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Abstract
Objective: An artificial neural network analysis (ANNA) was developed to predict the biochemical recurrence more
effectively than regression models based on the combined use of pelvic coil magnetic resonance imaging (pMRI),
prostate specific antigen (PSA) and biopsy Gleason score in patients with clinically organ-confined prostate cancer
after radical prostatectomy (RP).
Methods: Two-hundred-and-ten patients undergoing retropubic RP with pelvic lymphadenectomy were evaluated.
Predictive study variables included clinical TNM classification, preoperative serum PSA, biopsy Gleason score,
transrectal ultrasound (TRUS) findings, and pMRI findings. The predicted result was a biochemical failure (PSA
�0.1 ng/ml). Using a five-way cross-validation method, the predicted ability of ANNA for a validation set of 200
randomly selected patients was compared with those of Cox regression analysis and ‘‘Kattan nomogram’’ by area
under the receiver operating characteristic curve (AUC) analysis.
Results: Seventy-three patients (35%) failed at median follow-up of 61 (mean: 60, range: 2–94) months. Using
similar input variables, the AUC of ANNA (0.765, 95% Confidence Interval [CI]: 0.704–0.825) was comparable
(p > 0.05) to those for Cox regression (0.738, 95%CI: 0.691–0.819) and Kattan nomogram (0.728, 95%CI: 0.644–
0.819). Contrarily, adding the pMRI findings, the ANNA is significantly (p < 0.05) superior to any other predictive
model (0.897, 95%CI: 0.841–0.977). The Gleason score represented the most influential predictor (relative weight:
2.4) of PSA recurrence, followed by pMRI (2.2), and PSA (2.0).
Conclusion: ANNA is superior to regression models to predict accurately biochemical recurrence. The relative
importance of pMRI and the utility of ANNA to predict the PSA failure in patients referred for RP must be confirmed
in further trials.
# 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Several preoperative nomograms have been devel-
oped to predict prostate cancer (PCa) stage and risk of
disease progression after attempted curative therapy
.
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[1–5]. Unfortunately, only few studies have predicted
the probability of PSA recurrence within 5 years of
treatment with more than 70% accuracy [1], which
leaves room for improvement. The most popularized
nomograms using pretreatment PSA level, clinical
stage, and biopsy Gleason sum, the Kattan nomogram
[2], was also internationally validated [3]. The addition
of other clinical parameters has failed to significantly
improve the accuracy of predictive tools [4]. Especially
in patients with PSA �10 ng/ml, clinical stage and
pretreatment PSA, the primary predictive parameters in
these tools, may be inaccurate in prediction of PSA
outcome and reflect primarily the presence of benign
prostatic hyperplasia [6,7]. Therefore, there is an
imminent need for simplified predictive tools that
include novel preoperative variables that can extend
the clinical performance of the available nomograms
[1].

The objective of this study was to evaluate whether a
preoperative staging based on the results of pelvic
phase-array MRI (pMRI) can effectively contribute
to the prediction of PSA outcome in patients with
localized PCa after radical prostatectomy (RP). A
artificial neural network analysis (ANNA) was
designed to assess if the pMRI findings in a combined
staging approach with preoperative PSA and biopsy
Gleason score, excluded clinical stage, can improve the
predictive ability of conventional predictive models.
2. Material andmethods

Between January 1995 and February 1999, 229 consecutive

patients who underwent retropubic RP with staging pelvic lym-

phadenectomy for clinically localized PCa underwent preopera-

tively a pMRI. Patients received postoperatively immediate

adjuvant hormone or radiation therapy before a documented

decease recurrence (n = 17, 7%) and patients who were lost from

follow-up (n = 2, 1%) were excluded from the study. Thus, 210

patients were eligible for clinical evaluation. No patient received

any neo-adjuvant therapy.

Preoperatively, all patients underwent serum PSA examination

(Abbott Laboratories, Abbott Park, IL, USA) and transrectal

ultrasound (TRUS) guided systematic sextant needle biopsy using

the automatic biopsy gun [8]. In cases of palpable nodularity (stage

cT2 or higher, n = 170, 81%) or of TRUS abnormalities suspected

of PCa (stage TRUST3, n = 100) additional cores were directly

obtained from these areas [8]. Tumor grade was determined

according to the Gleason grading system. All biopsy and histolo-

gical specimens were reviewed by one pathologist using the 1997

TNM classification [9] blindly. The RP specimens were studied

using the modified Stanford protocol [10]. No distinction was made

between focal and established capsular penetration. The clinical

stage based solely on digital rectal examination (DRE) was

assigned by two urologists according to TNM classification [9].

The biopsy results were not incorporated in the clinical staging.
Anatomic retropubic RP was performed according to a standard

technique [11]. The Head of Department (E.B.) supervised all the

operations, thus assuring the uniformity.

Three urologists (V.P., U.W., E.B.) trained in TRUS conducted

the assessment using a 7.5 MHz transducer (Kretz, Germany). The

patient was examined in the lithotomy position. Imaging included

sagittal/transverse views of the prostate and periprostatic area from

the level of the apex to the seminal vesicles. The gland volume,

tumor location and diameter, echo structure of the lesion, extra-

capsular extension (ECE), seminal vesicle invasion (SVI); and

periprostatic fat involvement were assessed.

To minimize artifacts, pMRI was performed 21–56 (mean: 35,

median: 31) days after biopsy. The mean interval between pMRI

and RP was 3 (median: 3, range: 1–21) days. For all studies, a 1

Tesla magnet was used (Magnetom Impact, Siemens, Germany)

with a pelvic phased-array coil. The technical parameters were

standardized and reported elsewhere [12,13]. Two radiologists

performed all the prospective readings unaware of other each

findings. ECE was defined as an infiltration of the periprostatic

fat, irregular bulging associated with disruption of the capsule,

focal thickening, capsular retraction, and pericapsular spicula.

Generally, tumors >2 cm in contact with the prostate capsule

but not-penetrating it and at the apex any irregular bulging were

considered extraprostatic disease [12–18]. SVI was suspected on a

low signal intensity focus in normally bright tissue [12–18].

Patients were evaluated 4 weeks after surgery then at 3 months

for 2 years followed by an every-6-month follow-up visit thereafter.

At each visit, a DRE was performed and serum PSA level obtained.

Disease recurrence was established by the presence of any detect-

able PSA level (i.e. �0.1 ng/ml) after RP. The median follow-up

was 61 (mean: 60, range: 2–94) months.

A commercially available software (Statistica-Neural-Net-

worksTM-4.0, StatSoft, Hamburg, Germany) was used to create a

feed forward, back propagation error adjustment neural network

[23]. ANNA models were developed and validated using a five-way

cross-validation method using an algorithm that maintained equal

frequency of outcomes in all the sets. In relatively small patient

groups, the cross-validation method allows us to have the max-

imum patient number in validation groups for comparison with the

other predictive models [22]. The 210 available cases were split

randomly into five sets of 40 cases using an algorithm that main-

tained equal frequency of outcomes in both sets. The remaining 10

cases were set aside for use as a test data set to test the ANNA

during training to identify the early stopping point. The purpose of

the test set is to monitor the progress of ANNA model during

training. Each of the five sets of 40 cases was labeled as data set A,

B, C, D, or E. We used five ANNA for training: four of the five sets

as training data and the remaining set as a validation set. For

example, for the first ANNA model, using set A of 40 cases as

validation test data, sets B, C, D, and E were combined and used as

a training set of 160 cases. In the second ANNA, a model trained

with sets A, C, D, and E was used set B to be validated and so on.

The input variables were classified as either categorical or con-

tinuous depending on variable characteristics and software compat-

ibility. Early termination was employed to prevent ‘‘network-

overtraining’’. Wilk’s generalized likelihood ratio test was used

to determine the relative importance of each input variable [23].

In the first model, three input parameters, i.e. preoperative serum

PSA level, clinical TNM classification and biopsy Gleason score,

were used. In the second model, the pMRI findings were added. In

the third model, a simplified model using the previous parameters

without the clinical classification parameters was constructed. For
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Table 1
Distribution of patients’ age, clinical classification, biopsy Gleason score, preoperative serum PSA, and pMRI findings by pathological stage (non-organ-

confined disease; n = 102, 49%) and PSA failure (n = 73, 35%) in n = 210 men with preoperatively clinically localized prostate cancer

No. of subjects (%) Postoperative pathological findings and follow-up

No. with non-organ-confined

disease, n = 102 (%)

No. with PSA failure,

n = 73 (%)

Age

41–50 2 (1) 1 (50) 1 (50)

51–60 39 (19) 16 (41) 13 (33)

61–70 141 (67) 70 (50) 49 (35)

71–80 28 (13) 15 (54) 10 (36)

Clinical TNM classification

cT1a 2 (1) 0 0

cT1b 4 (2) 1 (25) 1 (25)

cT1c 34 (18) 8 (24) 13 (38)

cT2a 84 (40) 35 (42) 25 (30)

cT2b 71 (34) 47 (66) 25 (35)

cT3a 15 (7) 11 (73) 9 (60)

Biopsy Gleason score

2–4 19 (9) 3 (16) 1 (5)

5 53 (25) 14 (26) 9 (17)

6 81 (39) 42 (52) 28 (35)

7 33 (16) 20 (61) 17 (52)

8–10 24 (11) 23 (96) 18 (75)

Preoperative PSA level (ng/ml)

0–4.0 15 (8) 2 (13) 1 (7)

4.1–10 95 (45) 27 (28) 20 (21)

10.1–20 67 (32) 46 (69) 30 (45)

>20 32 (15) 27 (84) 22 (69)

Pathologic findings

Extracapsular extension 102 (49) – 62 (61)

Seminal vesicle invasion 40 (19) – 34 (85)

Positive surgical margins 50 (24) 41 (82) 43 (86)

Lymph node involvement 19 (9) 15 (71) 16 (84)

Pelvic MRI findings

Extracapsular extension 81 (39) 67 (83) 50 (62)

Seminal vesicle invasion 38 (18) 29 (76) 22 (58)

pMRIT2 129 (61) 32 (25) 23 (18)

pMRIT3a 43 (20) – 20 (47)

pMRIT3b 38 (18) – 30 (80)

TRUS findings

Extracapsular extension 100 (48) 45 (45) 28 (28)

Seminal vesicle invasion 37 (18) 20 (55) 19 (51)

TRUST2 110 (52) 57 (52) 20 (18)

TRUST3a 54 (26) – 26 (48)

TRUST3b 46 (22) – 27 (59)
construction of model 4, the TRUS findings were added to the

variables of model 1. The output variable was PSA failure.

Cox regression analysis was performed in the validation data (n

= 200) of ANNA to define the correlation between each variable

and PSA failure. Regression coefficients were used to devise

nomograms predicting PSA recurrence-free survival. Each coeffi-

cient-based nomogram was subsequently subjected to predictive

accuracy testing. Because the data were censored, the traditional

area under the receiving operating characteristic curve (AUC) is

problematic, and Harrell’s measure of concordance was used [24].

For the comparison of predictive ability, the AUC was used [25]
Comparisons of actuarial survival were made using the log-rank

test and actuarial freedom from PSA failure was calculated using

the Kaplan–Meier method. A p-value of <0.05 was considered

statistically significant.
3. Results

At RP, the median age was 66 (mean: 65.2 � 6.1,
range: 46–79) years; the median PSA value was
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Table 2
The area under receiver operating characteristic (ROC) curves (AUR) of

each analysis and comparison with area of ‘‘Kattan nomogram’’ in the

validation data set (n = 200)

Predictive model PSA failure

Area under

ROC curve

95% Confidence

Interval (CI)a

ANNA model 1 0.765 0.704–0.825

ANNA model 2 0.897 0.841–0.977

ANNA model 3 0.895 0.839–0.976

ANNA model 4 0.769 0.701–0.833

Cox model 1 0.738 0.691–0.819

Cox model 2 0.779 0.714–0.836

Cox model 3 0.777 0.710–0.829

Cox model 4 0.781 0.722–0.836

Kattan nomogram 0.728 0.644–0.819

Input parameters for: model 1: preoperative serum PSA level, clinical TNM

classification and biopsy Gleason score; model 2: the pMRI staging findings

were added to the variables; model 3: a simplified model was constructed

leaving out from previous parameters the clinical TNM classification; and

model 4: the TRUS staging findings were added to the variables of model 1.
a In case of overlapped 95%CI there is no statistically significant

difference between the compared models. That means that ANNA model

2 and ANNA model 3 are equally accurate in prediction of PSA failure.

Furthermore these two models are the most accurate prediction models,

since their 95%CI are the highest and are not overlapped with the 95%CI of

the other models.
11.8 ng/ml (mean: 12.3 � 6.8, range: 1.1–49). The
average Gleason score of the biopsies was 6.7 � 1.0
(range: 4–9, median: 6.5). The mean number of posi-
tive biopsies was 2.1 (range: 1–6). The distribution of
preoperative parameters in non-organ-confined cancer
patients and in those with PSA failure is shown in Table
1. There was no statistically significant difference in
patient age among patients with organ-confined and no
evidence of PSA failure and among those with extra-
Table 3
Internal validity of the simplified artificial neural network analysis (ANNA) and C

different cutoff points in the validation data set (n = 200)

Cutoff Level Performance parameter for ANNA/Cox regression

Sensitivity (%) Specificity (%) PPV (%)

0.1 3/1 98/78 40/3

0.3 37/20 90/70 67/26

0.5 91/74 88/64 81/53

0.7 96/80 57/46 54/44

0.9 100/84 27/15 42/35

PPV: positive predictive value, NPV: negative predictive value, AUC: Area under R

points (the cutoff levels) over the receiver operator curve (ROC). For example, accu

model with a 50% probability or more for prediction of PSA recurrence is 65%
prostatic cancer and PSA failure (p = 0.4 and p = 0.5,
respectively). However, as the Gleason score, the
clinical or pMRI stage, and the PSA increased, we
noted a statistically significant increase (p < 0.05) in
the percent of patients with non-organ-confined disease
and PSA failure.

Using similar input parameters (clinical stage, PSA
and Gleason score; Table 2), the AUC of ANNA model
1 for PSA-failure prediction (0.765, 95%CI: 0.704–
0.825) was larger than that of Cox model 1 (0.738,
95%CI: 0.691–0.819) and Kattan nomogram (0.728,
95%CI: 0.644–0.819) but it was not statistically sig-
nificant (p > 0.05). With addition of pMRI findings, the
AUC of ANNA model 2 becomes significantly (p <
0.05) larger (0.897, 95%CI: 0.841–0977). Removing
the clinical staging from the model 2, the AUC of
ANNA and Cox model 3 decreased only minimally to
0.895 and 0.777, respectively, showing that the clinical
staging did not contribute to an increase in predict-
ability. The ANNA model 2 showed significantly the
highest accuracy in comparison to any Cox model and
Kattan nomogram (p < 0.05). The addition of TRUS-
findings, as alternative to MRI findings, results in no
improvement in prediction of PSA failure (Table 2).
Table 3 shows the cutoff points for the parameters used
to generate ANNA and Cox model 3 (best simplified
model).

The Cox regression multivariate analysis indicated
that pretreatment PSA (p < 0.0001), biopsy Gleason
score (p = 0.006), pMRI stage (p = 0.002), and clinical
stage (p = 0.03) were all independent significant pre-
dictors of time to PSA failure. Using the three most
significant preoperative parameters (PSA, pMRI find-
ings, and biopsy Gleason score) the nomogram esti-
mated the 5-year PSA failure rates was constructed
ox regression model 3 to predict PSA failure after 5 years of follow-up for

NPV (%) Accuracy (%) McNemar test (p value)

for comparison with the

ANNA model by cutoff

level of 0.5

ANNA Cox

65/58 65/48 <0.001 <0.001

73/62 72/53 0.001 <0.001

95/82 90/68 – <0.001

96/81 71/58 0.004 <0.001

100/65 53/40 <0.001 <0.001

OC curve. The cutoff level is the level of predictive probability. There are the

racy of 65% for a cutoff level of 0.5 means that the accuracy of the predictive

.
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Fig. 1. Kaplan–Meier estimates of PSA failure-free survival probability for

210 patients after radical prostatectomy for clinically organ-confined

prostate cancer stratified by pMRI stage (T2 or T3).

Table 4
Relative weights of the predictive variable categories for predicting PSA

failure after 5 years of follow-up

Factor PSA failure

Biopsy Gleason score

8-9 2.3890

7 1.0645

4 �0.0096

Pelvic MRI findings

ECE 2.2401

SVI 2.0819

Preoperative PSA (ng/ml)

>20 1.9976

10.01–20 1.2012

4.01–10 �0.0095

TRUS findings

ECE 0.0016

SVI 0.0021

Clinical stage

cT3a 0.0038

cT2b 0.0012

cT2a 0.0010

Table 5
Performance of pMRI to identify extracapsular extension (ECE) and seminal vesic

disease recurrence [12] in all patients (n = 210)

Preoperative

risk group

No. of patients

(total/validation set)

Sensitivity (%) Specificity (%)

ECE SVI PSAf ECE SVI

Low risk 38/36 43 100 80 84 97

Intermediate risk 96/91 73 50 96 96 99

High risk 76/73 65 76 91 40 85

Overall 210/200 66 73 91 87 95

Prediction of PSA failure (PSAf) after 5 years of follow-up using a simplified ANNA

group (n = 200). Low risk: PSA 0–4 and biopsy Gleason score 2–6, or PSA 4–10 and

score 5–7, or PSA 0–4 and biopsy Gleason score 7, or PSA 10–20 and biopsy Gle

positive predictive value, NPV: negative predictive value.
from predicted probabilities and 95%CI for the final
model. A ROC curve for the predictive model was
generated after establishing various cutoff points.
Mean AUC was 0.738 � 0.056. Fig. 1 shows the
actuarial PSA failure-free survival stratified by pMRI
stage. The 5-year PSA failure-free survival rate was
82% vs. 38% (p < 0.0001) of patients with pMRIT2 vs.

pMRIT3 disease, respectively.
Table 4 shows the data with the most weight by the

ANNA when predicting the PSA recurrence. Gleason
score 8–9, pMRI findings, and PSA >20 ng/ml a
relative weight that was 2-fold greater than any other
input factor. Using Wilk’s likelihood ratio test, Gleason
score, PSA, and pMRI findings were the more sig-
nificant predictors of ANNA model. Removal of the
clinical stage resulted in a simplified model with an
equally strong accuracy compared to the ANNA that
included all variables (Tables 2 and 4).

The overall accuracy of the pMRI to predict ECE
and SVI (Table 5) decreases with increasing risk group
(i.e., increasing PSA and biopsy Gleason score) [12].
The overall accuracy in the intermediate-risk group for
prediction of ECE and SVI is 85% and 94%, respec-
tively. Moreover, the accuracy of a positive pMRI for
ECE to predict for PSA failure is 100% in the inter-
mediate-risk group.
4. Discussion

A simplified ANNA based on the input variables of
Kattan nomogram [2] and the pMRI findings was
constructed and shows high sensitivity (91%) and
specificity (88%) to predict preoperatively PSA failure
statistically more accurate than the Kattan nomogram
or the classical Cox regression models in clinically
localized PCa. The high negative predictive values of
le invasion (SVI) according to the pretreatment risk group for postoperative

PPV (%) NPV (%) Accuracy (%)

PSAf ECE SVI PSAf ECE SVI PSAf ECE SVI PSAf

73 38 67 53 87 100 90 76 97 75

90 94 83 82 81 94 98 85 94 92

75 85 76 94 27 85 67 57 82 88

88 83 76 81 73 94 95 77 90 90

(model 3 by a cutoff point of 0.5) in each risk group in validation set patient

biopsy Gleason score 2–4. Intermediate risk: PSA 4–10 and biopsy Gleason

ason score 2–7. High risk: PSA >20 and/or biopsy Gleason score �8. PPV:
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95% made the network useful for initial evaluation
before a curative attempt.

Since patients who are classifiable into low or high
risk for postoperative PSA failure do not need addi-
tional studies to predict what is already known [12],
this approach excludes nearly half of the patients as
candidates for pMRI. The accuracy in predicting the
biochemical recurrence is significantly (p < 0.05)
higher in the intermediate patient group than in low
or high risk groups (92% vs. 75% vs. 88%, respec-
tively) and thus the performance of pMRI in this
patient group may be useful tool in the management
of localized PCa.

Although our primary objective was not a radiolo-
gical-pathological correlation, we observed 27% false
negative rate and 17% false positive rate detecting
clinically occult pT3 disease. Despite the inaccuracy
of pMRI to predict the pathological stage [15], the
significant contribution of pMRI to predict the PSA
outcome may be explained by the assumption that

pMRIT3 stage serves as a possible indicator for tumor
volume, which was one of the most important factors
for disease recurrence [7] (tumors >3 cm in contact
with the prostate capsule but not penetrating it were
also classified as pMRIT3), rather than strictly identify-
ing pT3 disease.

Our study has several differences compared to those
models developed by Kattan [2,3] and Han et al. [5].
The staging based on the 1997 TNM classification
instead of the 1992. Although DRE is a simple and
inexpensive staging method, it underestimates tumor
extent in a majority of patients (ranged from 22 to
63%), is subject to interpretational errors [26]. On the
other hand, among imaging studies used in prostate
cancer staging, the introduction of MRI has dramati-
cally improved the ability of the technique to correctly
define the local tumor staging, with accuracies as high
as 82–88% [12–18]. In accordance to other reports
[19–21], our study showed that the overall accuracy of
pMRI for detecting ECE was 77%, while no significant
correlation was found between the DRE and the patho-
logical findings. Our pMRI results were significant
predictors of PSA failure, but DRE was not. This
confirms strongly the thesis that pMRI provides more
valuable information than DRE in PCa clinical staging
and adds independent information in the prediction of
PSA outcome, which is not already contained in the
values of the preoperative PSA and biopsy Gleason
score. The clinical stage was not found to add inde-
pendent information when pMRI information was
included in the multivariable analysis.

Another reason why the difference in predictability
between ANNA and Kattan nomogram reach statistical
significance may be the relative large number of pre-
treatment parameters with various pMRI findings vari-
ables, which had a relatively non linear relationship to
the pathological findings.

Generally our findings may be confined by the
following limitations. The relatively small number of
participants with the relatively short follow-up time of
5 years may have restricted the power of our ANNA
and Cox regression models. On the other hand, since
statistical power was adequate to test a single variable,
power limitations unlikely underlie lack of association
observed between pMRI findings and PSA outcome.
The population study includes patients treated with RP.
Our results may have selection bias but are not applic-
able in other treatment options, such as external beam
radiation therapy or cryotherapie. Although PSA fail-
ure may be a surrogate end point for death from PCa for
patients undergoing surgical treatment, another limita-
tion is that the findings are based on PSA control and
not patterns of failure or cause-specific survival data. In
biochemical failure, these patients who fail biochem-
ical do not die of their disease or even progress to
metastasis; an aggressive therapy would not be recom-
mended in patients, who certainly fail biochemically.
All data are from the same institution, and we have no
outside validation dataset. Specialists performed all
pMRI and Gleason grading in our institution. The
applicability of our models in the wider medical com-
munity assumes comparable histological-grading or
pMRI-findings accuracy by other pathologists or radi-
ologists, respectively. A further limitation may be
related to the length of follow-up. Our models predict
only to the 5-year point, beyond which recurrence
could be possible. However, the vast majority of
patients fail within the first 3 years after prostatectomy
[7]. As our follow-up matures, our results will need re-
evaluation, in order to find any missing factor, which
may affect the PSA outcome. Furthermore, ANNA
models are not survival curves as used in traditional
statistics. There is no censoring of patients, and the
models cannot plot the survival curves. Instead, they
are using clinically available variables and simply
providing probability estimates for recurrence at a
specific follow-up time after treatment. However, it
is difficult to make direct comparisons between the
AUCs of our model and those of Kattan nomogram, as
they have been generated from different data sets of
diverse patient populations.

Although various cutoff points have been used for
determining PSA recurrence after RP with the most
accepted cutoff value being >0.2 ng/ml [1–3], we think
that patients having PSA between 0.1 and 0.2 ng/ml are
at a certain risk of PSA progression [27].
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In our patient group PSA value showed a high wide
window ranged between 1.1 and 49 ng/ml. Since
patients who had PSA >20 ng/ml were 15% of the
group studied and non-organ confined were 84% of this
group one can assume that in the patient group with
PSA <10 ng/ml the results would be different. How-
ever, our objective was not to discriminate patients into
favorable and unfavorable prognosis groups, but to
evaluate the preoperative model for PSA recurrence
in the whole patient group having clinically localized
PCa and who underwent RP.

Although the group of patients having Gleason sum
2-5 in preoperative biopsy cores seems to be relatively
large (31%, n = 72), this phenomenon is not so rare in
the literature [28,29], since the original patient group,
in which the Kattan nomogram for the prediction of
pathological stage has been evaluated, showed similar
characteristics [29]. Furthermore, these are the preo-
perative characteristics of our patient group. Calculat-
ing the under-graded rate of 46% (n = 88), which
mainly affected the group of patients having Gleason
sum 2-5 (80%, n = 57 patients out of 72 with Gleason
score 2–5), and the over-graded rate of 10% the
Gleason sum of 2-5 in prostatectomy specimen become
lower (21%, n = 40) similar to the patient collective of
other large studies [3,30].

Although TRUS is more accurate than DRE for
preoperative staging, MRI is still in our study and in
other reports [31,32] superior to TRUS in detecting
ECE or SVI. This reflects the finding that ANNA
included only the TRUS-Stage is significantly less
accurate that those incorporated the pMRI findings
and comparable to those having as input variable the
clinical stage (DRE findings) only.

Regarding the utility of the study, confirmatory
studies will be necessary. Before pMRI can be used
routinely, there must not be a cheaper available alter-
native, which when tested on a comparative multi-
variable analysis and an ANNA is shown to provide the
same prognostic information as pMRI.
5. Conclusions

An ANNA incorporating the pMRI-findings was
significantly more accurate than the classical regres-
sion with the same input variables and the Kattan
nomogram in predicting biochemical outcome after
RP in our area. Biopsy Gleason score and pMRI
findings were the most valuable predictor parameters.
Additional prospective investigations in larger patient
groups with longer follow-up with sophisticated body
and endorectal MRI [19–21] will determine its ultimate
role in the staging workup and predicting the PSA
recurrence. In the group of patients with intermediate
risk for postoperative PSA failure [12], the use of pMRI
seems to enhance the pre-treatment prediction of bio-
chemical outcome. Our preoperative model, with an
AUC of 0.89, may be useful in decision-making,
assisting urologists and patients in deciding whether
RP is an acceptable treatment option and in identifying
men at high risk of PSA recurrence who may benefit
from neoadjuvant or immediate adjuvant treatment
protocols.
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