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Abstract

Purpose: To evaluate the performance of radiomic features (RF) derived from PSMA PET for intraprostatic
tumor discrimination and non-invasive characterization of Gleason score (GS) and pelvic lymph node status.

Patients and methods: Patients with prostate cancer (PCa) who underwent [68Ga]-PSMA-11 PET/CT
followed by radical prostatectomy and pelvic lymph node dissection were prospectively enrolled (n=20).
Coregistered histopathological gross tumor volume (GTV-Histo) in the prostate served as reference. 133 RF
were derived from GTV-Histo and from manually created segmentations of the intraprostatic tumor volume
(GTV-Exp). Spearman’s correlation coefficients (p) were assessed between RF derived from the different
GTVs. We additionally analyzed the differences in RF values for PCa and non-PCa tissues. Furthermore, areas
under receiver-operating characteristics curves (AUC) were calculated and uni- and multivariate analyses were
performed to evaluate the RF based discrimination of GS 7 and 28 disease and of patients with nodal spread
(pNT1) and non-nodal spread (pNO) in surgical specimen. The results found in the latter analyses were validated

by a retrospective cohort of 40 patients.

Results: Most RF from GTV-Exp showed strong correlations with RF from GTV-Histo (86% with p>0.7). 81%
and 76% of RF from GTV-Exp and GTV-Histo significantly discriminated between PCa and non-PCa tissue. The
texture feature QSZHGE discriminated between GS 7 and 28 considering GTV-Histo (AUC=0.93) and
GTV-Exp (prospective cohort: AUC=0.91 / validation cohort: AUC=0.84). QSZHGE also discriminated
between pNI and pNO disease considering GTV-Histo (AUC=0.85) and GTV-Exp (prospective cohort:
AUC=0.87 / validation cohort: AUC=0.85). In uni- and multivariate analyses including patients of both cohorts
QSZHGE was a statistically significant (p<0.01) predictor for PCa patients with GS 28 tumors and pN1 status.

Conclusion: RF derived from PSMA PET discriminated between PCa and non-PCa tissue within the prostate.
Additionally, the texture feature QSZHGE discriminated between GS 7 and GS 28 tumors and between
patients with pN1 and pNO disease. Our results support the role of RF in PSMA PET as a new tool for

non-invasive PCa discrimination and characterization of its biological properties.
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1. Introduction

Extracting mathematically quantitative features
(radiomic features, RF) from medical images has
gained interest over the past decade [1]. Radiomic
features may be used as imaging biomarkers to
predict treatment outcomes and to characterize tumor
biology non-invasively.

For patients with primary prostate cancer (PCa)
first studies postulated that RF derived from magnetic
resonance imaging (MRI) can be used to differentiate
between malignant and non-malignant prostatic
tissue [2] and enable PCa to be assigned a Gleason
score (GS). Gnep et al. showed that RF derived from
MR images are associated with biochemical control
after radiotherapy for primary PCa [3] . However, MR
imaging is known to have poor sensitivity in small
(<0.5 ml) intraprostatic tumors and may suffer from
false-positivity in benign prostatic hyperplasia [4].
Additionally, a meta-analysis reported a pooled
sensitivity of 0.39 for MRI in pelvic lymph node
staging of PCa patients using histology as the
gold-standard [5].

Radioactive-labelled tracers targeting the
prostate specific membrane antigen (PSMA) have
been proposed for positron emission tomography
(PET) examinations among patients with primary
PCa. Our group [6, 7], in agreement with the findings
of other investigators [8, 9] concluded that PSMA PET
may have higher sensitivities (up to 75%) and
specificities (up to 95%) than MRI for intraprostatic
tumor detection. Whether RF derived from PSMA
PET allow discrimination between PCa and non-PCa
tissue is not known. The correlation of PSMA PET
signal in terms of standardized uptake values (SUV)
with the GS is currently debatable. Rowe et al. used
prostatectomy as the reference and detected a positive
correlation between ['8F]-labeled PSMA tracer uptake
and the GS [10]. Hoffmann et al. reported that the
PSMA signal enables distinguishing between GS 7a
and 7b PCa [11]. On the contrary, four studies using
prostatectomy as the reference did not observe a
significant correlation between SUV values in PSMA
PET images and the GS [8, 12-14]. Although these
previous publications have investigated the
correlation between GS and SUV, the correlation
between GS and more sophisticated PET image
features has not yet been evaluated. First studies
analyzed the value of PSMA PET in detection of
lymph nodes metastases in patients with primary PCa
[15, 16]. Maurer et al. reported a sensitivity of 0.66 and
a specificity of 0.99 for PSMA PET in lymph node
detection [17]. Leeuwen et al. observed a similar
sensitivity (0.64) by comparing PSMA PET with
histology reference [18]. Whether image features
derived from PSMA PET imaging in the primary

intraprostatic lesion may identify patients with
positive lymph node involvement is not known.

The aim of our study was to investigate the
possibility of intraprostatic tumor discrimination and
characterization by means of PSMA PET derived RF.
Patients with hybrid PSMA PET and computer
tomography (CT) imaging prior prostatectomy and
lymphadenectomy were enrolled in a prospectively
designed study. The performance of RF derived from
manually and automatically created intraprostatic
tumor segmentations on PSMA PET scans was
examined. The segmentation of the coregistered
histopathological information after prostatectomy
served as reference. In a first step we investigated the
intraindividual correlations of RF extracted from the
different segmentations. In a second step, we
evaluated the feasibility of RF based PCa
discrimination. Finally, correlations between RF and
the GS or lymph node status were assessed and
validated with a second patient cohort.

2. Patients and methods

2.1. Patients

Between February 2014 and July 2018, 20
patients were prospectively enrolled in this study.
Inclusion criteria were histopathologically proven
primary  adenocarcinoma of the  prostate,
pre-therapeutic  [8Ga]-PSMA-11  PET/CT and
intended radical prostatectomy. Exclusion criteria
were neoadjuvant androgen deprivation therapy, >3
months’ time gap between PSMA PET/CT scan and
operation and previously performed transurethral
resection of the prostate. Written informed consent
was obtained from each patient, and the institutional
review board approved the prospective analysis in
this study.

To obtain a retrospective validation cohort, we
randomly selected 40 patients who received
[%Ga]-PSMA-11 PET/CT scans prior to prostatectomy
at our medical centre during the same time period as
the prospectively enrolled patients. The same
exclusion criteria were used as for the prospective
cohort. The institutional review board approved the
retrospective analysis in this study and a written
informed consent was waived.

Please see supplementary Table 1 and 2 for
detailed patients’ characteristics of the prospective
and retrospective study cohorts, respectively.

2.2. PET/CT Imaging

For both cohorts the same protocol was used.
Details of our radiolabelling protocol of
[%Ga]-PSMA-11 can be found in Zamboglou et al.
[19]. The patients had to fast for at least 4 hours before
the administration of the radiopharmaceutical
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(median activity in mega Becquerel: 206 MBq, range:
114-251 MBq) and were asked to void before starting
the PET scan. One hour post injection, patients
underwent the whole body PET scan. PET/CT whole
body acquisition protocols were performed on three
different systems from Philips (The Netherlands): 21
patients in GEMINI TF TOF 64 (TF64), 35 in GEMINI
TF 16 Big Bore (BB) and four patients in Vereos (V).
All scanners fulfilled the requirements indicated in
the European Association of Nuclear Medicine
(EANM) imaging guidelines and obtained EANM
Research  Ltd. (EARL) accreditation during
acquisition. The transverse spatial resolutions at one
cm from the central axis of the scanner are 4.8 mm for
TF64 and BB [20] and 4.2 mm for V [21]. PET data
were corrected for randoms as well as for scatter and
attenuation, based on the corresponding CT dataset.
The reconstruction methods for all scanners were a
LOR-based ordered-subset iterative time-of-flight
algorithm using spherical coordinates (BLOB) with
three iterations, 33 subsets and a relaxation parameter
for smoothing of 0.35 for TF64 and BB and three
iterations with seven subsets without any smoothing
for V. All systems resulted in a PET image with a
voxel size of 2 x 2 x 2 mm?3. Images were normalized to
decay corrected injected activity per kg body weight
(SUV [g/ml]). The acquisition time per bed position
ranged from two to three min and the overlap in the
axial field of view (FOV) was of 53% for GEMINI
systems and 43% for V.

2.3. Histopathology and PET/CT image
coregistration

The 3D distribution of PCa in the prostatectomy
specimen served as ground truth and was obtained
using a published, in-house coregistration protocol [7,
12]. After formalin fixation, the resected prostate
underwent an ex-vivo CT scan using a customized
localizer. To ensure equal cutting angles of the tissue
specimens and ex-vivo CT slices, whole-mount step
sections were cut every 4 mm using an in-house
cutting device. Subsequent, all tissue specimens were
paraffin embedded and sliced using a Leica microtom.
Staining with hematoxylin and eosin was performed
via routine protocols and one of two experienced
pathologists segmented PCa tissue and classified the
PCa lesions according to GS. Histology slices were
registered on ex-vivo CT images and PCa
segmentations were transferred onto the CT images.
The contours were interpolated by 2 mm expansion in
both Z-axis directions to create a model of the 3D
distribution of PCa in histology. In analogy to
Souvatzoglou et al. [22] only PCa lesions with a
diameter above 5 mm were included for further
analysis. Taking into account the non-linear

transformations of the prostatic gland after resection,
ex-vivo CT (including histology information) was
initially registered on in-vivo CT (from PSMA
PET/CT scans) by manual coregistration by allowing
non-rigid deformations. The alignment of in-vivo CT
and PET scan was based on the hardware
coregistration of the hybrid PET/CT scanners. In 4 of
the 20 patients a misalignment between PET and CT
images occurred (up to 2 cm) and a manual adaption
was performed using rigid registration. For better
orientation, the prostatic gland was segmented on CT
and PET images.

The internal validation cohort was selected
retrospectively and thus no co-registration between
PET images and histopathology information was
possible. The GS for this patient cohort was derived
from the histopathology report after prostatectomy.

The lymph node involvement  after
prostatectomy (pN status) for both cohorts was
retrospectively derived from the histopathology
report. The median number of resected lymph nodes
was 21 (range: 5-73) and in 11 of 60 patients less than
15 lymph nodes were resected.

2.4. Image segmentations

Image analysis was conducted via MITK 2016.11
[23] and 3D Slicer v4 [24]. Intraprostatic tumor
segmentation was performed in three different ways
(Figure 1):

e Based on PSMA PET images the gross tumor
volume was delineated concertedly by two
experienced nuclear medicine physicians using
window levels from 0-5 SUV (GTV-Exp).

e Any focal uptake higher than local background
was considered to represent PCa. GTV-40% was
created semi-automatically by applying a
threshold of 40% of the intraprostatic SUVmax as
proposed by Thomas et al. [25].

e GTV-Histo resulted from the coregistration of
the histopatology with PET image, as described
in the previous section.

Non-PCa tissue was defined as the subtraction
volumes between the prostatic gland in CT scans and
the three respective GTVs from each patient, resulting
in NonGTV-Exp, NonGTV-40% and NonGTV-Histo.
All 6 segmentations were created in all patients from
the prospective study cohort and for the validation
cohort only manually delineated contours
(GTV-Exp_val) were considered.

2.5. Radiomic feature extraction

In each contour, 133 RF were analyzed. They
were subdivided into two categories: first order
statistics and second or higher order statistics, i.e.
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texture features (TF). The RF were computed using an
in-house software based on MATLAB® (The
MathWorks Inc., Natick, MA). Definition of RF was
done according to the Image biomarker
standardization initiative (please see https://arxiv
.org/abs/1612.07003 and [26]), using the 3D version
for TF computation. MITK was employed to validate
histogram based statistics. In addition, validation of
geometric features and TF was done with an open
source code [28]. For RF selection, the main criterions
were (i) to maximize the robustness and (ii) to
minimize the redundancy. For these reasons in TF
computation: (i) TF were derived from 3D matrices
(instead of averaged 2D-planes of the 3D-volumes)
[27] and (ii) SUV values of the voxels within the
contour were discretized with a fixed bin width
(W=0.05) [28, 29], resulting in different numbers of
bins (from 18 to 1141) depending on the range of SUV
values in the contour. TF were derived from five
matrices: the 3D version of the gray-level

co-occurrence matrix (GLCM [30, 31]); the gray-level
run length matrix (GLRLM [32, 33]), the gray-level
size zone matrix (GLSZM [32, 33]) and the
neighborhood gray tone difference matrix (NGTDM
[34]). In addition, we applied on the voxel intensities
within the contour: (i) A Wavelet band-pass filtering
(WBPF) with a weight ratio 1:2 between band-pass
sub-bands and other sub-bands and (i) an
equal-probability quantization algorithm (Q), by
using the function of MATLAB® histeq [28]. In
supplementary material 1 the RF used in this study
are listed.

To avoid misinterpretation of the results two
selection criteria for RF were defined. The first one
was based on the RF robustness to the different
PET/CT systems (BB, TF and V) and the second on
the interdependency of RF with volume. In Figure 2 a
schedule of the RF selection procedure is shown.
Detailed description of the experimental set-up and
analysis can be found in supplemental material 2.

Figure 1. Image segmentations. Hematoxylin & eosin stained whole-mount prostate tissue slice with PCa marked in blue from patient 17 (A). In B the corresponding axial PSMA
PET/CT image is shown. In C-E the respective PET image is presented including the GTVs: GTV-Histo is blue (C), GTV-Exp is green (D) and GTV-40% is red (E). The windowing

level in images C-E is minimum-maximum: 0-5 SUV

from the three GTVs
Cohort: P

RF: 133

Analysis 1: Intraindividual correlations between RF extracted

VOIs: GTV-Histo, GTV-Exp, GTV-40%

Excluded (RF=47)
Phantom study: RF without intrinsic
correlation with the volume

Excluded (RF=81)
Phantom study: RF robust to the 3 PET
systems

Analysis 2: RF for discrimination between
PCa and non-PCa tissue

Cohort: P

VOls: GTV-Histo, GTV-Exp, GTV-40%,
NonGTV-Histo, NonGTV-Exp, NonGTV-40%
RF: 86

Analysis 3a: RF for GS determination

Analysis 3b: RF for determination of lymph node
involvement

Cohorts: P, RV

VOlIs: GTV-Histo, GTV-Exp, GTV-40%, GTV-
Exp_val

RF: 52 (analysis 3a), QSZHGE (analysis 3b)

Figure 2. Workflow of analyses based on RF. Due to the fact that all RF for analysis | were computed on the same image it was performed with all 133 RF. In our prospective
study cohort NonGTYV volumes were significantly larger than their corresponding GTVs. Likewise, analysis 2 was only conducted with RF with no interdependency with volume.
Analysis 3a was performed only with RF robust to the three different PET/CT systems. Analysis 3b was performed considering the TF QSZHGE. Abbreviations: RF: radiomic
features, VOI: volume of interest, P: prospective study cohort, RV: retrospective validation cohort, GTV: gross tumor volume, QSZHGE: quantization algorithm + short zones

high gray-level emphasis
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2.6. Statistical analyses

Statistical analyses were performed in R
software v.3.4.4 and SPSS v.24 (IBM, USA). PSMA
PET derived RF were summarized using descriptive
statistics. To compare two different groups the
Wilcoxon matched-pairs signed rank test for pairwise
testing (analysis 1) or two-tailed Mann-Whitney U test
for non-pairwise testing (analyses 2 and 3) were used.
This was due to the fact that most of the variables
(>90%) were not normally distributed in Shapiro-Wilk
normality test. The correlation between RF derived
from the different volumes of interest as well as their
correlation with GS (7a vs. 7b vs. 28) were assessed by
calculating Spearman correlation coefficient (p).
Furthermore, the area under the receiver-operating
characteristic curve (AUC-ROC) for GS prediction (7
versus 28) and nodal status prediction (pNO versus
pN1) by PSMA PET derived RF was evaluated.
Finally, both cohorts were pooled to perform uni- and
multivariate binary logistic regression analyses to
examine the association between clinical parameters
which can be obtained non-invasively and GS (7
versus 28) or nodal status prediction (pNO versus
pN1). Due to our small sample size and the strong
influence of the significant TF on the classification,
ordinary logistic regression resulted in overly large
coefficients and standard errors. Accordingly, we fit a
Firth’s logistic regression model which accounts for
the nearly perfect separation and considerably
reduced the size of the coefficients and confidence
intervals [35]. For better comparability during

regression analyses, metric variables were centered
and divided by two standard deviations as proposed
by Gelman [36]. The p-values wer adjusted for
multiple testing by controlling the false discovery rate
with Benjamini and Hochberg’s method [37] and
p<0.05 was considered to be statistically significant.

3. Results

3.1. Analysis I: Intraindividual correlations
between RF extracted from the three GTVs

Patients of the prospective study cohort had a
median volume of GTV-Histo, GTV-Exp, and
GTV-40% of 7.3 (range: 0.2-121.2) ml, 6.3 (range:
0-87.7) ml, and 2.7 (range: 0-26.6) ml, respectively. No
statistically significant differences between the
volumes of GTV-Histo and GTV-Exp were observed
(p>0.05), but GTV-40% was statistically significantly
smaller (p<0.05) than GTV-Histo in pairwise
comparison.

In Figure 3, the results of intraindividual
correlations between RF extracted from GTV-Histo
with RF extracted from GTV-Exp and GTV-40% are
shown. RF extracted from GTV-Exp and GTV-40%
had median p values of 0.8 (86% RF with p>0.7) and
0.83 (74% RF with p>0.7), respectively. Considering
lesions (n=19) which were only visible by applying a
threshold of 40% of intraprostatic SUVmax, the
median p for GTV-Exp was increased up to 0.92.
Please see supplementary material 1 for a detailed
listing of correlations for all RF.
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Figure 3. Correlation analysis between RF from different volumes. The distributions of p values for the correlation of RF extracted from GTV-Histo with GTV-40%, GTV-Exp
and GTV-Exp_19 (19 lesions), respectively, are shown. The analysis for GTV-PET was performed twice: first, considering all lesion segmented by the readers (numer of lesions:
25) and second considering only lesions which were visible by applying a threshold of 40% of intraprostatic SUVmax (number of lesions: 19). The red dotted lines indicate the

median values
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3.2. Analysis 2: RF for discrimination of PCa
and non-PCa tissue

In analysis 2 only RF with no dependency on the
volume were considered (n= 86) and most RF showed
significant differences between PCa and non-PCa:
76% for GTV-Histo, 81% for GTV-Exp and 64% for
GTV-40%. For all three segmentation methods,
SUV-related features (min, max, peak and mean) had
statistically significant different values between PCa
and non-PCa tissue. Please see Figure 4 for
SUV-related feature based PCa discrimination
considering histology information. The performances
of all RF for PCa and non-PCa discrimination are
listed in supplementary material 1.
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Figure 4. SUV related values in GTV-Histo vs NonGTV-Histo. Box-plots: the middle
line in the box represents the median and the upper and lower ends of the box
represent the 75t and 25t percentile, respectively. The minimum and maximum
values are also shown. * p<0.05, ** p<0.01

3.3. Analysis 3a: Correlation of RF with GS

3.3.1. Prospective Cohort

Only RF with comparable results in all three
PET/CT systems were considered in analysis 3a
(n=52). For GTV-Exp the correlation between RF and
GS (7a vs 7b vs = 8) were evaluated and only 4 TF
showed a strong correlation (p=0.7 and p<0.05). In
addition, these 4 features showed statistically
significant differences between GS 7 and GS = 8 PCa
in Mann-Whitney U test (p<0.05) and AUC values
>0.9 for discrimination of PCa with GS 7 and GS = 8.
The results for the 4 TF are summarized in
Supplementary Table 3. Between all four TF very
strong correlations (p20.98 and p<0.01) were
observed. However, the TF quantization algorithm +
short zones high gray-level emphasis (QSZHGE)
performed slightly better than the other three.

For GTV-Histo similar findings were observed:
all 4 TF had strong correlation (p=0.65 and p<0.05)
with the GS (7a vs 7b vs 2 8) and all 4 TF had
statistically significantly different values for PCa with
GS 7 and GS = 8 (p<0.05) and ROC-AUC values >0.9
(p<0.01) for discrimination of PCa with GS 7 and GS >
8. Please see exemplary Figure 5 for correlation of TF
QSZHGE and the GS. For GTV-40% however, no RF
had a strong correlation (p=0.6 and p<0.05) with the
GS.

3.3.2. Retrospective validation Cohort

QSZHGE performance was validated for
GTV-Exp_val in a second patient cohort and
statistically significant differences between GS 7 and
GS = 8 PCa (p<0.001) were observed. In ROC analysis
the AUC for discrimination between GS 7 and GS = 8
PCa was 0.84 (95% CI: 0.74-0.95, p<0.001) (Figure 5).

3.3.3. Pooled analysis

Both cohorts were pooled and results of uni- and
multivariate logistic regression analyses are presented
in Table 1la. In univariate analysis, non-invasively
obtainable parameters QSZHGE, cT stage on PSMA
PET, and PSA serum values differentiate between GS
7 and GS = 8 PCa. Since these coefficients are
comparable regarding their numerical size, we see
that QSZHGE has a much stronger effect on GS
classification than cT stage and PSA. In multivariate
analysis, including all three potential predictors, only
QSZHGE (OR=23.5, p<0.01) predicted statistically
significant PCa with GS = 8.

3.4. Analysis 3b: Correlation of QSZHGE with
nodal status

3.4.1. Prospective Cohort

Since it is well known that positive lymph node
involvement increases with the GS [38, 39] only the TF
QSZHGE derived from the intraprostatic tumor mass
was considered for pNO versus pN1 discrimination.
For GTV-Exp (p=0.003) and GTV-Histo (p=0.007)
statistically significant differences in QSZHGE values
between patients with pNO and pN1 disease were
observed, respectively. For GTV-Exp and GTV-Histo
ROC-AUC was 0.87 and 0.85 (both p<0.01),
respectively, for pNO and pN1 discrimination. For
GTV-40% QSZHGE had again no statistically
significant differences between patients with pNO and
pN1 disease.

3.4.2. Retrospective validation Cohort

QSZHGE performance was validated for
GTV-Exp_val in a second patient cohort and
statistically significant differences in patients with
pN1 and pNO status (p<0.001) were found. In ROC
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Figure 5. QSZHGE for discrimination between GS 7 and = 8 in different GTVs and cohorts. In the left Box-plots are shown: the middle line in the box represents the median
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analysis the AUC for discrimination between pN1 and
PNO was 0.85 (95% CI: 0.74-0.96, p<0.001).

3.4.3. Pooled analysis

Both cohorts were pooled and results of uni- and
multivariate logistic regression analyses are presented
in Table 1b. In univariate analysis, all non-invasively
obtainable parameters discriminated between patients
with pNO and pN1 disease. In multivariate analysis,
including all three potential predictors, QSZHGE
(OR=16.9, p<0.01) and cT stage (OR=8, p=0.01)
predicted statistically significant patients with pN1
disease.

Table la. Differentiation between GS 7 and GS > 7 PCa (pooled
cohorts)

Univariate analysis Multivariate analysis

Parameter OR  95% CI p-value OR  95% CI p-value
PSA (<20 vs 220 ng/ml) 2.87 (1.077.95) 0.04 089 (0.21-3.42) 087
T stage (cT2 vs cT3) 46  (1.73-1296) <0.01 3.65 (1-15.1) 0.05

QSZHGE (metric) 23.56 (6.34-119.5) <0.01  21.11 (5.12-124.79) <0.01

Table 1b. Differentiation between pNO and pN1 status (pooled
cohorts)

Univariate analysis Multivariate analysis

Parameter OR 95% CI p-value OR  95% CI p-value
PSA (<20vs220ng/ml) 65  (2.33-19.58) <0.01 276 (0.7-11.02) 0.14

cT stage (cT2 vs cT3) 797 (2.87-24.16) <0.01 535 (1.45-22.83) 0.01
QSZHGE (metric) 19.97 (5.6-94.84) <0.01 16.94 (3.9-108.31) <0.01

Multivariate analyses were performed with cT stage and QSZHGE as metric
variables. Abbreviations: OR = Odds ratio, CI = confidence interval, PSA = prostate
specific antigen, cT stage was defined based on PET images, QSZHGE:
quantization algorithm + short zones high gray-level emphasis.

4. Discussion

The results of our study prove that PSMA PET
RF derived from the intraprostatic tumor mass
discriminate =~ PCa  from  non-PCa tissue,
intermediate-risk (GS 7) from high-risk PCa (GS =8)
and patients with pelvic lymph node involvement. All
observations were validated by coregistered histology
information and the RF based GS and nodal status
discrimination was further tested on an internal
validation cohort. In the following, we discuss our
results in detail.

http://lwww.thno.org



Theranostics 2019, Vol. 9, Issue 9

2602

Several studies observed an  excellent
performance of PSMA PET for intraprostatic GTV
detection and segmentation [40]. In line with this, our
study found no significant differences between the
median volumes of GTV-Histo and GTV-Exp.
Furthermore, we observed a very strong correlation
between most RF from GTV-Exp and RF from
GTV-Histo (analysis 1) which can be explained by the

high spatial overlap between GTV-Histo and
GTV-Exp. Median volume of GTV-40% was
significantly smaller than median volume of

GTV-Histo suggesting that the prostatic tumor mass
may be underestimated by applying a 40% threshold
of intraprostatic SUVmax for GTV delineation [12].

In analysis 2, we analyzed whether RF from
PSMA PET discriminate between PCa and non-PCa
tissue and 76% and 81% of RF from GTV-Histo and
GTV-Exp, respectively, had statistically significant
differences between PCa and non PCa tissue. Only
64% of RF from GTV-40% discriminated between PCa
and non-PCa tissue. Interestingly, all SUV-based
features showed statistically significantly different
values between PCa and non-PCa considering
histology information. Again, this can be explained by
very good performance of PSMA PET in intraprostatic
GTV detection and manual GTV segmentation based
on PSMA PET images. Future studies should analyze
whether the RF which discriminated between PCa
and non-PCa tissue in our study may be implemented
in workflows for computer-based GTV detection and
delineation. This could further improve the
robustness of PSMA based GTV delineation to guide
focal therapy regimen [41] or targeted biopsies [42]
enabling more personalized treatment approaches in
patients with primary PCa.

In analysis 3a we tested the relation between RF
from PSMA PET and GS in prostatectomy specimen.
Considering the expert contours (GTV-Exp) in the
prospective cohort we observed that 4 TF had a strong
correlation with GS. All of them showed statistically
significant differences between PCa with GS 7 and GS
>8 and ROC-AUC values >0.9 enabling non-invasive
discrimination between intermediate (GS 7) and
high-risk PCa (GS=8). Considering the ground truth
(GTV-Histo) similar results for all 4 TF were observed.
On a retrospective validation cohort consisting of 40
patients we could further reproduce these findings:
TF QSZHGE from GTV-Exp discriminated GS 7 and
GS 28 PCa (AUC=0.84). This discrimination has an
impact on clinical decision making as it defines
intermediate- and high-risk PCa patients which
influences for example the duration of androgen
deprivation therapy during radiation therapy [43].
One should mention that GS before primary therapy
is based on biopsy tissue. Due to intratumoral

heterogeneity the GS on biopsy cores and
prostatectomy specimen are disconcordant in 20-60%
of the patients [44, 45]. Additionally, prostate biopsy
is leading to increases in hospitalization rates due to
adverse side effects [46]. In this study non-invasively
obtainable clinical parameters were included into a
multivariate analysis testing GS 7 from GS 28
discrimination and TF QSZHGE from PSMA PET
remained as the only statistically significant variable.
Additionally, a QSZHGE cut-off value of 3320
(median) correctly discriminated in 77% of PCa
lesions GS 7 from GS 28 in our study. Thus, our data
suggests that TF QSZHGE derived from PSMA PET
could serve as an alternative for non-invasive GS
characterization in the future. For a better
understanding of our results, we would like to
provide a possible explanation of the biological nature
of QSZHGE. Several groups detected a correlation
between PSMA expression (immunohistochemistry)
in PCa tissue and the corresponding GS [47, 48] .
However, in our study we could not find a strong
correlation between SUVmean values in GTV-Exp or
GTV-Histo and GS. This finding may be explained by
intratumoral heterogeneity in PSMA expressing cells.
Mannweiler et al. reported that even highly PSMA
positive cases of any Gleason score also frequently
contained larger areas with PSMA-negative cells [49].
Additionally, Acosta et al. found areas with
significant tumor necrosis in PCa with Gleason
pattern 5 [50]. The TF SZHGE quantifies the amount
and the signal intensity of small areas with high
PSMA expression within the tumor. Most probably,
SZHGE correlates with the GS by considering only
regions with high PSMA expression and by not being
affected from non-PSMA expressing and necrotic
areas within the tumor. However, SZHGE was not
robust on different PET scanners (see supplementary
materal 1.2). By applying an equal-probability
quantization algorithm (Q) on the voxel intensities
within the segmentations, comparable QSZHGE
values between different PET scanners were
observed.

In analysis 3b we proved that the TF QSZHGE
discriminated between patients with pNO and pN1
disease in both study cohorts (ROC-AUC values
>0.85). This result is not surprising because the GS
consistently correlates with the risk of lymph node
disease [38, 39]. According to current literature, PSMA
PET has a sensitivity of 66% in detection of positive
lymph nodes [17, 18]. In our study, PSMA PET
reached a sensitivity of 65% in detection of positive
lymph nodes. Whereas, the TF QSZHGE derived from
the primary intraprostatic tumor with a cut-off value
of 3320 (median) had a sensitivity of 85%. Thus, it is
very likely that the implementation of TF QSZHGE
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may increase the robustness of statistical models [51]
predicting lymph node invasion in patients with
primary PCa.

Whether the cut-off value obtained in our study
may be exported to a different data set from another
institute is not clear. Model development based on RF
analysis poses unique challenges due to the
dependence of RF on different factors. RF analysis
performed on PET images is hampered by
interinstitutional differences in PET scanners, in
acquisition protocols or the reconstruction settings
[52] and in the definition of TF matrices [52, 53].
Previous studies reported also a strong dependence of
RF from the applied segmentation method [31, 54]. In
this study we used three different approaches for
GTV segmentation. RF from manually delineated
contours and from histology reference correlated with
clinical parameters (GS and nodal status), whereas no
RF derived from GTV-40% had a strong correlation.
This observation may be explained by the
underestimation of the real PCa volume by this
segmentation method. Several studies observed a
significant interobserver variability when MRI was
used for intraprostatic GTV segmentation [55, 56]. If
this issue affects also PSMA PET-based manual GTV
segmentation was not examined yet. Thus, future
studies should evaluate the most robust segmentation
approach for RF extraction from PSMA PET images.

In the following, we discuss the limitations of
our study. A known problem in pathology-imaging
correlation studies is the uncertainty in the accuracy
of coregistration. Non-linear shrinkage of the prostate
occurs during histopathological preparation. We
accounted for this issue by implementing non-rigid
registration between in- and ex-vivo CT images. A
second source of inaccurate coregistration is a
potential discrepancy in slice angles between imaging
and pathological specimens. We accounted for this by
using ex-vivo CT scans in a localizer and a customized
cutting device for the prostatectomy specimen.
Likewise, all tissue slices had the same cutting angel
as the ex-vivo CT slices. Second, we only included
patients scheduled for prostatectomy to obtain
histopathology information from surgical specimen
and we included only 1 patient with low-risk (GS 6)
PCa. Thus, it remains unclear whether PSMA PET
derived RF can discriminate PCa from non-PCa tissue
(analyses 1 and 2) in patient cohorts including more
patients with low-risk GS. However, the usage of
PSMA PET/CT imaging in patients with low-risk PCa
is most probably not constructive. Third, different
PET/CT scanners were used for this study. We
accounted for this issue through phantom studies and
by only using features with robustness regarding the
scanning system for correlation studies with clinical

parameters. It should be mentioned that also
differences in time per bed position could have an
impact on RF variability. In our study we found
differences in time per bed position from 2-3 min
between the three scanning systems. Using
heterogeneous phantoms, we found that these
differences had no statistically significant impact on
RF. Furthermore, SZHGE was previously shown to be
reproducible in patients with PET examinations using
a time per bed position of 2 min [57]. Fourth, due to
the elaborate pathology-imaging co-registration
protocol, the sample size in our study is small (60
patients with 74 lesions). This issue creates statistical
uncertainty, which explains the large confidence
intervals of the firth logistic regression model. The
retrospective character of the validation cohort is
another limitation, since no coregistration between
prostatectomy specimen and PET images was
performed and the GS was derived from
histopathology reports. This issue may explain the
differences in ROC-AUC values between the
prospective and the validation cohort. Finally, the
question whether RF from PSMA PET may
discriminate between pNO and pN1 disease (analysis
3b) was not part of the initial trial protocol. Thus, the
lymphadenectomy was not conducted similarly in all
patients, which explains the variability in the number
of resected lymph nodes (range: 5-73).

To conclude, our study identified a cluster of 4
highly correlated TF which showed comparable
results in analyses 1-3a (supplementary material 1.2
and supplementary Table 3). Since the TF QSZHGE
correlated decently better with the GS in the
prospective study cohort (considering GTV-Exp and
GTV-histo) than the other three TF, it should be
recommended for future studies. QSZHGE was
robust against the used PET scanning system and
segmentation ~ volume. Furthermore, QSZHGE
discriminated between PCa and non-PCa tissue,
intermediate- from high-risk GS and patients with
pNO and pN1 disease. Future studies should
investigate, whether QSZHGE is also correlating with
distinct mutations in the tumor which may link to
aggressiveness [58].

Considering the limitations of our study, future
work should further validate the ability of the TF
QSZHGE to characterize PCa non-invasively. We
emphasize that QSZHGE values derived from our
patient cohorts have been provided as a proof of
concept and the optimal thresholds should be further
investigated [59].
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PSMA: prostate specific membrane antigen; PET:
positron emission tomography; SUV: standardized
uptake value; CT: computed tomography; MBq: mega
bequerels; EANM: European Association of Nuclear
Medicine; GTV: gross tumor volume; TF: texture
features; GLCM: gray-level co-occurrence matrix;
GLRLM: gray-level run length matrix; GLSZM:
gray-level size zone matrix; NGTDM: neighborhood
gray tone difference matrix, WBPF: wavelet
band-pass filtering; Q: equal-probability quantization
algorithm; AUC-ROC: receiver-operating character-
istic curve; OR: Odds ratio. Please see supplementary
material for all abbreviations of RF.
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