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MRI radiomics predicts
progression-free survival
In prostate cancer

Yushan Jia®, Shuai Quan?, Jialiang Ren?, Hui Wu™®, Aishi Liu*,
Yang Gao?®, Fene Hao?, Zhenxing Yang?®, Tong Zhang*
and He Hu'

tAffiliated Hospital, Inner Mongolia Medical University, Hohhot, China, 2Department of
Pharmaceuticals Diagnosis, GE Healthcare (China), Shanghai, China, *Department of Radiology,
Affiliated Hospital of Inner Mongolia Medical University, Hohhot, China

Objective: To assess the predictive value of magnetic resonance imaging (MRI)
radiomics for progression-free survival (PFS) in patients with prostate cancer (PCa).

Methods: 191 patients with prostate cancer confirmed by puncture biopsy or
surgical pathology were included in this retrospective study, including 133 in the
training group and 58 in the validation group. All patients underwent T2WI| and
DWI serial scans. Three radiomics models were constructed using univariate
logistic regression and Gradient Boosting Decision Tree(GBDT) for feature
screening, followed by Cox risk regression to construct a mixed model
combining radiomics features and clinicopathological risk factors and to draw
a nomogram. The performance of the models was evaluated by receiver
operating characteristic curve (ROC), calibration curve and decision curve
analysis. The Kaplan-Meier method was applied for survival analysis.

Results: Compared with the radiomics model, the hybrid model consisting of a
combination of radiomics features and clinical data performed the best in
predicting PFS in PCa patients, with AUCs of 0.926 and 0.917 in the training
and validation groups, respectively. Decision curve analysis showed that the
radiomics nomogram had good clinical application and the calibration curve
proved to have good stability. Survival curves showed that PFS was shorter in the
high-risk group than in the low-risk group.

Conclusion: The hybrid model constructed from radiomics and clinical data
showed excellent performance in predicting PFS in prostate cancer patients. The
nomogram provides a non-invasive diagnostic tool for risk stratification of
clinical patients.
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Introduction

Prostate cancer is the most common malignancy of the male
reproductive system, the fourth most common cancer
worldwide, and the fifth leading cause of cancer death in men
(1, 2). There are significant geographical differences in its
incidence. With economic development and increased life
expectancy, the incidence and mortality of PCa are on the rise
in Asian countries, with an increasing disease burden (3).
According to the US Surveillance, Epidemiology and End
Results (SEER) Database 2010-2016 data, the 5-year survival
rate for metastatic PCa is only 30% (4). The onset of PCa is
insidious, and most patients are already at intermediate to the
advanced risk of PCa at the time of initial diagnosis, with a high
rate of recurrence and risk of metastasis (5). Therefore, it is
particularly important to find a suitable way to predict the
progression of prostate cancer patients and intervene early to
prolong their survival.

Artificial intelligence (AI), the ability of machines to perform
cognitive tasks to achieve specific goals based on the data
provided, is transforming our healthcare system. Machine
learning (ML) is a subfield of AI, meaning that algorithms are
created and deployed to analyze data and its properties, and are
not specifically given tasks based on certain predefined inputs in
the environment. In order to improve the probability of survival
of prostate cancer patients, it is necessary to develop appropriate
predictive models for PCa. Jovic S et al. (6) applied and
compared several machine learning techniques in their study
for analytical discussion and concluded that machine learning
techniques can be used for prediction related to prostate cancer.
The use of computer-based learning models has become a major
area of research in PCa. Conventional imaging is usually used for
diagnosis, staging and treatment guidance of tumors and the
information obtained from the images is subjective. Dutch
scholar Lambin (7) first introduced the concept of radiomics
in 2012, which promises to visualize heterogeneity within
tumors and reveal the prognostic information behind the
images. It builds on imaging techniques such as magnetic
resonance imaging (MRI), computed tomography and positron
emission tomography to convert medical images into high-
dimensional, mineable data through high-throughput
extraction of quantitative features, thereby providing decision
support for oncology at low cost and non-invasively (8). Ferro M
et al. (9) summarize the latest studies using different imaging
modalities, following a predefined methodology, looking for
studies with validated protocols, but also looking at how AI
can improve radiomics and translate these results into clinical
practice, and about the advantages and limitations of the
different algorithms used in PCa radiomics. In addition, many
studies in recent years have shown that radiomic features are
related to molecular features of cancer tissue, genomics,
proteomics and metabolomics (10). This new area of research
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in PCa is an extension of radiomics, whose main focus is on
tailored approaches to diagnose aggressive PCa (11), predict
prognosis (12), progression (13) and response to treatment (11).
MRI with its high soft tissue resolution and multidirectional
imaging capabilities can clearly show the different locations of
lesions in prostate cancer, and in combination with functional
imaging plays an important role in assessing the presence of
extra capsular extension (ECE), seminal vesicle invasion, in
prostate cancer detection (14), staging (15) and aggressiveness
assessment (16) and is the most commonly used imaging
modality in prostate cancer screening. A number of published
findings support mp-MRI (17, 18) as the most sensitive and
specific imaging modality.

Progression-free survival is important for the prognostic
assessment of tumor patients, and studies have demonstrated
that radiomics can be used to predict progression-free survival in
glioma (19), breast cancer (20), lung cancer (21) and ovarian
cancer (22), but to date, no personalized imaging prediction
models have been developed for progression-free survival in
prostate cancer patients. Therefore, this study evaluates the
value of MRI radiomics in predicting progression-free survival
in PCa patients to develop a hybrid clinical-imaging histology
model to help improve decision-making and guide
individualized treatment.

Material and methods
Patient selection

This study was approved by the Ethics Committee of the
Afhiliated Hospital of Inner Mongolia Medical University, and
informed consent was obtained from patients. A retrospective
collection of 373 patients with PCa retrieved from our hospital’s
image archiving and communication system (PACS, GE) from
January 2016 to December 2018 was conducted. Patient
groupings are shown in Figure 1. Inclusion criteria: 1. Patients
with histologically confirmed T1-4NOMO prostate cancer
confirmed by puncture biopsy or surgical pathology; 2.
Undergoing MRI one week prior to treatment. Exclusion
criteria: 1. previous endocrine, radiotherapy or chemotherapy;
2. clear signs of metastasis on MRI; 3. incomplete clinical
profile. The final 191 patients were included in the study,
(aged 45-89 years, median age 74 years) and were randomised
in a 7:3 ratio into a training group (n=133) and a validation group
(n=58). Clinical information on all patients included age, pre-
treatment PSA levels, number of lesions, clinical T-stage and
Gleason score.

All patients are followed up at 3 months for 2 years, every 6
months after 2 years and once a year after 5 years. The follow-up
deadline is December 2021. Follow-up visits include PSA levels,
CT of the chest, abdomen and pelvis or MRI of the pelvis, and
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Patients diagnosed with prostate cancer from January 2016 to December 2018

Exclusion criteria:

1. Previously treated with endocrine, adjuvant radiotherapy, chemotherapy (n=41)

e
(n=103)

2. clear signs of lymph node

bone

other organ on imaging

3. Incomplete clinical information (n=12)

191 patients selected for final study

1

r

Training group, n=133, including progressing patients
n=24, non-progressing patients n=109

FIGURE 1
Patient selection flow chart. Includes exclusion criteria and grouping

bone scans. The endpoint is progression-free survival, defined as
the time from the first day of treatment until disease progression
(biochemical recurrence, distant metastases, including bone
metastases, lymph node metastases and other distant organ
metastases) or death from any cause, or the last follow-up visit.

MRI acquisition

All scans were performed using a GE Discovery MR 750 3.0T
superconducting MRI machine with an abdominal coil in all
patients. The acquisition parameters were as follows: axial T2-
weighted spin-echo images (repetition time/echo time [TR/TE]:
3,480/85 mis, field of view[FOV] = 24 ¢m, matrixs = 320x320, lice
thickness = 4 mm, spacing = 1.0 mm), axial T1-weighted spin-echo
images (TR/TE: 811/10 ms, FOV = 24 cm, matrixs = 320x224, slice
thickness = 4 mm, spacing = 1.0 mm), and axial DWI SE-EPI
images (TR/TE: 2,900/61, FOV = 28 cm, matrixs = 512x512, slice
thickness = 4 mm, spacing = 1.0 mm, b = 0, 1,000 s/mm?. ADC
maps were obtained in GE AW 4.6 Functool workstation
post-processing.

Image segmentation

We used the open-source software ITK-SNAP software for
lesion segmentation. Radiologists with 5 years of experience in
male pelvic MRI imaging were used to outline ROIs along
the edges of the lesion at the largest level of the lesion on
T2WI and ADC images, respectively, avoiding fat, calcifications
and hemorrhagic foci. To select robust features for intra-
rater and inter-rater description variation, intra-rater test
datasets and intra-rater test datasets were obtained for
50 patients (**blind** with 15 years of experience in urological
imaging) by the same radiologist and another radiologist,
respectively (Figure 2).
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Validation group, n=58, including progressing
patients n=11, non-progressing patients n=47

Extraction and selection of
radiomics features

From each Roi, radiomic features were extracted from DWI,
ADC images using the open-source tool pyradiomics. These
features include: 1. Shape features: used to describe the
geometric properties of the ROI, including size elements that
describe the volume and surface area of the ROL. 2. First-order
features, which are features describing the intensity distribution
of voxels within the ROI, calculated by histogram analysis.
3.Texture features that describe the intensity level of the
spatial distribution of voxels. Includes Grey Level Co-
occurrence Matrix (GLCM) features, Grey Level Travel Length
Matrix (GLRLM) features and Grey Level Size Zone Matrix
(GLSZM) features.4. Algorithmically transformed features: first-
order and higher-order texture features obtained by
transforming the original image with Wavelet and Laplacian-
of-Gaussian (LOG). 1307 radiomic features were extracted from
each ROL

Construction of radiomics signatures

First, features with low repeatability were excluded from the
subsequent analysis. Here the intra-rater and inter-rater
repeatability for each feature was quantified by intraclass
correlation coefficient (ICC) calculated on the intra-rater test
data set and inter-rater test data set respectively. Features with
ICC > 0.8 are retained. All features were normalized using the Z-
Score transform. Single-factor logistic regression and GBDT
were then used to further filter the histological features to
ensure reproducibility of the model and reduce overfitting or
selection bias in the radiomics model. The screened radiomics
features were analyzed using Cox risk regression to create a
radiomics model. Significant clinical variables were screened
using univariate Cox risk regression. ROC curves, calibration
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FIGURE 2

Schematic diagram of the ROI outline. (A) is the T2WI sequence with PCa in the left peripheral band, (B) is the ADC sequence with the cancer

foci showing low signal, (C) is the ROI outline, (D) is the generated ROI

curves, and decision curve analysis were applied to assess
model performance.

Validation of radiomics signatures

Kaplan-Meier survival analysis was used in the training group
to assess the potential association of radiomic features with PES,
which was then validated in the validation group. Classification of
patients into high and low risk groups based on cut-off values
based on radiomic signatures as determined by optimal cut-off
analysis using X-title software. The truncation values are
estimated on the training group and validated on the validation
group. A weighted log-rank test was used to assess the difference
in survival curves between the high and low risk groups. To
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demonstrate the value of radiomic features for individualized
assessment of PFS, separate radiomic column line plots were
constructed. Radiomics scores (Rad scores) and clinical data were
combined to create a mixed model of radiomics and clinical data
to plot nomograms and provide a visual tool for predicting
progression-free survival in PCa. The Rad score is calculated by
adding selected imaging histology features that are weighted by
their respective coefficients. Significant clinical variables were

screened using univariate Cox risk regression.
Statistical analysis

All statistical analyses for this study were performed using R
software (Version 3.6.3, Statistical Computing Basis). A two-
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sided P < 0.05 was considered statistically significant. The
Kolmogorov-Smimov test was used to verify that the
histological characteristics conformed to a normal distribution,
using the two independent samples t-test for normal distribution
and the Mann-Whitney U test for non-normal distribution. The
ability of the model was assessed by the ROC, calculating the
AUC and 95% confidence intervals. The diagnostic sensitivity,
specificity, accuracy, positive predictive value and negative
predictive value of the models were also calculated. Calibration
curves were used to assess the predictive performance of each
model. Decision curves were used to assess the net benefit of
each model at different threshold probabilities and to evaluate
the clinical applicability of each model.

Results
Clinical data

Clinical data for patients in the training and validation
groups are shown in Table 1. Patients were aged 45-89 years,
with a median age of 74 years. The median progression-free
survival time was 42 months (range 10-72 months). There was
no statistically significant difference between the training and
validation groups in terms of patient age (p > 0.05) and
statistically significant differences in Gleason score, clinical T-
stage, number of lesions and pre-treatment PSA levels (p < 0.05).

10.3389/fonc.2022.974257

Radiomic signhature building

1037 radiomic features were extracted from the ROI, and
after t-test or Mann-WhitneyU test screening to remove the
meaningless features, 5 optimal features were finally obtained
from T2W1 and 4 optimal features from ADC using single
factor logistic regression and the GBDT method, and the
feature screening results are shown in Table 2. The results
show that the hybrid model has better predictive ability, and
the ROC curves of the four models in the training and
validation groups are shown in Figures 3A, B. The AUCs of
the T2WI, ADC, T2WI-ADC models and the hybrid model in
the training group are 0.876 (0.815, 0.931), 0.722 (0.562, 0.856),
0.904 (0.833, 0.965), 0.904 (0.833, 0.965), and 0.926 (0.882,
0.962), and the AUCs in the validation group were 0.843
(0.673, 0.965), 0.713 (0.444, 0.945), 0.870 (0.75, 0.972), and
0.917 (0.808, 1.0), respectively (shown in Table 3). The four
model decision curves and calibration curves are shown in
Figures 3C-F.

Radiomics scoring and normogram
creation

The Rad score was obtained by weighting the nine optimal
features by their respective coefficients, calculated as = -1.6371 +

TABLE 1 Comparison of clinical characteristics between the training and validation groups.

Clinical data Training group

n=133

Age (mean * SD, years) 72.12 + 8.82
T stage

T1 47

T2 53

T3 15

T4 18
Pre-treatment PSA levels(n/ml)

<100 67

>100 66
Gleason Score

5 12

6 23

7 43

8 29

9 16

10 10
Number of tumors

=1 86

>1 47

SD, standard deviation; PSA, prostate specific antigen.
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Validation group P
n=58

73.31 + 8.40 0.765
0.001
15

32

0.001
30
28

0.001

11
22
13

0.013
31
27
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“-0.1502 x“wavelet-LHL_gldm_SmallDependenceHighGrayLevel
Emphasis “+ 0.1918 x“ wavelet-HLL_glem_Correlation”+ 0.3284”
wavelet-LHL_glem_MaximumProbability”+ 0.5209 x “log-sigma-
3-0-mm-3D_firstorder_Minimum “- 0.5178 x “ wavelet-
LLL_firstorder_InterquartileRange “+ 0.0487 x“ wavelet-
LLL_glszm_SmallAreaHighGrayLevelEmphasis “- 0.4251 x“
original_glrlm_GrayLevelNonUniformityNormalized “- 0.3291
x“ wavelet-LHH_glrlm_RunEntropy”. The Rad score plots for

quartileRange

T2WI-ADC
9

the training and validation groups are shown in Figure 4.
Independent clinical predictors combined with Rad scores make

up the Nomogram, as shown in Figure 5.

-5-0-mm-3D_firstorder_10Percentile

wavelet-LHL_gldm_SmallDependenceHighGrayLevelEmphasis
-3-0-mm-3D_firstorder_Minimum

wavelet-LHL_glcm_MaximumProbability
wavelet-LLL_glszm_SmallAreaHighGrayLevelEmphasis
original_glrlm_GrayLevelNonUniformityNormalized
wavelet-LHH_glrlm_RunEntropy

wavelet-HLL_glem_Correlation
wavelet-LLL_firstorder_Inter

log-sigma
log-sigma

Survival analysis

Patients were divided into high-risk and low-risk groups
based on radiomics scores. PFS survival curves were plotted
using the Kaplan-Meier method. Using the log-rank chi-square
test, there was a statistically significant difference in survival
rates between the different risk groups in the training and

quartileRange

validation groups (p<0.001) (Figure 6).

ADC
4

Discussion

PCa is a common malignancy in elderly men, and its incidence
and mortality are on the rise in some countries, especially in Asia.

wavelet-LLL_glszm_SmallAreaHighGrayLevelEmphasis

original_glrlm_GrayLevelNonUniformityNormalized

wavelet-LLL_firstorder_Inter
wavelet-LHH_glrlm_RunEntropy

The insidious onset of PCa and the fact that it is mostly mid-to late-
stage when first diagnosed has led to a decline in patient survival.
Prognostic models associated with PFS have been developed in
other tumor types with promising applications; however, according
to our literature search, prognostic survival models for PFS imaging
of PCa have not been studied. Imaging is an important clinical
examination tool for diagnosis, staging and treatment decisions for
tumors but relies heavily on the physician’s visual assessment of the

images, which is subjectively biased and produces limited

T2WI
5

information. With the increased digitization of clinical
information and the application of artificial intelligence research,

radiomics has become a hot research topic. Solid tumors are
spatially and temporally heterogeneous, and imaging histology

-5-0-mm-3D_firstorder_10Percentile
-3-0-mm-3D_firstorder_Minimum

can capture this heterogeneity noninvasively and express it in
terms of pixel density and spatial distribution, which may
correlate with tumor aggressiveness, pathological grading,

Wavelet-LHL_gldm_SmallDependenceHighGrayLevelEmphasis
wavelet-HLL_glem_Correlation
Wavelet-LHL_glem_MaximumProbability

log-sigma
log-sigma

posttreatment response and prognosis (7, 23, 24). In contrast,
PCa is characterized by its remarkable heterogeneity and the

T2WI, T2- weightedimagine; ADC, apparent diffusion coeffificient.
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ROC curves, decision curve analysis, calibration curves for different models in the training and validation groups. The ROC curves for the four
models in the training and validation groups are shown in (A, B). The decision curves for the four models in the training and validation groups

are shown in (C, D). The calibration curves for the four models are shown in (E, F).
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TABLE 3 Predictive performance of T2WI, ADC, T2WI-ADC and hybrid models.

Cohort Model AUC(95%CI)
Training ADC 0.722(0.562,0.850)
T2WI 0.876(0.815,0.930)
T2WI-ADC 0.904(0.833,0.960)
Hybrid models 0.926(0.882,0.960)
Validation#l ADC 0.713(0.444,0.940)
T2WI 0.843(0.673,0.960)
T2WI-ADC 0.870(0.750,0.972)

Hybrid models 0.917(0.808, 1.000)

ACC SEN SPE PPV NPV
0.729 0.728 0.750 0.978 0.150
0.782 0.768 1.000 1.000 0.216
0.850 0.848 0.875 0.991 0.269
0.865 0.856 1.000 1.000 0.308
0.741 0.741 0.750 0.976 0.176
0.707 0.704 0.750 0.974 0.158
0.810 0.815 0.750 0.978 0.231
0.793 0.778 1.000 1.000 0.250

T2WI, T2- weightedimagine; ADC, apparent diffusion coeffificient; AUC, area under curve; SEN, sensitivity; SPE, specificity; ACC, accuracy; PPV, positive predictive value; NPV,

negative predictive.

clinical benefit of patients. In this context, we extracted features
from MRI, constructed models and combined them with clinical
factors to create nomograms for the further risk assessment of
prostate cancer patients.

MRI-based radiomics have been extensively used in the
diagnosis of prostate cancer, the Gleason score and other areas
with satisfactory results (25-28). Recently, MRI radiomics has
also been used to predict the risk of biochemical recurrence
(BCR) after radical prostate cancer surgery and radiotherapy.
BCR is considered a marker of local recurrence, distant
metastasis and prostate cancer-specific death. Studies have
reported (29) that the 10-year BCR rate after radical
prostatectomy is as high as 50%. Gnep et al. (30) previously
demonstrated in that Haralick features from T2WI were
associated with BCR occurrence, suggesting that radiomics
analysis may be able to capture the difference between BCR-
positive and BCR-negative lesions on MRI. However, the role of
MRI-based radiomics in assessing PES in PCa has not yet been
reported, so we have undertaken a study to investigate this. We
used T2WI and ADC sequences to extract features because

A Training group

Rad_score figure of logistic model in training samples

rad score

-4

FIGURE 4

T2WI can clearly show the anatomical features of the tumor
and the presence of perineural involvement and seminal gland
involvement in prostate cancer patients, and the images contain
more valuable textural features. ADC values objectively reflect
the degree of diffusion of water molecules in biological tissue and
correlate with the malignancy of the tumor, avoiding the
penetration effect of DWI due to the very long T2 decay time
of the tissue. The combination of T2WI and ADC allows for
more accurate and comprehensive tumor information to be
obtained. In our study, the combined sequence of T2WI and
ADC showed better performance in predicting 3-year PFS in
PCa patients than the model with the sequence alone, with the
highest AUC in both the training and validation groups.

Age, pretreatment PSA levels, TNM stage and Gleason score
all have an impact on the prognosis of PCa. In this study, using
univariate Cox risk regression analysis, the clinical T stage,
pretreatment PSA level and Gleason score were found to have
a statistically significant impact on the prognosis of PCa; age was
not. Some scholars (31) conducted an epidemiological survey
and analysis on the effect of age on survival, comparing the effect

B Validation group

Rad_score figure of logistic model in testing samples

rad score

| | | | |
I ~ - = e
I o n o I

I
w
o

|
w
[

Rad score chart for training and validation groups. (A, B) show the distribution of radiomics scores for the training and validation groups
respectively. The pink bars represent the radiomics scores of patients who did not experience disease progression, while the blue bars represent

the radiomics scores of patients who experienced disease progression.
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Radiology homogram. The radiology nomogram prediction model predicts the probability of progression in patients with PCa. How to use: (1)

locate the patient’s radiomic score, PSA level, clinical T-stage, Gleason
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of different age segments on survival. The results showed that
patients in the younger group survived longer, and the difference
was statistically significant, but it has also been shown (32) that
age is not an influential factor in the prognosis of prostate
cancer. Our findings do not support age as an independent
influential factor in the prognosis of patient survival. We also did
a simple Kendall correlation analysis of the effect of T-stage,
Gleason score and number of lesions on the patient’s PSA levels
and found that the three clinical factors were positively
correlated with PSA levels and that the Gleason score
correlated more significantly with them. This suggests that the
PSA level is also increased with an increase in Gleason score. The
PIRADS v2 score is currently the most widely used and
internationally recognized MRI reporting system for the
prostate. de Cobelli O et al. (33) found a significant association
between PIRADS score and GS escalation, ECE, unfavorable

score, number of tumor and then draw a straight line on the top dot axis
the final sum on the total point axis and draw a straight line down to

prognosis and large tumor volume: increasing with increasing
PIRADS score. We will also include PI-RADS in a follow-up
study to discuss its relevance to the prognosis of prostate cancer.

The concept of adequate mutual agreement between
genitourinary radiologists has been a key point of discussion.
mpMRI has changed the paradigm of prostate cancer detection,
characterization and management, refining treatment planning
and patient selection for active surveillance, and assessing post-
treatment outcomes, but the interpretation of mpMRI remains
difficult and has substantial inter-reader variability, leading to
the development of the original (v.1) and updated (v.2 and 2.1)
versions of the PI-RADS development. Del Giudice et al. (34)
demonstrated that Vesical Imaging-Reporting and Data System
(VI-RADS) provides a standard method for radiologists in the
acquisition, interpretation and reporting of MRI of bladder
cancer. Despite the existence of two very independent

A Training group

— Low Risk
High Risk

survival rate

T T
4000 8000

Time in months

T
2000

g

FIGURE 6
Kaplan-Meier analysis. (A) is the training group and (B) is the validation

Frontiers in Oncology

B Validation group

—Low Risk
High Risk

0.8

o
@

survival rate
14
i

T T T
40.00 8000 80.00

Time in months

T
2000

group.

09 frontiersin.org


https://doi.org/10.3389/fonc.2022.974257
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Jia et al.

diagnostic goals between PI-RADS and VI-RADS, these
standard certainties share the common goal of pursuing a
higher reliability of diagnostic findings in the reader than a
purely subjective interpretation of MRI sequences, which also
provides ample evidence of the importance of rigorous
monitoring for a high degree of inter-reader agreement
between different AI and radiomic features.

Many studies have attempted to combine imaging histology
with clinical parameters to improve the predictive power of the
model. The nomogram was developed by Yu et al. (35) With the
combination of radiomics features and clinical parameters was
able to predict peritoneal metastases in ovarian cancer
preoperatively well, and its efficacy was superior to that of a
single model with radiomics and the clinic. We also developed a
hybrid model to plot a nomogram combining Rad scores and
important clinical features for the assessment of 3-year PFS in
PCa patients. The hybrid model showed superior predictive
performance for 3-year PFS prediction compared to the
radiomics model alone. The ROC curve analysis also validates
this result. Our study also found that the Rad score could be used
as a marker to distinguish between low- and high-risk patients.
Patients with higher Rad scores are at greater risk of progression
and have shorter PFS. These results provide new insights into
future treatment options for patients with PCa. For example,
patients at high risk of progression may consider a combination
of early multiple treatments; conversely, patients at low risk of
progression may opt directly for surgery, local radiotherapy or
even monitoring, thus avoiding ineffective or excessive treatment
and disease progression due to delays in effective treatment.
Therefore, the Rad score can be used as a valid biomarker to
improve the prognosis of patients with PCa.

There are some limitations to our study. First, this is a single-
center, retrospective study with some possible bias in the
selection of patients, which will be validated in future research
through multicenter, prospective studies to provide more
reliable evidence for clinical application. Second, the follow-up
period was relatively short, and longer follow-up is needed to
predict 5-year and 10-year progression-free survival, which can
be used as part of our follow-up study. Third, radiomics seeks to
find the most valuable features in a variety of data, and we only
analyzed T2WI and ADC images without adding dynamic
enhancement images to the analysis. Multiparametric data
analysis may help improve the quality of the model. Fourth,
some important protein and gene biomarkers associated with
PCa progression were not considered for the features we
extracted from the MRI. Finally, our ROIs were obtained by
manual segmentation by radiologists, with subjective observer
bias, and a reliable and robust automated segmentation method
should be further developed to address this issue.
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Conclusion

In summary, in this study, we retrospectively analyzed the
relationship between MRI radiomics features and progression-
free survival in patients with prostate cancer confirmed by
biopsy puncture or surgical pathology and analyzed the
feasibility of imaging histology for the assessment of
progression-free survival. The radiomics features extracted by
MRI provide a highly accurate, noninvasive, easy-to-perform,
real-time method for preoperatively predicting progression-free
survival in prostate cancer patients. Multiple sequence
combination models are superior to single sequence models.
We developed a nomogram to provide a noninvasive,
individualized tool for the stratified management of prostate
cancer patients to support clinical decision-making. Although
there are some limitations to our study, we have provided a
means of assessing the preoperative prediction of tumor
progression in prostate cancer patients, compensating for the
shortcomings of conventional imaging.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Ethics statement

The studies involving human participants were reviewed and
approved by Ethics Committee of the Affiliated Hospital of Inner
Mongolia Medical University. The patients/participants
provided their written informed consent to participate in
this study.

Author contributions

YJ and SQ substantial contributions to the conception or
design of the work; or the acquisition, analysis or interpretation
of data for the work. HW and AL drafting the work or revising
it critically for important intellectual content. TZ, HH, JR and
ZY provide approval for publication of the content. YG and FH
agree to be accountable for all aspects of the work in ensuring
that questions related to the accuracy or integrity of any part of
the work are appropriately investigated and resolved. All
authors contributed to the article and approved the
submitted version.

frontiersin.org


https://doi.org/10.3389/fonc.2022.974257
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Jia et al.

Funding

This article was funded by the Inner Mongolia Autonomous
Region Fund of Natural Science (2021MS08026); the General
Program of Inner Mongolia Medical University
(YKD2021MS045); Inner Mongolia Medical University College
Students Science and Technology Innovation “Talent
Cultivation”(YCPY2021088); Inner Mongolia Autonomous
Region Fund of Natural Science(2022SHZR2186).

Conflict of interest

Author SQ and JR were employed by GE Healthcare.

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al.
Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA Cancer ] Clin (2021) 71(3):209-49.
doi: 10.3322/caac.21660

2. Dy GW, Gore JL, Forouzanfar MH, Naghavi M, Fitzmaurice C. Global
burden of urologic cancers, 1990-2013. Eur Urol (2017) 71(3):437-46. doi: 10.1016/
j.eururo.2016.10.008

3. Chen W, Zheng R, Baade PD, Zhang S, Zeng H, Bray F, et al. Cancer statistics
in China, 2015. CA Cancer ] Clin (2016) 66(2):115-32. doi: 10.3322/caac.21338

4. LiuZ, Jiang Y, Fang Q, Yuan H, Cai N, Suo C, et al. Future of cancer incidence
in Shanghai, China: Predicting the burden upon the ageing population. Cancer
Epidemiol (2019) 60:8-15. doi: 10.1016/j.canep.2019.03.004

5. Shin S, Saito E, Sawada N, Ishihara ], Takachi R, Nanri A, et al. Dietary
patterns and prostate cancer risk in Japanese: The Japan public health center-based
prospective study (JPHC study). Cancer Causes Control (2018) 29(6):589-600.
doi: 10.1007/s10552-018-1030-3

6. Jovi¢ S, Miljkovi¢ M, Ivanovié M, Saranovié M, Arsié M. Prostate cancer
probability prediction by machine learning technique. Cancer Investig (2017)
35:647-51. doi: 10.1080/07357907.2017.1406496

7. Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG,
Granton P, et al. Radiomics: Extracting more information from medical images
using advanced feature analysis. Eur ] Cancer (2012) 48(4):441-6. doi: 10.1016/
j.ejca.2011.11.036

8. Gillies RJ, Kinahan PE, Hricak H. Radiomics: Images are more than pictures,
they are data. Radiology (2016) 278(2):563-77. doi: 10.1148/radiol.2015151169

9. Ferro M, de Cobelli O, Musi G, Del Giudice F, Carrieri G, Busetto GM, et al.
Radiomics in prostate cancer: An up-to-date review. Ther Adv Urol (2022) 4
(14):17562872221109020. doi: 10.1177/17562872221109020

10. Ferro M, de Cobelli O, Vartolomei MD, Lucarelli G, Crocetto F, Barone B,
et al. Prostate cancer radiogenomics-from imaging to molecular characterization.
Int J Mol Sci (2021) 22(18):9971. doi: 10.3390/ijms22189971

11. Norris JM, Simpson BS, Parry MA, Allen C, Ball R, Freeman A, et al. Genetic
landscape of prostate cancer conspicuity on multiparametric magnetic resonance
imaging: A systematic review and bioinformatic analysis. Eur Urol Open Sci (2020)
20:37-47. doi: 10.1016/j.eur0s.2020.06.006

12. Bodalal Z, Trebeschi S, Nguyen-Kim TDL, Schats W, Beets-Tan R.
Radiogenomics: Bridging imaging and genomics. Abdom Radiol (2019) 44
(6):1960-84. doi: 10.1007/500261-019-02028-w

13. Fischer S, Tahoun M, Klaan B, Thierfelder KM, Weber A, Krause BJ, et al. A
radiogenomic approach for decoding molecular mechanisms underlying tumor
progression in prostate cancer. Cancers (2019) 11(9):1293. doi: 10.3390/cancers11091293

14. Tan CH, Hobbs BP, Wei W, Kundra V. Dynamic con-trast-Enhanced MRI
for the detection of prostate cancer: Meta-analysis. Am ] Roentgenol (2015)
204:439-48. doi: 10.2214/AJR.14.13373

15. Augustin H, Fritz GA, Ehammer T, Auprich M, Pummer K. Accuracy of 3-
Tesla magnetic resonance imaging for the staging of prostate cancer in comparison

Frontiers in Oncology

11

10.3389/fonc.2022.974257

The remaining authors declare that the research was
conducted in the absence of any commercial or financial
relationships that could be construed as a potential conflict
of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

to the partin tables. Acta Radiol (2009) 50(5):562-9. doi: 10.1080/
02841850902889846

16. Kobus T, Vos PC, Hambrock T, De Rooij M, Hulsbergen-Van de Kaa CA,
Barentsz JO, et al. Prostate cancer aggressiveness: In vivo assessment of mr
spectroscopy and diffusion-weighted imaging at 3 T. Radiology (2012) 265
(2):457-67. doi: 10.1148/radiol.12111744

17. Barentsz JO, Richenberg J, Clements R, Choyke P, Verma S, Villeirs G, et al.
ESUR prostate MR guidelines 2012. Eur Radiol (2012) 22(4):746-57. doi: 10.1007/
s00330-011-2377-y

18. Turkbey B, Merino MJ, Gallardo EC, Shah V, Aras O, Bernardo M, et al.
Comparison of endorectal coil and nonendorectal coil T2W and diffusion-weighted
MRI at 3 Tesla for localizing prostate cancer: Correlation with whole-mount
histopathology. J Magn Reson Imaging (2014) 39(6):1443-8. doi: 10.1002/
jmri.24317

19. Ammari S, Sallé de Chou R, Balleyguier C, Chouzenoux E, Touat M,
Quillent A, et al. A predictive clinical-radiomics nomogram for survival
prediction of glioblastoma using MRI. Diagnostics (Basel) (2021) 11(11):2043.
doi: 10.3390/diagnostics11112043

20. Yu Y, Tan Y, Xie C, Hu Q, Ouyang J, Chen Y, et al. Development and
validation of a preoperative magnetic resonance imaging radiomics-based
signature to predict axillary lymph node metastasis and disease-free survival in
patients with early-stage breast cancer. JAMA Netw Open (2020) 3(12):¢2028086.
doi: 10.1001/jamanetworkopen

21. HeL, Li Z, Chen X, Huang Y, Yan L, Liang C, et al. A radiomics prognostic
scoring system for predicting progression-free survival in patients with stage IV
non-small cell lung cancer treated with platinum-based chemotherapy. Chin J
Cancer Res (2021) 33:592-605. doi: 10.21147/j.issn.1000-9604.2021.05.06

22. Yao F, Ding J, Hu Z, Cai M, Liu J, Huang X, et al. Ultrasound-based
radiomics score: A potential biomarker for the prediction of progression-free
survival in ovarian epithelial cancer. Abdom Radiol (NY) (2021) 46(10):4936-45.
doi: 10.1007/s00261-021-03163-z

23. Goh V, Sanghera B, Wellsted DM, Sundin J, Halligan S. Assessment of the
spatial pattern of colorectal tumour perfusion estimated at perfusion CT using two-
dimensional fractal analysis. Eur Radiol (2009) 19(6):1358-65. doi: 10.1007/
500330-009-1304-y

24. Skogen K, Ganeshan B, Good C, Critchley G, Miles K. Measurements of
heterogeneity in gliomas on computed tomography relationship to tumour grade. J
Neurooncol (2013) 111(2):213-9. doi: 10.1007/s11060-012-1010-5

25. Wibmer A, Hricak H, Gondo T, Matsumoto K, Veeraraghavan H, Fehr D,
et al. Haralick texture analysis of prostate MRI: Utility for differentiating non-
cancerous prostate from prostate cancer and differentiating prostate cancers with
different Gleason scores. Eur Radiol (2015) 25(10):2840-50. doi: 10.1007/s00330-
015-3701-8

26. Li M, Chen T, Zhao W, Wei C, Li X, Duan S, et al. Radiomics prediction
model for the improved diagnosis of clinically significant prostate cancer on
biparametric MRI. Quant Imaging Med Surg (2020) 10(2):368-79. doi: 10.21037/
qims.2019.12.06

frontiersin.org


https://doi.org/10.3322/caac.21660
https://doi.org/10.1016/j.eururo.2016.10.008
https://doi.org/10.1016/j.eururo.2016.10.008
https://doi.org/10.3322/caac.21338
https://doi.org/10.1016/j.canep.2019.03.004
https://doi.org/10.1007/s10552-018-1030-3
https://doi.org/10.1080/07357907.2017.1406496
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1177/17562872221109020
https://doi.org/10.3390/ijms22189971
https://doi.org/10.1016/j.euros.2020.06.006
https://doi.org/10.1007/s00261-019-02028-w
https://doi.org/10.3390/cancers11091293
https://doi.org/10.2214/AJR.14.13373
https://doi.org/10.1080/02841850902889846
https://doi.org/10.1080/02841850902889846
https://doi.org/10.1148/radiol.12111744
https://doi.org/10.1007/s00330-011-2377-y
https://doi.org/10.1007/s00330-011-2377-y
https://doi.org/10.1002/jmri.24317
https://doi.org/10.1002/jmri.24317
https://doi.org/10.3390/diagnostics11112043
https://doi.org/10.1001/jamanetworkopen
https://doi.org/10.21147/j.issn.1000-9604.2021.05.06
https://doi.org/10.1007/s00261-021-03163-z
https://doi.org/10.1007/s00330-009-1304-y
https://doi.org/10.1007/s00330-009-1304-y
https://doi.org/10.1007/s11060-012-1010-5
https://doi.org/10.1007/s00330-015-3701-8
https://doi.org/10.1007/s00330-015-3701-8
https://doi.org/10.21037/qims.2019.12.06
https://doi.org/10.21037/qims.2019.12.06
https://doi.org/10.3389/fonc.2022.974257
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Jia et al.

27. Toivonen J, Montoya Perez I, Movahedi P, Merisaari H, Pesola M, Taimen
P, et al. Radiomics and machine learning of multisequence multiparametric
prostate MRI: Towards improved non-invasive prostate cancer characterization.
PLoS One (2019) 14(7):€0217702. doi: 10.1371/journal.pone.0217702

28. Chaddad A, Niazi T, Probst S, Bladou F, Anidjar M, Bahoric B. Predicting
Gleason score of prostate cancer patients using radiomic analysis. Front Oncol
(2018) 8:630. doi: 10.3389/fonc.2018.00630

29. Diaz M, Peabody JO, Kapoor V, Sammon J, Rogers CG, Stricker H, et al.
Oncologic outcomes at 10 years following robotic radical prostatectomy. Eur Urol
(2015) 67(6):1168-76. doi: 10.1016/j.eururo.2014.06.025

30. Gnep K, Fargeas A, Gutiérrez-Carvajal RE, Commandeur F, Mathieu R,
Ospina JD, et al. Haralick textural features on T2 -weighted MRI are associated
with biochemical recurrence following radiotherapy for peripheral zone prostate
cancer. ] Magn Reson Imagin (2017) 45(1):103-17. doi: 10.1002/jmri.25335

31. Freedland SJ, Presti JCJr, Kane CJ, Aronson W], Terris MK, Dorey F, et al.
Do younger men have better biochemical outcomes after radical prostatectomy?
Urology (2004) 63(3):518-22. doi: 10.1016/j.urology.2003.10.045

Frontiers in Oncology

12

10.3389/fonc.2022.974257

32. de Camargo Cancela M, Comber H, Sharp L. Age remains the major
predictor of curative treatment non-receipt for localised prostate cancer: A
population-based study. Br J Cancer (2013) 109(1):272-9. doi: 10.1038/
bjc.2013.268

33. de Cobelli O, Terracciano D, Tagliabue E, Raimondi S, Bottero D, Cioff1 A,
et al. Predicting pathological features at radical prostatectomy in patients with
prostate cancer eligible for active surveillance by multiparametric magnetic
resonance imaging. PLoS One (2015) 10(10):e0139696. doi: 10.1371/
journal.pone.0139696

34. Del Giudice F, Pecoraro M, Vargas HA, Cipollari S, De Berardinis E,
Bicchetti M, et al. Systematic review and meta-analysis of vesical imaging-
reporting and data system (VI-RADS) inter-observer reliability: An added value
for muscle invasive bladder cancer detection. Cancers (Basel) (2020) 12(10):2994.
doi: 10.3390/cancers12102994

35. Yu XY, Ren J, Jia Y, Wu H, Niu G, Liu A, et al. Multiparameter MRI
radiomics model predicts preoperative peritoneal carcinomatosis in ovarian cancer.
Front Oncol (2021) 21:765652(11). doi: 10.3389/fonc.2021.765652

frontiersin.org


https://doi.org/10.1371/journal.pone.0217702
https://doi.org/10.3389/fonc.2018.00630
https://doi.org/10.1016/j.eururo.2014.06.025
https://doi.org/10.1002/jmri.25335
https://doi.org/10.1016/j.urology.2003.10.045
https://doi.org/10.1038/bjc.2013.268
https://doi.org/10.1038/bjc.2013.268
https://doi.org/10.1371/journal.pone.0139696
https://doi.org/10.1371/journal.pone.0139696
https://doi.org/10.3390/cancers12102994
https://doi.org/10.3389/fonc.2021.765652
https://doi.org/10.3389/fonc.2022.974257
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	MRI radiomics predicts progression-free survival in prostate cancer
	Introduction
	Material and methods
	Patient selection
	MRI acquisition
	Image segmentation
	Extraction and selection of radiomics features
	Construction of radiomics signatures
	Validation of radiomics signatures
	Statistical analysis

	Results
	Clinical data
	Radiomic signature building
	Radiomics scoring and normogram creation
	Survival analysis

	Discussion
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


