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Abstract
Purpose  The aim of this study is to investigate the role of [68Ga]Ga-PSMA-11 PET radiomics for the prediction of post-
surgical International Society of Urological Pathology (PSISUP) grade in primary prostate cancer (PCa).
Methods  This retrospective study included 47 PCa patients who underwent [68Ga]Ga-PSMA-11 PET at IRCCS San Raffaele 
Scientific Institute before radical prostatectomy. The whole prostate was manually contoured on PET images and 103 image 
biomarker standardization initiative (IBSI)-compliant radiomic features (RFs) were extracted. Features were then selected 
using the minimum redundancy maximum relevance algorithm and a combination of the 4 most relevant RFs was used to 
train 12 radiomics machine learning models for the prediction of PSISUP grade: ISUP ≥ 4 vs ISUP < 4. Machine learning 
models were validated by means of fivefold repeated cross-validation, and two control models were generated to assess that 
our findings were not surrogates of spurious associations. Balanced accuracy (bACC) was collected for all generated models 
and compared with Kruskal–Wallis and Mann–Whitney tests. Sensitivity, specificity, and positive and negative predictive 
values were also reported to provide a complete overview of models’ performance. The predictions of the best performing 
model were compared against ISUP grade at biopsy.
Results  ISUP grade at biopsy was upgraded in 9/47 patients after prostatectomy, resulting in a bACC = 85.9%, SN = 71.9%, 
SP = 100%, PPV = 100%, and NPV = 62.5%, while the best-performing radiomic model yielded a bACC = 87.6%, SN = 88.6%, 
SP = 86.7%, PPV = 94%, and NPV = 82.5%. All radiomic models trained with at least 2 RFs (GLSZM—Zone Entropy and 
Shape—Least Axis Length) outperformed the control models. Conversely, no significant differences were found for radiomic 
models trained with 2 or more RFs (Mann–Whitney p > 0.05).
Conclusion  These findings support the role of [68Ga]Ga-PSMA-11 PET radiomics for the accurate and non-invasive predic-
tion of PSISUP grade.
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Introduction

With more than 1.4 million new cases diagnosed in 2020, 
prostate cancer (PCa) is the second most commonly occur-
ring cancer in men worldwide [1]. While digital rectal 
examination (DRE) and prostate specific antigen (PSA) 
levels are normally used to screen patients for PCa, his-
topathological verification in prostate biopsy cores is 
required for a definitive diagnosis [2].

International Society of Urological Pathology (ISUP) 
grade, derived from biopsy specimens, is one of the major 
determinants for PCa patient management and treatment 
planning [2]. However, as ISUP grade is measured on 
bioptic specimens, it is affected by sampling error and it 
cannot account for tumour heterogeneity [3]; moreover, 
bioptic sampling might entail the side effects of transrec-
tal-biopsy, including haematuria, haematospermia, rectal 
bleeding, and pain [4].

Multiparametric magnetic resonance imaging (mp-MRI) 
targeted biopsy has shown to increase the detection of clini-
cally significant PCa, with a concomitant reduction in the 
detection of insignificant PCa [2]. However, despite the 
introduction of the PI-RADS version 2 scoring system [5], 
mp-MRI inter-reader reproducibility is far from optimal, 
and any upgrading in ISUP grade after whole-mount histo-
pathological analysis of surgical specimens is still reported 
in about 30% of mp-MRI targeted biopsies [2, 6].

Previous studies successfully established the utility of 
positron emission tomography (PET) with 68Ga- prostate 
specific membrane antigen (PSMA)-11 for the characteri-
zation of primary PCa [7–12], reporting higher sensitivity 
of [68Ga]Ga-PSMA-11 PET as compared to mp-MRI for 
tumour localization [10, 13].

Radiomics, defined as the high-throughput extraction 
of quantitative features from medical images, in combina-
tion with machine learning (ML) has been proven effec-
tive for the non-invasive characterization of several types 
of cancer, including PCa [14–19]. Nonetheless, the lack 
of standardized methodologies combined with the limited 
interpretability of the proposed models prevents radiomics 
to enter clinical practice.

The aim of the present study is to investigate the role 
of [68Ga]Ga-PSMA-11 PET radiomics for the prediction 
of post-surgical ISUP grade (PSISUP). Our hypothesis is 
that radiomics bears the potential to predict PSISUP grade. 
Models’ interpretability will be ensured by thorough con-
trols and by the comparison of the generated signature 
with that presented in a recently published state-of-the-art 
work [18]. Furthermore, the potential clinical utility of 
[68Ga]Ga-PSMA-11 PET radiomics will be assessed by 
confronting its performance to that of biopsy for PSISUP 
grade prediction.

Material and methods

Patients

We retrieved all the consecutive patients who underwent 
[68Ga]Ga-PSMA-11 PET for PCa staging at IRCCS San 
Raffaele Scientific Institute between 09/09/2020 and 
10/01/2022. Inclusion criteria were as follows: (i) pres-
ence of at least one intraprostatic pathological finding on 
[68Ga]Ga-PSMA-11 PET; (ii) radical prostatectomy (RP) 
after PET imaging; (iii) availability of ISUP grade both 
at biopsy and RP; and (iv) absence of neoadjuvant treat-
ments. Among the 144 patients screened, 47 met the cri-
teria and were used for analysis. See Fig. 1 for a flowchart 
showing the patients’ selection process.

Clinical and histopathological information were col-
lected and post-surgical ISUP grades were used to stratify 
the cohort into low-grade (PSISUP < 4) and high-grade PCa 
(PSISUP ≥ 4). Extensive information on patients’ charac-
teristics is reported in Table 1.

This retrospective study was approved by the Institu-
tional Ethics Committee of IRCCS San Raffaele Scientific 
Institute. Informed consent was waived due to the retro-
spective nature of the study.

PET imaging

PET scans were acquired using either Signa PET/MRI 3 
Tesla system (N = 25) or PET/CT (N = 22), Discovery-STE 
or Discovery-690 (GE Healthcare, Waukesha, WI, USA). 
[68Ga]Ga-PSMA-11 PET scans were acquired according 
to the normal clinical practice, following the joint EANM 
and SNMMI procedure guideline for PCa imaging [20]. 

Fig.1   Flowchart showing the patients’ selection process
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Specifically, [68Ga]Ga-PSMA-11 PET/CT and PET/MRI 
scans started approximately 60 min after the injection of 
approximately 2 MBq per kilogram body weight, 4 min 
per bed position.

[68Ga]Ga PSMA-11 PET image read-out was performed 
by two Nuclear Medicine physicians on the Advantage 
Workstation (AW, General Electric Healthcare, Waukesha, 
WI, USA) and the presence of [68Ga]Ga-PSMA-11 intrapro-
static focal and intense increased uptake, either with or 
without alterations visible on the co-registered CT or MR 
images, was considered positive for malignancy. SUVmax 
and SUVmean were calculated for the dominant intrapros-
tatic lesion in all patients showing at least one intraprostatic 
[68Ga]Ga-PSMA-11 positive finding. Specifically, SUVmean 
was calculated by using the 41% threshold of SUVmax, 
adapted by the reading physicians in those cases where the 
fixed threshold did not allow an optimal contouring.

Surgical procedure

All patients received radical prostatectomy plus extended 
pelvic lymph node dissection (ePLND) using either a 
robotic-assisted (RARP) or an open approach. Extended 
lymph node dissection was performed in all cases given 
a pre-surgical risk of lymph node invasion > 5% and it 
included the removal of fibrofatty tissue along the external 
iliac vein, the lateral limit being the genitofemoral nerve and 

the distal limit being the deep circumflex vein. Proximally, 
the cranial limit was represented by the crossing between 
the ureter and common iliac vessels. All fibrofatty tissue 
within the obturator fossa was removed. The dissection was 
performed from lateral to medial up to the umbilical artery 
and the bladder wall represented the medial limit. Lymph 
nodes along as well as medially and laterally to the internal 
iliac vessels were also removed.

Histopathological analysis

Radical prostatectomy fresh specimen was received from 
the operating room. The specimen was covered on surface 
with India ink, and fixed for 24 h in formalin, embedded, 
and examined with the whole-mount technique [21]. The 
prostate body was step-sectioned at 4-mm intervals, per-
pendicular to the gland’s long axis (apical-basal). The 2014 
ISUP/WHO modified Gleason score and Grade Group were 
provided [22]. The index lesion was considered as the cancer 
focus with the highest Gleason score, or the largest focus as 
measured by the volume in the case of more than one lesion 
with the same Gleason score. The index lesion site, pT, grad-
ing group, extra prostatic extension (yes/no), positive surgi-
cal margins (yes/no), and metastatic lymph nodes (number, 
maximum diameter, and site) were gathered.

Image segmentation

Two radiologists manually segmented the whole prostate 
on co-registered PET/CT or PET/MR images. CT or MRI 
was used for anatomical localization on 3D Slicer (revision 
29,402) [23] because of its high anatomical accuracy. As 
the co-registered PET/CT or PET/MR images were used for 
contouring, it follows that the VOIs have been drawn directly 
on PET.

The whole prostate was used as volume of interest (VOI) 
as it provides a more robust inter-reader reproducibility [24] 
and better accounts for tumour heterogeneity, while at the 
same time avoiding sampling error, issues of radiomics for 
small lesions (less than 64 voxels) [25], and the difficulties 
of multi-lesion characterization.

Feature extraction and selection

All VOIs were normalized, discretized using fixed bin width 
(FBW = 0.3), and then resampled to 2.0 × 2.0 × 2.0 mm3 vox-
els via sitkBspline on PyRadiomics [26]. Afterwards, 103 
3D Image Biomarker Standardization Initiative (IBSI) [27] 
compliant radiomic features (RFs) were extracted from the 
resampled VOIs on PET images using PyRadiomics. See 
supplementary Table 1 for a detailed description of the 
extracted RFs.

Table 1   Patients’ characteristics

IQR, interquartile range

Patients’ characteristics (N = 47) Value

Age (years), median (IQR) 65 (60 – 71)
iPSA (ng/ml), median (IQR) 6.32 (4.79 – 7.85)
Pathologic T staging, n (%)

  2 3 (6.4)
  2a 2 (4.2)
  2c 6 (12.8)
  3a 23 (48.9)
  3b 13 (27.7)

ISUP grade (biopsy), n (%)
  1 2 (4.3)
  2 7 (14.9)
  3 15 (31.9)
  4 12 (25.5)
  5 11 (23.4)

ISUP grade (RP), n (%)
  1 0 (0)
  2 6 (12.8)
  3 9 (19.1)
  4 4 (8.5)
  5 28 (59.6)
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Since previous studies showed the additional utility bore 
by the inclusion of conventional [68Ga]Ga-PSMA-11 PET 
parameters [18, 19], SUVmax and SUVmean were considered 
for analysis, resulting in a 105-long feature vector for each 
patient.

ComBat software (https://​forlh​ac.​shiny​apps.​io/​Shiny_​
ComBat/) was used to harmonize radiomic features extracted 
from images acquired with different scanners. Features’ 
harmonization was especially relevant in this study because 
analyzed images were acquired on either PET/MR or PET/
CT scanners [28]. The 4 most relevant, non-redundant RFs 
were then identified by means of minimum redundancy 
maximum relevance (mRMR) algorithm [29] and kept for 
further analysis.

Finally, to provide further insight into the relevance and 
robustness of the identified RFs, these were correlated with 
the RFs exploited by Solari et al. [18]. This recent work, at 
present, represents the most recent and biggest study cur-
rently available using the whole prostate as VOI for 68 Ga-
PSMA-11 PET radiomics in combination with machine 
learning for the prediction of post-surgical Gleason Grade 
(PSGG).

Machine learning models

Three separate machine learning classifiers, namely logis-
tic regression (LR), support vector machine (SVM), and K 
nearest neighbour (KNN), were trained to predict PSISUP 
grade. The sample was split into training and validation sets 
using fivefold stratified cross-validation, ensuring the pres-
ence of 3 patients with low-grade PCa in each fold. Four sets 
were used as training and the remaining one as validation 
in each fold.

Since only 15 patients had PSISUP < 4 (~ 32%), over-
sample using Adaptive Synthetic (ADASYN) algorithm 
was applied to oversample all training features of the less 
prevalent class, resulting in a 1:1 proportion with the most 
prevalent class (PSISUP ≥ 4) [30]. For each of the 5 cross-
validation folds, the training data was augmented and used 
to train the 3 different classifiers. The performance of trained 
models for the prediction of PSISUP grade was then tested on 
the non-augmented validation data. The average performance 
of the classifiers over the five folds in the validation cohort 
represents the estimate of the cross-validation estimators.

Cross-validation is nearly unbiased, but it is known to 
be highly variable when applied to small samples [31]. To 
reduce its variability, the whole process was repeated 10 
times, changing every time the split into the five folds, and 
the mean of the repeated cross-validation estimators was 
used as final estimate of models’ performance [31]. The 
whole pipeline for training and validation of the imple-
mented models is depicted in Fig. 2.

To generate the most informative, yet simplest, model, 
the machine learning classifiers were trained using the 4 
RFs identified via mRMR, and then analyses were repeated 
using only the top 3 RFs, 2 RFs, and finally using only 
the most relevant RF according to mRMR. Altogether, 12 
radiomics machine learning models for the prediction of 
PSISUP grade were generated.

Additionally, to show that the performance of the gener-
ated radiomics models does not depend on spurious asso-
ciations, two control models were created.

The first control model (“radiomics baseline”) was 
developed using VOI volume and SUVmax as only inputs, 
to confirm that our models do not rely on surrogates of 
volume and intensity. The second control model (“PET 
zeros”) was built to demonstrate the complementary value 
of different types of features; specifically, all voxel values 
within the investigated VOIs were set to 0, so that only 
shape features remained preserved while all the others 
became meaningless. If shape features are relevant for the 
prediction of PSISUP grade, this model will be accurate; 
otherwise, it will yield random predictions.

These two baseline models were trained and tested fol-
lowing the same workflow used for the radiomics models 
(2 models, 3 classifiers; resulting in 6 control machine 
learning models).

Since the cohort was imbalanced, the top perform-
ing approach was selected based on balanced accuracy 
(bACC) defined by the formula:

and 95% binomial proportion confidence intervals calcu-
lated with the Clopper-Pearson exact method were reported 
[32]. To provide a complete overview of the models’ per-
formance, also sensitivity (SN), specificity (SP), positive 
predictive value (PPV), and negative predictive value (NPV) 
are reported.

Statistical analysis

The performance of the control and radiomics models 
(with 4, 3, 2, and 1 RFs) obtained with LR, SVM, and 
KNN was compared by the Kruskal–Wallis test. Then, 
post hoc comparisons using the Mann–Whitney test were 
performed to study more in detail the differences between 
the generated models. The best models generated with 
the 3 different classifiers were also compared to assess 
whether results are affected by the choice of the classi-
fier. The higher probability of type I errors due to fami-
lywise error rates was controlled by false discovery rate. 
p-values < 0.05 were considered statistically significant.

bACC =
sensitivity + specificity

2

https://forlhac.shinyapps.io/Shiny_ComBat/
https://forlhac.shinyapps.io/Shiny_ComBat/
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To assess the potential clinical utility of [68Ga]Ga-
PSMA-11 PET radiomics for the prediction of PSISUP grade, 
the performance of the best radiomic model developed in 
this study, evaluated using bACC, was compared to that of 
biopsy ISUP grade (BISUP) that, at present, represents the 
state of the art for PCa management.

Pearson correlation was used to assess the association 
between the RFs exploited in this study and those identified 
by Solari et al. [18]

Statistical analyses were performed with R statistical soft-
ware [33], and machine learning models were generated with 
Python version 3.7, Python Software Foundation.

Results

Patients

The 47 patients enrolled in this study (median age: 65 years, 
interquartile range: 60–71 years) had median iPSA = 6.32 ng/
ml (interquartile range: 4.79–7.85 ng/ml) and were grouped 
in 2 categories: low-grade (N = 15) and high-grade PCa 
(N = 32) based on PSISUP grade.

The scans of patients examined with [68Ga]Ga-PSMA-11 
PET/CT started 62 min ± 5 min (mean ± SD) after the injec-
tion of 1.94 ± 0.24 MBq kilogram body weight (mean ± SD), 
while the scans of patients that underwent [68Ga]Ga-
PSMA-11 PET/MRI started 60 min ± 7 min (mean ± SD) 
after the injection of 2.17 ± 0.28 MBq kilogram body weight 
(mean ± SD).

Radiomic features

The whole prostate was segmented as shown in Fig. 3 and 
103 IBSI-compliant RFs were extracted. The 4 most rele-
vant RFs according to mRMR algorithm (1. GLSZM—Zone 
Entropy, 2. Shape—Least Axis Length, 3. First Order – Min-
imum, 4. GLSZM—Small Area Low Grey Level Emphasis) 
were used for analysis.

Pearson r correlation coefficients between the RFs ana-
lyzed in this study and those identified by Solari et al. are 
shown in Table 2. GLSZM – Zone Entropy is strongly cor-
related with GLDM – Dependence Entropy, GLCM – Con-
trast, SUVmean, 90th percentile, and GLDM – High Grey 
Level Emphasis (r = 0.66, 0.69, 0.70, 0.68, 0.75, respec-
tively). The only shape feature employed by us, namely 

Fig. 2   Training and validation 
workflow of machine learning 
models
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Least Axis Length, correlated with the only shape RF used 
by Solari and colleagues (Maximum 2D diameter, r = 0.63).

Machine learning models

Characteristics of the implemented machine learning mod-
els after hyperparameter optimization are summarized in 
Supplementary Table 2, while their performance, measured 
with bACC (95% CI), SN, SP, PPV, and NPV, is reported 
in Table 3. The Kruskal–Wallis test highlighted different 
performances in the generated models regardless of the clas-
sifier used for analyses (p < 0.001 for results obtained with 
logistic regression, support vector machine, and KNN). Cor-
relation matrices showing p-values for post hoc comparisons 
using the Mann–Whitney test for all model combinations are 
reported in Table 4.

The “radiomics baseline” model performed significantly 
worse than all the other investigated approaches, resulting in 
bACC = 70.6%, SN = 67.2%, and SP = 74% (Tables 3 and 4).

Conversely, “PET zeros” yielded bACC comparable to 
that of the radiomics models employing 1 RF (Tables 3 and 
4). However, when Shape – Least Axis Length was removed 
from the analysis, its performance dropped to chance level 
(bACC = 60%, SN = 33.3%, SP = 86.7%). See Supplemen-
tary Table 4 for sub-analysis regarding the “PET zeros” 
model.

Regardless of the employed classifier, using the top 4, 
3, or 2 RFs did not significantly alter the performance of 
the generated models (p > 0.05, Table 4 and Supplemen-
tary Fig. 1). On the other hand, when only GLSZM—Zone 
Entropy was exploited, the performance dropped result-
ing in the best bACC overall of 79.2%, SN = 77.7%, and 
SP = 80.6%.

The best model obtained using LR exploited just 2 RFs 
and yielded bACC = 87.5%, SN = 88.3%, and SP = 86.7%. A 
similar performance was found with SVM employing 3 RFs 
(bACC = 87.6%, SN = 88.6%, SP = 86.7%, p = 0.889). KNN, 
at most, reached bACC = 81.3%, SN = 82.6%, and SP = 80%, 
achieving the worst results among the considered classifi-
ers (p = 0.018 as compared with the best model generated 
using LR, and p = 0.008 compared with SVM). A graphical 
representation of the comparison between the best models 
generated with the 3 different classifiers is reported in Fig. 4.

Comparison with biopsy

Twenty-four out of the 47 investigated patients were clas-
sified as low-grade ISUP (ISUP < 4) at biopsy, with the 
remaining 23/47 being labelled high grade. Specifically, 
9/47 patients were graded ISUP 2 or less, and 15/47 ISUP 
grade 3, 12/47 were defined ISUP grade 4 and 11/47 
ISUP, grade 5. Post-surgical examination of histopatho-
logical specimens confirmed low-grade BISUP in 15 

Fig. 3   A 70-year-old patient 
with biopsy-proven PCa. Post-
surgical ISUP grade 5, with 
iPSA = 25 ng/ml. A Exemplar 
image of 68 Ga-PSMA-11 PET/
MRI intraprostatic bilateral 
positive findings. B Manual 
segmentation of the prostate

Table 2   Comparison with the literature

Correlation between RFs exploited in this study (first column) and those identified in a similar work [18] using RFs extracted from the whole 
prostate on 68 Ga-PSMA-11 PET images for the prediction of post-surgical Gleason grade. This analysis allows to assess whether the two radi-
omic signatures are associated, despite the fact they employ different features. GLSZM, grey level size zone matrix; GLDM, grey level depend-
ence matrix; NGTDM, neighbouring grey tone difference matrix

Pearson correlation, r (p value)

GLSZM. 
Zone 
Entr

0.66 (5.25e − 07) 0.416 (0.004) 0.687 
(9.96e − 08)

0.627 
(2.33e − 06)

0.702 
(3.78e − 08)

0.029 (0.845) 0.682 
(1.29e − 07)

0.747 
(1.69e − 09)

NA

Least axis 
len

0.274 (0.062)  − 0.009 
(0.952)

0.176 (0.237) 0.224 (0.129) 0.147 (0.323) 0.63 (1.08e − 06) 0.155 (0.299) 0.172 (0.248) NA

Min 0.162 (0.276) 0.169 (0.255) 0.025 (0.866)  − 0.007 (0.964)  − 0.144 (0.334)  − 0.285 (0.052) 0.323 (0.027) 0.217 (0.143) NA
GLSZM.

salgle
 − 0.574 

(2.46e − 05)
 − 0.284 

(0.053)
 − 0.413 (0.004)  − 0.417 (0.004)  − 0.393 (0.006) 0.019 (0.897)  − 0.493 

(4.4e − 04)
 − 0.513 

(2.2e − 04)
NA

GLDM.dep entr MGTDM.con GLCM.con NGTDM.com SUVmean Max. 2D diam 90th% GLDM.hgle Tot SUV
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patients and high grade in 23 patients. All the subjects 
graded as ISUP 4 or more at biopsy were confirmed to 
be high grade at RP, but in 9 patients the biopsy underes-
timated the aggressiveness of PCa, reporting BISUP < 4 
that was later revised to be high-grade PCa after surgery. 
Overall, the bACC of biopsy in this cohort was 85.9% 
(CI: 72–94%), SN = 71.9%, SP = 100%, PPV = 100%, and 
NPV = 62.5%, while the best radiomics model resulted in 
bACC = 87.6% (CI: 77–95%), SN = 88.6%, SP = 86.7%, 
PPV = 94%, and NPV = 82.5% (SVM, 3 RFs). See Fig. 5 
for a visualization of the comparison between SVM 
trained with 3 RFs and biopsy for the prediction of 
PSISUP grade.

Discussion

This study investigated the role of [68Ga]Ga-PSMA-11 PET 
radiomics for the non-invasive characterization of PCa dur-
ing staging phase, demonstrating an excellent performance 
of radiomics machine learning models for the prediction of 
PSISUP grade (balanced accuracy up to 87.6%).

At present, histopathological analysis of prostate biopsy 
represents the cornerstone for the management of patients 
affected by PCa. However, this procedure is highly invasive, 
and it is known to possibly underestimate the post-surgical 

ISUP grade in up to 30% of cases. Therefore, there is an 
urgent need for novel, accurate, and non-invasive tools to 
characterize primary PCa.

Previous studies investigated the association between 
quantitative MRI parameters and PSISUP grade, showing a 
negative correlation between ADC values and PCa aggres-
siveness [34, 35]. Recently, also semi-quantitative PET 
parameters have been studied in relation to clinical and his-
topathological outcomes in PCa, and a positive association 
was found between [68Ga]Ga-PSMA-11 SUVmax and ISUP 
grade [36].

In the last years, an increased interest in radiomics for 
PCa diagnosis and management has been observed. While 
the majority of the first studies were based on morpho-
logical imaging [37–40], recently, the potential of [68Ga]
Ga-PSMA-11 PET radiomics has strongly emerged [18, 
41–43]. Solari et  al. developed a SVM capable of dis-
criminating between PSGG 1–3, PSGG 4, and PSGG 5 with a 
bACC = 74.9% [18], while the model generated by Zambo-
glou et al. reached an area under the curve (AUC) = 0.84 for 
the prediction of post-surgical Gleason Score [42].

The combination of RFs extracted from [68Ga]Ga-PSMA-11 
PET images with apparent diffusion coefficient (ADC) maps 
obtained by MRI seems to yield even better results, as reported 
by Solari et al. that showed an improvement of bACC from 74.9 
to 81.57% [18]. Similar results were also obtained by Papp et al. 

Table 3   Models’ performance

Performance of the machine learning models on the validation sets reported using balanced accuracy (and 95% confidence interval), sensitivity, 
specificity, positive predictive value, and negative predictive value. The same control models (radiomics baseline and PET zeros) and radiomics 
machine learning models trained with 1, 2, 3, and 4 RFs were generated using three different classifiers

Model Balanced accuracy, % (CI) Sensitivity, % Specificity, % Positive pre-
dicted value, 
%

Negative 
predicted 
value, %

Logistic regression Radiomics baseline 70.6 (57.4 − 82.7) 67.2 74 85.8 55.8
PET zeros 77.4 (63.3 − 87.7) 72.2 82.7 90.9 61.9
1 RF 79.2 (66.7 − 89.3) 77.7 80.6 90.5 66.7
2 RFs 87.5 (76.9 − 95.2) 88.3 86.7 93.8 81.1
3 RFs 86.5 (74.3 − 93.8) 89.7 83.3 92.9 82.3
4 RFs 86.3 (74.3 − 93.8) 85.9 86.7 94.4 77.6

Support vector machine Radiomics baseline 69.6 (55.1 − 80.9) 60.5 78.7 87.3 51.8
PET zeros 76.3 (61.9 − 86.1) 69.3 83.3 91.3 60.3
1 RF 77.9 (64.3 − 87.7) 73.7 82 91 64.2
2 RFs 87.3 (76.9 − 95.2) 87.9 86.7 94 80.8
3 RFs 87.6 (76.9 − 95.2) 88.6 86.7 94 82.5
4 RFs 87.1 (74.3 − 93.8) 88.3 86 93.8 80.9

K nearest neighbour Radiomics baseline 64.8 (50.7 − 77.3) 61.6 67.9 82.4 48
PET zeros 72.7 (59.7 − 84.4) 68.7 76.7 87.6 56.6
1 RF 74.1 (59.7 − 84.4) 65.3 82.7 90.6 54.8
2 RFs 81.3 (69.2 − 90.9) 82.6 80 91.1 69.8
3 RFs 81.2 (69.2 − 90.9) 82.5 80 90.4 70.3
4 RFs 81.2 (69.2 − 90.9) 82.3 80 91.5 73.4
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that implemented a mixed ensemble learning scheme built on 
random forest classifiers validated by means of Monte Carlo 
cross-validation (accuracy = 81%, AUC = 0.86) [19].

Despite these promising results, the lack of interpretabil-
ity and standardization that affects the field of radiomics 
are issues that currently hamper the possibility to translate 
the application of radiomics into clinical practice [14]. For 
this reason, the methodology of the present study has been 
developed to guarantee robust and explicable results, based 
on previously acquired knowledge.

In this work, radiomic features were extracted from the 
whole prostate; this approach is less prone to inter-reader vari-
ability and provides more robust segmentations [24]. Moreo-
ver, the risk of sampling error is avoided, as it is the possibility 

to analyze small lesions that are likely to be surrogates of 
VOI volume [44, 45]. The choice to segment the whole organ 
for RF extraction and subsequent analysis is also supported 
by practical reasons, including the fact that emerging tools 
for automatic segmentation of prostate on MRI, CT, and 
PET images are achieving excellent accuracies [46–48]. The 
nearly instantaneous definition of a VOI is a substantial step 
towards the translation of radiomics into clinical practice, as 
the manual contouring of VOIs is extremely time-consuming 
and hardly compatible with the clinical routine. Furthermore, 
the automatic segmentation of the prostate, paired with the 
extraction and analysis of a set of predefined RFs, will cer-
tainly improve the reproducibility and stability of radiomic 
models, thus facilitating the translation ability of radiomics.

Table 4   Comparisons between models’ performances

Correlation matrices showing p value forMann-Whitney tests between all models performances(for each classifier); * p <0.05, ** p < 0.01, *** 
p < 0.001
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In the present work, minimum redundancy maximum rel-
evance approach was used to identify meaningful RFs for 
the prediction of PSISUP grade, and only the 4 most relevant 
RFs were selected to avoid overfitting. One of the main dif-
ferences between this study and those previously investigat-
ing the role of [68Ga]Ga-PSMA-11 PET radiomics for the 
characterization of primary PCa is that all analyses were 
repeated by employing only the best 3, 2, and finally using 
just the most significant RF to identify the simplest, yet most 
informative, model.

Interestingly, regardless of the adopted classifier, using 
the top 4 RFs or just a combination of GLSZM—Zone 
Entropy and shape—Least Axis Length gave comparable 
results, suggesting that all information used by the machine 
learning models was stored in these two features.

Furthermore, RFs used in this study were correlated 
with those identified as highly informative in a previous 
work by using the whole prostate as VOI for   [68Ga]Ga-
PSMA-11 PET radiomics in a similar setting [18]. This 
analysis allowed to assess the potential association between 
the signatures identified in these two studies, even though 
they employ different features, thus increasing the interpret-
ability of the generated signatures.

Correlation of GLSZM—Zone Entropy and shape—Least 
Axis Length with the features identified by Solari et al. 
[18] showed that GLSZM—Zone Entropy strongly corre-
lates with GLDM – Dependence Entropy, GLCM – Con-
trast, NGTDM – Complexity, SUVmean, 90th Percentile, and 
GLDM – High Gray Level Emphasis. The first three RFs 
describe non-uniformity within the VOI which indicates 
high heterogeneity and the latter higher intensities of voxel 
values, both very well-known markers of tumour aggressive-
ness [49, 50]. Maximum 2D Diameter Row was the most 
often selected PET feature by Solari et al. and correlated 
significantly with Least Axis Length used in this study 
(r = 0.63, p < 0.001).

These findings support the idea that machine learning 
models trained with an indicator of non-uniformity (i.e. 
GLSZM—Zone Entropy or GLDM – Dependence Entropy) 
and a shape feature representing the measure of the VOI 
might be enough to accurately characterize PCa in the stag-
ing phase. Furthermore, SUVmean, an acknowledged [68Ga]
Ga-PSMA-11 PET parameter that has been largely inves-
tigated in the past [36, 50, 51], was not exploited in the 
present work as it was discarded by mRMR algorithm, but 
was found to be informative by both Papp and Solari [18, 
19] and it correlated with GLSZM—Zone Entropy, the most 
important RF here identified. Therefore, in future works it 
would be interesting to also analyze the utility of SUVmean 
combined with RFs for the prediction of PSISUP grade.

Fig. 4   Boxplots showing the balanced accuracy of the best perform-
ing models for each of the three investigated classifiers; *p < 0.05, 
**p < 0.01

Fig. 5   Bar plot showing the per-
formance of the best-performing 
radiomic model compared to 
biopsy for the prediction of 
post-surgical ISUP grade
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According to a recent review, approximately thirty stud-
ies investigated the role of radiomics based on MR, CT, and 
PET imaging for the assessment of PCa aggressiveness by 
employing several different classifiers [14]. Logistic regres-
sion, support vector machine, and random forest are the most 
represented and the results of this study confirmed their util-
ity (SVM and LR bACC = 87.6% and 87.5%, respectively), 
while the K nearest neighbour seems to underperform, 
reaching the highest bACC of 81.3%.

The interpretability of radiomic findings is at least as 
important as the results themselves, as the translation ability 
of a radiomic signature largely depends on its interpretability. 
In fact, the correct interpretation of a radiomic model allows 
to (1) test it; (2) simplify it, ensuring the generation of the 
simplest, yet most informative model; and (3) gain insights 
into the underlying pathophysiological mechanisms. How-
ever, an accurate study design may not be enough to ensure 
model interpretability in radiomics. Indeed, it has been previ-
ously reported that well-conducted studies with high radiom-
ics quality scores [52] generated complex radiomic signatures 
that were later found to be surrogates of simple features, such 
as volume [53, 54]. For this reason, control models should 
always be employed in radiomics studies as recommended 
by the recently published joint EANM/SNMMI guidelines 
on radiomics in nuclear medicine [55].

To ensure that the findings of this study are indeed rely-
ing on the investigated features, two control models were 
generated. A “radiomics baseline” model composed by 
VOI volume and SUVmax yielded the worst results overall, 
resulting, at best, in a bACC of 70.6% (CI: 57.4–82.7). 
Another model was developed by setting to 0 all voxel 
values within the VOI and produced similar results to 
the radiomics model exploiting only GLSZM—Zone 
Entropy. However, as expected, when Least Axis Length 
was removed from the analysis, its performance dropped to 
chance level. These findings support the hypothesis that the 
radiomic signature here presented relies on more complex 
features than VOI volume and SUVmax and that shape and 
texture features play a complementary role in the predic-
tion of PSISUP grade.

To be applied in clinical practice, radiomic signatures 
not only have to be interpretable and robust, but also should 
outperform the current gold standard for PCa management. 
All patients enrolled in the present study had availability 
of ISUP grade assessed both at biopsy and after radical 
prostatectomy, thus allowing a thorough comparison for the 
accuracy of radiomic models and biopsy. While examination 
of prostatic biopsy cores resulted in higher specificity and 
positive predictive value (both 100%), the best developed 
radiomic model achieved slightly higher bACC, sensitivity, 
and negative predictive values (87.6 (CI: 77–95%), 88.6, and 
82.5% respectively, compared to 85.9 (CI: 72–94), 71.9, and 
62.5% found with biopsy).

The correct identification of high-risk PCa patients (ISUP 
4 and 5) is of the utmost importance as these patients have a 
higher risk of developing biochemical recurrence and often 
require a combination of multiple modalities of treatment 
[2]. Therefore, the higher sensitivity shown by the radiomic 
models as compared to biopsy potentially bears important 
clinical implications.

Since radiomics is a novel discipline, these first promising 
results have to be confirmed in large, multicentric cohorts. 
Then, [68Ga]Ga-PSMA-11 PET radiomics could be proposed 
in clinical trials, paired with the analysis of histopathological 
specimen gathered from biopsy, for driving the clinical man-
agement of PCa patients, tailoring their treatment planning, 
and potentially improving their prognosis.

Some limitations should be pointed out. Firstly, this is 
a single-centre study based on a relatively small cohort. 
However, the investigated cohort was highly homogeneous 
and the sample was split into train and validation sets using 
fivefold stratified cross-validation, ensuring the presence of 
low-grade patients in each fold, and the whole process was 
repeated 10 times to provide a more robust estimate of the 
classifiers’ performance [31].

Secondly, recent evidence suggests that a combination 
of RFs extracted from [68Ga]Ga-PSMA-11 PET and ADC 
maps represents the best approach to characterize PCa and 
its course [18, 19, 56]. Unfortunately, this approach was not 
applicable to our cohort as 22 patients were examined with 
PET/CT and a sample of 25 patients would have not been 
enough to train machine learning models.

Moreover, PET images analyzed in this study were 
acquired with either PET/MR or PET/CT tomographs, 
therefore potentially increasing the inter-scanner variabil-
ity. However, the use of ComBat software to harmonize the 
extracted RFs reduced as much as possible the variability 
due to the use of different scanners.

Finally, a selection bias might have occurred as only 
patients with biopsy-proven PCa that underwent RP were 
included in this study. Nonetheless, this selection was nec-
essary to have stable ground truth for models’ generation 
and validation.

Conclusion

In the present study, we found that radiomics, combined with 
machine learning, achieved slightly higher bACC compared 
to the histological analysis of prostate biopsy cores for the 
prediction of post-surgical ISUP grade, thus supporting its 
use for an accurate and non-invasive characterization of PCa 
in the staging phase. Future, multicentric studies will be 
needed to establish with certainty the accuracy and repro-
ducibility of the radiomic signature here proposed.
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