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We developed a machine learning model for predicting prostate cancer (PCa) grades using radiomic features of
magnetic resonance imaging. 112 patients diagnosed with PCa based on prostate biopsy between January 2014
and December 2021 were evaluated. Logistic regression was used to construct two prediction models, one
using radiomic features and prostate-specific antigen (PSA) values (Radiomics model) and the other Prostate
Imaging-Reporting and Data System (PI-RADS) scores and PSA values (PI-RADS model), to differentiate
high-grade (Gleason score [GS] = 8) from intermediate or low-grade (GS <8) PCa. Five imaging features were
selected for the Radiomics model using the Gini coefficient. Model performance was evaluated using AUC,
sensitivity, and specificity. The models were compared by leave-one-out cross-validation with Ridge regulariza-
tion. Furthermore, the Radiomics model was evaluated using the holdout method and represented by a nomo-
gram. The AUC of the Radiomics and PI-RADS models differed significantly (0.799, 95% CI: 0.712-0.869;
and 0.710, 95% CI: 0.617-0.792, respectively). Using holdout method, the Radiomics model yielded AUC of
0.778 (95% CI: 0.552-0.925), sensitivity of 0.769, and specificity of 0.778. It outperformed the PI-RADS model
and could be useful in predicting PCa grades, potentially aiding in determining appropriate treatment
approaches in PCa patients.
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rostate cancer (PCa) is known to be highly preva-

lent among individuals of European and
American descent. However, in recent years, the num-
ber of patients with PCa has demonstrated a sharp
increase in Japan [1]. PCa is the second most common
cancer in men, with 1,276,106 new cases and 358,989
deaths reported worldwide in 2018 [2]. The incidence
of PCa increases with age, with men aged 50 years and
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older at a higher risk.

Prostate-specific antigen (PSA) is a protein produced
by the prostate gland, which is typically present in the
prostate tissue. Elevated blood PSA levels may indicate
PCa or other prostate-related conditions. PSA testing
plays a crucial role in the early detection of PCa, and
periodic PSA screenings are commonly used as a gen-
eral screening method for PCa. However, PSA test
results are used in combination with other factors to
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assess the risk of PCa, as elevated PSA levels do not
always indicate PCa and can result from conditions
such as inflammation or benign prostatic hyperplasia
(BPH).

The Gleason score (GS) is one of the most important
predictors of PCa prognosis. The GS is used to grade
the aggressiveness of PCa based on the microscopic
appearance of the tumor tissue. It provides valuable
information regarding the appearance of abnormal or
aggressive cancer cells under a microscope. The GS
helps in assessing prognosis and guiding treatment
decisions in individuals with PCa.

Patients can be categorized into GS <7 (low-grade
PCa) and GS >7 (high-grade PCa), and high-grade
PCa accounts for approximately 15% of all patients with
PCa [3]. A study has shown that the 5-year recurrence-
free progression probabilities for low-grade PCa (63-
96%) and high-grade PCa (26-48%) are significantly
different [4].

Patients with low-grade PCa may benefit from rela-
tively conservative treatment strategies or short-term
neoadjuvant antiandrogen therapy (ADT) for 4-6
months, while patients with high-grade PCa are rec-
ommended to undergo longer ADT (2-3 years), which
may improve their prognosis and reduce mortality
[5-7]. However, the GS can only be determined via
needle biopsy or resection [8-10]. The complications of
prostate biopsy include bleeding, infection, and uri-
nary issues, and older individuals and those with
underlying health conditions may have an increased
risk of biopsy-related complications. Therefore, the
accurate noninvasive identification of high-grade PCa at
the initial diagnosis or before surgery is very important
in order to optimize treatment decision-making and
improve the prognosis in this patient population.

Machine learning is a field of artificial intelligence
(AI) covering an extensive range of algorithms that can
be trained to perform certain tasks, such as classifica-
tion. Supervised learning methods, which use labeled
data to guide the algorithm, have arguably shown the
greatest success in medical imaging, with applications
in the diagnosis of metastatic disease, diabetic retinop-
athy, and intracranial hemorrhage [11, 12].

Radiomic analysis is defined as the computational
extraction of quantitative image features for the charac-
terization of disease patterns. The analyzed image fea-
tures include shape features, first-order statistics, and
texture characteristics, such as gray-level co-occur-
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rence matrices (GLCMs) [13]. Recent advances in
image analysis techniques using radiomic features to
assess the genomic, proteomic, and clinical pheno-
types of prostate tumors have been shown to match or
even surpass the qualitative imaging assessment of
radiologists [14-16].

Bagher-Ebadian et al. reported that a radiomics
model could differentiate PCa lesions from normal
prostate tissues with an area under the curve (AUC),
positive predictive value (PPV), and negative predictive
value (NPV) of 0.94, 0.95, and 0.92, respectively [17].
Chaddad et al. found a significant correlation between
GLCM features extracted jointly from T2-weighted
images (T2WIs) and apparent diffusion coefficient
(ADC) images and GS, with an AUC of 0.78 for GS <3,
0.82 for GS 3+4, and 0.65 for GS >4+ 3 [18]. Monti et
al. found that standard radiomics models using T2WTs
and ADC images performed better for PCa detection
than did an advanced model with additional diffusion
kurtosis imaging and dynamic contrast-enhanced (DCE)
magnetic resonance imaging (MRI) [19]. However, to
the best of our knowledge, no model combining clinical
PSA values with information obtained from imaging,
such as Prostate Imaging-Reporting and Data System
(PI-RADS) scores or radiomics features, has yet been
sufficiently investigated.

In this study, we developed a machine learning
model based on radiomic features of MRI before pros-
tate biopsy and the PSA value and evaluated its diag-
nostic performance. Additionally, we compared the
performance of the model with PI-RADS scores for
predicting high-grade PCa (GS = 8).

Materials and Methods

This study focused on 160 consecutive cases of PCa
diagnosed based on prostate biopsies at our institution
between January 2014 and December 2021. Of these,
48 cases were excluded because the grade of the PCa
lesions could not be identified using MRI, or due to
poor image quality and repeat biopsy. Ultimately, a
total of 112 patients were selected for the study.

The study protocol for MRI examination and pros-
tate biopsy in patients with PCa was approved by the
Ethical Committee of Housyasen Daiichi Hospital
(Approval No. 02). Due to the retrospective nature of
the study, acquisition of informed consent was waived.
All procedures were performed in accordance with the
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relevant guidelines and regulations of the Declaration of
Helsinki.

The age of the patients ranged from 52 to 93 years
(mean age: 73.6+7.8 years). The biopsy procedure
involved the insertion of an ultrasound device through
the anus into the rectum. While observing the prostate
through the rectal wall using ultrasound, a biopsy nee-
dle was inserted through the rectal wall into the pros-
tate. Tissue samples were collected from four locations
on each side. The pathological GSs were distributed as
follows: GS 6 in 16 cases, GS 7 in 29 cases, GS 8 in
20 cases, GS 9 in 38 cases, and GS 10 in 9 cases. A
total of 80 patients showed lesions in the peripheral
zone only, 27 had lesions in the transition zone only,
and 5 had lesions in both the peripheral and transition
zones.

GSs were determined and standardized by two
pathologists. In cases in which their initial assessments
did not match, detailed discussions were held to review
and reconcile the differences to establish a final score.
The PSA levels of the 112 individuals ranged from 2.31
t0 966.09 ng/ml (34.93+9.71).

The Philips Ingenia 1.5-T system was used for MRI.
For radiomics analysis, ADC images generated from
diffusion-weighted imaging (DWI) with b-values of 0
and 2,000, and T2WT were used.

The imaging parameters for MRI are listed in Table 1.

PI-RADS score.  In each patient, one representa-
tive lesion was selected from the MRI images, and a

Table 1 MRI parameters of the study
T2WI DWI b=0, 2,000
FOV 320 X 320 320 x 320
Matrix 412 104
Technique SE SE
Fast Imaging TSE-multi shot EPIl-single shot
Recon-pixel size 0.50 x 0.50 2.00 X 2.00
SENSE 1.3 2
Slices 24 24
Slices-thickness 3 3
Gap 0.3 0.3
Profile order Linear -
BW 269.7 25.9
Factor 16 67
TE 90 80
TR 4,000 6,250
Fat suppression - SPAIR
NSA 1 4

T2WI, T2-weighted images; DWI, Diffusion weighted imaging.
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PI-RADS score was assigned by consensus by two
radiologists, each with at least 10 years of radiology
experience. The scoring was based on PI-RADS version
2.1 [20]. Since contrast-enhanced MRI was not con-
ducted, alesion in the peripheral zone that was assigned
a score of 3 on DWI was evaluated as PI-RADS score 3.

Regions of interest (ROIs) setting.  Research
annotation software (Canon Medical Systems, Otawara,
Japan) was used to segment representative tumor
lesions in the MRI images (T2WI and ADC images).
The first radiologist delineated an ROI for each case. To
assess reproducibility, a second radiologist randomly
selected ROIs from 20 cases for verification.

Radiomic features.  An open-source package
(PyRadiomics ver. 3.0.1) was used to extract 107 radio-
mic features.

Radiomic features were extracted from 20 randomly
selected nodules, each segmented by two radiologists
(each with > 10 years of experience).

Only features demonstrating high interobserver and
intraobserver reliability (intraclass correlation coeffi-
cient [ICC] >0.75) were chosen. Five radiomic features
were then selected based on their importance, as deter-
mined by the Gini coefficient, and these features, along
with PSA values, were used as the explanatory vari-
ables.

Model development. A classification prediction
was performed in the high-grade (GS =8) and interme-
diate/low-grade (GS < 8) PCa groups. Two models were
developed: a Radiomics model based on radiomic
features and PSA values, and a PI-RADS model utiliz-
ing the PI-RADS scores and PSA values as the explana-
tory variables. Orange3 (ver. 3.32.0) was used for devel-
opment [21]. These two models were evaluated using
the leave-one-out and holdout methods. In addition,
the AUC values for the PSA-only, radiomics-only, and
PI-RADS-only models were calculated using the leave-
one-out method.

1. Leave-one-out method. Both models were
constructed using logistic regression (Fig.1). In each
loop, the features were standardized and 9 features were
selected using the Gini index, which was calculated
from two cumulative relative frequencies: one for
radiomics features and the other for the proportion of
high-grade PCa. Receiver operating characteristic (ROC)
curves were plotted; the predictive accuracy was evalu-
ated using the leave-one-out method.

2. Holdout method.  Next, a logistic regression
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model was created using radiomics features and PSA
values, followed by model construction and the evalua-
tion of accuracy using the holdout method. Twenty
percent of the total data were randomly extracted as the
test data and the remaining 80% were used as the train-
ing data (Fig.2). The training data were standardized
and the same standardization was applied to the test
data. Five features were selected using the Gini index,
which was calculated as described above. The impor-
tance of the explanatory variables was computed from

Logistic Regression

Y S-shaped
curve

Predicted Y
lies between
Oandlrange

y=0
X

Fig. 1 Logistic regression model. A logistic regression model for
predicting high- and low-grade prostate cancer (PCa) was devel-
oped and validated using the leave-one-out cross-validation method.

Training
(N=90)

Logistic Regression

Acta Med. Okayama Vol. 79, No. 1

the predictive model, and a nomogram was constructed.

Statistical analysis.  Statistical analysis was con-
ducted using R software (version 4.2.1; http://www.
r-project.org). The AUC values were measured and the
sensitivity, specificity, PPV, and NPV were calculated
based on the Youden index. The AUC values of the two
models were compared using the DeLong test and the
leave-one-out method. Statistical significance was set at
p<0.05.

Results

Leave-one-out method.  Figure 3 shows the ROC
curves for the radiomic features and PSA value-based
model (Radiomics model) and for the PI-RADS score
and PSA value-based model (PI-RADS model). The
Radiomics model yielded the following results: AUC,
0.799; sensitivity, 55.8%; specificity, 88.9%; PPV,
88.2%; and NPV, 57.5%. The PI-RADS model showed
the following results: AUC, 0.710; sensitivity, 71.6%;
specificity, 71.1%; PPV, 82.3%; and NPV, 62.7%.
Thus, the Radiomics model demonstrated significantly
higher AUC and PPV values than the PI-RADS model
(p<0.05).

The AUC values for the PI-RADS-only, Radiomics-
only, and PSA-only models were 0.590, 0.778, and
0.752, respectively.
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Y S-shaped Predicted Y SEﬂSitiVity
curve lies between e .
Oandlrange SpECIfICIt\/
oo B  Nomogram

X

Fig. 2

Holdout method. A logistic regression model was developed and evaluated using the holdout method. Using the Gini coefficient,

five explanatory variables were selected from among the radiomic features and standardized. A nomogram was created using the selected

features and prostate-specific antigen (PSA) values.



February 2025

The analysis results for the GS, PSA, PI-RADS, and
radiomics are presented in Table 2. Considering PI-
RADS scores of 4 or higher as positive, the sensitivity
and specificity of the PI-RADS group were 88.1% and
37.8%, respectively. In the radiomics group, the sensi-
tivity and specificity were 76.1% and 62.2%, respec-
tively.

Holdout method.  Next, the data were divided
into training and test sets, and a model was constructed
using the training data. The Radiomics model was ana-
lyzed using logistic regression. When applied to the test
data, the model demonstrated high accuracy, with an
AUC of 0.778, sensitivity of 0.769, and specificity of
0.778. The results of the Gini index are presented in
Table 3.

100
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Fig. 3  Receiver operating characteristic (ROC) curves of the two

models using the leave-one-out method.

Prediction of Prostate Cancer Grades by Radiomics 25

The contributions of the selected radiomic features
and the PSA value were determined. The results are
displayed along with brief definitions of each radiomic
feature. The PSA value indicated a contribution of
0.929. The shape feature Maximum 2D Diameter

Table 3  The results of the Gini index

Radiomic feature Gini Index
PSA 0.1085
PI-RADS 0.0924
Major Axis Length ADC 0.0934
Max 2D Diameter Column ADC 0.088
Max 2D Diameter Row ADC 0.0753
Max 2D Diameter Slice ADC 0.0934
Max 3D Diameter ADC 0.0934
Mesh Volume ADC 0.107
Minor Axis Length ADC 0.0806
Sphericity ADC 0.0915
Surface Area ADC 0.112
Voxel Volume ADC 0.1024
First-order Entropy ADC 0.0499
First-order Uniformity ADC 0.0493
GLCM Joint Energy ADC 0.0456
GLCM Maximum Probability ADC 0.0413
GLCM Sum of Squares ADC 0.0284
GLDM Dependence Variance ADC 0.0312
GLDM Gray Level Variance ADC 0.0499
GLDM Large Dependence Low Gray Level Emphasis ADC 0.0682
GLRLM Long Run Low Gray Level Emphasis ADC 0.0755
GLRLM Run Variance ADC 0.0755
NGTDM Contrast ADC 0.0706
Max 2D Diameter Column T2WI 0.133
Minor Axis Length T2WI 0.1069
Surface Volume Ratio T2WI 0.0551
First-order 10th Percentile T2WI 0.0458
GLRLM Gray Level Non-Uniformity T2WI 0.0927
GLRLM Run Entropy T2WI 0.1211
GLSZM Zone Percentage T2WI 0.1212

ADC, apparent diffusion coefficient; GLCM, gray level co-occurrence
matrices; GLDM, gray-level dependence matrix; GLRLM, gray level run-
length matrix; GLSZM, gray level size zone matrix; PSA, prostate-spe-
cific antigen; PI-RADS, Prostate Imaging-Reporting and Data System;
T2WI, T2-weighted images.

Table 2  The analysis results for the GS, PSA, PI-RADS (P), and radiomics (R)

GS P(+,R(+) P(+),R(-) P(-),R(+) P(-).R(-) PSA total
6 4 6 1 5 2.31-51.67 16
7 9 3 8 4.70-17.32 29
8 11 5 1 3 3.43-488.69 20
9 30 5 0 3 4.70-966.09 38
10 8 0 1 0 7.06-322.44 9

GS, Gleason score; PI-RADS, Prostate Imaging-Reporting and Data System; PSA, prostate-specific

antigen.
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Column from T2WI, which represents the largest
diameter of the lesion in the 2D plane, had a contribu-
tion of 0.905. The gray level size zone matrix (GLSZM)
feature Zone Percentage from T2WI, indicating the
percentage of homogeneous zones in the GLSZM,
showed a contribution of —0.565. The gray level run
length matrix (GLRLM) feature Run Entropy from
T2WI, representing the entropy of runs in the GLRLM,
had a contribution of 0.205. Finally, the shape feature
Surface Area from ADC imaging, denoting the surface
area of the lesion, showed a contribution of 0.0788.
The larger the absolute value, the greater the degree of
contribution.

Of the 67 cases of GS =8, 6 could not be identified
correctly by either the PI-RADS model or the Radiomics
model. Although 10 patients had a PI-RADS score of 4
or 5, they were not diagnosed with high-grade PCa by
the radiomics approach. In contrast, the PI-RADS

Fig. 4
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score 2 and score 3 groups included 8 cases of GS >8.
Of these, 2 were correctly diagnosed with high-grade
PCa using the radiomics approach. The cases that were
incorrectly classified by the Radiomics and PI-RADS
models are presented in Figs.4 and 5, respectively. In
19 cases, both PI-RADS and Radiomics were negative,
and 6 of these cases had GS = 8.

Nomogram.  Finally, we created a nomogram for
predicting high-grade (GS =8) PCa using the selected
radiomic features (Fig. 6). The values were standardized
as Z=(X-—mean)/standard deviation.

Discussion

Preoperative prediction of the PCa grade is import-
ant for clinical decision-making. Pathological biopsy is
a popular tool for estimating the PCa grade and inva-
siveness; however, it is associated with several compli-

A case that was incorrectly diagnosed by the Radiomics model. The
patient had a PSA level of 11.96, a PI-RADS score of 5, and a Gleason score
of 8. The images include T2-weighted imaging (A: T2WI), diffusion-weighted
imaging (B: DWI, b=2,000),
(C: ADC), with segmentations of the lesion highlighted in dark gray on the
T2WI (D) and ADC map (E).

and the apparent diffusion coefficient map
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Fig. 5

cations that limit its clinical use.

In this study, we developed a radiomics and PSA-
based machine learning model for predicting high-
grade PCa and compared its diagnostic efficacy with
that of PI-RADS v2.1 scores. PI-RADS is a diagnostic
method that expresses the confidence level of clinically
significant PCa (GS >7) in five categories.

PCa is curable if it remains confined to the prostate,
after which it is classified into low-risk, intermediate-
risk, and high-risk localized and locally advanced PCa.
These risk classes form the basis for treatment. Low-
risk PCa is treated with “active surveillance,” and the
prognosis is excellent. In patients with low-intermedi-
ate risk, active surveillance should also be discussed as
an option. In other cases, active treatments such as
surgery or radiation therapy should be discussed along
with their potential side effects to allow for shared deci-
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A case that was incorrectly diagnosed by the PI-RADS model. The
patient had a PSA level of 7.06, a PI-RADS score of 3, and a Gleason score of
10. The images shown include T2-weighted imaging (A: T2WI),
sion-weighted imaging (B: DWI, b=2,000), and the apparent diffusion coeffi-
cient map (C: ADC), with segmentations of the lesion highlighted in dark gray
on the T2WI (D) and ADC map (E).

diffu-

sion-making [22]. The present study evaluates a model
for detecting high-risk PCa with GS >8. However,
there are no particular issues resulting from using
PI-RADS as the diagnostic method.

Radiomics features were extracted and selected from
T2WI and ADC images; these features along with the
PSA values were used to construct a model based on
logistic regression. In general, T2WI and ADC are the
most common sequences selected by investigators for
texture analysis [23,24]. Additionally, the PI-RADS
v2.1 scoring system increases the diagnostic weight of
T2WI and ADC images and reduces the diagnostic
weight of DCE images [25]. Therefore, we chose to
derive radiomics features from only T2WI and ADC
images in the present study.

In our study, the Radiomics model showed a higher
AUC for predicting high-grade PCa (GS =8) than the
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PI-RADS model (AUC: 0.799 vs. 0.710; p<0.05). Chen
et al. report that a radiomics-based model with T2WI
and ADC features outperformed the PI-RADS score in
assessing PCa differentiation [26]. We used a model
that includes the PSA value; similar to the findings by
Chen et al., radiomics features were found to be more
effective than PI-RADS values for predicting high-
grade PCa. The effectiveness of radiomics features sug-
gests that the long diameter and volume of the tumor
could be crucial for predicting high-grade PCa, with
larger values indicating higher malignancy, consistent
with the results of previous studies. The intracellular
components, internal fluid volume, collagen volume,
and myofibrous stroma differ between the different
pathologic grades of PCa. High-grade PCa has a high
cell count and reduced extracellular space, while low-
grade PCa retains at least some glandular structures and
intercellular space [27,28]. These differences in the
histopathological features may be reflected by quantita-
tive analyses using the radiomics approach.

Among the 67 cases of GS 28, 6 could not be accu-
rately identified by either the PI-RADS model or the

Radiomics model. Ten patients tested positive using
PI-RADS but were judged negative using radiomics.
Conversely, the group that tested negative using
PI-RADS included 8 cases of a GS of 8 or higher, of
which 2 were judged positive based on radiomics.
These findings indicate that the two models may have
complementary roles.

Furthermore, the AUC values for the PI-RADS-
only, Radiomics-only, and PSA-only models were
0.590, 0.778, and 0.752, respectively. Based on the
results shown in Table 4, the PI-RADS model exhibited
very high sensitivity, but low specificity compared to
the Radiomics model. The high sensitivity of PI-RADS
is effective in detecting lesions (preventing missed diag-
noses), while the high specificity of Radiomics is useful
for avoiding false positives. In this study, both
PI-RADS and Radiomics showed negativity in 19 cases,
6 of which had GS 28. If these cases were excluded
from biopsy, 17% of biopsies could have been avoided.
However, 9% of high-grade PCa would have been
missed.

The interpretation of PI-RADS scores from MRI
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images in the diagnosis of PCa is subjective and highly
reader-dependent, while the machine learning model is
quantitative and relatively objective, and demonstrates
better diagnostic performance with radiomic features
than do PI-RADS scores. This suggests that the radio-
mics approach is a promising technique for optimizing
existing routine work.

Cases misclassified using the Radiomics and the
PI-RADS models are shown in Figs.4 and 5, respec-
tively. In Fig.4, an extracapsular extension of the
tumor is evident, resulting in a high PI-RADS score.
However, since radiomics cannot perform anatomical
evaluation, there is a possibility that it may be evaluated
as a low-grade malignancy. In Fig.5, since there was no
prominent low-signal intensity on the ADC map, the
PI-RADS score was low at 3. However, if contrast-
enhanced MRI was performed and enhancement was
observed, the score could have been 4, potentially pro-
viding a more accurate prediction.

Chen et al. reported no significant differences in the
diagnostic performance for PCa between Radiomics
models using biparametric (bp) MRI (T2WI+DWTI)
and multiparametric (mp) MRI (T2WI+DWI+DCE)
[29]. Zhang et al. showed that machine learning-based
analysis based on a bp MRI radiomic model may be
helpful in distinguishing between high- and low-grade
PCa, and this analysis it outperformed the PI-RADS
v2.1 scores based on mp MRI [30].

The present study utilized bp MRI, which was found
to have sufficient prediction accuracy. Bagher-Ebadian
et al. identified and ranked discriminant radiomic
features from T2WI and ADC maps and constructed an
adaptive model for characterizing significant intrapros-
tatic lesions (DILs) and normal prostatic gland tissues
(NT) [31].

Recently, there has been an increase in the availabil-
ity of tools that can easily extract and analyze radiomic
features in clinical settings [32]. The present results
demonstrate that, with the combination of PSA values
and the construction of nomograms, there exists the
potential for the straightforward application of radiom-
ics in clinical practice.

Limitations.  Our study has certain limitations.
First, all pathological results were derived from biopsy
and lacked further validation with radical prostatec-
tomy specimens. Histological-radiological matching
was performed by experienced radiologists based on the
biopsy site and MRI, which is an inevitable source of

Prediction of Prostate Cancer Grades by Radiomics 29

bias. Second, our study did not distinguish between
peripheral and transitional PCa because PCa was
observed in both zones in some cases. PI-RADS is a
diagnostic method that expresses the confidence level of
clinically significant PCa (GS >7) in five categories.
However, our study evaluated a model for detecting
PCa with GS 28. Additionally, in several cases, lesions
were difficult to identify on MRI or regenerative disease
was present; these cases were excluded from the study,
which may have introduced a selection bias. Future
studies should include larger study populations and
evaluate peripheral and transitional PCa separately.
Additionally, although our study extracted partial data
to validate the radiomics-based model, external valida-
tion cohorts should also be used in future studies to test
the reproducibility of the results.

In this study, a machine learning model based on
radiomics features of PCa and PSA values obtained
from MRI images was shown to successfully predict
high-grade PCa (GS =8). This approach may assist in
determining the appropriate treatment for patients with
PCa.
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