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Purpose: To determine the effect of computer-aided diagnosis (CAD) 
on less-experienced and experienced observer performance 
in differentiation of benign from malignant prostate lesions 
at 3-T multiparametric magnetic resonance (MR) imaging.

Materials and 
Methods:

The institutional review board waived the need for in-
formed consent. Retrospectively, 34 patients were included 
who had prostate cancer and had undergone multiparamet-
ric MR imaging, including T2-weighted, diffusion-weighted, 
and dynamic contrast material–enhanced MR imaging prior 
to radical prostatectomy. Six radiologists less experienced 
in prostate imaging and four radiologists experienced in 
prostate imaging were asked to characterize different 
regions suspicious for cancer as benign or malignant on 
multiparametric MR images first without and subsequently 
with CAD software. The effect of CAD was analyzed by 
using a multiple-reader, multicase, receiver operating char-
acteristic analysis and a linear mixed-model analysis.

Results: In 34 patients, 206 preannotated regions, including 67 ma-
lignant and 64 benign regions in the peripheral zone (PZ) 
and 19 malignant and 56 benign regions in the transition 
zone (TZ), were evaluated. Stand-alone CAD had an over-
all area under the receiver operating characteristic curve 
(AUC) of 0.90. For PZ and TZ lesions, the AUCs were 0.92 
and 0.87, respectively. Without CAD, less-experienced 
observers had an overall AUC of 0.81, which significantly 
increased to 0.91 (P = .001) with CAD. For experienced ob-
servers, the AUC without CAD was 0.88, which increased 
to 0.91 (P = .17) with CAD. For PZ lesions, less-experi-
enced observers increased their AUC from 0.86 to 0.95 
(P , .001) with CAD. Experienced observers showed an 
increase from 0.91 to 0.93 (P = .13). For TZ lesions, less-
experienced observers significantly increased their perfor-
mance from 0.72 to 0.79 (P = .01) with CAD and experi-
enced observers increased their performance from 0.81 to 
0.82 (P = .42).

Conclusion: Addition of CAD significantly improved the performance 
of less-experienced observers in distinguishing benign 
from malignant lesions; when less-experienced observers 
used CAD, they reached similar performance as experi-
enced observers. The stand-alone performance of CAD 
was similar to performance of experienced observers.
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performance in differentiating benign 
from malignant prostate lesions on 3-T 
multiparametric MR images.

Materials and Methods

Study Population
The institutional review board approved 
this retrospective study, with waiver 
of informed consent. Between January 
2008 and January 2009, 50 consecu-
tive patients with biopsy-proved pros-
tate cancer who were scheduled for 
radical prostatectomy were referred 
from the Department of Urology at the 
Radboud University Nijmegen Medical 
Centre, Nijmegen, the Netherlands. All 
patients underwent clinically routine 
multiparametic MR imaging for tumor 
localization and staging prior to radical 
prostatectomy. Inclusion criteria for the 
study were as follows: (a) The patient 
underwent MR imaging at 3 T by using 
an endorectal coil combined with pel-
vic phased-array coils; (b) the patient 
underwent MR imaging that included 
T2-weighted imaging in three planes, 

have shown promising results in gen-
erating more robust and accurate es-
timations of the arterial input function 
(7,8). Diffusion-weighted imaging, 
which measures the restriction of free 
proton movement, has been used in-
creasingly in prostate MR imaging, not 
only for detection and localization but 
also to assess the degree of aggressive-
ness of the lesion (9,10). The apparent 
diffusion coefficient (ADC) values cal-
culated from the diffusion-weighted im-
ages allow a more objective quantitative 
assessment of the tissue microenviron-
ment. However, despite the quantita-
tive nature of pharmacokinetic dynamic 
contrast-enhanced MR imaging and 
ADC values, prostate cancer analysis 
on multiparametric MR images is still 
challenging, as it requires a high level 
of expertise and is affected by observer 
variability (11).

Computer-assisted diagnosis (CAD) 
techniques for the radiologic assessment 
of various malignancies, such as for 
breast cancer (12), lung cancer (13,14), 
and colorectal cancer (15), have been 
developed. CAD appears to be partic-
ularly helpful to less-experienced ra-
diologists in improving their ability to 
detect tumors (16,17). Studies that in-
corporated various features of MR im-
aging did show the feasibility of CAD 
to aid discrimination of benign from 
malignant lesions in the prostate, with 
reported high accuracies (7,18,19). 
However, to our knowledge there has 
been no evaluation of a CAD system in 
a reader study with experienced and 
less-experienced radiologists to deter-
mine the effect of CAD on observer 
performance for distinguishing benign 
from malignant prostate lesions.

The purpose of this study was to 
determine the effect of CAD on less-
experienced and experienced observer 

Despite high-spatial-resolution im-
aging, the signal intensity on an-
atomic T2-weighted magnetic 

resonance (MR) images shows overlap 
between prostate cancer, postbiopsy 
hematoma, benign prostatic hypertro-
phy, fibrosis, and prostatitis. Therefore, 
functional imaging modalities such as dy-
namic contrast material–enhanced MR 
imaging, diffusion-weighted MR imaging, 
and spectroscopic MR imaging have been 
used. Multiparametric MR imaging at 
both 1.5 T and 3 T has proved to be valu-
able in detection, localization, and char-
acterization of prostate cancer (1–4).

High-temporal-resolution dynamic 
contrast-enhanced MR imaging allows 
both qualitative and quantitative esti-
mations of perfusion, capillary surface 
area, and extravascular extracellular 
space. All these parameters are mod-
ified by angiogenesis. Different tech-
niques for compartment modeling, 
to determine arterial input function 
and gadolinium concentration, have 
been studied to improve the objectivity 
and reproducibility of measurement of 
quantitative pharmacokinetic parame-
ters (5,6). Reference tissue techniques 

Implication for Patient Care

 n CAD methods that aid radiolo-
gists, especially those less experi-
enced in prostate MR imaging, 
may expedite utilization of multi-
parametric MR imaging for accu-
rate localization of prostate 
cancer.

Advances in Knowledge

 n The stand-alone performance 
(area under the receiver oper-
ating characteristic curve [AUC], 
0.90) of a computer-assisted 
diagnosis (CAD) method by using 
quantitative features obtained 
from 3-T diffusion-weighted and 
dynamic contrast material–
enhanced MR imaging for pros-
tate lesion characterization is 
similar to performance of radiol-
ogists experienced in prostate 
imaging (AUC, 0.88).

 n The addition of CAD significantly 
improved lesion discrimination 
performance for less-experienced 
radiologists for both the periph-
eral zone (P , .001) and the 
transition zone (P = .01).

 n After CAD, less-experienced ra-
diologists (AUC, 0.91) reached 
performance similar to that of 
experienced radiologists (AUC, 
0.93).
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with the use of an endorectal coil 
(Medrad, Pittsburgh, Pa) and a pelvic 
phased-array coil with the MR unit 
(Siemens Medical Systems). The en-
dorectal coil was filled with a 40-mL 
perfluorocarbon preparation (Fomblin; 
Solvay-Solexis, Milan, Italy). Peristal-
sis was suppressed with intramuscular 
administration of 20 mg of butylsco-
polamine (Buscopan; Boehringer-Ingel-
heim, Ingelheim, Germany) and 1 mg of 
glucagon (Glucagen; Nordisk, Gentofte, 
Denmark). The imaging sequence pa-
rameters are shown in Table 1. Gado-
pentetate dimeglumine (Dotarem; 
Guerbet, Paris, France), of which 15 
mL was administered with a power in-
jector (Spectris; Medrad) at 2.5 mL/sec 
and followed by a 30-mL saline flush, 
was used as contrast agent.

Pharmacokinetic MR Imaging
Pharmacokinetic maps were gener-
ated off-line by an in-house–developed 
system in three steps. First, kinetic 
dynamic contrast-enhanced imaging 
parameters were estimated by fitting 
each MR signal intensity enhance-
ment–time curve to a general ex-
ponential signal intensity enhance-
ment model, as described previously 
(20). Second, the signal intensity  
enhancement–time curves were con-
verted to tracer concentration–time 
curves, where concentration was in mil-
limoles per milliliter, by applying the 
approach of Hittmair et al (5). Third, in-
terpatient plasma profile variability was 
removed by using the reference tissue 
method presented by Kovar et al (8). 

or the examination did not include dy-
namic contrast-enhanced MR imaging 
(n = 2).

Finally, 34 patients were included, 
with a mean age of 64 years (range, 
53–74 years). These patients had a 
mean prostate-specific antigen level of 
7.5 ng/mL (7.5 mg/L), with a range of 
3.4–21.8 ng/mL (3.4–21.8 mg/L) (Fig 1).

MR Imaging
MR imaging was performed by using a 
3-T MR imaging unit (Trio Tim; Siemens 
Medical Systems, Erlangen, Germany),  

diffusion-weighted imaging, and dynamic 
contrast-enhanced MR imaging; and (c) 
the patient underwent prostatectomy 
performed in our institution, and tissue 
specimens were analyzed by one expert 
prostate pathologist (C.A.H., with 19 
years of experience in prostate pathol-
ogy). Exclusion criteria were as follows: 
The patient had undergone previous 
hormonal or radiation therapy (n = 0), 
images contained substantial imaging 
artifacts related to patient movement (n 
= 4), the imaging study was performed 
without the endorectal coil (n = 10), 

Figure 1

Figure 1: Flowchart of patient inclusion, with peripheral zone (PZ) and 
transition zone (TZ) lesions and tumors. DCE = dynamic contrast-enhanced MR 
imaging, DWI = diffusion-weighted imaging, T2-w = T2-weighted imaging.

Table 1

MR Imaging Sequence Parameters

Sequence Sequence Type No. of Sections In-plane Resolution (mm) TR/ TE (msec) No. of Signals Acquired Parallel Imaging Factor b Value (sec/mm2)

T2W axial Turbo SE 15–19 0.4 3 0.4 4260/99 2 . . . . . .
T2W coronal Turbo SE 15–19 0.5 3 0.5 3590/98 2 . . . . . .
T2W sagittal Turbo SE 15–19 0.5 3 0.5 4290/105 2 . . . . . .
DW imaging SE echo-planar  

 imaging
15–19 1.5 3 1.5 2800/81 10 3 0, 50, 500, 800

T1W dynamic CE GRE FLASH 16 1.5 3 1.5 34/1.4 1 2 . . .

Note.—Section thickness was 3 mm for all sequences. CE = contrast-enhanced imaging, DW = diffusion-weighted imaging, FLASH = fast low-angle shot imaging, GRE = gradient-echo imaging, SE 
= spin-echo imaging, TE = echo time, TR = repetition time, T1W = T1-weighted imaging, T2W = T2-weighted imaging.
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for all patients, to correct for patient-
related movement. In 34 patients, 120 
benign and 86 malignant lesions were 
annotated and evaluated. Of the 120 
benign lesions, 64 were in the PZ and 
56 were in the TZ. Of the 86 malig-
nant lesions, 67 were in the PZ and 19 
were in the TZ. The median number of 
ROIs per patient was five, with a range 
of two to eight (mean size, 4.1 cm3; 
range, 0.7–18 cm3).

CAD System
An in-house–developed CAD system 
was used to assist the radiologists in 
the diagnosis of prostate lesions. An ex-
tensive description of the system can be 
found in previous publications (22,24). 
Briefly, the CAD system can depict mul-
tiparametric MR imaging and derived 
maps simultaneously in multiple linked 
views either as background or as trans-
parent color-coded overlays (Fig 2).  
The CAD system characterizes an ROI 
by extracting a relevant feature set 
from the available quantitative dynamic 
contrast-enhanced and ADC maps. The 
extracted set of features is presented to 
a trained classifier that calculates the 
likelihood of malignancy. Thereafter, 
the calculated likelihood is presented 
to the radiologist to assist in the radi-
ologist’s diagnosis, as shown in Figure 3.  
For this observer study, two linear 
discriminant analysis classifiers were 
trained separately for the PZ and TZ. 
For the two classifiers, the selection of 
features was carried out with Sequen-
tial Forward Floating Selection (25) to 
establish the most discriminant fea-
tures. The Sequential Forward Floating 
Selection procedure uses leave-one-
patient-out training and testing, with 
the area under the receiver operating 
characteristic curve (AUC) as the cri-
terion to be optimized. For the PZ, the 
25th percentile of ADC values, 75th 
percentiles of Ktrans and Ve, and 25th 
percentile of washout were selected. 
For the TZ, the 25th percentile of ADC 
values and 25th percentile of washout 
were selected. The bootstrap resam-
pling approach with 1000 iterations was 
used for estimating the bootstrap mean 
AUC, as well as the 95% confidence in-
tervals (CIs) (26).

and subsequently mapped on the mac-
roscopic photographs to allow depiction 
of tumor extent and multifocality. From 
prostatectomy, the calculated median 
tumor volume was 2.34 cm3 (range, 
0.5–32 cm3), with a median Gleason 
score of 7 (range, score of 5–9), in the 
PZ, while the median tumor volume in 
the TZ was 2.5 cm3 (range, 0.5–12.48 
cm3), with a median Gleason score of 
6 (range, score of 5–7). Fifty-six per-
cent (n = 19) of patients had stage 
pT2 and 44% (n = 15) of them had 
stage pT3 lesions.

Standard of Reference
Histopathologic tumor maps were used 
as ground truth for cancerous regions. 
Annotations of MR images were per-
formed in consensus by two radiol-
ogists (T.H. and P.C.V., each with 6 
years of experience in prostate MR 
imaging). The morphologic character-
istics of the central gland, PZ, cysts, 
calcifications, and urethra were used 
as landmarks to find the correspond-
ing MR imaging sections. Translation 
techniques, as described previously 
(23), were used. The anatomy of the 
prostate is best depicted on the axial 
T2-weighted images. These were com-
pared with the histopathologic slices. 
First, on the basis of histopathologic 
analysis, all tumor regions were identi-
fied and a region of interest (ROI) was 
placed in the PZ and the TZ, corre-
sponding to tumor extent at histopath-
ologic analysis. Only tumors greater 
than 0.5 cm3 were annotated. On the 
basis of imaging findings only, addi-
tional benign regions were annotated 
when (a) focal signal intensity was low 
on T2-weighted images, (b) relative 
focal signal intensity was low on ADC 
maps, or (c) suspicious irregular focal 
enhancing areas were evident but the 
underlying histopathologic findings re-
vealed no cancer, or a combination of 
any of these three conditions. There-
fore, all cancerous areas and areas 
minimally to strongly suspicious for 
malignancy on the basis of current 
known features on multiparametric 
images were annotated. To allow spa-
tial matching of the different imaging 
sets, a manual registration was applied 

The reference tissue method assumes 
that a tissue area within the patient is 
available with a known tissue model 
that is based on literature values. For 
this experiment, the reference tissue 
was manually determined in consensus 
by two radiologists (T.H. and P.C.V., 
both with 6 years of experience in pros-
tate MR imaging) by placing a region of 
interest (ROI) of 5 3 5 mm in a normal-
appearing PZ region, which was visually 
characterized by a high signal intensity 
on T2-weighted images and ADC maps, 
as well as homogeneous enhancement 
after contrast medium administration.  
Estimation of pharmacokinetic param-
eters was thereafter performed, con-
forming to the theoretical derivations 
(21). An extensive description of the 
method can be found in Vos et al 
(22). The pharmacokinetic parame-
ters estimated are an estimate of the 
extravascular extracellular volume (Ve) 
expressed as a percentage, the rate 
constant between the extracellular ex-
travascular space and the plasma space 
(Kep) in 1iters per minute, the volume 
transfer constant (Ktrans) in 1iters 
per minute (Ktrans = Ve × Kep), and 
washout (semiquantitative), the slope  
of the curve following peak enhancement 
in 1iters per minute.

Histopathologic Evaluation of Prostate 
Specimens
Following radical prostatectomy, prostate 
specimens were uniformly processed 
and entirely submitted for histopath-
ologic investigation. Immediately after 
surgical resection, specimens were fixed 
in 10% neutral-buffered formalin, by 
using fine-needle formalin injections and 
fixation overnight. Subsequently, the 
entire surface was marked with ink by 
using three different colors, after which 
the entire prostate specimen was cut 
into serial transverse 4-mm-thick slices, 
perpendicular to the dorsal-rectal sur-
face in the same plane as the axial MR 
images were acquired. All slices were 
macroscopically photographed with 
a digital camera. After histopathologic 
staining, all specimens were evaluated 
by one urological pathologist (C.A.H., 
with 17 years of experience). Tumors 
were outlined on the microscopic slides 
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washout (21 to 210 per second), and 
Ve (20%–70%). Figure 2 provides an 
example of these details.

For every ROI shown, the observer 
was instructed to first provide an es-
timate of the likelihood of malignancy 
on a scale of 0%–100%. An interactive 
tool was displayed on top of the CAD 
system to guide the observer through 
the successive ROIs of each patient. 
The tool recorded a likelihood of ma-
lignancy without CAD entered by the 
observer for a given ROI. Hereafter, 
the ROI CAD likelihood was displayed 
to the observer in combination with a 
distribution of the predicted likelihood 
that was obtained during training of 
the classifier in relation to the refer-
ence standard (Fig 3). Subsequently, 
the observer entered an additional 

CAD system was designed to include 
an experimental environment where 
predefined ROIs were automatically 
displayed for characterization by the 
observers. For each ROI to be eval-
uated, the axial, coronal, and sagittal 
T2-weighted images, the ADC map, 
the nonenhanced T1-weighted images, 
and, as color-coded transparent over-
lays, the dynamic contrast-enhanced pa-
rameters Ktrans, washout, and Ve were 
shown. An automated hanging protocol 
ensured that all images and maps in 
each patient were synchronized to dis-
play each ROI. Lookup tables provided 
encoding of scalar values. Window and 
level settings were automatically set and 
fixed to a predefined intensity range: 
ADC (0.5–1.5 3 1023 mm2/sec) and 
pharmacokinetic, with Ktrans (1–3/sec), 

Observer Study
With patient identity removed, studies 
of all patients and the resultant ROIs 
were shown in identical order to 10 ob-
servers. The observers varied in their 
level of experience: Six observers were 
less experienced (including two radiol-
ogists in training with 1–1.5 years of 
experience and four PhD students with 
3 months to 2.5 years of experience in 
subjects relating to MR imaging of the 
prostate) in multiparametric MR imag-
ing of the prostate (,50 prostate MR 
imaging studies evaluated), and four 
observers were experienced (.100 
prostate MR imaging studies evaluated) 
in multiparametric MR imaging of the 
prostate. Observers were informed that 
all patients had biopsy-proved prostate 
cancer, followed by prostatectomy. The 

Figure 2

Figure 2: Example case in a 60-year-old man. Top: MR CAD observer hanging protocol. A, T2-weighted axial image. B, T2-weighted coronal 
image. C, T2-weighted sagittal image. D, ADC map. Bottom: T1-weighted axial images with pharmacokinetic maps as transparent color over-
lays. E, Ktrans. F, V

e
. G, Washout. H, Native T1-weighted image prior to contrast medium administration. On B, window (blue) shows the scoring 

interactive screen tool that the observer uses to enter a malignancy likelihood for the provided ROI, as seen in Figure 3.
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for the PZ and TZ, the overall AUC was 
0.92 (95% CI: 0.88, 0.96) and 0.87 
(95% CI: 0.78, 0.96), respectively.

Observer Performance without CAD
Less-experienced observers had an 
overall AUC without CAD of 0.81 (95% 
CI: 0.76, 0.85); for the PZ, the AUC 
was 0.86 (95% CI: 0.83, 0.88), and for 
the TZ, the AUC was 0.72 (95% CI: 
0.66, 0.77). Experienced observers had 
an overall AUC of 0.88 (95% CI: 0.85, 
0.93), and for the PZ and TZ, the AUC 
was 0.91 (95% CI: 0.89, 0.93) and 0.81 
(95% CI: 0.69, 0.94), respectively.

Observer Performance with CAD
When the observers were allowed to 
change their ratings depending on CAD 

for the whole prostate, as well as for 
the PZ and TZ separately, were es-
tablished before and after CAD. As 
multiple-reader multiple-case analysis 
cannot provide significant differences 
in repeated observational studies, ad-
ditional linear mixed-model analysis 
with other software (SPSS version 17; 
SPSS, Chicago, Ill) was performed to 
determine the significant differences. A 
difference with a P value of less than 
.05 was considered to indicate a signifi-
cant difference.

Results

CAD Stand-Alone Performance
For stand-alone CAD, the overall AUC 
was 0.90 (95% CI: 0.83, 0.96), while 

likelihood of malignancy with CAD 
before the next ROI was shown. Ob-
servers were provided with the stand-
alone performance of the CAD system 
as the AUC in the PZ and TZ, respec-
tively. Prior to the study, all observers 
were trained and familiarized with the 
CAD system, through evaluation of 
four cancer patients with a total of 25 
different ROIs in the PZ and TZ with 
and without CAD.

Statistical Analysis
A multiple-reader multiple-case receiver 
operating characteristic analysis (DBM 
MRMC 2.2; Kurt Rossmann Labora-
tories, Chicago, Ill) was performed. 
For less-experienced observers and ex-
perienced observers, the average AUC 

Figure 3

Figure 3: Histogram density plot derived with interactive screen tool used for scoring, as seen in Figure 2. The ob-
server is asked to provide a likelihood of malignancy for the provided region, after which the observer presses the Score 
button. After the observer provides the likelihood of malignancy without CAD, the CAD system calculates a malignancy 
score, which is presented as a dashed vertical black line in the density plot. The green area in the density plot summarizes 
the smoothed distribution of all values for calculated likelihood for all benign regions from the database used for training 
the classifier. Likewise, the blue and red areas correspond with the normal and malignant regions, respectively. Hereaf-
ter, the observer can enter a likelihood of malignancy with CAD (PostCAD) while taking the CAD prediction into account. 
Counts refers to the number of ROIs with that value.
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cornerstone of prostate evaluation, as 
anatomy is exquisitely well depicted, 
although low-grade tumors might not 

importance as a tumor aggressiveness 
biomarker, especially at 3 T. T2-weighted 
imaging can still be regarded as the 

predictions, the overall average AUC for 
less-experienced observers improved sig-
nificantly to 0.91 (95% CI: 0.90, 0.93; P 
= .001), and the AUC for experienced ob-
servers improved to 0.91 (95% CI: 0.86, 
0.97; P = .17). For less-experienced ob-
servers, this improvement was more evi-
dent for the PZ, where the average AUC 
increased to 0.95 (95% CI: 0.94, 0.95; P 
, .001), compared with the TZ, where 
the average AUC improved to 0.79 (95% 
CI: 0.76, 0.83; P = .01). For experienced 
observers, no significant improvement 
in overall PZ lesion characterization, 
with an AUC with CAD of 0.93 (95% 
CI: 0.90, 0.97; P = .13), or TZ lesion  
characterization, with an AUC with CAD 
of 0.82 (95% CI: 0.68, 1.00; P = .42), 
was revealed. A summary of the perfor-
mance with and without CAD is shown 
in Tables 2 and E1 (online), as well as 
Figure 4.

Discussion

In our study, we demonstrated the ef-
fectiveness of CAD in aiding radiolo-
gists in the characterization of prostate 
lesions as benign or malignant by using 
information obtained from quantita-
tive pharmacokinetic dynamic contrast-
enhanced parameters and ADC values. 
The performance in discriminating le-
sions in the PZ and TZ significantly im-
proved for less-experienced observers 
when they were assisted by CAD. Fur-
thermore, when CAD was used, the 
performance of the less-experienced 
observers was comparable to that of 
the experienced observers. CAD, how-
ever, did not significantly improve the 
performance of experienced observers. 
Furthermore, it was evident that the 
interobserver variability for less-expe-
rienced observers was large (95% CI: 
0.76, 0.85) and that CAD not only im-
proved the overall performance to the 
level of experienced observers but also 
appears to have decreased interob-
server variability (95% CI: 0.90, 0.93).

Multiparametric MR imaging is the 
most accurate imaging technique avail-
able to detect, localize, and stage pros-
tate cancer (1,4,27–29). The additional 
value of information obtained from dif-
fusion-weighted imaging is also gaining 

Table 2

Mean Performance with and without CAD for Less-experienced and Experienced 
Readers

Reader and Zone AUC without CAD AUC with CAD P Value

Less-experienced observers
 Overall 0.81 (0.76, 0.85) 0.91 (0.90,0.93) .001*
 PZ 0.86 (0.83, 0.88) 0.95 (0.94, 0.95) ,.001*
 TZ 0.72 (0.66, 0.77) 0.79 (0.76, 0.83) .01*
Experienced observers
 Overall 0.88 (0.85, 0.93) 0.91 (0.86, 0.97) .17
 PZ 0.91 (0.89, 0.93) 0.93 (0.90, 0.97 .13
 TZ 0.81 (0.69, 0.94) 0.82 (0.68, 1.00) .42

Note.—Numbers in parentheses are 95% CIs.

* Denotes a significant difference.

Figure 4

Figure 4: Average receiver operating characteristic curves for, A, B, less-experienced and, C, D, experienced 
readers. Curves obtained without CAD (Pre CAD) and with CAD (Post CAD) for, A, C, PZ and, B, D, TZ, as well as AUCs, 
are provided. Dotted red line = curve without CAD, and black line = curve with CAD.
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result. Third, as an integral part of dy-
namic contrast-enhanced MR imaging 
quantification, the reference tissue cali-
bration method requires an annotation of 
normal PZ. For this study, this annotation  
was performed manually prior to the 
experiment. Ideally, such annotation 
should be performed automatically 
without requiring any user interaction. 
Previous studies have shown that, de-
spite the fact that automatic calibra-
tion performs better compared with a 
general estimate, manual calibration is 
still superior at this stage (7). Fourth, 
all regions scored by the observer were 
annotated and predefined beforehand.  
Our CAD system was developed as a tool 
to aid in the differentiation of regions sus-
picious for tumor and not for detection of 
prostate cancer. Furthermore, preannota-
tion of lesions was performed to reduce 
observer variability caused by self anno-
tation. Investigators in subsequent stud-
ies should first identify the improvement 
when readers identify regions that are 
potentially suspicious for cancer them-
selves and then obtain the CAD support 
for that region. If this proves to be useful 
as well, CAD systems may further be de-
veloped for tumor detection and, thereby, 
for producing tumor probability maps as 
output. This, however, requires further 
prostate segmentation algorithms, which 
are part of ongoing developments. Exact 
geometrical alignment of histopathologic 
findings and MR imaging is considered 
very difficult, but a number of strategies 
have been implemented, including the use 
of percentiles (25th and 75th) to capture 
hot-spot features within ROIs. Our study 
was performed in a cohort of patients 
with proved prostate cancer. Therefore, 
the conclusions cannot be translated into 
a screening or cancer detection cohort 
where the prevalence and compositions 
of various prostate cancers is different. 
A final limitation relates to the fact that 
hydrogen spectroscopic MR imaging was 
not included in our CAD system because 
of the known relative poor overall per-
formance of spectroscopy, but future 
systems should ideally be developed using 
these additional features as well.

In conclusion, we have shown that 
the addition of CAD at 3-T multipara-
metric MR imaging significantly improves 

Histopathologically, the normal 
PZ consists of more glandular compo-
nents than the TZ, which because of 
common benign prostatic hyperplasia 
formation has a larger stromal compo-
nent including compact muscle fibers. 
On MR images, this results in a lower 
T2-weighted signal intensity and ADC 
values compared with the normal PZ, 
where higher values are seen. In addi-
tion, the higher vascularity of benign 
prostatic hyperplasia nodules results 
in enhancement patterns on dynamic 
contrast-enhanced images that are sim-
ilar to those of cancer (34). The differ-
ences in MR appearances of TZ cancers 
compared with PZ cancers have been 
reported before (35,36). TZ tumors 
are known to have different genetic 
mutations, biologic behavior, and over-
all prognosis (being more favorable) 
compared with PZ tumors (37,38). TZ 
tumors are also often larger in volume 
and are associated with higher pros-
tate-specific antigen values, yet these 
tumors are often of lower grade and 
are more likely to be confined to the 
prostate. For this reason, the CAD 
system we used consists of two sepa-
rate classifiers for characterization of 
the PZ and TZ lesions. The results of 
our study confirm that the TZ is indeed 
a more challenging location to evaluate 
than the PZ, because lower stand-alone 
CAD performance (AUC of 0.87 vs 0.91 
in the PZ) and lower overall observer 
performance (AUC of 0.72–0.81) were 
observed, compared with the overall 
performance for evaluation of the PZ 
(AUC of 0.86–0.91).

Our study had a number of limita-
tions. First, we used multiple ROI obser-
vations per patient, which may have ham-
pered a straightforward interpretation of 
the results. A linear mixed-model analysis 
that incorporates findings from multiple 
observations in the same patient was used 
to determine significant differences. Sec-
ond, the number of TZ tumors was fairly 
low compared with that of PZ tumors. 
This is consistent with the known overall 
lower prevalence (30%) of these tumors 
identified clinically (39). Therefore, the 
overall performance of both the CAD 
system, as well as that of the readers, 
may rather constitute a PZ-dominated 

be depicted and, therefore, detected as 
easily as high-grade tumors (30). The 
overall accuracy of T2-weighted imag-
ing has therefore been rather low, with 
AUCs ranging between 0.68 and 0.81 
(31,32). Dynamic contrast-enhanced MR 
imaging suffers from a similar lack of 
specificity, as prostatitis, high-grade 
prostatic intraepithelian neoplasia, and 
normal benign prostatic hyperplasia can 
also show increased vascularization 
and perfusion. For diffusion-weighted 
imaging, benign prostatic hyperplasia 
and fibrosis also reveal increased pro-
ton movement restriction. Therefore, 
a multiparametric approach combin-
ing all three imaging modalities has 
been shown to be most optimal (4,33). 
Researchers in these studies (4,33) 
showed that information obtained from 
the combination of the different imag-
ing techniques provides a better per-
formance for discrimination than each 
technique individually.

The current standard paradigm for 
the use of CAD systems is to use CAD as 
a second reader. After the radiologist has 
evaluated the multiple imaging sets, CAD 
indicates the likelihood that a given sus-
picious region is malignant, thus aiding in 
differentiation. The CAD system we used 
has a performance with an AUC for TZ 
of 0.87 and with an AUC for PZ of 0.92 
in discriminating benign from malignant 
lesions, similar to that of an experienced 
radiologist, with an AUC for TZ of 0.81 
and an AUC for PZ of 0.91. In routine 
clinical practice, many radiologists tend 
to evaluate MR images without quanti-
tative analysis. For example, on dynamic 
contrast-enhanced MR images, enhance-
ment patterns that indicate the presence 
of tumor are compared with the relative 
enhancement of the normal surrounding 
prostate tissue. In addition, ADC maps 
are visually evaluated by looking at a fo-
cal area of relative restriction that may 
be indicative of tumor although absolute 
values are also often used. The lack of 
consensus on standardized cutoff values 
both for dynamic contrast-enhanced and 
ADC limits widespread utilization and 
uniformity of results. The evaluation of 
multiparametric MR imaging requires a 
high level of experience and induces ob-
server variability (11).
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ing 1998;8(5):1126–1134. 
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weighted endorectal MR imaging at 3 T for 
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sessment of aggressiveness. Radiology 2011; 
259(3):775–784. 
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sessment of aggressiveness of prostate 
cancer: correlation of apparent diffusion 
coefficient with histologic grade after rad-
ical prostatectomy. AJR Am J Roentgenol 
2011;196(2):374–381. 

 11. Lim HK, Kim JK, Kim KA, Cho KS. Pros-
tate cancer: apparent diffusion coefficient 
map with T2-weighted images for detec-
tion—a multireader study. Radiology 2009; 
250(1):145–151. 
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al. Computer-aided detection versus inde-
pendent double reading of masses on mam-
mograms. Radiology 2003;227(1):192–200. 

 13. Ge Z, Sahiner B, Chan HP, et al. Computer-
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method and 3D ellipsoid fitting. Med Phys 
2005;32(8):2443–2454. 

 14. de Hoop B, De Boo DW, Gietema HA, et al. 
Computer-aided detection of lung cancer on 
chest radiographs: effect on observer per-
formance. Radiology 2010;257(2):532–540. 

 15. Graser A, Kolligs FT, Mang T, et al. Com-
puter-aided detection in CT colonography: 
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system. Eur Radiol 2007;17(10):2608–2615. 
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the discrimination performance for less-
experienced observers for both the PZ 
and TZ. Furthermore, less-experienced 
observers assisted by CAD reached 
similar performance compared with ex-
perienced observers. Therefore, CAD 
appears to be a promising method for 
implementation into the routine clinical 
environment for the characterization of 
lesions suspicious for cancer at MR im-
aging assessment of prostate cancer.
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