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A B S T R A C T

Purpose: To identify texture features of multiparametric MRI (mp-MRI) for pre-treatment prediction of bone
metastases (BM) in patients with prostate cancer (PCa).
Patients and methods: One-hundred and seventy-six patients with clinicopathologically confirmed PCa were
enrolled，and the data was gathered from January 2008 to January 2018. A total of 976 texture features were
extracted from T2-weighted (T2-w) and dynamic contrast-enhanced T1-weighted (DCE T1-w) MRI. Step re-
gression, ridge regression and LASSO regression method model was applied to select features and develop the
predicting model for BM. The performance of the radiomics features, PSA level and Gleason Score were explored
with the respect to the receiver operating characteristics (ROC) curve. Multivariable logistic regression analysis
starting with the following clinical risk factors (PSA level, Gleason Score and age) and imaging biomarkers were
applied to develop diagnostic model for BM in PCa.
Results: The texture features, which consisted of 15 selected features, were significantly associated with BM
(P < 0.01). The combined MRI features derived from T2-w and DCE T1-w showed better prognostic perfor-
mance (AUC = 0.898) than features derived from single sequence (T2WI AUC = 0.875, DCE T1-w
AUC = 0.870) and Gleason Score (AUC = 0.731) for pre-treatment prediction of BM in PCa. MRI -based imaging
biomarker combined with clinical risk factors (free PSA, age and Gleason score) yielded the highest
AUC(AUC = 0.916). Multivariate regression analysis showed that the imaging biomarker was an independent
risk factor for the detection of bone metastases along with f-PSA level (free PSA) and Gleason score.
Conclusion: Multiparametric MRI-based texture feature was significant predictor for BM in PCa. Clinical risk
factors combined with MRI-based texture feature could further improve the prediction performance, which
provide an illustrative example of precision medicine and may affect treatment strategies.

1. Introduction

Prostate cancer (PCa) is the most prevalent male malignancy in the
western world, with > 1 in 7 men expected to be diagnosed with the
disease in their lifetime, and approximately 27,500 deaths every year
are attributed to this disease in the United States alone [1,2]. In recent
years, the incidence of PCa has been growing every year in China. The
main causes of treatment failure are biochemical recurrences and dis-
tant metastases. Bone is the most frequent site of metastases in PCa.
Although the type and incidence of bone metastases (BM) may vary
between primary tumor sites, they all have a significant clinical impact,
inducing serious consequences on patients' quality of life. Skeletal re-
lated events (SREs) represent the most clinically important complica-
tions of BM and include pathological fractures, spinal cord injury,

hypercalcemia and pain requiring surgical intervention or radiotherapy
[3]. These risk groups are heterogeneous in terms of radiosensitivity,
rendering it important to identify other predictors of recurrence to in-
tensify local or systemic treatments for tumors with poor prognosis [4].
Therefore, pretreatment identification of distant metastases in patients
with advanced PCa is crucial to identify the prognosis and make deci-
sions regarding treatment [5]. Unfortunately, there is no systematic
study to verify the predictive factors that might accurately predict BM
in patients with PCa.

With the development of the prostate imaging report and data
system (PI-RADS) and the rapid development of radiomics based on big
data and artificial intelligence, multiparametric magnetic resonance
imaging (mp-MRI) has become the best noninvasive modality in the
diagnosis of prostate disease. It is of great value in the early stage of
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prostate cancer with accurate diagnosis, treatment options, therapeutic
evaluation and prognosis evaluation. Over the last few years, imaging
biomarkers, popularly called radiomics, have been recognized as po-
tentially powerful tools to aid in identifying patients with tumor sub-
groups with poor prognosis [4]. Texture analysis (TA), which reflect
tissue heterogeneity, is related to a variety of mathematical techniques
able to evaluate the grey-level intensity distribution and spatial orga-
nization in an image [6]. Among these indices, features calculated from
the grey-level co-occurrence matrix (GLCM) are the most used due to
their simple computation and interpretation [6]. On the GLCM, various
statistics can be computed: energy, entropy, correlation, homogeneity,
contrast, etc. GLCM captures the frequency of co-occurrence of similar
intensity levels over the region, which describes the texture of the re-
gion of interest [2]. Recently published studies [1,2,7,8] have demon-
strated that TA can distinguish or classify benign and malignant lesions
in prostate, another recent focus of TA has been the assessment of
therapy response in PCa [4]. However, to the best of our knowledge, no
study has so far investigated the feasibility to detect cancerous lesions
directly in the target tissue before they appear visible to the human
reader or predict BM from the primary tumor.

In this context, the aim of this study was to determine whether
texture features acquired on mp-MRI images before treatment com-
bined with clinicopathologic risk factors can predict BM in patients
with PCa.

2. Materials and methods

2.1. Study population

Our Institutional Review Board approved this retrospective study
and waived the need to obtain informed consent. The entire cohort of
this study was acquired from January 2008 to January 2018 records of
the Institutional Picture Archiving and Communication System (PACS,
Neusoft), which was used to identify patients who had histologically
confirmed PCa without evidence of distant metastases at diagnosis. 176
patients were enrolled in our study, according to the inclusion criteria
and exclusion criteria, the following inclusion criteria applied: histo-
logically confirmed PCa on needle biopsy; multiparametric 3.0 T MRI,
according to European Society of Urogenital Radiology recommenda-
tions, where the tumor had to be apparent; standard unenhanced and
contrast-enhanced MRI performed within 2 weeks before or after the
diagnosis of PCa. The exclusion criteria were: patients were diagnosed
to have other primary cancer; presence of post-biopsy hemorrhage on
MRI; radical prostatectomy (RP), androgen deprivation therapy (ADT),
radiotherapy (RT), chemotherapy (CT) before MRI; and follow-up
period < 24 months in the BM-negative cohort. A flow chart of the
study is presented in Fig. 1a. All the patients underwent a total of 12
transrectal biopsies that can be divided into six biopsies in each lobe.

The clinicopathologic characteristics of these patients in the training
and validation dataset are listed in Table 1. The patients were identified
and divided into two cohorts at a ratio of 3:1 using computer generated
random numbers. 132 patients were allocated to the training cohort,
while 44 patients were allocated to the independent validation cohort.
There was no difference between the training and the validation cohort
in the clinicopathologic characteristics. The data combined imaging
biomarker and clinicopathologic characteristics were tested in the va-
lidation cohort.

2.2. Follow-up and endpoint

The study cohort can be considered as “watchful waiting” patient
group due to their age and other conditions. Patients were followed up
by means of clinical examination and PSA level analysis every
1–3 months. After a median follow-up of 42 months (range:
7–119 months), follow-up is terminated when bone metastases occur as
the endpoint. Finally, 91 patients exhibited BM, defined according to

ECT. Patients were monitored with frequent laboratory tests, including
prostate specific antigen (PSA) level, testosterone level, and regular
imaging, which included bone scan and computed tomography or
magnetic resonance imaging of the chest, abdomen and pelvis every
8 weeks during the first 6 months then every 12 weeks thereafter [9].

2.3. MRI technique

MRI scan was performed using two different 3.0 T scanners
(Ingenia, Philips Healthcare, The Netherlands; Signa HDxt, GE
Healthcare, USA), both with 16-channel phased-array surface coils,
with the patients scanned in supine position. MRI sequences included
axial turbo spin echo T2-w and axial dynamic contrast-enhanced (DCE)
T1-w. Dynamic MRI of the prostate was carried out using a fixed time-
delay method. After the precontrast series, gadopentetate dimeglumine
was injected within 10 s. Postcontrast series were obtained 20, 50, 80
and 110 s after the initiation of contrast-agent injection. The sequences'
parameters are detailed in Table 2.

2.4. Image post-processing and texture analysis

Only axial T2-w and DCE T1-w Digital Imaging and
Communications in Medicine (DICOM) images were considered. The
study workflow can be divided into three steps: manual segmentations,
and feature extraction. All manual segmentations of the tumor were
performed by a radiologist (with 7 years of experience: YR.W.) and each
segmentation was validated by a senior radiologist with 19 years of
experience, mainly in genitourinary cancers (N.L.). The region of in-
terest (ROI) around the tumor outline for the largest cross-sectional
area was delineated on both the axial T2-w and DCE T1-w (post con-
trast 50 s) images with the help of available MRI images (including T1-
w, diffusion-weighted, ADC), MRI radiology reports, and pathology
biopsy. The ROIs were re-binned to 16 Gy-level histogram bins between
the minimum and maximum intensity limits. We used IBEX software for
segmentation and textural analysis (open source, http://bit.ly/IBEX_
MDAnderson).

In total, 976 features were ultimately extracted from the tumor ROIs
in the axial T2-w images and DCE T1-w images, including 6 kinds of
features: shape, intensity, intensity histogram, GLCM, grey level run
length matrix (GLRLM), and neighbor intensity difference. These tex-
ture features are typically categorized into first and second order fea-
tures, based on the method applied to estimate how the pixels are inter-
related. First order features are solely based on intensity values and the
shape of the ROI. These features are extracted either directly or from a
histogram analysis prior to any mathematical transformation and re-
gardless of spatial configuration. Intensity-based features such as var-
iance and entropy address the overall dispersion of grey levels but given
their nature, are limited regarding precise spatial distribution of grey
levels within the tumor [10,11]. To quantify intratumoral hetero-
geneity incorporating spatial information, TA was applied which con-
stitutes the second-order statistical output. These entail approaches like
GLCM and GLRLM, as well as neighbor intensity difference [10,11].
Haralick textural features consisted of a specific relation of pixels with
their local neighborhood [4,7],were derived from GLCM. In our study, a
total of 330 Haralick features were extracted, including: cluster pro-
minence, cluster shade, cluster tendency, contrast, correlation, dissim-
ilarity, inverse variance, energy, entropy, and so forth. A grey level run
is a set of consecutive, collinear picture points having the same grey
level value [12], grey level run length (GLRL) is defined as the number
of contiguous voxels that have the same grey level value and it char-
acterizes the GLRLs of different grey level intensities in any direction
[12,13]. In this study, we extracted 33 GLRLM features. Histogram is
the grey level function, describes the grey level image with the number
of pixels, normally refers to a histogram of the pixel intensity values.
Neighbor Intensity Difference consists of busyness, coarseness, com-
plexity, contrast and texture strength.
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2.5. Radiomics feature extraction/selection and radiomics signature
construction

Linear regression, ridge regression and logistic regression model
was applied to select features and develop the predicting model for BM.
A formula was generated using a linear combination of selected features
that were weighted by their respective LASSO coefficients; the tuning

parameter λ was selected in the LASSO model via 10-fold cross vali-
dation based on minimum criteria; the formula was then used to cal-
culate a risk score (defined as the radiomics score). Risk score for each
patient reflect the risk of BM.

Fig. 1. Flow chart of the study. RP, radical prostatectomy; ADT, androgen deprivation therapy; RT, radiotherapy; CT, chemotherapy.
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2.6. Evaluation of the performance of imaging biomarker for Prediction of
BM in PCa

The difference in risk scores between the BM-positive and BM-ne-
gative patients was assessed using independent t-test or Mann-Whitney
U test. The predictive accuracy of the texture features was explored
with the respect to the receiver operating characteristics (ROC) curve
(AUC) in both the training and validation cohorts. Z test was used to
compare AUC and to compute standard deviations (SD) and the 95%
confidence intervals (CI). P value < 0.05 was considered statistically
significant.

2.7. Validation of the performance of imaging biomarker for Prediction of
BM in PCa

Multivariate regression analysis starting with the following clinical
risk factors (age; PSA level; Gleason score) and imaging biomarkers was
applied to develop a diagnostic model for the BM.

2.8. Statistical analysis

The LASSO logistic regression model was used with penalty para-
meter tuning that was conducted by 10-fold cross-validation based on
minimum criteria. The likelihood ratio test with backward step-down
selection was applied to the multivariate logistic regression model.
Detailed descriptions of the LASSO algorithm are provided in the
Supplementary Data.

ALL statistical tests were performed with R software version 3.5.1 (R

Core Team. R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria; http://www.R-
project.org) and MedCalc (version 15.2.2, MedCalc Software bvba,
Ostend, Belgium).

Radiomics workflow of the study is presented in Fig. 1b.

3. Results

3.1. Patient characteristics

Patient characteristics in the training and validation cohorts are
given in Table 1. There were no significant differences between the two
cohorts in BM prevalence. BM positivity was 50.8% and 54.5% in the
training and validation cohorts, respectively. Although there was a
temporal disconnect, there were no significant differences in the clin-
icopathologic characteristics between the primary and the validation
cohort, either within the BM-positive cohort or in the BM-negative
cohort, which justified their use as training and validation cohorts.
There was no significant difference in the age and total PSA (t-PSA)
level between the BM-positive and BM-negative groups.

3.2. MR radiomics feature extraction/selection

Of texture features, 976 features were reduced to 15 potential pre-
dictors on the basis of 132 patients in the training cohort with nonzero
coefficients in the LASSO logistic regression model. The tuning para-
meter λ was selected in the LASSO model via 10-fold cross validation
based on minimum criteria (Fig. 4a–d).

3.3. Imaging biomarker construction and evaluation of the performance of
imaging biomarkers for prediction of BM in PCa

Imaging biomarker mathematical models based on T2-w texture
features, DCE T1-w texture features, both T2-w and DCE T1-w texture
features, and combined MR texture features with clinical risk factors
were constructed, risk scores (defined as the radiomics scores) were
calculated with the formulas. The formulas were provided in the
Supplementary Data. Textural features used for imaging biomarker
construction and the corresponding coefficients are described in
Table 3.

There was significant difference between the BM-positive and BM-
negative group in the imaging biomarker, either based on the T2-w
images, DCE T1-w images, T2-w and DCE T1-w images, Gleason Score
and combined MR texture features with clinical risk factors. The risk
score was slightly lower for the BM-positive group in imaging bio-
marker based on T2-w texture features. The risk scores were sig-
nificantly higher for the BM-positive group in the other biomarkers

Table 1
Patient characteristics in primary and validation cohorts.

Training cohort Validation cohort

BM(+) BM(−) P BM(+) BM(−) P

Age(years)
Age(median) 70 71 0.316 73 68 0.092
Age(range) 49–86 53–86 49–85 53–78

PSA level(ng/ml)
Mean ± SD

t-PSA 86.9 ± 120.9 40.1 ± 34.4 0.056 75.9 ± 29.5 48.1 ± 36.5 0.068
f-PSA 24.2 ± 19.4 6.00 ± 7.50 < 0.001 31.1 ± 19.6 7.51 ± 10.5 < 0.001

Gleason score
7 34 32 10 8
8 9 18 6 7
9 18 15 7 5
10 6 0 1 0
Total 67 65 24 20

Table 2
MRI sequence parameters.

Philips Ingenia GE Signa HDXT

Sequence parameter n= 168 n= 8
T2-weighted imaging
Sequence type SPAIR FSE
TR (msec) 2057–4352 2180–5240
TE (msec) 65–120 116–126
Field of view(mm)* 250 340
matrix 432 × 432 512 × 512
Section thickness(mm) 4.53 4.53
Flip angle(degrees) 90 90
Dynamic Contrast-enhanced imaging
Sequence type THRIVE LAVA-XV + C
TR (msec) 3.74–5.3 2.69–4.4
TE (msec) 0.00–2.6 1.18–1.5
Field of view(mm)* 300 420
matrix 336 × 336 512 × 512
Section thickness(mm) 3 3
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(Table 4).
ROC analysis demonstrated that the combined MRI features derived

from T2-w and DCET1-w showed better prognostic performance than
features derived from T2-w or DCET1-w alone, Gleason score for pre-
treatment prediction of BM in PCa. MRI-based imaging biomarker
combined with clinicopathologic characteristics (f-PSA, age and
Gleason score) yielded the highest AUC(AUC = 0.916) (Fig. 2,Table 5).
Z test was used to compare AUCs, there was statistical significance
between the AUCs (with P < 0.05). Although a slightly higher AUC
was observed for the model with clinical risk factors integrated into the
imaging biomarkers, integration of the clinical risk factors into the

prediction model did not show significantly improved prediction per-
formance.

3.4. Validation of the performance of biomarker based on combined MR
texture features and clinical risk factors for prediction of BM in PCa

The ROC curve of the biomarker based on combined MR texture
features and clinical risk factors in the validation cohort is shown in
Fig. 3. The biomarker yielded an AUC = 0.895 and showed a good
agreement with the training cohort.

The prediction model after the addition of clinical risk factors is

Table 3
List of textural features used for imaging biomarker construction.

Number Texture feature Feature description Corresponding coefficients for risk scores calculation formulas

T2-w DCE T1-w T2-w and
DCE T1-w

Combined MR texture
features and clinical risk
factors

GLRLM
f1 Short run low grey level emphasis,

SRLGLE
Measures the joint distribution of short runs and low grey
level values, is expected large for the image with many short
runs and lower grey level values and with greater values
indicative of more fine textural structures [15]

0.026 2.89 0.0085

f2 Short run high grey level emphasis,
SRHGLE

Measures the joint distribution of short runs and high grey
level values

−5.80

GLCM
f3 Auto correlation Measure of linear dependency of grey levels of neighboring

pixels135-1 auto correlation 1.59
0-7 auto correlation −223.80 −497.80
45-4 auto correlation 328.10

f4 Cluster prominence Gauge the perceptual concepts of uniformity and proximity
90-4 cluster prominence −0.22 −0.38
333-7 cluster prominence 0.13
0-4 cluster prominence −0.0017
45-7 cluster prominence −0.12 0.84 0.07
-333-1 cluster prominence 0.45 0.59 −0.27

f5 Difference entropy Measure of randomness of grey levels
135-4 difference entropy 15.87 52.91
135-7 difference entropy −23.15

f6 Dissimilarity Reflects the dissimilarity of image grayscale distribution
-333-1 dissimilarity 4.76 −0.62
0-7 dissimilarity 6.07 −1.09
45-4 dissimilarity −15.57
45-7 dissimilarity −0.17 −12.00 2.42
90-7 dissimilarity 7.46

f7 Homogeneity Reflect the texture homogeneity in images and measure the
local variation in texture [16]

−15.46 −12.83
f8 Information measure of correlation

2
54.15

f9 Variance Measure of grey level distribution
45-1 variance 3.41 5.33

f10 Inverse different moment Measure the level of local homogeneity within the tumor
volume, calculation are based on assuming larger values for
smaller grey-tone differences in pair elements within the
GLCM [17]

−7.50
333-4 inverse different moment 7.91
90-4 inverse different moment −9.84 −1.66

f11 InverseDiffMomenNorm
90-4 InverseDiffMomenNorm −9.23
45-4 InverseDiffMomenNorm −2.35 −5.50 −5.87
Intensity direct First order features extracted directly from a histogram

analysis based on intensity, address the overall dispersion of
grey levels but given their nature

f12 Local standard max −16.98
f13 40,80,85-percentile −0.0066 −12.47 −0.25
f14 0.025 quantile 0.20
f15 Range −0.85

Table 4
Risk scores based on different biomarkers.

Training cohort Validation

T2 DCE-T1 T2 + DCE-T1 T2 + DCE-T1 + Clinical

BM(+) −477.05 ± 324.52 −24,645.68 ± 4463.81 −1634.59 ± 95.51 −34,688.58 ± 4392.89 −39,999.31 ± 4806.97
BM(−) −461.26 ± 322.34 −50,338.51 ± 8604.87 −1981.60 ± 397.65 −83,945.19 ± 5595.25 −83,889.90 ± 4133.12
P < 0.001 < 0.001 < 0.001 < 0.001 < 0.001
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shown in Table 6. Multivariate regression analysis showed that the
imaging biomarker was an independent risk factor for the detection of
BM, along with f-PSA level and GS.

4. Discussion

Evidence indicates that only 25% of patients with metastatic and
invasive PCa live 5 years subsequent to the initial diagnosis of metas-
tases [14]. If patients who are at high risk of metastases can be iden-
tified preoperatively, then such patients might represent an appropriate
group for ADT and CT. However, the accuracy of biopsy and PSA, which
is the standard clinical procedure for PCa aggressiveness, is un-
satisfactory, and a considerable proportion of patients are understaged
or overstaged. Thus, early accurate prediction of BM, identification of
patients at high risk for BM, could allow early selection of those most
likely to benefit from targeted therapy to prevent or delay BM, and/or
intensive monitoring to optimize the likelihood of timely and successful
intervention. MRI is a non-invasive examination and successful in-
tegration of texture-based computer-aided diagnosis tools (i.e. TA) into
clinical practice could make this process quantitative and less sub-
jective [8].

We developed and validated a diagnostic, radiomics signature–-
based biomarker for the pretreatment individualized prediction of BM
in patients with PCa. The model incorporating the T2-w and DCE T1-w
radiomics signature that combine multiple individual texture features
facilitates the pretreatment individualized prediction of BM. In this
study, the T2w-based biomarker would have led to a 91.67% PPV for

BM at this threshold. The combined imaging biomarker model based on
T2-w and DCE T1-w texture features demonstrated adequate dis-
crimination. The integration of imaging biomarker and traditional
biochemical and pathological markers showed a slightly increase in
specificity to 89.2%, with AUC = 0.916 in the training cohort, which
was then surprisingly confirmed in the validation cohort. Given that BM
positivity was comparable in the two cohorts, and the radiomics sig-
nature was robust for prediction and could be applied directly in the
validation cohort. Thus, the noninvasive MRI-based TA, which makes
use of the images we already have for free could serve as a more con-
venient biomarker for the prediction of BM in PCa.

For the construction of the radiomics signature, 976 candidate
radiomics features were reduced to 15 kinds of potential predictors by
examining the predictor-outcome association by shrinking the regres-
sion coefficients with the stepwise regression, ridge regression and
LASSO regression method. Stepwise regression was used to screen for
features which have significant impact on the model. Ridge regression
and lasso regression were used to screen for low correlation char-
acteristics, and we used probability density map to analyze the prob-
ability density of features and screen for distinguishing features. The
texture features obtained from LASSO are generally accurate, and the
regression coefficients of most features are shrunk towards zero during
model fitting, making the model easier to interpret and allowing the
identification of features that are most strongly associated with BM.
Moreover, LASSO allows radiomics signature to be constructed by
combining the selected features. We found the T2-w image-derived
textural features f1, f3, f4, f5, f6, f8, f9, f12, f13 and DCE T1-w image-
derived textural features f1, f2, f3, f4, f5, f6, f7, f10, f11, f14,f15

Fig. 2. show the ROC curve of the imaging biomarker based on T2-w texture
features, DEC T1-w texture features, combined T2-w and DEC T1-w texture
features, Gleason Score, combined MR texture features and clinical risk factors
in the training cohort.

Table 5
AUC, standard deviations (SD), the 95% confidence intervals (CI), sensitivity, specificity, PPV, NPV and accuracy of the imaging biomarker for the prediction of BM
in PCa patients.

AUC SD 95%CI Sensitivity Specificity PPV NPV Accuracy

T2-w 0.875 0.029 0.801–0.915 0.742 0.912 0.917 0.729 0.815
DCE T1-w 0.870 0.029 0.799–0.914 0.745 0.859 0.873 0.724 0.796
T2-w + DCE T1-w 0.898 0.025 0.833–0.937 0.778 0.875 0.887 0.757 0.821
GS 0.731 0.040 0.636–0.784 0.647 0.782 0.764 0.670 0.712
T2-w + DCE T1-w + Clinical risk factors 0.916 0.024 0.847–0.946 0.806 0.892 0.885 0.817 0.849
Validation cohort 0.895 0.026 0.836–0.939 0.815 0.881 0.869 0.831 0.849

Fig. 3. ROC curve of biomarker based on combined MR texture features and
clinical risk factors in the validation cohort.
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correlate significantly with BM, nevertheless, tumor volume was not
associated with BM. Consistently significant differences were noted
across all grey levels between BM-positive and BM-negative groups at
both T2-w and DCE T1-w for f1, f3,f4,f5 and f6 showed higher values
for prediction of BM. T2w-based f8, f9 and DCE T1 w-based f2, f7 [16],
f10 [17] also showed correlation with BM, our study support the
findings of Ng et al. [18] who showed that more homogeneity resulted
in a poorer prognosis in malignant tumors. In our study, histogram-

based features including f12–15 are solely based on intensity and the
shape of the ROI, these features are extracted either directly or from a
histogram analysis prior to any mathematical transformation and re-
gardless of spatial configuration, intensity-based features address the
overall dispersion of grey levels but given their nature, are limited re-
garding precise spatial distribution of grey levels within the lesion.
[10].

The risk scores in BM-positive group are significantly higher than

Fig. 4. Selection of the tuning parameter λ in the LASSO model via 10-fold cross validation based on minimum criteria. Binomial deviances from the LASSO
regression cross-validation procedure were plotted as a function of log(λ). The y-axis indicates binomial deviances. The lower x-axis indicates the log(λ). Numbers
along the upper x-axis represent the average number of predictors. Red dots indicate average deviance values for each model with a given λ, and vertical bars through
the red dots show the upper and lower values of the deviances. The vertical black lines define the optimal values of λ, where the model provides its best fit to the data.
4a T2 w-based texture feature selection, the optimal λ value 0.035 was selected from T2W texture features (488 textural features).
4b DCE T1 w-based texture feature selection, the optimal λ value 0.033 was selected from DCE T1-w based texture features (488 textural features).
4c T2-w and DCE T1-w-based texture feature selection, the optimal λ value 0.034 was selected from the combined T2-w and DCE T1-w textural features(976 textural
features).
4d Combined MR texture features and clinical risk factors feature selection, the optimal λ value 0.030 was selected from the combined MRI textural features (976
textural features) and clinical risk factors. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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those in BM-negative group; This trend is consistent with the findings of
Anton et al.[19],suggesting an increased heterogeneity of the texture
was found in BM-positive group compared to BM-negative and lesions
with increased heterogeneity are more likely to have BM or have poorer
prognosis in the future, which is also supported by the findings of
previous studies[20–22]. Cancer growth requires formation of new
blood vessels to sustain the proliferating cells, the change causes fast
extravasation of injected contrast agent and thus an increase in Ktrans
when compared to healthy tissues might be a possible explanation for
the association with the textural features like f1 and f2 on DCE T1-w
images. Our findings are important because they suggest that first-
order, GLCM and GLRLM texture parameters extracted from pre-
operative imaging of the primary tumor are significantly related to
biological behavior for PCa. However, there is no obvious explanation
at the histological level for these differences of behavior, further in-
vestigations on how texture features are associated with tumor biolo-
gical behavior may help defining on the relationship between texture
heterogeneity and tumor aggressiveness or poor outcome [20].

Multivariate regression analysis showed that the imaging bio-
marker, f-PSA level and Gleason score (GS) were independent pre-
dictors of BM in PCa. Urologists and radiation oncologists struggle with
these questions as the standard clinical prognostic factors of PSA level,
GS and tumor-category are insufficient for selecting an optimal patient
management strategy [2].GS is probably the most powerful prognostic
factor for PCa, however, in our study the accuracy of GS to predict BM
in patients with PCa is unsatisfactory (AUC = 0.731) (Fig. 2). Several
factors can influence the accuracy of the biopsy GS, including the PSA
level, the level of pathologist expertise, the inaccuracy of positioning,
the percentage of cancer cells in the biopsy sample and the number of
biopsies obtained [23]. Currently, PSA level has been clinically applied
as the main predictor for BM. However, using PSA level as the inclusion
criteria, the latest systematic review and meta-analysis suggested the
lack of a robust definition for predicting high BM risk in PCa patients
[24]. Note that there was no significant correlation between t-PSA and
BM(P= 0.056,0.068), which is at odds with other previous studies
[25,26], nevertheless, f-PSA level was significant related to BM in PCa
(P < 0.01)in our study, suggesting f-PSA as part of a risk assessment to
help guide treatment decisions in patients with BM in PCa. However,
further data are required to support this approach.

Study limitations include the fact that genomic characteristics were
not considered currently. In recent years, increased research with gene
markers, such as KLK2, KLK3, HOMER2, BMPR1B, CHRNA2, MT1H,
DPP4, MYBPC1 were found to be associated with the androgen re-
ceptor-signaling in PCa, which plays an important role in the occur-
rence and development of PCa. TRPM8, DPP4 and GCNT1 were found
to have high positive correlations with radiomic features [27–29]. In-
creased expression of TBX2 promotes BM and growth in the bone mi-
croenvironment through downstream regulation [14]in patients with
PCa. Radiogenomics, which focuses on the relationship between ima-
ging phenotypes and genomics, has emerged in the field of cancer re-
search and attracted wide concern. However, though it might be an
interesting attempt, it is yet to be decided whether simply building a
model of the primary tumor that applies the imaging features to predict
outcomes directly is preferable to radiogenomic analysis[30,31].
Second, our study lacks validation:a multicenter validation with larger

sample size is needed to acquire high-level evidence for clinical appli-
cation[32]. Third, tumor ROI delineation is challenging both for auto-
matic or manual methods. In our implementation, the ROIs were drawn
in the slice with the largest lesion extent on axial plane, because they
were thought to better represent the tumor and included as much of the
tumor as possible to account for its heterogeneity, however, we might
lack the information of sagittal and coronal planes. Moreover, there is
no differentiation made between peripheral and transition zone cancer.

5. Conclusion

In conclusion, this study presents radiomics model that incorporates
both the MRI-based texture features of the primary tumor and clinical
risk factors, which can be conveniently used to facilitate the pre-
operative individualized prediction of BM in patients with PCa. These
results provide an illustrative example of precision medicine and may
affect treatment strategies.
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