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Abstract
Objectives To differentiate prostate cancer lesionswith high and
with lowGleason score by diffusion-weighted-MRI (DW-MRI).
Methods This prospective study was approved by the respon-
sible ethics committee. DW-MRI of 84 consenting prostate
and/or bladder cancer patients scheduled for radical prostatec-
tomy were acquired and used to compute apparent diffusion
coefficient (ADC), intravoxel incoherent motion (IVIM: the
pure diffusion coefficient Dt, the pseudo-diffusion fraction Fp
and the pseudo-diffusion coefficient Dp), and high b value (as
acquired and Hessian filtered) parameters within the index le-
sion. These parameters (separately and combined in a logistic
regression model) were used to differentiate lesions depending
on whether whole-prostate histopathological analysis after
prostatectomy determined a high (≥7) or low (6) Gleason score.
Results Mean ADC and Dt differed significantly (p of inde-
pendent two-sample t test< 0.01) between high- and low-
grade lesions. The highest classification accuracy was
achieved by the mean ADC (AUC 0.74) and Dt (AUC
0.70). A logistic regression model based on mean ADC, mean
Fp and mean high b value image led to an AUC of 0.74
following leave-one-out cross-validation.
Conclusions Classification by IVIM parameters was not supe-
rior to classification by ADC. DW-MRI parameters correlated
with Gleason score but did not provide sufficient information to
classify individual patients.

Key Points
•Mean ADC and diffusion coefficient differ between high- and
low-grade prostatic lesions.

• Accuracy of trivariate logistic regression is not superior to
using ADC alone.

• DW-MRI is not a valid substitute for biopsies in clinical
routine yet.
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Introduction

Prostate cancer is the most common cancer in men in more
economically developed countries [1], and it is important to
accurately detect those lesions that are clinically significant
and require treatment. The current standard at our institution
consists in taking 10–12 ultrasound-guided transrectal biopsy
samples of the prostate and attributing specific Gleason grades
to the cancerous tissue on the basis of the underlying glandular
patterns. The sum of the primary grade (assigned to the dom-
inant pattern of the tumour) and the secondary grade (assigned
to the next most frequent pattern) constitutes the cancer’s
Gleason score [2]. Lesions with a Gleason score of 7 or greater
or a volume of 0.5 cm3 or greater are typically considered
clinically significant [3]. However, there is no consensus on
what constitutes clinically significant prostate cancer and oth-
er definitions might be used [4].

If cancer is detected, the level of prostate-specific antigen,
clinical staging and Gleason score are used to counsel the
patient on further management of the disease. Standard treat-
ment options for patients with significant cancer include rad-
ical prostatectomy and radiation therapy. Patients whose
cancer is not clinically significant may be assigned to active
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surveillance (the lesion is monitored frequently for signs of
progression) instead of treatment. Current studies indicate that
active surveillance is a safe alternative to immediate interven-
tion for low-risk prostate cancer patients [5, 6].

Unfortunately, besides being an invasive procedure with a
considerable risk of infection, ultrasound-guided prostate bi-
opsy is prone to sampling error and associated with a relevant
risk of under- and overgrading when compared with results
obtained following radical prostatectomy [7–9]. While
targeted MR and MR/ultrasound fusion biopsy improves ac-
curacy [10], increased efforts are being undertaken to deter-
mine the aggressiveness of prostate cancer noninvasively.
Diffusion-weighted magnetic resonance imaging (DW-MRI)
has emerged as a promising technique to address this problem,
and several studies have shown an inverse correlation between
Gleason score and apparent diffusion coefficient (ADC)
values [11, 12].

As a result of the considerable overlap in ADC values
between high- and low-grade lesions, a recent study combined
ADC values with parameters derived from other MRI se-
quences in a logistic regression model to detect cancers with
a high Gleason score; the accuracy of the model was found to
be similar to the accuracy of experienced radiologists [13].
Another study found that intravoxel incoherent motion
(IVIM) parameters (the pure diffusion coefficient Dt, the
pseudo-diffusion fraction Fp and the pseudo-diffusion coeffi-
cientDp) derived from a biexponential fit to DW-MRI [14, 15]
correlate with the cancer’s aggressiveness [16]. In addition,
parameters derived from high b value DW-MRI (as acquired
or following Hessian focality filtering [17]) were found to be
useful to distinguish noncancerous disease from prostatic ad-
enocarcinoma [18]. Although all previous studies showed
promising results, the association between lesion aggressive-
ness and values of DW-MRI parameters is not sufficiently spe-
cific to allow application to individual patients. Therefore, the
aim of this study was to apply ADC, IVIM and high b value
parameter values (analysed separately or combined in a logis-
tic regression model) to improve the differentiation of prostate
cancer lesions with high (≥7) and with low (6) Gleason score.
A secondary objective of the study was to determine whether
parameters derived from DW-MRI correlate with Gleason
score.

Materials and methods

This prospective clinical trial was approved by the ethics
committee of the Kanton Bern and signed informed consent
was obtained from all subjects prior to enrolment. Prostate
cancer patients included in the present analysis were part of
a larger cohort of prostate and/or bladder cancer patients.
The study is registered at ClinicalTrials.gov with identifica-
tion number NCT00622973.

Study population

The patient cohort for this clinical trial comprised 415 con-
secutive patients at the University Hospital of Bern who
were diagnosed with N0 prostate and/or bladder cancer based
on cross-sectional imaging (CT and/or MRI) and were sched-
uled for radical prostatectomy or cystoprostatovesiculectomy,
as well as extended pelvic lymph node dissection, between
May 2008 and March 2010.

Out of these patients, 295 were excluded for reasons
reported in the study flowchart (Fig. 1). Out of the
remaining 120 prostate and/or bladder cancer patients,
the present study included the 89 patients with prostate
cancer (Gleason score≥ 6). Statistical analysis included
the 84 patients with prostate lesions which were visible
on DW-MRI.

MR imaging

Pelvic MRI was performed a median of 12 days before radical
prostatectomy (range 1–50 days). A 3-T MR scanner (TIM
Trio; Siemens Healthcare, Erlangen, Germany), with two
phased-array eight-channel coils placed ventrally and on the
back, was used for imaging. Patients received 0.5 ml of glu-
cagon (GlucaGen; Novo Nordisk, Kuesnacht, Switzerland)
intravenously before morphological MRI and again 0.5 ml
before starting the DW-MRI sequence. Morphological MRI
included a coronal 3D T1-weighted sequence (voxel size
0.8×0.8×0.8mm), a coronal 3DT2-weighted sequence (voxel
size 1.0×1.0×1.0 mm) and a transverse high-resolution T2-
weighted sequence (voxel size 0.4×0.4×4.0 mm). Functional
MRI included DW-MRI in the transverse plane, covering the
entire pelvis from the aortic bifurcation to the pubic symphysis;
sequence parameters are reported in Table 1. Respiratory trig-
gering was applied to the initial 18% of imaged patients; after a
qualitative assessment established that respiratory triggering
had little impact on image quality, the remaining patients were
imaged without respiratory triggering. The acquisition time
was approximately 8, 7, 5 and 5 min for the T1-weighted,
T2-weighted, high-resolution T2 and DW-MRI sequence,
respectively.

Image analysis

After patient enrolment was closed, all acquired images were
anonymised and analysed by three independent readers with
less than 1, 1 and 2 years of experience with prostate MRI,
respectively. The readers knew that patients were scheduled
for radical prostatectomy but were blinded to any other clini-
cal or histopathologic information and were not involved in
the selection or care of the patients.
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The readers located the index lesion based on the DW-MR
images and corresponding ADC maps (as computed by the
scanner vendor’s software), using the T2-weighted images for
morphological reference. The index lesion was defined as a
hyperintense region on the high b value DW-MR image corre-
sponding to a hypointense region on the ADC map. If a region
with such characteristics was found, the readers determined the
slice of theADCmapwhere the axial diameter of the lesionwas
largest and subsequently delineated the lesion, trying to avoid
partial volume artefacts, using ImageJ [19]. If only two out of
the three readers agreed on the location of the index lesion, that
case was not considered further. If none of the three readers
agreed on the location of the index lesion, themost likely region
of interest (ROI) was chosen by a fourth reader (2 years of
experience with prostate MRI) for further processing.

To minimise the effect of inter-reader variability and to
delineate the lesion in three dimensions, a semiautomatic seg-
mentation approach was employed by one of the authors
(7 years of experience in medical image processing). Thus,
the RegionGrowingMacro module in MeVisLab (MeVis
Medical Solutions AG & Fraunhofer MEVIS, Bremen,
Germany) was used to place seed points at the centre of the
lesion; the interval size was increased sequentially starting at

Table 1 Parameters of the diffusion-weighted magnetic resonance
imaging sequence

Sequence Spin-echo EPI

Repetition time (ms) 2600

Echo time (ms) 58

No. of slices 51

Slice thickness (mm) 4

Slice gap (mm) 0.8

Bandwidth (Hz per pixel) 2300

No. of gradient directions 3

No. of averages 3

b values (s/mm2) 0, 10, 20, 50, 130, 270, 500, 900

Field of view (mm2) 330 × 330

Matrix 128 × 128

Parallel acceleration factor GRAPPA= 3

Acquisition voxel size (mm3) 2.58 × 2.58× 4

Reconstruction voxel size (mm3) 2.58 × 2.58× 4

GRAPPA generalised autocalibrating partially parallel acquisition

415 pa�ents with prostate and/or bladder cancer 
planned for radical prostatectomy or 

cystoprostatovesiculectomy were assessed for 
eligibility

130 pa�ents were enrolled into the study

130 pa�ents underwent diffusion-weighted MRI

120 pa�ents underwent surgery

120 pa�ents with histopathological examina�on

120 pa�ents included in DW-MRI reading 
(3 readers)

285 (69%) excluded due to:
46 prior radio-/chemotherapy
73 for organiza�onal reasons*
47 change of treatment

4 with suspicious LNs
10 prior lymphadenectomy
39 contraindica�ons to MRI
20 bad general condi�on
24 included in another study
22 no or other cancer

10 (8%) excluded due to:
2 enlarged LNs on study MRI
2 poor image quality due to hip 
prostheses
6 no surgery:

3 chemotherapy
2 refusal
1 bone metastases on MRI

31 (26%) excluded due to:
27 diagnosis was only bladder cancer
4 Gleason Score < 6

84 pa�ents included in the sta�s�cal analysis

89 pa�ents included in the present study

5 (6%) excluded because no index lesion 
could be located on DW-MRI

Fig. 1 Flowchart of study
population. LN lymph node.
*Organizational reasons included
prostatectomy being performed
sooner than expected and non-
availability of a drug used in the
second part of the trial (not
described in the present
manuscript)
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0 % and at steps of 1 % until its size best matched the average
ROI by the initial readers. Successive analysis was based sole-
ly on the 3D lesion volumes delineated using MeVisLab.

The following parameters were computed for each voxel
within a lesion: the ADC value determined by a least-squares
fit to the log-transformed diffusion-weighted signal, the values
of IVIM parameters (the pure diffusion coefficient Dt, the
pseudo-diffusion fraction Fp and the pseudo-diffusion coeffi-
cient Dp), the b=900 s/mm2 image value and the result of the
three dimensional Hessian focality filter applied to the
b=900 s/mm2 image [17]. IVIM parameters were determined
voxel-wise within each segmented lesion by using a Bayesian
probability-based approach [20] to fit a simplified version of
Le Bihan’s original model:

S bð Þ ¼ S 0ð Þ Fpe−bDp þ 1−Fp

� �
e−bDt

� �

where S(b) is the diffusion-weighted signal acquired at a spe-
cific b value. No additional image processing steps were
applied before computing the ADC and IVIM parameters;
however, the b=900 s/mm2 images were normalized to a
common mean and variance [21, 22] before determining the
corresponding image values and Hessian filtering results.

Logistic regression model

A logistic regression model was derived to detect lesions with
a Gleason score of 7 or greater. Potential predictor variables
were computed for each lesion on the basis of the histograms
of ADC and IVIM parameter values. Thus, the mean, skewness
and kurtosis of ADC, Dt, Fp and Dp values were determined.
Themean value of the b=900 s/mm2 image and the maximum
value of the Hessian focality filter applied to the b=900 s/
mm2 image were considered as well. To reduce the possibility
of overfitting the model, the number of predictor variables was
limited to three. Tentative logistic regression models were
derived using every possible combination of three predictor
variables and evaluated using leave-one-out cross-validation
(LOO-CV): each model was trained on all but one patient
which was later assigned a predicted score; the process was
repeated for all patients; finally sensitivity and specificity
values for the tentative model were determined. The model
associated with the maximum of min(sensitivity,specificity)
across all tentative logistic regression models was deemed
the best classifier and evaluated further (in case of a draw,
the model associated with the maximum of sensitivity+ spec-
ificity was chosen).

Reference standard: histopathological analysis

Following surgery, all radical prostatectomy specimens were
analysed by two uropathologists blinded to clinical and

radiological data. Histopathological analysis was carried out as
described previously [23]. Collected information about the car-
cinoma included the maximum lesion diameter, the primary and
secondary Gleason grades, the Gleason score for the whole
prostate and indications of extraprostatic extension. When a
small amount of cancerous tissue with a higher Gleason grade
was found, it was included as a tertiary Gleason grade if its
extension was less than 5% and as a secondary grade otherwise.
Pathological stage and grade were assigned according to the
TNM classification system, 7th edition [24] and the 2005 mod-
ified Gleason grading system [25], respectively.

Statistical analysis

On the basis of a previous study [16, Table 3], a large effect
size of more than 0.9 was expected for differences in mean
ADC and mean Dt values, and a small effect size of approx-
imately 0.3 was expected for differences in mean Fp and Dp

values between high- and low-grade lesions. Assuming a sig-
nificance level of 0.05, a power of 80 %, and an allocation
ratio between groups of 2/3, we determined that 40 and 430
patients were needed to detect the large and the small effect
sizes, respectively, by a two-sample t test. Thus, the present
study was adequately powered to detect statistically signifi-
cant differences in mean ADC and mean Dt values but not in
mean Fp andDp values. Nevertheless, it was hypothesised that
the meanFp andDp values could provide valuable information
when deriving the logistic regression model. These power
analyses were carried out in G*Power [26].

Welch’s independent two-sample t test was used to assess
whether histogram parameters differed between lesions with a
Gleason score of 6 and those with a Gleason score at least 7
(Q–Q plots did not indicate any strong deviation from the
assumption of normal residuals). As these tests were used to
explore which predictor variables should possibly be included
in the logistic regression model, the significance level was set
to P=0.05 without correcting for familywise error rate. For
each variable we computed the area under the curve (AUC) of
a linear classifier based solely on that variable and Spearman’s
correlation coefficient ρ between the variable and the lesions’
Gleason score (lesions were grouped depending on whether
they had a Gleason score of 6, 7, 8, 9 or 10). Furthermore, we
qualitatively analysed differences in histogram percentiles of
ADC and Dt values between lesions with high and with low
Gleason score.

The performance of the logistic regression model was eval-
uated by computing the AUC following LOO-CVand follow-
ing leave-pair-out cross-validation (LPO-CV) where each pair
of positive–negative patients is sequentially excluded from the
training data set. Sample sensitivity and specificity values for
the logistic regression model were determined by maximizing
the minimum between the sensitivity and the specificity value.
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Statistical analyses were carried out in Matlab R2015a
(Mathworks, Natick, MA).

Results

Histopathology results for the 89 patients (median age
64 years, range 43–80 years) indicated that 26 had a Gleason
score of 6 and that 63 had a score of 7 or greater. A summary of
the patients’ clinical and pathologic characteristics is reported
in Table 2. As no index lesion could be located on DW-MRI in
five patients (Gleason scores 3+3, 3+3, 3+3, 3+4, 3+4),
these patients were excluded from the statistical analysis. The
volume of the segmented lesions ranged from 0.1 to 10 cm3

(median 0.7 cm3).
Exemplary diffusion-weighted images of a high- and of a

low-grade lesion, together with the corresponding parametric
maps, are presented in Fig. 2.

Differences in variables between Gleason score=6
and ≥7

The mean of ADC and Dt differed significantly (p< 0.01)
between lesions with a high and with a low Gleason score.

Box plots grouped by the lesions’Gleason score are presented
in Fig. 3. Results of t tests for all variables are reported in
Table 3. The highest classification accuracy was also achieved
by the mean of ADC (AUC 0.74) and Dt (AUC 0.70). A
moderate negative correlation was observed between the
lesions’ mean ADC (ρ = −0.47, p < 0.01) and mean Dt

(ρ=−0.40, p<0.01) values and the Gleason score. The corre-
lation coefficients determined for all other parameters were
0.20 or less. Mean percentiles of ADC andDt values, grouped
by Gleason score, are displayed in Fig. 4. A qualitative anal-
ysis of these plots suggests that differences in ADC and Dt

values are approximately constant across different histogram
percentiles.

Logistic regression model

The mean ADC, mean Fp and mean of the b=900 s/mm2

image values were determined to be the three predictor vari-
ables which maximised the minimum between sensitivity and
specificity of the logistic regression classifier. The estimated
coefficients of each variable, together with the respective stan-
dard error, are reported in Table 4. Prior to leave-one-out anal-
ysis, the logistic regression model led to an AUC of 0.79

Table 2 Summary of
clinical and pathologic
characteristics of patients

Clinical characteristics*

Age (years) 64 (43–80)

Lesion diameter (mm) 17 (2–40)

pT stage‡

pT1a 2 (2.2)

pT2a 7 (7.9)

pT2b 4 (4.5)

pT2c 40 (44.9)

pT3a 21 (23.6)

pT3b 10 (11.2)

pT4 5 (5.6)

Gleason score‡

6 (3 + 3) 24 (27.0)

6 (3 + 3 + 4) 2 (2.2)

7 (3 + 4) 39 (43.8)

7 (3 + 4 + 5) 1 (1.1)

7 (4 + 3) 9 (10.1)

8 (3 + 5) 1 (1.1)

8 (4 + 4) 5 (5.6)

8 (5 + 3) 1 (1.1)

9 (4 + 5) 6 (6.7)

10 (5 + 5) 1 (1.1)

*Data are the medians with the range in
parentheses
‡Data are the number of patients with the
percentage in parentheses

Fig. 2 Exemplary transverse ADC maps of a 67-year-old man with
Gleason score 3 + 3 (a) and a 57-year-old man with Gleason score 4 + 4
(b). The arrows point to the index lesions. ADC values in both images
range from 0 to 23.5 × 10−4 mm2/s
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(95 % CI 0.64–0.89), a sensitivity of 85 % and a specificity of
74 %. After LOO-CV, the AUC of the classifier was 0.74
(95 % CI 0.58–0.86), the sensitivity 77 % and the specificity
74 %. After LPO-CV, the AUC of the classifier was 0.75
(95 % CI 0.73–0.77), the sensitivity 76 % and the specificity
74 %. Receiver operating characteristic curves of the logistic
regression model prior to and with LOO/LPO-CVare present-
ed in Fig. 5.

Discussion

It is well known that parameters derived from DW-MRI (e.g.
the ADC) correlate with the aggressiveness of prostate cancer
[11, 12]. However, as a result of the considerable overlap in
parameter values between high- and low-grade lesions, Gleason
scoring in clinical routine still relies on the availability of biopsy
samples [27, 28]. This study compared the accuracy of ADC,

Fig. 3 Data points and box plots
of the average ADC (a),Dt (b), Fp
(c), Dp (d) and b= 900 s/mm2

image (e). The central marks are
the medians, the horizontal edges
of the boxes are the first (Q1) and
the third (Q3) data quartiles, and
the whiskers extend to the most
extreme data points not
considered outliers i.e. within 1.5
times the distance Q3–Q1

Table 3 Quantitative analysis of
the individual variables Variable 95 % CI of p of AUC (95 % CI) Correlation

expected difference t test coefficient

Mean ADC (mm2/s) (5.43, 19.8) × 10−5 <0.01‡ 0.74 (0.59, 0.85) −0.47
Mean Dt (mm2/s) (2.90, 18.0) × 10−5 <0.01‡ 0.70 (0.54, 0.83) −0.40
Mean Fp (%) −0.0258, 0.0129 0.51 0.54 (0.40, 0.67) 0.03

Mean Dp (mm
2/s) −0.00466, 0.0252 0.17 0.58 (0.42, 0.72) −0.19

Skewness ADC −0.444, 0.260 0.60 0.50 (0.36, 0.64) 0.11

Skewness Dt −0.257, 0.401 0.66 0.55 (0.41, 0.68) −0.08
Skewness Fp −0.983, 0.237 0.22 0.56 (0.39, 0.71) 0.15

Skewness Dp −0.309, 0.342 0.92 0.51 (0.37, 0.65) 0.08

Kurtosis ADC −2.32, 0.539 0.22 0.58 (0.43, 0.72) 0.13

Kurtosis Dt −1.95, 0.758 0.38 0.59 (0.44, 0.72) 0.14

Kurtosis Fp −3.09, 2.28 0.76 0.54 (0.39, 0.70) 0.10

Kurtosis Dp −1.23, 1.33 0.93 0.51 (0.35, 0.65) 0.08

Mean b= 900 −21.4, 2.36 0.11 0.61 (0.47, 0.75) 0.19

Max Hessian filter b= 900 −12.1, 1.67 0.13 0.56 (0.42, 0.69) 0.20

95% confidence interval (CI) and p value of the t test used to assess differences inmeans between Gleason score =
6 and Gleason score ≥ 7 lesions (‡ indicates a statistically significant difference at the level P= 0.05), the area
under the curve (AUC) and its 95 % CI of a lesion classifier based solely on one variable, and the correlation
coefficient between variable and Gleason score
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IVIM and high b value parameter values and analysed whether
results could be improved by deriving a logistic regression mod-
el. The only parameters which differed significantly between
high- and low-grade lesions were the mean ADC and the mean
Dt values (p<0.01). A logistic regression model combining the
mean ADC, mean Fp and mean of the b= 900 s/mm2 image
values led to an AUC of 0.74 following leave-one-out
cross-validation (AUC 0.79 prior to LOO-CV). The clas-
sification accuracy of this logistic regression model was
comparable to using mean ADC or mean Dt values alone
(AUC 0.74 and 0.70, respectively).

A different logistic regression model combining mean
ADC value, normalised T2-weighted signal and maximum
enhancement measured by dynamic contrast-enhanced
(DCE) MRI was recently proposed to classify prostate cancer

within the transition zone [13]. When detecting lesions with a
Gleason score of 4+3 or greater and a diameter greater than
6 mm, the model led to an AUC of 0.71 (95 % CI 0.58–0.84)
following leave-one-out regression analysis in 70 patients.
While this study focused on lesions in the transition zone,
these results appear comparable to the ones obtained in our
study. This study suggests that overall the logistic regression
model provided little benefit compared with a classifier based
on the normalised T2 signal alone. In general, there is current-
ly no consensus about whether bi- or trivariate modelling im-
proves classification performance compared with using e.g.
only T2 values in the transition zone and ADC values in the
peripheral zone [29, 30]. Another study on 25 patients derived
a logistic regression model based on ADC, T2 and volume
transfer constant Ktrans (measured by DCE-MRI) to detect
prostate cancer in the peripheral zone (AUC 0.71, 95 % CI
0.69–0.72). The logistic regressionmodel led to a higher AUC
compared with classification based solely on measured ADC
values but this difference was not significant [31]. A higher
AUC of 0.90 (95 % CI 0.83–0.96) was reported by a study
combining ADC and DCE-MRI parameters to derive a logis-
tic regression model based on a small sample of 34 prostate
cancer patients with lesions in the peripheral and in the tran-
sition zone [32]. However, malignant lesions where consid-
ered significant irrespective of their Gleason score, which may
explain the classifier’s relatively high accuracy and limits the
clinical value of the study.

A previous study analysing ADC and IVIM parameters in
malignant prostate lesions determined significantly different
ADC- and Dt-related measurements in high-grade lesions
compared with low-grade lesions: lower mean, median, 10th
and 75th percentile and higher skewness and kurtosis [16]. In
our study we similarly determined significantly lower mean
ADC and Dt values in high-grade lesions; however, we found
no significant difference in their skewness and kurtosis values.
This might be related to the resolution of our diffusion-

Fig. 4 Comparison of histogram percentiles of a ADC and b Dt values.
The error bars represent the mean value ± standard deviation of
percentiles across lesions with a Gleason score = 6 and ≥7

Table 4 Estimated coefficients of the logistic regression model (Log.
Reg. Coeff.) and corresponding standard errors (Std. Err.)

Variable Log. Reg. Coeff. Std. Err.

Intercept β0 5.61 2.55

Mean ADC −8.70× 103 2.54× 103

Mean Fp 13.2 7.40

Mean b= 900 0.0198 0.0129

Fig. 5 Receiver operating characteristic (ROC) curves which illustrate
the performance of the logistic regression model when distinguishing
between Gleason score = 6 and Gleason score ≥7 lesions; without cross-
validation, with leave-one-out cross-validation (LOO-CV) and with
leave-pair-out cross-validation (LPO-CV)
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weighted images being insufficient to precisely compute
higher statistical moments in small lesions or to using the
Gleason score of the whole prostate as reference standard.
The lack of significant differences between the “shapes” of
the histograms was also reflected by relatively constant differ-
ences across the computed percentiles of ADC and Dt values.
Therefore, our study suggests that measuring the histogram
percentiles of ADC and Dt values may not provide any addi-
tional information when discriminating between high- and low-
grade lesions compared with simple measurements of the mean
values of these parameters.Whether meanADC (as determined
in our study) or mean Dt (as suggested by the previous study
[16]) is associated with the highest accuracy when detecting
high-grade lesions remains an open question. While a previous
study suggested the importance of high b value images (as ac-
quired or followingHessian focality filtering) to distinguish non-
cancerous disease from prostatic adenocarcinoma in our study
these parameters were found to provide little additional informa-
tion when discriminating between high- and low-grade malig-
nant lesions. Nevertheless, it is interesting to note that the mean
of the high b value images, which have been shown to increase
readers’ sensitivity [33], was included as a discriminatory var
iable in the logistic regression model.

We acknowledge the following limitations. The study was
carried out at a single centre which may limit the external
reproducibility of results. The number of included patients
was comparable to similar studies but still insufficient to ana-
lyse additional potential predictor variables, such as the inten-
sity of T2-weighted images, without possibly overfitting the
logistic regression model. The number of patients was also
insufficient to stratify results by the lesions’ location within
the prostate. On MRI we analysed the index lesion, defined
as the largest most likely cancerous area, while the Gleason
score determined by histopathology referred to the whole car-
cinoma. This might have been a source of bias in our results.
Further bias might have been introduced by imaging some
patients with and somewithout respiratory triggering (although
no qualitative difference in the acquired images was evident)
and by inaccuracies in the delineation of the index lesion.

In conclusion, the present study supports previous research
indicating that ADC values differ between high- and low-
grade prostate cancer. However, including information pro-
vided by IVIM and high b value parameters did not lead to
improved classification results. Given the large overlap in
diffusion coefficients between high- and low-grade prostate
cancers, the noninvasive diagnosis of individual patients by
DW-MRI in clinical routine does not appear to be feasible yet.
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