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Abstract

Aims/Background Prostate cancer stands out as one of the most prevalent malignant
tumours among males. The non-invasive identification of clinically significant prostate
cancer via magnetic resonance imaging plays a critical role in circumventing unnecessary
biopsies and determining suitable treatment strategies for patients. Our study aimed

to evaluate the potential improvement in predictive accuracy for clinically significant
prostate cancer by incorporating perfusion data obtained from dynamic contrast-
enhanced magnetic resonance imaging acquisition protocols into multiparametric
magnetic resonance imaging parameters.

Methods Radiomics extracted from perfusion parameters (Kians, Kep, V,) of dynamic
contrast-enhanced magnetic resonance imaging were analysed in patients suspected
of prostate cancer who underwent 3T multiparametric magnetic resonance imaging
between January 2017 and June 2023 in this retrospective study. The pathological
findings obtained from biopsy or therapy were categorised into groups based on the
Gleason sum score as either clinically significant prostate cancer (Gleason sum score
> 7) or non-clinically significant prostate cancer (Gleason sum score < 6). Diagnostic
models were constructed using logistic regression analysis, incorporating prostate
imaging reporting and data system V2.1 scores and clinical data, with or without
radiomics extracted from dynamic contrast-enhanced. The area under curve (AUC)
values were compared using the DelLong test.

Results Overall, 214 men (clinically significant prostate cancer [n=78] and non-clinically
significant prostate cancer [n=136]) were included. The clinical-prostate imaging reporting
and data system model demonstrated an AUC of 0.89 (95% confidence interval:
0.84-0.95) in the training cohort and 0.91 (95% confidence interval: 0.84-0.98) in the

test cohort. For the clinical-prostate imaging reporting and data system-radscore model,
the AUC values were 0.97 (95% confidence interval: 0.95-0.99) for K@"s, 0.98 (95%
confidence interval: 0.96-1.00) for V., and 0.96 (95% confidence interval: 0.93-0.98) for
K in the training cohort, and 0.97 (95% confidence interval: 0.94-1.00) for Ktrans ' 0.95
(95% confidence interval: 0.91-1.00) for V,, and 0.97 (95% confidence interval: 0.94—
1.00) for Kep in the test cohort. Radiomics based on perfusion parameters exhibited good
diagnostic performance in predicting clinically significant prostate cancer. The clinical-
prostate imaging reporting and data system-radscore model demonstrated superior
diagnostic capability compared to perfusion-based radiomics or clinical-prostate imaging
reporting and data system models alone.

Conclusion The application of radiomics, which involves extracting perfusion parameters
from dynamic contrast-enhanced imaging, has the potential to enhance diagnostic
accuracy for clinically significant prostate cancer.
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Introduction

Prostate cancer (PCa) ranks as the second most prevalent cause of cancer-related mortality
among men (Siegel et al, 2015). Non-clinically significant prostate cancer (non-csPCa)
demonstrates a low incidence of progression and offers potential for cure. Accurately
identifying clinically significant lesions is essential for selecting suitable treatment modalities
and reducing the risks of overtreatment or ineffective outcomes (Ahmed et al, 2012).
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Multiparametric magnetic resonance imaging (mpMRI) of the prostate has continuously
advanced in diagnosing clinically significant prostate cancer (csPCa) (Stavrinides et al,
2020), incorporating diffusion-weighted, T2-weighted, and dynamic contrast-enhanced
(DCE) parameters. A contentious debate has arisen regarding whether biparametric magnetic
resonance imaging (bpMRI), excluding the DCE sequence to reduce image capture time
and avoid intravenous contrast agent injection, can substitute for mpMRI due to reported
promising diagnostic efficacy in csPCa (Wei et al, 2018; Cindil et al, 2019; Bass et al,
2020). The utility of DCE in diagnosing csPCa remains controversial (Kuhl et al, 2017;
Boesen et al, 2018; Bass et al, 2020), with recent studies revealing its value when Diffusion
Weighted Imaging (DWI) and/or T2 Weighted Imaging (T2WI) are insufficient (Belue et al,
2022). Further research is necessary to explore the advantages of DCE before endorsing
the use of bpMRIL.

Previous studies have investigated the diagnostic efficacy of DCE and its quantitative
parameters in PCa (Bosaily et al, 2020; Winkel et al, 2020; Zhao et al, 2021; Tavakoli et al,
2023). Radiomics, utilising high-throughput texture data, has long been a focus in tumour
prediction research. However, no prior studies have investigated combining quantitative
perfusion parameters from DCE with radiomics. We aimed to explore the potential of
radiomics derived from quantitative perfusion parameters of DCE-MRI in providing
supplementary diagnostic value for identifying csPCa in this study.

Methods

Patients

This retrospective study received approval from the Institutional Review Boards of the
Central Hospital of Wuhan (Ethics number: WHZXKYL2024-042). The study protocol
complied with the Declaration of Helsinki, and informed consent was obtained from all
participants.

The study enrolled 214 patients consecutively diagnosed with biopsy pathology or who
underwent surgery and received magnetic resonance imaging (MRI) examinations between
January 2017 and June 2023. The inclusion criteria were defined as follows: (1) men
suspected of having PCa and undergoing MRI; (2) patients confirmed histologically by
biopsy or surgery; (3) the interval between MRI capture and pathological examination was
less than 4 weeks. Exclusion criteria included: (1) prior therapy history; (2) absence of
visible lesions in magnetic resonance (MR) imaging; (3) significant imaging artefacts in
MR imaging; (4) T4 stage patients on MR showing lymph node metastasis or extracapsular
invasion. Baseline clinical features, including prostate specific antigen (PSA) levels, were
obtained from medical records. The study design is illustrated in Figures 1,2 and is depicted
in a flow diagram.

Pathology

All patients underwent histopathological confirmation by a genitourinary pathologist
with over 5 years of experience in genitourinary pathology via surgical specimens or
transrectal ultrasound-guided 12-core systematic biopsy. Clinically significant prostate
cancer was characterised by a Gleason score 27, whereas non-significant prostate
lesions encompassed GS <7, including clinically insignificant prostate cancer (ciPCa)
and benign lesions.

Clinical data

We gathered clinical data, encompassing age, prostate volume (PV), serum PSA (total PSA
and free PSA), PSAD (prostate specific antigen density), and prostate biopsy pathology
from the selected patients. Prostate volume (PV) was computed as width x length x height
% 0.52 based on T2-weighted images. PSAD was derived by dividing total PSA by PV.

Magnetic resonance imaging examination
All enrolled patients underwent imaging using a 3.0 T MRI scanner (Philips-Ingenia, Philips
Healthcare, Eindhoven, The Netherlands) equipped with a 32-channel pelvic coil. The scan
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Figure 1. The study design and general process. DWI, Diffusion Weighted Imaging; T2WI,
T2 Weighted Imaging; DCE, dynamic contrast-enhanced; MRI, magnetic resonance imaging;
PI-RADS V2.1, prostate imaging reporting and data system version 2.1.
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Figure 2. Flowchart of the patient screening process for the study. MR, magnetic resonance.

protocol comprised axial and coronal T2WI, DWI (including a dedicated b=1400 s/mm?
sequence), and DCE (with an approximate time resolution of 10 seconds). Additional details
on the specific imaging parameters are available in Supplementary Table 1.

Prostate imaging reporting and data system evaluation
Two experienced radiologists (CPW and JMT), each with over 5 years of experience in
prostate MRI, independently reviewed the MR imaging. The assessment of prostate lesions

© 2024 The Author(s).
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for each patient was conducted using prostate imaging reporting and data system version 2.1
(PI-RADS V2.1). The readers were blinded to pathological and PSA information. In case
of disagreement, final prostate imaging reporting and data system (PI-RADS) scores were
determined through discussion. The first reader (CPW) rescored all patients' MR imaging
using PI-RADS V2.1 2 weeks after the initial assessment to evaluate intra-rater reliability.

Radiomics

Prostate separation

The DCE data of the prostate were processed using the ISP post-processing workstation
(Philips Healthcare, Eindhoven, The Netherlands). An extended Tofts model was employed
for the tracer-kinetic analysis of DCE-MR image, and the perfusion metrics (K™, V_, K_ p)
were subsequently analysed. Manual segmentation of the prostate was conducted utilising
the ITK-SNAP software (open-source software, version 3.4.0, http://www.itksnap.org).
YW, having over 8 years of experience in prostate MR imaging, delineated the volume of
interest (VOI) along the boundaries of the prostate capsule, slice by slice, on MR imaging
derived from perfusion parameter maps of 214 patients.

Feature extraction and radiomics signature establish

The radiomic features of the lesions, extracted using PyRadiomics (version 3.0, https://
github.com/Radiomics/pyradiomics), an open-source Python package comprising a total
of 960 features, extracted from the perfusion parameter map of each patient. The patients
were randomly divided into two groups: 70% (n=151) for the training cohort to establish
the predictive model and the remaining patients (n=63) for evaluating the predictive model.
To standardise the value scales among radiomics features, individual feature values for
all patients underwent normalisation using Z-scores ((x—u)/G) before feature selection.
Subsequently, a two-step feature selection approach was implemented, involving minimum-
redundancy maximum-relevance (mRMR) and least absolute shrinkage and selection
operator (LASSO). Initially, mRMR was employed to eliminate redundant and irrelevant
features, retaining 20 essential features. Subsequently, LASSO was applied to meticulously
choose an optimised subset from the retained features for constructing the final model.
Tenfold cross-validation was employed to ascertain optimal values for A. Ultimately, the
most predictive features were selected based on their respective coefficients. The selection
was based on computing a Radiomic signature (Rad-score) of each patient using a linear
combination weighted by the selected feature coefficients within the predictive models.

Model building

Clinical-prostate imaging reporting and data system model

Univariate logistic regression analysis was conducted to evaluate potential clinical factors,
including total PSA (tPSA), free PSA (fPSA), prostate volume, PSAD, and age. Subsequently,
a Clinical-PI-RADS model was developed via multivariate logistic regression analysis,
incorporating clinically significant characteristics and the PI-RADS score.

Clinical-prostate imaging reporting and data

system-radiomics model

Clinical-PI-RADS-radiomics models were developed by combining the statistically
significant features identified in univariate logistic regression analysis with PI-RADS
score and the radiomics signature, employing multivariate logistic regression analysis to
classify csPCa.

Statistical analyses

Measurement data distribution normality was assessed through the Kolmogorov-Smirnov
test, and variance homogeneity was evaluated via Levene's test. Fisher’s exact test or Chi-
squared test was employed for assessing categorical variables when appropriate. T-test or
Mann-Whitney U test was conducted on continuous variables based on their normality
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Table 1. Clinical and magnetic resonance imaging characteristics of all 214 enrolled patients

Training Test

Total csPCa non-csPCa cohort* cohort
Characteristic (n=214) (n=78) (n=136) P (n=151) (n=63) P
Age* (years) 68 (64, 73(66, 67 (63,72) Z=-4.239  0.000 68 (64, 70 (66, Z=-1.739 0.082
74) 78) 73) 76)
tPSA * (ng/mL?) 13.51 24.98 11.04 (8.47, Z=-5.900 0.000 183.27 15.08 Z=-0.742 0.469
(9.09, (11.30, 18.03) (8.62, (10.45,
26.49) 55.90) 27.41) 26.27)
fPSA* (ng/mL?) 1.74 2.25 1.53 (0.96, Z=-3.423 0.001 1.73 1.79 Z=-0.480 0.631
(1.00, (1.20, 2.40) (1.00, (1.07,
3.08) 5, 34) 3.08) 3.08)
PSAD* (ng/mL?2) 0.11 0.50 0.16 (0.10, Z=-8.240 0.000 0.20 0.22 Z=-0.857 0.391
(0.08, (0.24, 0.23) (0.11, (0.13,
0.15) 1.05) 0.39) 0.45)
Prostate volume* 66.83 54.57 78.90 (51.60, Z=-3.211 0.001 70.72 63.86 Z=-0.441 0.659
(mL) (46.40, (37.91, 105.50) (47.36, (45.36,
100.25)  79.71) 99.94) 103.26)
PI-RADS V2.1
<2 18 0 18 7?=69.747  0.000 13 5 72=0.151 0.985
3 64 10 54 46 18
4 74 22 52 52 22
5 58 46 12 40 18

tPSA, total prostate specific antigen; fPSA, free prostate specific antigen; PSAD, prostate specific antigen density; PI-RADS V2.1, prostate imaging
reporting and data system version 2.1; csPCa, clinically significant prostate cancer; non-csPCa, non-clinically significant prostate cancer.

* Data are expressed as median (interquartile range).

The Mann-Whitney U test was utilized for the comparative analysis of clinical databetween both group csPCa and group non-csPCa, as well as between
the training cohortand the test cohort.

The Chi-squared test was utilized to compare the distribution of PI-RADS scores betweengroup csPCa and group non-csPCa, as well as between the
training and test cohorts.

and homogeneity assumptions. The Weighted Kappa statistics test was utilised to assess
inter-rater variability of the PI-RADS V2.1 score. The evaluation of the models' diagnostic
performance in predicting csPCa involved calculating the area under curve (AUC),
specificity (SP), sensitivity (SE), and accuracy (ACC). DeLong's test was employed to
compare the AUCs between models. The calibration of the model was evaluated using the
Hosmer-Lemeshow test. Statistical analyses were performed using R software (version
3.5.1, R Core Team, Oakland, CA, USA), SPSS (version 22.0, IBM, Armonk, NY, USA)
and GraphPad Prism (version 8.3.1, GraphPad Software, La Jolla, CA, USA). Flowcharts
were created by PowerPoint (version 2013, Microsoft, Seattle, WA, USA).

Results

Out of the initial 262 participants, 214 eligible patients were included, with 111 patients
diagnosed with PCa and 103 with benign lesions. Among the patients diagnosed with PCa,
33 were classified as having non-clinically significant cancer based on their GS6 score. The
patients were ultimately categorised into two groups: csPCa (n=78) and non-csPCa (n=136).

Clinical characteristics of patients

Baseline characteristics, including age, prostate volume, PI-RADS V2.1 score, tPSA, and
fPSA, were presented in Table 1. Significant differences were observed (p < 0.05) between
the csPCa group and the non-csPCa group regarding PV, tPSA, fPSA, PSAD, age, and
PI-RADS V2.1 score. No statistically significant differences (p > 0.05) were observed in
these characteristics between the training and test cohorts (Table 1).

© 2024 The Author(s).
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Table 2. Clinical factors screening and clinical-prostate imaging reporting and data system model

building for clinically significant prostate cancer prediction

Univariate logistic

analysis Multivariate logistic analysis

Clinical Odds ratio Clinical-PI- Standard Odds ratio

factors (95% CI) p RADS model g Error Wald (95% CI) P

Age 1.106 (1.054, 0.000 Age 0.064 0.034 3.599 1.066 (0.998, 0.058
1.161) 1.138)

tPSA 1.065 (1.036, 0.000 tPSA 0.050 0.027 3.481 1.051 (0.997, 0.062
1.094) 1.107)

fPSA 1.128 (1.034, 0.007 fPSA -0.171 0.097 3.107 0.843(0.697, 0.078
1.230) 1.019)

PV 0.993 (0.983, 0.113 PSAD 2.403 1.024 5.504 11.052 0.019
1.002) 1(0.485,

82.258)

PSAD 33.372 (8.649, 0.000 PI-RADS V2.1 0.965 0.316 9.332 2.625(1.413, 0.002

128.762) 4.876)

Cl, confidence interval;, PI-RADS V2.1, prostate imaging reporting and data system version 2.1; PV, prostate volume.

Inter-observer and intra-observer agreement

The inter-reader agreement for PI-RADS scores between the two readers (CPW and JMT)
was moderate (k=0.603; 95% confidence interval [95% CI] (0.521, 0.685), Z=13.683,
p=0.000). The intra-observer agreement (the first time and the second time) of the reader
(CPW) was good (k=0.857; 95% CI (0.790, 0.924), Z=8.432, p=0.000).

Radiomic signature

Through feature selection, the number of features was reduced to 17, 18 and 11 for
K™,V , and K, p, respectively. These selected features were then incorporated into the
radiomic signature known as Rad-score. The relative weight of these features, along with
the Rad-score, can be observed in Supplementary Table 2 and Supplementary Figure 1.
The Rad-score reflects the probability of csPCa. To assess any differences between the
csPCa group and non-csPCa group in both training and test cohorts, the Wilcoxon test was
employed (Supplementary Figure 2).

Development and performance of the predictive model

Five clinical features, namely age, tPSA, fPSA, PV, and PSAD, underwent univariate
regression analysis for screening. PSAD, age, tPSA, and fPSA were identified as independent
clinical predictors for csPCa (Table 2). Then, combining the aforementioned four independent
clinical factors with the PI-RADS score to construct the Clinical-PI-RADS model to predict
csPCa by multivariate logistic analysis, PSAD, and PI-RADS were considered independent
influencing factors of the Clinical-PI-RADS model (Table 2). Additionally, combining
the Rad-score with clinical factors and PI-RADS score resulted in the development of
three Clinical-PI-RADS-Rad score combined models for K"ans, V., and K parameters,
respectively. Age, PSAD, PI-RADS, and Rad-score are considered independent influencing
factors for the Clinical-PI-RADS-Rad score combined model (Tables 3-5).

The diagnostic efficiency of the radiomic signature, Clinical-PI-RADS model, and
Clinical-PI-RADS-Rad score models are outlined in Table 6. The ROC of predictive models
for csPCa plots are displayed in Figure 3. Results of the DeLong test between models for
csPCa are displayed in Figure 4.

The models exhibited a satisfactory fit (as determined by the Hosmer-Lemeshow
Goodness-of-Fit test; p > 0.05) in both the training and test cohorts. The calibration curves
of combined models are displayed in Supplementary Figure 3.

© 2024 The Author(s).
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Table 3. Clinical-prostate imaging reporting and data system-rad score

(Ktrans) model building for clinically significant prostate cancer prediction
Clinical-PI-RADS-

Radscore (Ktrans) Standard

model p Error Wald Odds ratio (95% CI) p
Age 0.106 0.052 4.183 1.112 (1.004, 1.232) 0.041
tPSA 0.054 0.040 1.834 1.056 (0.976, 1.141) 0.176
fPSA -0.184 0.124 2.184 0.832 (0.652, 1.062) 0.139
PSAD 3.011 1.418 4.506 20.298 (1.260, 327.054) 0.034
PI-RADS V2.1 1.148 0.457 6.314 3.153 (1.287, 7.721) 0.012
Radscore-Ktrans 2.227 0.472 22.238 9.268 (3.674, 23.384) 0.000

Table 4. Clinical-prostate imaging reporting and data system-radscore

(V) model building for clinically significant prostate cancer prediction

Clinical-PI-

RADS-Radscore Standard

(v.) model p Error Wald odds ratio (95% Cl) p

Age 0.101 0.047 4.604 1.107 (1.009, 1.214) 0.032

tPSA 0.066 0.044 2.224 1.069 (0.979, 1.166) 0.136

fPSA -0.267 0.161 2.728 0.766 (0.558, 1.051) 0.099

PSAD 2.531 1.447 3.059 12.568 (0.737, 0.040
214.313)

PI-RADS V2.1 1.194 0.442 7.290 3.300 (1.387, 7.851) 0.007

Radscore-V, 1.326 0.281 22.267 3.766 (2.171, 6.533) 0.000

Table 5. Clinical-prostate imaging reporting and data system-radscore

(Kep) model building for clinically significant prostate cancer prediction
Clinical-PI-RADS-

Radscore (Kep) Standard Odds ratio (95%

model p Error Wald Cl) P

Age 0.097 0.045 4.677 1.102 (1.009, 1.202)  0.031

tPSA 0.062 0.038 2.619 1.064 (0.987, 1.147) 0.106

fPSA -0.158 0.116 1.863 0.854 (0.681, 1.071) 0.172

PSAD 1.958 1.694 1.335 7.028 (3.256, 0.047
196.100)

PI-RADS V2.1 0.922 0.436 4.472 2.515(1.196, 5.290) 0.015

Radscore-K,, 1.768 0.380 21.683  5.859 (2.782, 0.000
12.342)

Discussions

In this retrospective study, diagnostic models were constructed based on PI-RADS scores
and clinical data, with or without radiomics extracted from perfusion parameters of DCE
imaging. The combined model, incorporating radiomics of perfusion parameters based on
the region of interest (ROI) of the whole prostate gland, improved the accuracy of predicting
csPCa compared to the conventional diagnostic model.

© 2024 The Author(s).
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Table 6. Diagnostic performance of the models for predicting clinically significant prostate cancer

Training cohort

ACC
0.78

0.82

0.81

0.89

0.89

0.95

0.87

Test cohort

AUC (CI)

0.86
(0.76,
0.95)

0.87
(0.78,
0.95)

0.86
(0.76,
0.96)

0.91
(0.84,
0.98)

0.97
(0.94,
1.00)

0.95
(0.91,
1.00)

0.97
(0.94,
1.00)

SP PPV NPV ACC

0.83 089 0.68 0.79

0.78 0.87 091 0.69 0.81

0.78 0.87 092 0.69 0.83

0.85 086 0.74 093 0.86

0.88 0.97 096 093 0.94

0.83 0.92 087 090 0.89

0.88 0.95 091 093 0.92

AUC, area under curve; Cl, confidence interval; SE, sensitivity; SP, specificity; PPV, positive predictive value; NPV, negative predictive value; ACC,

AUC (CI) SE SP PPV NPV
Radiomics (K2"s)  0.86 (0.80, 0.78 0.78 0.86 0.67
0.92)
Radiomics (V,) 0.88(0.83, 0.82 0.82 0.89 0.73
0.93)
Radiomics (Kep) 0.87 (0.81, 0.82 0.82 0.89 0.73
0.93)
Clinical + 0.89(0.84, 0.93 0.87 0.75 0.97
PI-RADS V2.1 0.95)
Clinical + 0.97 (0.95, 0.82 0.94 0.91 0.89
PI-RADS V2.1 + 0.99)
Radiomics (K'a"s)
Clinical + 0.98 (0.96, 0.98 0.93 0.87 0.99
PI-RADS V2.1 + 1.00)
Radiomics (V)
Clinical + 0.96 (0.93, 0.74 0.99 0.98 0.80
PI-RADS 0.98)
V2.1+Radiomics
(Kep)
accuracy.
100, Pl
-
80 sl
1
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Figure 3. Receiver operating characteristic curves in the differentiation of clinically significant prostate cancer from
no-clinically significant prostate cancer by radiomics signature in training cohort (3a), test cohort (3b) and models in training
cohort (3c), test cohort (3d).
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Figure 4. The p value of the DelLong test between predictive models in the training cohort (left) and in the test cohort (right).
A: Radscore-Ktrans: B: Radscore-V,; C: Radscore-Kep; D: Clinical + PI-RADS V2.1; E: combined model-Kta"s; F: combined
model-V,; G: combined modeI-Kep. Colour representation: red: combined models compare with Clinical + PI-RADS

V2.1 model; orange: comparison of radiomics signature and combined model for K'"a"s, V_, and Kep, respectively; green:
comparison between radiomics signatures; blue: comparison between combined models; yellow: radiomics signatures
compare with Clinical + PI-RADS V2.1 model.

The quantitative modelling approach in pharmacokinetics directly computes the local
concentration of contrast agents within the tissue. It estimates pharmacokinetic parameters
believed to reflect pathophysiological changes in the microenvironment of PCa (Tofts et al,
1999). Our study analysed three of the most common quantitative parameters used in studies
about DCE including K™, V_and K_ . In PCa, many studies have demonstrated elevated
levels of Krans, K., and V, compaureclJ to normal tissue (Padhani et al, 2000; Kozlowski
et al, 2006; Ocak et al, 2007). The increase in PCa enhancement after gadolinium-based
contrast agent administration is influenced by several variables, such as the quantity and
permeability of blood vessels, which are believed to be higher in tumours than in healthy
prostatic tissue in the peripheral zone. Dynamic contrast-enhanced MR imaging of the
prostate leverages this distinction to discern features of the tumour's local microcirculatory
environment (Verma et al, 2012). The density of microvessels is correlated with tumour
stage, recurrent metastatic potential, and prognosis in patients with PCa (Tan et al, 2015).
Rosenkrantz et al (2013) discovered that sensitivity for peripheral zone tumours increased
when employing either a semiquantitative or quantitative DCE approach, as opposed to
qualitative analysis. Our findings are consistent with the above study and demonstrate that
radiomics-based quantitative perfusion parameters have high diagnostic efficacy in predicting
csPCa. However, a meta-analysis conducted by Zeng et al (2021) revealed that DCE imaging
limits utility for ill-defined lesions and suggested the need for more appropriate methods
to improve csPCa detection. Histologic factors can affect image contrast in MR imaging
of PCa (Vos et al, 2008). However, increased cellular density and nucleomegaly may also
indicate inflammation, prostatic intraepithelial neoplasia, or changes in lumen size due
to cystically dilated glands, fibrosis, or areas of atrophy. These benign abnormalities are
linked to false-positive MR imaging findings or limited radiologic-pathologic volumetric
correlation. The overlapping perfusion parameter values between csPCa and non-csPCa may
result from the histological diagnosis of most of these normal regions as benign prostatic
hyperplasia. Increased capillary permeability, vascularity, and interstitial hypertension are
considered underlying mechanisms contributing to the visual overlap between tumours and
these normal tissues (Sureka et al, 2019). We performed an analysis on the whole gland,
which contained both information on the tumour and its surroundings. Meanwhile, to the
subjectivity of the margin of tumour in the prostate, gland segmentation is easier to achieve
than the segmentation of the tumour zone.

The findings of our study demonstrate that radiomics based on DCE perfusion parameters
exhibit potential in predicting csPCa, with no statistically significant difference in diagnostic
efficacy compared to the conventional model (based on clinical features and PI-RADS
V2.1). Radiomics has proven effective in predicting csPCa, achieving favourable diagnostic
efficiency. Li et al (2020) suggest that radiomics-based machine-learning models can
enhance the prediction accuracy of clinically significant cancers. By incorporating perfusion
data from high spatiotemporal resolution DCE MRI protocols as input features, machine
learning classifiers are able to better differentiate moderate-to-severe PCa when combined
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with non-contrast sequences, compared to using non-contrast sequences alone. The risk
stratification capability for machine learning classifiers, particularly in distinguishing
between moderate and high-risk PCa in the peripheral region, is significantly enhanced
when utilising perfusion information extracted from high spatiotemporal resolution DCE
MRI acquisition schemes compared to classifiers relying solely on T2ZWI/DWI information
(Winkel et al, 2020). As demonstrated by Antonelli et al (2019), zone-specific models that
combine prostate specific antigen density and radiomic features surpassed assessments
made by experienced radiologists in detecting csPCa. Also showing promising results in
detecting csPCa in the peripheral zone, approaches that extract radiomic features from
prostate mpMRI using a VOI achieved the highest AUC of 0.87 with the XGBoost classifier
(Bleker et al, 2019).

Our study employs radiomics to uncover crucial insights aimed at enhancing diagnostic
efficiency in the detection of csPCa. It illustrates that the use of radiomics with perfusion
parameters yields strong diagnostic performance for predicting csPCa. Furthermore, the
amalgamated model, which integrates radiomics with conventional parameters, demonstrates
superior diagnostic capability compared to relying solely on perfusion-based radiomics or
conventional models. Our research findings align with those of Feng et al (2024), whose
study suggests that the predictive efficacy of the bpMRI model for csPCa was marginally
inferior to that of the mpMRI model but superior to that of the PI-RADS score. This
emphasises the significance of incorporating DCE derived parameters into conventional
models to enhance their ability to differentiate between csPCa and non-csPCa.

Our study has certain limitations. Firstly, the sample size was moderate and could benefit
from an increased cohort of patients. Secondly, future studies should incorporate an external
validation cohort to evaluate the reproducibility of our established method. Finally, our
retrospective design introduces the possibility of selection bias; however, we contend that
this potential bias is minimal, given the consecutive sampling method employed.

Conclusion

Incorporating radiomic information extracted from DCE perfusion parameters into the
diagnostic model can improve the accuracy of detecting csPCa compared to the conventional
model based solely on clinical and PI-RADS scores. This may lead to the avoidance of
unnecessary biopsies and a more precise treatment plan for patients. Further research, such
as prospective randomised trials and the integration of other artificial intelligence-based
techniques, is necessary to better select patients and indications before recommending the
general use of bpMRI in the clinical setting.

Key points

B Dynamic enhancement perfusion parameters based on radiomics show satisfactory
performance in predicting csPCa.

B There were no significant differences in predicting csPCa among the MR dynamic
enhanced quantitative perfusion parameters Kians, Kep, and V,.

B The combination model incorporating radiomics extracted from perfusion parameters,
clinical data, and PI-RADS V2.1 score can enhance the predictive capability for csPCa
compared to using the radiomic signature or conventional model alone.
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