = radiomics machine learning; DL = deep learning; AUC = area under the receiver
operating characteristic curve.
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Figure 4

Graphs show (A) true positive rate and (B) false negative rate of MSKCC, Briganti and PRISK score for the
prediction of PLNM in training/validation, internal test and external test cohorts respectively. For
training/validation and internal test cohorts, PRISK resulted in similar true positive rate while achieved
notably lower false positive rate at threshold probabilities of PLNM < 60% compared to MSKCC and
Briganti score. For external test cohort, PRISK resulted in lower true positive rate and lower false positive
rate compared to MSKCC and Briganti score. PRISK=Prostate Cancer Risk Calculator; PLNM=pelvic lymph
node metastasis; MSKCC = Memorial Sloan Kettering Cancer Center.
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Figure 5

Kaplan-Meier survival curves of BCR according to the three prognostic models (MSKCC, Briganti and
PRISK) in training/validation, internal test and external test cohorts respectively. The results re�ect
signi�cantly different BCR-free survival in the subgroups strati�ed by MSKCC, Briganti and PRISK score,
implying the prognostic relevance on short and long-term management of patients. PRISK=Prostate
Cancer Risk Calculator; MSKCC = Memorial Sloan Kettering Cancer Center; BCR = biochemical recurrence.
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