
lable at ScienceDirect

Clinical Radiology 74 (2019) 896.e1e896.e8
Contents lists avai
Clinical Radiology

journal homepage: www.cl in icalradiologyonl ine.net
Prediction of prostate cancer aggressiveness
with a combination of radiomics and machine
learning-based analysis of dynamic
contrast-enhanced MRI
B. Liu a, J. Cheng b, D.J. Guo a, X.J. He a, Y.D. Luo a, Y. Zeng c,**, C.M. Li a,*
aDepartment of Radiology, The Second Affiliated Hospital of Chongqing Medical University, No. 76, Linjiang Road,
Yuzhong District, Chongqing, 400000, China
bBasic Medical College of Chongqing Medical University, No. 1 Medical School Road, Yuzhong District, Chongqing,
400042, China
cDepartment of Radiology, The Third Affiliated Hospital of Chongqing Medical University, No. 1 Shuanghu Branch
Road, Yubei District, Chongqing, 401120, China
article information

Article history:
Received 9 February 2019
Accepted 16 July 2019
* Guarantor and correspondent: C. Li, Departm
Yuzhong District, Chongqing, China. Tel.: þ86136
** Guarantor and correspondent: Y. Zeng, Depa
Road, Yubei District, Chongqing, China. Tel.: þ86

E-mail addresses: 1294583212@qq.com (Y. Ze

https://doi.org/10.1016/j.crad.2019.07.011
0009-9260/� 2019 Published by Elsevier Ltd on beha
AIM: To investigate whether the combination of radiomics and automatic machine learning-
based classification of original images from multiphase dynamic contrast-enhanced (DCE)-
magnetic resonance imaging (MRI) can predict prostate cancer (PCa) aggressiveness before
biopsy.
MATERIALS AND METHODS: Forty consecutive biopsy-confirmed PCa patients were

included. Biopsy was performed within 4 weeks after the DCE-MRI examinations. According to
the timeesignal-intensity curve, lesion segmentation was performed on the first and on the
strongest phase of the enhancement on the original DCE-MRI images, and 1,029 quantitative
radiomics features were calculated automatically from each lesion, wherein there were three
datasets available (Dataset-F, Dataset-S and Dataset-FS). The variance threshold method, select
k-best method and least absolute shrinkage and selection operator (LASSO) algorithm were
used to reduce the feature dimensions. Five machine learning approaches leveraging cross-
validation were employed, and the clinical value of each model was evaluated by area under
the receiver operating characteristic curve (AUC). Correlation analysis was performed between
the features of the machine learning model that achieved the best classification performance
and the Gleason score (GS) of the PCa lesion.
RESULTS: Eight, four, and 16 features were selected as optimal subsets in Dataset-F, -S and

-FS, respectively. Among all three datasets, logistic regression (LR)-based analysis with
Dataset-FS had the highest predication efficacy (AUC¼0.93). Ten features in Dataset-FS showed
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significantly positively correlation with GS. The model performance of Dataset-F was generally
better than that in Dataset-S.
CONCLUSIONS: A combination of radiomics and machine learning-analysis based analysis of

the union of the first and strongest phases of original DCE-MRI images can predict PCa
aggressiveness non-invasively, accurately, and automatically.

� 2019 Published by Elsevier Ltd on behalf of The Royal College of Radiologists.
Introduction

Globally, prostate cancer (PCa) is the second most com-
mon type of cancer and the fifth leading cause of cancer-
related death in men.1 It is the most common cancer in
males in 84 countries, occurring more commonly in the
developed world, and rates of PCa have been increasing in
the developing world. In 2012, PCa occurred in 1.1 million
men and caused 307,000 deaths, leading to deep suffering
and a heavy burden to patients and society.1 Most PCas are
slow growing; however, some grow relatively quickly.
Assessing the aggressiveness of PCa as early as possible has
a dramatic impact on disease management, treatment
choice, and patient prognosis.2,3 Patients diagnosed with
low-grade (LG) or intermediate-grade (IG) cancers may be
treated with conservative management approaches such as
active surveillance, while patients with high-grade (HG)
cancers must undergo more radical strategies such as ra-
diation therapy or surgery.2 In addition, patients with low/
intermediate invasiveness have better 5- and 10-year sur-
vival rates than do patients with high invasiveness.3

Until now, pathological biopsy has been regarded as the
reference standard for evaluating PCa invasiveness; how-
ever, it has several accompanying risks of complications,
such as infection/sepsis, haematuria, haematospermia, and
rectal bleeding, which cause afflictions and anxiety among
patients.4 The prostate-specific antigen (PSA) level is a non-
invasive method to evaluate the aggressiveness of PCa, but
this test has very low specificity and accuracy.5 In recent
years, multiparametric (Mp) magnetic resonance imaging
(MRI) has been regarded as a promising non-invasive tool
for PCa detection or classification. Dynamic contrast-
enhanced (DCE) MRI is one of the most widely used tech-
niques in clinical work.6 The tumour transfer constant
(ktrans) value was found differed significantly between
higher and lower-grade PCa tumours6; however, there is a
large amount of overlap between two groups, and the
clinical application of them is limited greatly, especially in
the transition zone (TZ).

Radiomics is an innovative technology using data char-
acterisation algorithms. It utilises an automated high-
throughput extraction of a vast (200þ) number of quanti-
tative features from medical images, excavating latent data
that were invisible to vision.7e9 These distinctive imaging
features may be useful for predicting prognosis and thera-
peutic response thus providing valuable information for
personalised therapy. Machine learning is a field of artificial
intelligence that uses statistical techniques to give
computer systems the ability to “learn” from data to
improve performance on a specific task without being
explicitly programmed. The combination of artificial intel-
ligence and radiomics can help distinguish benign from
malignant lesions, predict lesion invasiveness, or thera-
peutic effect, and detect the relationship between medical
images with gene signatures by analysing these high-
throughput features.10e12 Previously, it has been reported
that sentinel lymph node metastasis of breast cancer could
be accurately predicted using diffusion-weighted imaging
(DWI) and T2-weighted imaging (T2WI) derived radiomics
features.10 Zhou et al.11 illustrated that radiomics features
indexed by the mean and grey-level run-length non-
uniformity based on arterial phase images of the liver can
predict biological invasiveness and the histological grading
of hepatocellular carcinoma. For gliomas, texture and his-
togram features from Mp-MRI images and support vector
machine (SVM) have also been proved great value in the
classification of low-grade glioma and high-grade glioma.12

For prostatic carcinoma, Gleason grading is a well-
validated factor and is regarded as the reference standard
for aggressiveness evaluation.13 The majority of patients
with treatable/treated cancers have a GS of 6e7, and tu-
mours with a GS of 8e10 tend to be advanced neoplasms
that are unlikely to be cured.14 Patients with a GS �7 have
better biochemical disease-free survival and lower PCa-
specific mortality than do patients with a GS �8.14, 15 The
present study investigated the clinical value of combining
radiomics and automatic machine learning of original
multiphase DCE-MRI images for discriminating PCas with
low/intermediate or high invasive potential (GS �7 versus
GS �8) before biopsy.
Materials and methods

This retrospective study was approved by the medical
ethics committee of our hospital, and all patients provided
informed consent.

Patient cohort

Between 1 January 2016 and 31 May 2018, 50 consecu-
tive pathology confirmed PCa patients with Prostate
Imaging-Reporting and Data System version 2 (PI-RADS v2)
score of 4 or 5 were included. All of these patients had no
contraindications for MRI and underwent MRI examina-
tions with a 1.5-T MRI system (Signa Excite II, GE



Table 1
Demographic and histopathological characteristics of the patient cohort

n [range]

Number of patients 40
Number of lesions 40
Mean age 73 [59-93]
Mean PSA ng/ml 11.6 [0.4e25]
Gleason score, n (%)
�7 22 (55%)
3þ3 5 (12%)
3þ4 7 (18%)
4þ3 10 (25%)
�8 18 (45%)
4þ4 11 (28%)
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Healthcare, Fairfield, CT, USA). Biopsy was performedwithin
4 weeks after the DCE-MRI examinations. Patients with
poor MRI image quality of serious image artefact (n¼2),
those whose cancer location required a urethral catheter,
those who had multiple lesions with different GSs (n¼3),
and those who had received prior treatment for PCa (i.e.,
hormonal therapy or transurethral resection of the prostate
[TURP], n¼5) were excluded from the analysis. Finally, 40
lesions from 40 patients were included in the study. Fig 1
details the patient selection process with a flow chart.
Table 1 exhibits the demographic and histopathological
characteristics of the patient cohort.
4þ5 4 (9%)
5þ3 3 (8%)
Tumour location, n (%)
PZ 30 (75%)
TZ 10 (25%)

PSA, serum prostate specific antigen; PZ, peripheral zone; TZ, transition zone.
MRI acquisition

All of the patients underwent routine T1WI, fat-
saturated respiratory-triggered fast recovery fast spin-
echo (FRFSE) T2WI, echo planar imaging (EPI) DWI and
DCE gradient-echo T1WI in axial planes. The full Mp-MRI
parameters are listed in Table 2. For DCE-MRI, after the
third dynamic scan, gadolinium (Gd3þ; 0.1 mmol/kg;
Omniscan GE Healthcare Life Sciences) was administered
intravenously at a rate of 2.5 ml/s with an automatic power
injector (Spectris MR Injector System; Medrad, Fairfield, CT,
USA) followed by a 20 ml saline solution flush. During each
phase of DCE-MRI 52 sections were scanned, and a total of
32 periods of uninterrupted scanning were performed. The
scanning time was 313 seconds.
Histopathology and image segmentation

All 40 tumour lesion GSs were confirmed on samples
from transperineal ultrasound-guided template saturation
biopsy (24 core). Tumour locations on Mp-MRI images that
matched the biopsy were identified by four observers by
consensus: two radiologists (with 10 and 20 years of
experience with Mp-MRI interpretation), one histopathol-
ogist (with 9 years of experience in pathological grading of
malignant tumours), and one clinical urologist (with 5 years
of experience in the diagnosis of urinary and reproductive
neoplasms).
Patients with urethral catheter or 
multiple lesions of different GS: 

n=3

Poor MRI image quality: n=2

Treatment prior to MRI: n=5
Hormonal Therapy: n=4
TURP: n=1

Included patients: n=40
Included lesions: n=40

GS≤7: n=22 GS≥8: n=18

Eligible patients:
n=50

Figure 1 Flow chart of inclusion and exclusion criteria for patients
and tumours. GS, Gleason score; TURP, transurethral resection of the
prostate.
Timeesignal-intensity curves of tumour lesions from
DCE-MRI images were calculated using an advanced work-
station from General Electric Medical Systems. According to
the curve, regions of interest (ROIs) were delineated slice by
slice on the whole tumour during the first phase of
enhancement and during the strongest phase on axial DCE-
MRI images. ROIs were outlined manually by radiologists
who were blinded to the GSs of the patients, and all con-
tours were reviewed by the senior radiologists. If there is a
discrepancy, the senior radiologist decided on the tumour
borders.7 Finally, 40 ROIs from the first enhancement phase
(Dataset-F), 40 ROIs from the strongest enhancement phase
(Dataset-S), and 80 ROIs from both the first and strongest
enhancement phase (Dataset-FS) were obtained. This pro-
cess was performed using an open-source software16 (3D
slicer version 4.8.1; at http://slicer.org/; Fig 2).

Feature extraction and reduction

A total of 1,029 quantitative imaging features were
extracted automatically from each ROI; these features can
be grouped into four categories. Category 1 features (first
order statistics) quantitatively delineate the distribution of
Table 2
MRI sequence parameters used for the study

T1W T2W FRFSE EPI DWI DCE

Repetition time (ms) 600 2200 4050 3.9
Echo time (ms) 8.7 70.2 78,2 1.3
Flip angle (degrees) n/a n/a n/a 15
Field of view (mm) 260�260 260�260 260�260 400�320
Section thickness (mm) 5.6 5.6 5.6 6
Section gap(mm) 1 1 1 �2
Fat saturation No Yes Yes Yes
Base matrix 320�192 320�192 128�128 224�160
b-Values(s.mm�2) n/a n/a 0,1000 n/a
Number of excitations 2 4 4 0.73

T1W, T1-weighted; T2W FRFES, T2-weighted fat-saturated respiratory-
triggered fast recovery fast spin-echo; EPI DWI, echo planar imaging
diffusion-weighted imaging; DCE, dynamic contrast-enhanced T1-weighted
gradient-echo images.

http://slicer.org/


Figure 2 A 61-year-old man with a tumour of GS 6 (3þ3) in the left peripheral zone. (a) Tumour lesion on T2-weighted image (arrow). (b)
Tumour lesion on apparent diffusion coefficient (ADC) map (arrow). (c) Tumour lesion contoured on the first phase of enhancement (F-1-1). (d)
Tumour lesion contoured on the strongest phase of enhancement (S-1-1).
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voxel intensities within the MRI images through commonly
used and basic metrics. Category 2 features (shape- and
size-based features) reflect the shape and size of the re-
gions. Textural features calculated from the grey-level run-
length matrix (glrlm), grey-level size zone matrix (glszm)
and grey-level co-occurrence matrix (glcm) quantify dif-
ferences in the heterogeneity of regions and are classified as
category 3 (texture features). Finally, category 4 (higher
order statistics features) includes intensity and texture
features derived from image transformation of the original
image (filters of the image transformation are as follows:
exponential, square, square root, logarithm, and wavelet).
The mathematical expressions and semantic meanings of
the features used in the present study can be found at
http://pyradiomics.readthedocs.io/en/latest/features.
html#module-radiomics.

Feature reduction is a procedure of selecting a truly
worthwhile subset of features for the predictive model.
Relatively insignificant features may contribute little to the
model and actually decrease the predictive performance.
Firstly, a threshold of 0.8 was used to retain all eigenvalues
with a variance greater than 0.8 for further analysis.
Thereafter, the chi-square test was used to measure the
relationship between features and classification result (GS
�7 versus GS �8), and features with p-values <0.05 were
selected for the next step investigation. Finally, L1 regular-
isation to add the L1 norm of the linear model coefficient to
the loss function as a penalty term was utilised so that the
coefficient corresponding to the weak correlation feature
became 0, and feature selection was realised. This approach
is called the least absolute shrinkage and selection operator
(LASSO) algorithm and has favourable performance for
filtering features and reducing the complexity of the
model.17 The above procedurewas repeated for each dataset
to select the optimal subset for the machine learningmodel.

Model construction and evaluation

Before building the machine learning model, the input
eigenvalues were firstly normalised: the mean was removed
and scaled to the unit variance.18 For the three datasets
(Dataset-F, Dataset-S and Dataset-FS), five supervised ma-
chine learning methods leveraging stratified (K¼5)-fold
cross-validation were employed. The machine learning
methods were as follows: SVM based on linear kernel, lo-
gistic regression (LR), random forests (RF), decision tree (DT)

http://pyradiomics.readthedocs.io/en/latest/features.html#module-radiomics
http://pyradiomics.readthedocs.io/en/latest/features.html#module-radiomics
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and k-nearest neighbour (KNN). These approaches were
utilised because of their practicability, simplicity, and
experimental efficacy in the literature.18e20 In the present
study, each machine learning method was trained and vali-
dated independently using the stratified (K¼5)-fold cross-
validation approach to estimate the generalisation ability of
the classifier. Cross-validation can assess how the results of a
model will generalise to an independent data set.21

Statistical analysis

The accuracy, sensitivity, specificity, and area under the
receiver operating characteristic (ROC) curve (AUC) were
used to evaluate the performance of each machine learning
model for the classification tasks. Moreover, correlation
analysis was performed between features of the machine
learning approaches yielding the highest classification
generalisation ability and GSs of the lesions. Firstly, the
feature values were checked with the one-sample
KolmogoroveSmirnov test for normality. Then, the corre-
lation between the values and GSs was evaluated through
Pearson’s correlation test for data fitting the normal dis-
tribution or Spearman rank correlation analysis for data
violating the normal distribution. p<0.05 were regarded as
statistically significant. Feature extraction, reduction and
model constructionwere performed on R software, which is
a free and open-source tool.22 SPSS (version 17.0) was used
for the correlation tests.

Results

Feature dimension reduction and optimal subset
selection

In Dataset-F, 617 features from 1,029 features were
selected using the variance threshold method. Then, with
the select k-best method, 89 features were selected. Finally,
eight features were selected as an optimal subset with the
LASSO algorithm. By repeating the above procedure, four
and 16 signatures were selected as the optimal subset
among Dataset-S and Dataset-FS, respectively. All these
features are demonstrated in Fig 3.

Evaluation of classifiers performance

In Dataset-F, KNN yielded the best predict efficacy
(AUC¼0.88; accuracy¼0.85) for the classification of PCas
with low/intermediate and high invasive. In Dataset-S, LR
generated the best performance (AUC¼0.84; accu-
racy¼0.76), while in Dataset-FS, LR was also the best clas-
sifier (AUC¼0.93; accuracy¼0.90). Among all the classifiers,
LR trained with Dataset-FS had the best performance
compared with the others (Table 3).

Correlation between radiomics features of Dataset-FS
and GS

According to the evaluation of classifier performance, the
radiomics features of Dataset-FS offered the highest
predicative efficacy. Sixteen optimal features were obtained
in the Dataset-FS. Ten features of them (F-least axis shape,
S-least axis shape, F-total energy first-order statistics, F
total energy logarithm, S-large area emphasis (LAE) in
glszm-wavelet-LLH, S-large area high grey-level emphasis
(LAHGLE) in glszm texture features, F-zone entropy (ZE) in
glszm-wavelet-HHL, F-long run emphasis (LRE) in glrlm-
wavelet-HHH, F-run length non-uniformity (RLN) in
glrlm-exponential and S-LRE in glrlm wavelet HHH) were
found significantly correlated (p<0.05) with the GS of the
lesions (Table 4).
Discussion

Assessing PCa invasiveness as early as possible is essen-
tial for disease management, treatment choice, and patient
prognosis. Pathological biopsy, PSA level and Mp-MRI are
popular tools for estimation of PCa invasiveness, but they all
have various complications that limit their clinical use. It is
extremely urgent to explore a new non-invasive method
with high accuracy. Radiomics leveraging data characteri-
sation algorithms can automatically extract a large number
high-throughput quantitative features from original medi-
cal images and can offer additional information that is far
beyond the scope of visual analysis. Furthermore, proper
feature dimensionality reduction and machine learning
approaches can help get the optimal features and achieve
an efficient and robust classification. The combination of
these techniques is very valuable and can help clinicians
determine the appropriate treatment for their patients
without unnecessary interventions. In clinical work, the
combination of radiomics features derived from original
multiphase DCE-MRI with machine learning to predict the
aggressiveness of PCa has not been reported.

The present study found that LR based on Dataset-FS,
which employed the integration of the first and the stron-
gest enhanced phases of DCE-MRI, showed the best classi-
fication efficacy compared with the other models. This
method can facilitate the diagnostic ability to predict PCa
invasiveness with an accuracy of 0.90 with no complica-
tions of infection/sepsis, haematuria, haematospermia, or
rectal bleeding. It is a valuable means to help clinicians
determine the appropriate treatment for their patients and
has wide applicability in clinical practice. Previously,
Rozenberg et al.23 combined ADC-derived features and LR to
predict the aggressiveness of PCa with an accuracy of 0.75.
Another study integrating features based on pharmacoki-
netic model parameter maps and SVM had an accuracy of
0.77 for detecting neoplasms in the peripheral zone (PZ).24

Radiomics features can clearly reveal tiny changes in the
histological anatomy and pathophysiology of neoplasms
that are hard to identify quantitatively with the naked eye
and are often overlooked in clinical practice. In this study,16
features were selected as an optimal subset in Dataset-FS,
and 10 of these features showed close correlation with GS
of the lesions. These findings indicate that these features are
characteristic of PCa and could reflect the invasive nature of
it. Among all 10 features, there was one first-order statistics



Figure 3 Radiomics features in the optimal subsets. (a) Optimal subset of Dataset-F. (b) Optimal subset of Dataset-S. (c) Optimal subset of
Dataset-FS. Wherein the absolute value of the coefficients from the LASSO model only represents the contribution of each feature in each
dataset. L: low-pass filter; H: high-pass filter; glszm: grey-level size zone matrix; glrlm: grey-level run-length matrix; LASSO: least absolute
shrinkage and selection operator.

Table 4
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feature, two shape- and size-based features, one texture
feature, and six higher-order statistics features. The F-least
axis shape, S-least axis shape, F-total energy first-order
statistics, and F-total energy logarithm are indices of
tumour volume and signal intensity. PCa with high invasive
potential had a larger volume and more powerful signal
Table 3
Predictive performance of each classifier for each dataset

Dataset/machine AUC (95% CI) Accuracy Sensitivity Specificity

Dataset-F
LR 0.87 (0.72e0.93) 0.83 0.77 0.89
RF 0.83 (0.60e0.82) 0.71 0.91 0.50
DT 0.71 (0.59e0.83) 0.71 0.64 0.78
KNN 0.88 (0.74e0.93) 0.85 0.91 0.78
SVM 0.84 (0.69e0.90) 0.80 0.77 0.83
Dataset-S
LR 0.84 (0.65e0.86) 0.76 0.91 0.61
RF 0.80 (0.62e0.85) 0.75 0.82 0.67
DT 0.69 (0.58e0.81) 0.69 0.77 0.61
KNN 0.82 (0.74e0.93) 0.84 0.95 0.72
SVM 0.83 (0.65e0.86) 0.76 0.91 0.61
Dataset-FS
LRa 0.93 (0.82e0.97) 0.90 0.86 0.94
RF 0.82 (0.65e0.87) 0.77 0.86 0.67
DT 0.77 (0.66e0.87) 0.77 0.86 0.67
KNN 0.91 (0.70e0.91) 0.82 0.91 0.72
SVM 0.90 (0.71e0.92) 0.82 0.86 0.78

AUC, area under the ROC curve; ROC, receiver operating characteristic curve;
95% CI, 95% confidence interval; LR, logistic regression; RF, random forests;
DT, decision tree; KNN, k-nearest neighbour; SVM, support vector machine.

a Represents the classifier with the best performance among all of the
models.
intensity on the enhanced scans than neoplasms with low/
intermediate invasive potential. The possible reason is that
HG-PCa has a greater requirement for neovascularisation
and uptakes more contrast agent than LG/IG-PCa.6,25 The
Correlation tests between radiomics features of Dataset-FS and Gleason score

Dataset-feature-category or filter Correlation coefficient p-Value

F-least axis shapea 0.637 0.001
S-least axis shapea 0.636 0.001
F-total energy first-order statisticsa 0.598 0.001
F-total energy logarithma 0.570 0.001
S-large area emphasis

in glszm-wavelet-LLHa
0.514 0.001

S-large area high grey
level emphasis in
glszm-texture featuresa

0.508 0.001

F-zone entropy in
glszm-wavelet-HHLa

0.459 0.003

F-long run emphasis in
glrlm-wavelet-HHHa

0.431 0.005

F-run length non-uniformity
in glrlm-exponentiala

0.350 0.027

S-long run emphasis in
glrlm-wavelet-HHHa

0.336 0.034

F-large area emphasis
in glszm-square

0.270 0.093

S-zone variance in
glszm-texture features

0.264 0.100

F-median-wavelet-HLH 0.243 0.132
F-mean-wavelet-HLH 0.230 0.154
S-kurtosis square root 0.206 0.202
S-m,ean-wavelet-HHL �0.209 0.195

a Represents significant correlation (p<0.05).
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remaining six features (S-LAE in glszm-wavelet-LLH, S-
LAHGLE in glszm-texture features, F-ZE in glszm-wavelet-
HHL, F-LRE in glrlm-wavelet-HHH, F-RLN in glrlm-
exponential and S-LRE in glrlm-wavelet-HHH) are indices
of texture and heterogeneity. Increasing values of these
features in HG-PCa indicate a coarser texture and increasing
heterogeneity when compared with LG/IG-PCa. This result
was strongly consistent with those of previous studies.22, 26,
27 Among all the 10 features, most of them were higher-
order statistics features and utilised wavelet transform.
Higher-order statistics features could display subtle alter-
ations in tissue morphology more explicitly.28 Wavelet
transform can eliminate noise in the image or sharpen the
image, and this process does not alter the semantic mean-
ing of the features.

In this study, DCE-MRI was used for radiomics analysis
and machine learning, which provided images with high
temporal resolution, high spatial resolution, high signal-to-
noise ratio and enhanced tissue information regarding
prostate.29 Previously, radiomics analysis based of other
MRI sequences have been reported.30, 31 Chaddad et al.30

combined RF with features derived from T2W and DWI to
predict the PCa invasiveness with an AUC of 0.65. Shiradkar
et al.31 introduced a machine learning-based classifier of
forecasting PCa biochemical recurrence by integrating
T2W- and ADC-based radiomics features and obtained an
AUC of 0.73; however, most of lesions on DWI and T2W
images exhibit unclear or incomplete borders, which is
unfavourable for segmenting the lesions completely. It is
more accurate to overlay ROIs on DCE-MRI images. Previ-
ously, DCE-MRI-derived perfusion parameters, including
the pharmacokinetic model parameters Ktrans and Kep, have
offered the possibility of differentiating low-grade from
medium-grade plus high-grade PCa with an AUC of 0.72.25

Another study using 13 perfusion parameters with an
SVM demonstrated an accuracy of 0.77 for PCa detection24;
however, DCE pharmacokinetic analysis mostly indicates
microcirculation function without information regarding
the tissue morphological characteristics. Original DCE-MRI
images could offer more information than colour maps of
pharmacokinetic parameters. On the other hand, most
studies using DCE pharmacokinetic images used no more
than 20 image features. In this study, the lesions were
overlaid slice by slice, and 1,029 radiomics features were
employed to obtain comprehensive tissue information
regarding the tumour, and a higher accuracy (0.90) was
obtained.

DCE-MRI has many scanning phases, and until now,
there is no consensus that which phase of feature extraction
could offer the best prediction. Nie and colleagues found the
third-phase enhanced scan could successfully predict the
pathologic response of rectal cancer after preoperative
chemoradiation therapy.32 In breast cancer, Ming et al.33

predicted the response of neoadjuvant chemotherapy us-
ing the first three phases of DCE-MRI. The strongest phase
was also proved can reflect the invasiveness of tumours.34

Therefore, in this study, we used the first and the stron-
gest phases of tumour enhancement, which may have the
greatest association with potential tissue information. The
present observations showed that the model performance
of Dataset-F was generally better than that of Dataset-S. The
possible reason may be that the first phase of tumour
enhancement has more diverse information than the
strongest phase, which is in accordance with enhancement
characteristics of PCa35 (early-phase enhancement).

This study has several limitations. Firstly, because of the
relatively small sample size, PZ and TZ neoplasms were not
investigated separately. Secondly, most of the GSs were
obtained through transperineal ultrasound-guided tem-
plate saturation biopsy (24 core), which may differ from
those obtained following radical prostatectomy. In the
future work, the results will be confirmed with larger and
more homogenised samples and PZ and TZ neoplasms will
be analysed separately. Separate training and test and
validation sets were not available in this study, but the
fivefold cross-validation was employed, which may have
similar effects. Finally, in the present study, radiomics of
DCE-MRI with pathology results were compared directly,
and not with conventional clinical interpretation. In the
future work, radiomics of different imaging techniques
including MRI, computed tomography (CT), positron-
emission tomography (PET)-CT and other conventional
clinical methods will be investigated regarding their clinical
value.

In conclusion, the present study found that the DCE-MRI
original image-derived radiomics features integrated with
automatic machine learning approaches could predict PCa
invasiveness non-invasively with high accuracy. Features
extracted from the first phase of tumour enhancement have
a stronger association with the pathophysiology of carci-
noma than those extracted from the strongest phase. As a
new technology, this method is independent of conven-
tional clinical assessment. It may be an effective comple-
ment to conventional MRI and included in the new version
of PI-RADS in the future.
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