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Abstract
Objective This retrospective study aimed to analyse the correlation between somatostatin receptor subtypes (SSTR 1–5) and 
maximum standardized uptake value (SUVmax) in meningioma patients using Gallium-68 DOTA-D-Phe1-Tyr3-octreotide 
Positron Emission Tomography ([68Ga]Ga-DOTATOC PET). Secondly, we developed a radiomic model based on apparent 
diffusion coefficient (ADC) maps derived from diffusion weighted magnetic resonance images (DWI MRI) to reproduce 
SUVmax.
Method The study included 51 patients who underwent MRI and [68Ga]Ga-DOTATOC PET before meningioma surgery. 
SUVmax values were quantified from PET images and tumour areas were segmented on post-contrast T1-weighted MRI and 
mapped to ADC maps. A total of 1940 radiomic features were extracted from the tumour area on each ADC map. A random 
forest regression model was trained to predict SUVmax and the model’s performance was evaluated using repeated nested 
cross-validation. The expression of SSTR subtypes was quantified in 18 surgical specimens and compared to SUVmax values.
Results The random forest regression model successfully predicted SUVmax values with a significant correlation observed 
in all 100 repeats (p < 0.05). The mean Pearson’s r was 0.42 ± 0.07 SD, and the root mean square error (RMSE) was 
28.46 ± 0.16. SSTR subtypes 2A, 2B, and 5 showed significant correlations with SUVmax values (p < 0.001, R2 = 0.669; 
p = 0.001, R2 = 0.393; and p = 0.012, R2 = 0.235, respectively).
Conclusion SSTR subtypes 2A, 2B, and 5 correlated significantly with SUVmax in meningioma patients. The developed 
radiomic model based on ADC maps effectively reproduces SUVmax using [68Ga]Ga-DOTATOC PET.

Keywords ADC maps · Radiomic features · SUVmax · [68Ga]Ga-DOTATOC PET · Meningioma

Received: 3 July 2023 / Accepted: 3 August 2023
© The Author(s) 2023

Somatostatin receptor subtype expression and radiomics from 
DWI-MRI represent SUV of [68Ga]Ga-DOTATOC PET in patients with 
meningioma

Sarah Iglseder1 · Anna Iglseder2 · Vincent Beliveau1,3 · Johanna Heugenhauser1 · Elke R. Gizewski3,4 · 
Johannes Kerschbaumer5 · Guenther Stockhammer1 · Christian Uprimny6 · Irene Virgolini6 · Jozsef Dudas7 · 
Meinhard Nevinny-Stickel8 · Martha Nowosielski1 · Christoph Scherfler1,4

1 3

http://crossmark.crossref.org/dialog/?doi=10.1007/s11060-023-04414-3&domain=pdf&date_stamp=2023-9-14


Journal of Neuro-Oncology

Introduction

Magnetic resonance imaging (MRI) is the gold standard to 
diagnose meningioma and represents an important imag-
ing tool for surgical as well as radiation treatment planning, 
monitoring and follow-up after treatment [1]. Following 
meningioma surgery, conventional neuroimaging with MRI 
has limitations in distinguishing between tumour remnants 
and adjacent anatomical structures, postoperative changes 
(e.g., scars) [2] and/or bone involvement [3]. This is par-
ticularly important for subsequent treatment planning such 
as (re-)resection or radiation therapy (i.e., definition of the 
target volume). A further challenge in meningioma man-
agement is the early prediction of tumour recurrence or 
progression. Studies have shown that positron emission 
tomography (PET) imaging can overcome some of these 
challenges.

Somatostatin receptors (SSTR) are one of the main tar-
gets for PET imaging of meningiomas. High levels of SSTR 
subtype 2 expression were found in meningioma compared 
to a very low expression in adjacent structures like brain 
tissue or bone [4–6]. Gallium-68 [68Ga]Ga–labeled SSTR 
ligands (DOTATOC, DOTATATE, DOTANOC) with high 
affinity to these receptors have therefore been shown to 
add valuable diagnostic information during meningioma 
management [2, 7–9]. [68Ga]Ga-DOTATOC PET has the 
ability to differentiate between tumorous and non-tumorous 
areas in regions with low MRI contrast [2, 8]. Due to the 
good tumour/non-tumour contrast, [68Ga]Ga-DOTATOC 
PET has also been used for radiation planning [10–13] with 
the goal to spare as much critical tissue as possible without 
missing tumour. It was also shown that [68Ga]Ga-DOTA-
TOC PET maximum standardized uptake value (SUVmax) 
predicted faster growth in World Health Organization 
(WHO) grades I and II meningioma [9]. To determine tracer 
uptake intensity in PET imaging, SUVmax is used to supple-
ment visual interpretation and it represents the tissue radio-
activity concentration [14]. A correlation between SSTR2 
expression and corresponding SUVmax was found [15] in 
neuronavigated tissue biopsies. No correlation of SSTR 
subtypes (especially 2A und 2B) with SUVmax from [68Ga]
Ga-DOTATOC PET has been done so far in meningioma 
patients. Although, SSTR-directed PET provides additional 
diagnostic information, it is not routinely integrated into 
the first-line diagnostic evaluation of meningiomas as not 
every neuro-oncologic center has the availability of a PET 
scanner. Hence, obtaining maximum information from MRI 
images which are acquired in clinical routine, is desirable.

Diffusion-weighted imaging (DWI) is a broadly available 
MRI sequence used to provide quantitative information on 
the diffusion of water molecules within the brain tissue and 
is an integral part of standard brain tumour imaging [16]. 

Radiomics is a method introduced to characterize complex 
structural properties from imaging data such as texture, 
shape, or decencies among neighbouring voxels. Radiomics 
has been shown to have numerous applications in neuro-
radiology [17] and could help the assessment of tumour 
phenotypes from routine medical images by providing 
additional quantitative information. Indeed, several studies 
investigating radiomics features derived from DWI MRI in 
meningioma patients already exist [18].

In this study, we aim to investigate the pathophysiologi-
cal background of the SUVmax signal by comparing it to 
the expression of SSTR subtypes in meningioma tissue. As 
DWI MRI and ADC maps have been associated to infor-
mation on cellular density [19] and properties of the extra-
cellular matrix [20, 21] we hypothesize that the complex 
information described by radiomic features may contain 
signal related to [68Ga]Ga-DOTATOC PET/CT SUVmax 
values. For this purpose, we trained and evaluated a pre-
dictive model for inferring SUVmax values from radiomic 
features of the meningioma derived from ADC maps.

Materials and methods

Patient data and imaging

The protocol for our retrospective study was reviewed 
and approved by the local independent ethics committee 
(UN5202, 328/4.16). From January 2006 to February 2020, 
all patients who underwent a cranial MRI and [68Ga]Ga-
DOTATOC PET/CT prior to surgery for cranial meningi-
oma (first diagnosis and recurrent tumour) were evaluated. 
All meningiomas included in this study were surgically 
resected and the histologic analysis was done according the 
WHO criteria 2006 and 2016 (depending on the time point 
of study inclusion of the patients) [22, 23]. The inclusion 
criteria for the imaging part of the study were as follows: 
(1) histologically confirmed meningioma, (2) preoperative 
MRI (including T1 sequences with and without contrast 
enhancement, T2/FLAIR sequences, DWI-MRI with ADC 
maps) and [68Ga]Ga-DOTATOC PET/CT images within 
a time interval of 180 days, (3) determination of extent of 
surgical resection (Simpson Grade) by reviewing of surgi-
cal documentations in combination with pre- and postopera-
tive MRI findings. The exclusion criteria were as follows: 
(1) ADC maps with other b-values than 0 and 1000 s/mm2, 
(2) incomplete or severe artefacts in MRI or PET images/
sequences, (3) in case of recurrent meningioma, other inter-
ventions (e.g. chemotherapy, radiation therapy) except for 
prior surgery. In case of multiple meningiomas, the resected 
meningioma was used for analysis. Immunohistochemi-
cal analysis was performed in patients with sufficient and, 
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above all, good tissue quality for immunohistochemical 
staining.

After consideration of the inclusion and exclusion cri-
teria, 51 consecutive patients were included in this study 
with 35 low grade (WHO I) and 16 high grade (WHO II and 
III) meningiomas. Twelve (23,5%) patients had recurrent 
tumour. Importantly, these recurrent tumours were treat-
ment naive, hence no other therapy (i.e., radiation) except 
for surgery has been applied before. See Table 1 for further 
patient details.

MRI and PET data acquisition

Patients have been investigated on different MRI scanners 
using 3 Tesla (T) and 1,5T (Siemens Symphony Vision 
(n = 5), Siemens Symphony Tim (n = 26), Siemens Avanto 
(n = 1), Siemens Sonata (n = 1), Siemens Aera (n = 5), Sie-
mens Skyra (n = 9), GE Optima (n = 1) and Philips Achieva 
(n = 3)). Importantly, diffusion weighting was applied with 
b-values at 0 and 1000 s/mm2 in all patients. For details 

on the imaging protocol, please see Supplement Table 1. 
[68Ga]Ga-DOTATOC PET/CT scans were performed at 
the Department of Nuclear Medicine at Innsbruck Medi-
cal University using a dedicated PET/CT system General 
Electric (GE Discovery 690).[68Ga]Ga was obtained from 
a [68Ge]/[68Ga] radionuclide generator (Eckert & Ziegler, 
Berlin; Germany). The described method by Decristoforo 
et al. [24] was used for synthesis of [68Ga]Ga-DOTATOC 
and it was applied intravenously followed by a tracer uptake 
phase of 60 min. A contrast enhanced low-dose CT scan 
(Siemens Medical Solutions, Erlangen, Germany) of the 
head was performed for attenuation correction. The PET 
scan was acquired in a single bed position and the duration 
of acquisition was 5 min in emission mode, starting 60 min 
after application. PET emission data were reconstructed as 
axial, coronal and sagittal [25].

MRI processing

Individual 3D T1 weighted MR images were segmented 
into gray matter, white matter and cerebrospinal fluid (CSF) 
compartments using statistical parametric mapping (SPM, 
Wellcome Department of Cognitive Neurology, London, 
United Kingdom). To compensate for eddy currents, DWI 
images were registered to an individual reference image 
without diffusion weighting (3D T1) using SPM [26]. Regis-
tered DWI were visually verified for correct calculation and 
reconstruction for every subject. Individual T1 post contrast 
enhanced images were used to segment the contrast enhanc-
ing tumour region and generate volumes of interest (VOIs). 
T2 weighted images were used to segment the T2 hyper-
intense voxels surrounding the tumour (edema). A semiau-
tomatic segmentation method based on a signal intensity 
threshold and margin-based algorithms (ITK-SNAP 3.8.0) 
was used for this segmentation. This approach was previ-
ously shown to have high efficiency and produce reliable 3D 
segmentations [27]. Necrotic tissue was excluded from the 
segmentation. The manual labelling was performed by one 
experienced investigator (SI) in image segmentation with 8 
years of experience.

In order to standardize ADC values among MRI scan-
ners, previously delineated areas of the tumour and edema 
as well as the compartment of the CSF were deduced from 
the gray and white matter compartments. Consecutively, 
the ratio of ADC values of each individual voxel within the 
individual compartments (tumour, edema and the tumour-
free compartment) was calculated. In order to avoid con-
tamination from CSF and non-brain compartments due to 
partial volume effects, ADC voxel values that were outside 
a threshold of mean CSF ADC of 2 SD (standard devia-
tions), determined for each individual, were excluded.

Table 1 Patients’ and meningioma characteristics
Patients 51

male : female (ratio) 21 : 30 (1 : 1,4)
median age at resection (range) 54 years (21 – 

85 years)
multifocal meningioma 12 (23,5%)

Meningiomas 51
World Health Organization (WHO) grade
I 35 (68,6%)
II 11 (21,6%)
III 5 (9,8%)
primary : recurrent 39 (76,5%) : 

12 (23,5%)
Histological classification of meningiomas

Meningothelial 22 (43,1%)
Fibroblastic 2 (3,9%)
Microcystic 1 (2,0%)
Secretory 3 (5,9%)
Transitional 7 (13,7%)
Atypical 11 (21,6%)
Anaplastic 5 (9,8%)
Tumor site
Olfactorius nerve 1 (2,0%)
Sphenoidal 11 (21,6%)
Petroclival/clival 3 (5,8%)
Frontoparietal/-basal 7 (13,7%)
Sphenoorbital 4 (7,8%)
Parasagittal/falx 13 25,5%)
Infratentorial 1 (2,0%)
Convexity 11 (21,6%)

Extent of Resection (Simpson grading for 
meningioma)

Gross-total resection (Simpson grade I-III) 39 (76,5%)
Subtotal resection (Simpson grade IV-V) 12 (23,5%)
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were tuned to optimize the model. Details can be found in 
the online documentations of the according software pack-
ages mRMRe (2.1.2) [32] and caret (6.0–93) as well as fea-
ture selection and model tuning [33]. Default settings were 
used. The final model was applied on the test data within 
each fold. The cross-validation was repeated 100 times to 
obtain a realistic distribution of the prediction accuracy. 
This resulted in 100 predicted SUVmax values for each of the 
51 subjects. For each repeat, the predicted and the observed 
values were compared by calculating the root mean square 
error (RMSE) and a Pearson correlation test. The signifi-
cance of the correlation for each repeat and the variance of 
the RMSE over all repeats were considered. Furthermore, 
the mean and the standard error across all repeats was cal-
culated for each case and summarized in a plot.

To extract the relevance of the different features, the fre-
quency of the features selected for the model after mRMR 
and rfe within the 1000 computed models (10 folds, 100 
repeats) was analysed. The modelling and statistical data 
analysis was implemented in R, version 4.2.1 [34] and 
SSPS, version 26.0 [35].

Immunohistochemical analysis and semi-
quantitative assessment of somatostatin receptors

Out of the 51 patients we identified 18 surgical specimens 
from histologically confirmed meningioma patients who 
had good tissue quality for immunohistochemical staining 
of SSTR. Please see Supplement 2 for detailed description 
of the immunohistochemical analysis of somatostatin recep-
tors (SSTR1, SSTR2A, SSTR2B, SSTR3, SSTR4, SSTR5). 
Semi-quantitative assessment of tissue receptor expression 
was performed using the immunoreactive-score (IRS). The 
IRS gives a range of 0–12 as a product of multiplication 
between staining intensity score (0 = no staining; 1 = 0.1–
29%; 2 = 30–59.9%; 3 = 60–100%) and positive cells pro-
portion score (0 = no positive cells, 1 = < 10% of positive 
cells, 10–50% positive cells, 51–80% positive cells, > 80% 
positive cells) [36]. SUVmax from [68Ga]Ga-DOTATOC 
PET/CT was calculated in these patients and Spearman rank 
test was used to correlate IRS with SUVmax.

Results

Radiomic feature selection and prediction 
performance evaluation

The SUVmax values predicted by the random forest regres-
sion models correlated significantly with the observed val-
ues (p < 0.05) for all 100 repeats with a mean Pearson’s 
r = 0.42 ± 0.07 SD and a RMSE = 28.46 ± 0.16. The mean 

Radiomic features

Radiomic features were extracted from the ADC maps 
within the manually defined VOI using PyRadiomics v3.0.1 
[28]. PyRadiomics implements 8 pre-processing filters 
and 7 classes of radiomic feature leading to a total of 1940 
unique radiomic features. The radiomic features included 
first order features, shape features (3D and 2D), gray 
level co-occurrence matrix (GLCM) features, gray level 
size zone matrix (GLSZM) features, gray level run length 
matrix (GLRLM) features, neighbouring gray tone differ-
ence matrix (NGTDM) features and gray level dependence 
matrix (GLDM) features. Detailed descriptions of the pre-
processing filters and radiomic features can be found in the 
online documentation (https://pyradiomics.readthedocs.io).

Analysis of [68Ga]Ga-DOTATOC PET/CT imaging

The PET/CT images were interpreted visually and semi-
quantitatively by an experienced nuclear medicine physician 
(CU, 10 years of experience). Regions of interest (ROIs) 
were drawn manually around the hypermetabolic tumour 
lesions by a nuclear medicine physician on a Hermes Work-
station (Hermes Medical Solutions, Stockholm, Sweden). 
To discriminate between tumour and non-tumoural tissue, 
we utilized the established SUVmax threshold of 2.3, as 
determined by Rachinger et al. [8]. The ROIs were adjusted 
in 3 planes so that the entire meningioma was included. 
SUVmax within the ROI was calculated by determining the 
maximum PET tracer uptake and correlating it with the 
applied dose and patients body weight. The highest SUVmax 
was recorded and used for further analysis.

Statistical analysis, feature selection and model 
construction

Within the statistical data analysis, the radiomics derived 
from the ADC maps are further used as predictor variables 
to establish a model for the corresponding SUVmax values. 
Therefore, a random forest regression model (ranger 0.14.1) 
[29] was used. The model was evaluated using a repeated 
nested cross-validation (CV) design with 100 repeats and 
10 and 5 folds for the outer and nested loops, respectively. 
To reduce the correlation between the features, optimize 
performance and avoid overfitting, a two-step feature selec-
tion was performed within each fold. Firstly, the number of 
features was narrowed down from 1940 to 30 using mini-
mum redundancy maximum relevance (mRMR) feature 
selection [30]. Secondly, the number of features was fur-
ther reduced using recursive feature elimination (rfe) [31]. 
Following this, the hyperparameters of the random forest 
regression models (mtry, split rule and minimum node size) 
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the features used in more than 500 out of 1000 models is 
shown in Fig. 2. Within this top ranked features, five dif-
ferent groups of radiomics can be identified: six first-order 
features, one gray-level dependence matrix (GLDM) fea-
ture, two gray-level co-occurrence matrix (GLCM) features, 
one neighboring gray-tone difference matrix (NGTDM) and 
three 3D Shape features (Table 2).

predicted values plotted against the observed values are 
shown in Fig. 1.

Across all folds and repeats, out of the 1940 unique 
radiomics features, a total of 220 different radiomic features 
were selected by the mRMR. The second step of feature 
reduction, the recursive feature elimination (rfe) within the 
random forest modelling, resulted in a feature sets of 2 to 30 
features (median number of features is 25) for the prediction 
within each fold. The most dominant feature was selected 
as input data for 992 out of 1000 models. To give an over-
view on feature analysis results, the relative frequency of 

Fig. 2 Radiomic features selected 
in more than 50% of all models
 

Fig. 1 Mean SUVmax values 
predicted by the random for-
est models plotted against the 
observed SUVmax values for 
the 51 considered patients. The 
error bars indicate the standard 
deviation. The yellow line is the 
identity line. The green line and 
corresponding shaded area repre-
sents a linear regression fit to the 
data and its confidence interval
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The IRS for SSTR2A, SSTR2B and SSTR5 correlated sig-
nificantly with the SUVmax on PET (p < 0.001, R2 = 0.669 
for SSTR2A; p = 0.001, R2 = 0.393 for SSTR2B; p = 0.012, 
R2 = 0.235 for SSTR5) (Fig. 3).

Discussion

In this retrospective study we immunohistochemically 
quantified SSTR subtypes in patients with resected menin-
gioma and showed that SSTR subtypes 2A, 2B and 5 
correlate significantly with SUVmax signal in [68Ga]Ga-
DOTATOC PET/CT. In a second step we showed the poten-
tial of radiomic features derived from ADC maps from DWI 
MRI to model the [68Ga]Ga-DOTATOC PET/CT SUVmax 
signal in meningioma patients of different grades. The fea-
tures with high explanatory value (selected in > 50% of all 
models) were dominated by first order, GLDM, GLCM, 
NGTDM and 3D Shape features.

In the first part of our study, we aimed to provide a patho-
physiological background for SUVmax signal in [68Ga]Ga-
DOTATOC PET. In PET, SUV came to be used as a tool to 
supplement visual interpretation and measures relative tis-
sue uptake in comparison to other structures considering an 
optimal diagnostic threshold [37] thereby gaining additional 

Correlation between [68Ga]Ga-DOTATOC PET/CT and 
the SSTR expression intensity

Within the 18 tumour specimens, SSTR2A showed the high-
est immunoreactivity with a median IRS of 8, while SSTR1, 
SSTR2B und SSTR5 had a median IRS of 3 and SSTR3 
und SSTR4 showed no immunoreactivity (median IRS = 0).

Analyses from preoperative [68Ga]Ga-DOTATOC PET/
CT revealed a median SUVmax of 12,3 (range 1.3–44.9). 

Table 2 Top ranked radiomic features categorised into five groups
First order square_firstorder_10Percentile

exponential_firstorder_Median
exponential_firstorder_10Percentile
wavelet.HHH_firstorder_Mean
exponential_firstorder_Mean
wavelet.HHL_firstorder_Skewness

GLDM wavelet.
HLH_gldm_DependenceNonUniformityNormalized

GLCM exponential_glcm_ClusterProminence
log.sigma.2.0.mm.3D_glcm_lmc1

NGTDM exponential_ngtdm_Complexity
3D Shape 
features

original_shape_flatness
original_shape_Maximum3DDiameter
original_shape_Elongation

GLDM: Gray-level dependence matrix, GLCM: Gray-level cooccur-
rence matrix, NGTDM: neighboring gray-tone difference matrix

Fig. 3 A. Significant correlation of IRS for SSTR2A with SUVmax (p < 0.001, R2 0.669). B. Significant correlation of IRS for SSTR2B with 
SUVmax (p = 0.001, R2 0.393). C. Significant correlation of IRS for SSTR5 with SUVmax (p = 0.012, R2 0.235)
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GLDM and NGTDM are examples of textural features that 
are computed from gray level matrices extracted from a pre-
segmented tumour. These features are then organized into 
groups based on the respective gray level matrices used in 
their extraction [45]. GLCM and GLDM provide valuable 
information on determining the optimal width for analys-
ing invasiveness and peritumoural regions in meningioma 
[46]. GLCM features are utilized as biomarkers of hetero-
geneity, offering valuable insights into the tumour micro-
environment [47]. In the case of meningiomas, NGTDM 
features, along with the other textural features, have demon-
strated their usefulness in predicting Ki-67 and p53 status, 
as well as showing good performance in predicting proges-
terone receptor expression in high-grad meningiomas [48, 
49]. Shape features, including 3D shape features, consist 
of descriptors that characterize the three-dimensional size 
and shape of ROI. These features are independent of the 
gray level intensity distribution of ROI. Several clinical trial 
have demonstrated that shape features extracted from MRI 
serve as informative imaging biomarkers for predicting high 
WHO grade and histological brain invasion in meningioma 
[50, 51].

To date, ADC radiomics in meningioma have only been 
investigated to predict meningioma grade [52] and outcome 
[53]. In a study of 71 meningioma patients, four statisti-
cally independent radiomic features derived from FLAIR, 
T1 contrast enhanced MRI and DWI MRI showed strong 
association with meningioma grades [52]. Using a decision 
forest classifier in 152 meningioma patients, built with 23 
selected texture features and the ADC value an accuracy of 
79.51% to predict meningioma grade was found [54]. Morin 
et al. [53] analysed prognostic models using clinical, radio-
logic (including ADC maps), and radiomic features to pre-
operatively identify meningiomas at risk for poor outcomes. 
Investigating 314 meningioma patients (57% WHO grade I, 
35% grade II, and 8% grade III) at two independent institu-
tions, they found that low ADC values were associated with 
high-grade meningioma, and low sphericity was associated 
with increased local failure and worse overall survival and 
the prediction of meningioma grading from preoperative 
brain MRI demonstrated good results in a meta-analysis 
[55].

Our results show that radiometric features derived from 
ADC maps can be significantly linked to the SUVmax signal. 
Therefore, our MR-based methodology could be of particu-
lar value for centers with limited access to PET imaging. 
Based on our findings, radiomics of ADC maps could be uti-
lized in further studies to predict response to PRRT, similar 
to how it has been done by Park et al. in selecting radiother-
apy for meningioma WHO grade II [56]. Certainly, as a lim-
itation of this study, prospective studies are needed to show 
the full clinical utility of our model e.g. to detect tumour, 

information on tumour margins and tumour volume for pos-
sible radiotherapy or radionuclide therapy [13, 38].

So far, only one study [8] investigated the correla-
tion between SSTR expression and SUV signal in [68Ga]
Ga-DOTATOC PET in patients with meningioma. In 21 
meningioma patients the authors found a significant posi-
tive correlation between SUVmax and SSTR2 expression 
and by analysing locally different biopsies a SUVmax cut off 
value of 2.3 was set to define tumorous tissue. A correlation 
subtype analysis in meningioma patients however has not 
been done so far. In our study we could confirm the correla-
tion between SSTR2 and SUVmax signal. We furthermore 
could show that different subtypes correlate differently with 
SUVmax signal (SSTR2A correlated best followed by 2B 
and 5).

Only recently, a comprehensive analysis from 726 
tumour samples showed a clear distinction of SSTR expres-
sion in meningioma subgroups. Especially, SSTR1, 2A, 
and 5 showed high expression rates [39]. The expression 
of SSTR2A has also shown to be an independent prognos-
tic value regarding meningioma recurrence [40]. This find-
ing is also important for further therapeutic consideration, 
as it relates to SSTR-targeted peptide receptor radionuclide 
therapy (PRRT), which represents a promising approach for 
treating refractory meningiomas that progress after surgery 
and radiotherapy [41, 42]. A deeper understanding on the 
distribution and role of somatostatin receptors in meningio-
mas is essential to further develop and refine a differentiated 
targeted application. PET with [68Ga]Ga-labelled soma-
tostatin analogues has shown to assess the tumour radionu-
clide uptake in PRRT of meningioma prior to treatment and 
serves as an estimate of the achievable dose [38]. It has been 
demonstrated that a lesion-based analysis of SUVmax and 
SUVmean in [68Ga]Ga-DOTATOC could predict response to 
PRRT [43] making [68Ga]Ga-DOTATOC PET an important 
predictive biomarker for PRRT. By showing that not only 
SSTR2 but especially SSTR2A, 2B and SSTR5 are highly 
correlated with SUVmax signal from [68Ga]Ga-DOTATOC 
we also provide more insight into the pathophysiology of 
the SUVmax signal and refine this pretherapeutically used 
diagnostic tool.

In the second part of the study, we established a predic-
tive model to infer SUVmax values from radiomic features 
derived from ADC maps. Besides semantic or standard fea-
ture like tumour volume and signal intensity, radiomics has 
the ability to generate many more parameters that have been 
linked to specific tumour characteristics. In our study, 13 
top ranked features which have been selected in the MRI 
model, were classified into five groups, as shown in Table 2. 
First-order statistics describe the distribution of voxel inten-
sities within the VOI and showed to be a helpful tool in 
identifying brain invasion in meningiomas [44]. GLCM, 

1 3



Journal of Neuro-Oncology

financial interests to disclose.

Originality and Presentations The authors confirm the originality of 
this study.

Open Access  This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

References

1. Goldbrunner R, Minniti G, Preusser M, Jenkinson MD, Salla-
banda K, Houdart E, von Deimling A, Stavrinou P, Lefranc F, 
Lund-Johansen M, Moyal EC, Brandsma D, Henriksson R, Sof-
fietti R, Weller M (2016) EANO guidelines for the diagnosis and 
treatment of meningiomas. Lancet Oncol 17:e383–391. https://
doi.org/10.1016/s1470-2045(16)30321-7

2. Afshar-Oromieh A, Giesel FL, Linhart HG, Haberkorn U, 
Haufe S, Combs SE, Podlesek D, Eisenhut M, Kratochwil C 
(2012) Detection of cranial meningiomas: comparison of (6)
(8)Ga-DOTATOC PET/CT and contrast-enhanced MRI. Eur J 
Nucl Med Mol Imaging 39:1409–1415. https://doi.org/10.1007/
s00259-012-2155-3

3. Pieper DR, Al-Mefty O (1999) Management of intracranial 
meningiomas secondarily involving the infratemporal fossa: 
radiographic characteristics, pattern of tumor invasion, and surgi-
cal implications. Neurosurgery 45: 231–237; discussion 237–238 
doi:https://doi.org/10.1097/00006123-199908000-00005

4. Dutour A, Kumar U, Panetta R, Ouafik L, Fina F, Sasi R, Patel YC 
(1998) Expression of somatostatin receptor subtypes in human 
brain tumors. Int J cancer J Int du cancer 76:620–627

5. Reubi JC, Maurer R, Klijn JG, Stefanko SZ, Foekens JA, Blaauw 
G, Blankenstein MA, Lamberts SW (1986) High incidence of 
somatostatin receptors in human meningiomas: biochemical 
characterization. J Clin Endocrinol Metab 63:433–438. https://
doi.org/10.1210/jcem-63-2-433

6. Menke JR, Raleigh DR, Gown AM, Thomas S, Perry A, Tihan 
T (2015) Somatostatin receptor 2a is a more sensitive diag-
nostic marker of meningioma than epithelial membrane anti-
gen. Acta Neuropathol 130:441–443. https://doi.org/10.1007/
s00401-015-1459-3

7. Kunz WG, Jungblut LM, Kazmierczak PM, Vettermann FJ, 
Bollenbacher A, Tonn JC, Schichor C, Rominger A, Albert NL, 
Bartenstein P, Reiser MF, Cyran CC (2017) Improved detection 
of Transosseous Meningiomas using (68)Ga-DOTATATE PET/
CT compared with contrast-enhanced MRI. Journal of nuclear 
medicine: official publication. Soc Nuclear Med 58:1580–1587. 
https://doi.org/10.2967/jnumed.117.191932

8. Rachinger W, Stoecklein VM, Terpolilli NA, Haug AR, Ertl 
L, Pöschl J, Schüller U, Schichor C, Thon N, Tonn JC (2015) 
Increased 68Ga-DOTATATE uptake in PET imaging discrimi-
nates meningioma and tumor-free tissue. J nuclear medicine: 

for radiation planning, and to predict tumour growth. As a 
further benefit we state that diagnostic based on radiomics 
has the advantage of being reproducible. By now, depending 
on the physician doing the contouring of the tumour from 
lower resolution PET scans, the volume and the size of a 
meningioma can vary depending on the SUV threshold set-
ting as there is no standardized procedure for selecting the 
intensity level [57]. This could be valuable for follow-up 
investigations.

In conclusion, in this study we could show that SSTR 
subtypes 2A, 2B and 5 correlate highly significantly with 
SUVmax. We developed a radiomic model based on ADC 
maps derived from DWI MRI to model SUVmax from [68Ga]
Ga-DOTATOC PET in meningiomas. Findings that may aid 
to increase the diagnostic as well as therapeutic accuracy in 
meningioma management.

Supplementary Information The online version contains 
supplementary material available at https://doi.org/10.1007/s11060-
023-04414-3.

Authors’ contributions Sarah Iglseder: Involved in study design, data 
collection, data analysis, and writing. Anna Iglseder: Contributed to 
data analysis and writing. Vincent Beliveau: Contributed to data analy-
sis and writing. Johanna Heugenhauser: Engaged in data collection, 
review, and editing. Elke R Gizewski: Involved in review and editing. 
Johannes Kerschbaumer: Participated in data collection, review, and 
editing. Guenther Stockhammer: Contributed to study design, writing, 
review, and editing. Christian Uprimny: Involved in data collection, 
review, and editing. Irene Virgolini: Contributed to study design, re-
view, and editing. Jozsef Dudas: Involved in data collection and data 
analysis. Meinhard Nevinny-Stickel: Engaged in review and editing. 
Martha Nowosielski: Contributed to study design, data collection, data 
analysis, and writing. Christoph Scherfler: Participated in data collec-
tion, data analysis, and writing.All authors reviewed the manuscript.

Funding This research did not receive any specific grant from funding 
agencies in the public, commercial, or not-for-profit sectors.
Open access funding provided by University of Innsbruck and Medical 
University of Innsbruck.

Data Availability The datasets generated during and/or analysed dur-
ing the current study are available from the corresponding author on 
reasonable request.

Declarations

Ethics approval and consent to participate This study was performed 
in line with the principles of the Declaration of Helsinki. Approval 
was granted by the Ethics Committee of Medical University Innsbruck 
(UN5202, 328/4.16).

Consent to participate Informed consent was obtained from all indi-
vidual participants included in the study.

Consent to publish The authors confirm that the human research par-
ticipants granted informed consent for the purpose of publication.

Competing interests The authors have no relevant financial or non-

1 3

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/s1470-2045(16)30321-7
https://doi.org/10.1016/s1470-2045(16)30321-7
https://doi.org/10.1007/s00259-012-2155-3
https://doi.org/10.1007/s00259-012-2155-3
https://doi.org/10.1097/00006123-199908000-00005
https://doi.org/10.1210/jcem-63-2-433
https://doi.org/10.1210/jcem-63-2-433
https://doi.org/10.1007/s00401-015-1459-3
https://doi.org/10.1007/s00401-015-1459-3
https://doi.org/10.2967/jnumed.117.191932
https://doi.org/10.1007/s11060-023-04414-3
https://doi.org/10.1007/s11060-023-04414-3


Journal of Neuro-Oncology

23. Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-
Branger D, Cavenee WK, Ohgaki H, Wiestler OD, Kleihues P, 
Ellison DW (2016) The 2016 World Health Organization Clas-
sification of Tumors of the Central Nervous System: a summary. 
Acta Neuropathol. 2016/05/10 edn., 803–820

24. Decristoforo C, Knopp R, von Guggenberg E, Rupprich M, 
Dreger T, Hess A, Virgolini I, Haubner R (2007) A fully auto-
mated synthesis for the preparation of 68Ga-labelled peptides. 
Nucl Med Commun 28:870–875. https://doi.org/10.1097/
MNM.0b013e3282f1753d

25. Putzer D, Kroiss A, Waitz D, Gabriel M, Traub-Weidinger T, 
Uprimny C, von Guggenberg E, Decristoforo C, Warwitz B, 
Widmann G, Virgolini IJ (2013) Somatostatin receptor PET in 
neuroendocrine tumours: (68)Ga-DOTA (0),tyr (3)-octreotide 
versus (68)Ga-DOTA (0)-lanreotide. Eur J Nucl Med Mol Imag-
ing 40:364–372. https://doi.org/10.1007/s00259-012-2286-6

26. Friston KJ, Ashburner J, Frith CD, Poline JB, Heather JD, Frack-
owiak RSJ (1995) Spatial Registration and normalization of 
images. Hum Brain Mapp 2:165–189

27. Yushkevich PA, Piven J, Hazlett HC, Smith RG, Ho S, Gee JC, 
Gerig G (2006) User-guided 3D active contour segmentation of 
anatomical structures: significantly improved efficiency and reli-
ability. NeuroImage 31:1116–1128. https://doi.org/10.1016/j.
neuroimage.2006.01.015

28. van Griethuysen JJM, Fedorov A, Parmar C, Hosny A, Aucoin 
N, Narayan V, Beets-Tan RGH, Fillion-Robin JC, Pieper S, Aerts 
HJWL (2017) Computational Radiomics System to Decode the 
Radiographic phenotype. Cancer Res 77:e104–e107

29. Wright MN, Ziegler A (2017) Ranger: a fast implementation of 
Random forests for high Dimensional Data in C + + and R. J Stat 
Softw 77:1–17. https://doi.org/10.18637/jss.v077.i01

30. Peng HC, Long FH, Ding C (2005) Feature selection based on 
mutual information: Criteria of max-dependency, max-relevance, 
and min-redundancy. Ieee T Pattern Anal 27:1226–1238. https://
doi.org/10.1109/Tpami.2005.159

31. Kuhn M (2008) Building Predictive Models in R Using the caret 
Package. Journal of Statistical Software, Foundation for Open 
Access Statistics vol. 28(i05)

32. De Jay N, Papillon-Cavanagh S, Olsen C, El-Hachem N, Bon-
tempi G, Haibe-Kains B (2013) mRMRe: an R package for 
parallelized mRMR ensemble feature selection. Bioinf (Oxford 
England) 29:2365–2368. https://doi.org/10.1093/bioinformatics/
btt383

33. Max Kuhn. Contributions from, Jed Wing SW, Andre Williams 
C, Keefer A, Engelhardt T, Cooper Z, Mayer (2016) Brenton 
Kenkel, the R Core Team, Michael Benesty, Reynald Lescarbeau, 
Andrew Ziem, Luca Scrucca, Yuan Tang and Can Candan. Clas-
sification and Regression Training. R package version 6.0–7

34. Team RC (2022) R: a language and environment for statistical 
computing. R Foundation for Statistical Computing, Vienna, 
Austria

35. Corp I (2019) IBM SPSS Statistics for Windows. IBM Corp, 
Armonk, NY. Version 26.0

36. Remmele W, Stegner HE (1987) [Recommendation for uniform 
definition of an immunoreactive score (IRS) for immunohisto-
chemical estrogen receptor detection (ER-ICA) in breast cancer 
tissue]. Pathologe 8:138–140

37. Kim SH, Roytman M, Madera G, Magge RS, Liechty B, Ramak-
rishna R, Pannullo SC, Schwartz TH, Karakatsanis NA, Osborne 
JR, Lin E, Knisely JPS, Ivanidze J (2022) Evaluating diagnos-
tic accuracy and determining optimal diagnostic thresholds of 
different approaches to [68Ga]-DOTATATE PET/MRI analy-
sis in patients with meningioma. Sci Rep 12:9256. https://doi.
org/10.1038/s41598-022-13467-9

38. Hänscheid H, Sweeney RA, Flentje M, Buck AK, Löhr M, 
Samnick S, Kreissl M, Verburg FA (2012) PET SUV correlates 

official publication Soc Nuclear Med 56:347–353. https://doi.
org/10.2967/jnumed.114.149120

9. Sommerauer M, Burkhardt JK, Frontzek K, Rushing E, Buck 
A, Krayenbuehl N, Weller M, Schaefer N, Kuhn FP (2016) 
68Gallium-DOTATATE PET in meningioma: a reliable predictor 
of tumor growth rate? Neuro Oncol 18:1021–1027. https://doi.
org/10.1093/neuonc/now001

10. Milker-Zabel S, Zabel-du Bois A, Henze M, Huber P, Schulz-
Ertner D, Hoess A, Haberkorn U, Debus J (2006) Improved tar-
get volume definition for fractionated stereotactic radiotherapy 
in patients with intracranial meningiomas by correlation of CT, 
MRI, and [68Ga]-DOTATOC-PET. Int J Radiat Oncol Biol Phys 
65:222–227. https://doi.org/10.1016/j.ijrobp.2005.12.006

11. Graf R, Nyuyki F, Steffen IG, Michel R, Fahdt D, Wust P, Brenner 
W, Budach V, Wurm R, Plotkin M (2013) Contribution of 68Ga-
DOTATOC PET/CT to target volume delineation of skull base 
meningiomas treated with stereotactic radiation therapy. Int J 
Radiat Oncol Biol Phys 85:68–73. https://doi.org/10.1016/j.
ijrobp.2012.03.021

12. Nyuyki F, Plotkin M, Graf R, Michel R, Steffen I, Denecke T, 
Geworski L, Fahdt D, Brenner W, Wurm R (2010) Potential 
impact of (68)Ga-DOTATOC PET/CT on stereotactic radio-
therapy planning of meningiomas. Eur J Nucl Med Mol Imaging 
37:310–318. https://doi.org/10.1007/s00259-009-1270-2

13. Gehler B, Paulsen F, Oksüz MO, Hauser TK, Eschmann SM, 
Bares R, Pfannenberg C, Bamberg M, Bartenstein P, Belka C, 
Ganswindt U (2009) [68Ga]-DOTATOC-PET/CT for menin-
gioma IMRT treatment planning. Radiat Oncol 4:56. https://doi.
org/10.1186/1748-717x-4-56

14. Thie JA (2004) Understanding the standardized uptake value, its 
methods, and implications for usage. J nuclear medicine: official 
publication Soc Nuclear Med 45:1431–1434

15. Miederer M, Seidl S, Buck A, Scheidhauer K, Wester HJ, 
Schwaiger M, Perren A (2009) Correlation of immunohistopatho-
logical expression of somatostatin receptor 2 with standardised 
uptake values in 68Ga-DOTATOC PET/CT. Eur J Nucl Med Mol 
Imaging 36:48–52. https://doi.org/10.1007/s00259-008-0944-5

16. Zakaria R, Das K, Bhojak M, Radon M, Walker C, Jenkinson MD 
(2014) The role of magnetic resonance imaging in the manage-
ment of brain metastases: diagnosis to prognosis. Cancer Imaging 
14:8. https://doi.org/10.1186/1470-7330-14-8

17. Gillies RJ, Kinahan PE, Hricak H (2016) Radiomics: images 
are more than pictures, they are data. Radiology 278:563–577. 
https://doi.org/10.1148/radiol.2015151169

18. Gu H, Zhang X, di Russo P, Zhao X, Xu T (2020) The current state 
of Radiomics for Meningiomas: promises and challenges. Front 
Oncol 10:567736. https://doi.org/10.3389/fonc.2020.567736

19. Hayashida Y, Hirai T, Morishita S, Kitajima M, Murakami R, 
Korogi Y, Makino K, Nakamura H, Ikushima I, Yamura M, Kochi 
M, Kuratsu JI, Yamashita Y (2006) Diffusion-weighted imaging 
of metastatic brain tumors: comparison with histologic type and 
tumor cellularity. AJNR Am J Neuroradiol 27:1419–1425

20. Le Bihan D, Breton E, Lallemand D, Aubin ML, Vignaud J, 
Laval-Jeantet M (1988) Separation of diffusion and perfusion in 
intravoxel incoherent motion MR imaging. Radiology 168:497–
505. https://doi.org/10.1148/radiology.168.2.3393671

21. Berghoff AS, Spanberger T, Ilhan-Mutlu A, Magerle M, Hut-
terer M, Woehrer A, Hackl M, Widhalm G, Dieckmann K, 
Marosi C, Birner P, Prayer D, Preusser M (2013) Preoperative 
diffusion-weighted imaging of single brain metastases correlates 
with patient survival times. PLoS ONE 8:e55464. https://doi.
org/10.1371/journal.pone.0055464

22. Louis DN, Ohgaki H, Wiestler OD, Cavenee WK, Burger PC, 
Jouvet A, Scheithauer BW, Kleihues P (2007) The 2007 WHO 
classification of tumours of the central nervous system. Acta Neu-
ropathol 114:97–109. https://doi.org/10.1007/s00401-007-0243-4

1 3

https://doi.org/10.1097/MNM.0b013e3282f1753d
https://doi.org/10.1097/MNM.0b013e3282f1753d
https://doi.org/10.1007/s00259-012-2286-6
https://doi.org/10.1016/j.neuroimage.2006.01.015
https://doi.org/10.1016/j.neuroimage.2006.01.015
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.1109/Tpami.2005.159
https://doi.org/10.1109/Tpami.2005.159
https://doi.org/10.1093/bioinformatics/btt383
https://doi.org/10.1093/bioinformatics/btt383
https://doi.org/10.1038/s41598-022-13467-9
https://doi.org/10.1038/s41598-022-13467-9
https://doi.org/10.2967/jnumed.114.149120
https://doi.org/10.2967/jnumed.114.149120
https://doi.org/10.1093/neuonc/now001
https://doi.org/10.1093/neuonc/now001
https://doi.org/10.1016/j.ijrobp.2005.12.006
https://doi.org/10.1016/j.ijrobp.2012.03.021
https://doi.org/10.1016/j.ijrobp.2012.03.021
https://doi.org/10.1007/s00259-009-1270-2
https://doi.org/10.1186/1748-717x-4-56
https://doi.org/10.1186/1748-717x-4-56
https://doi.org/10.1007/s00259-008-0944-5
https://doi.org/10.1186/1470-7330-14-8
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.3389/fonc.2020.567736
https://doi.org/10.1148/radiology.168.2.3393671
https://doi.org/10.1371/journal.pone.0055464
https://doi.org/10.1371/journal.pone.0055464
https://doi.org/10.1007/s00401-007-0243-4


Journal of Neuro-Oncology

radiomics based on enhanced T1WI. https://doi.org/10.1016/j.
crad.2023.06.006. Clinical radiology doi:

50. Friconnet G, Baudouin M, Brinjikji W, Saleme S, Espíndola Ala 
VH, Boncoeur-Martel M-P, Mounayer C, Rouchaud A (2022) 
Advanced MRI shape analysis as a predictor of histologically 
aggressive supratentorial meningioma. J Neuroradiol 49:275–
280. https://doi.org/10.1016/j.neurad.2020.12.007

51. Yan P-F, Yan L, Hu T-T, Xiao D-D, Zhang Z, Zhao H-Y, Feng 
J (2017) The potential value of preoperative MRI texture and 
shape analysis in Grading Meningiomas: a preliminary investiga-
tion. Translational Oncol 10:570–577. https://doi.org/10.1016/j.
tranon.2017.04.006

52. Laukamp KR, Shakirin G, Baessler B, Thiele F, Zopfs D, Grosse 
Hokamp N, Timmer M, Kabbasch C, Perkuhn M, Borggrefe J 
(2019) Accuracy of Radiomics-Based feature analysis on Multi-
parametric magnetic resonance images for Noninvasive Menin-
gioma Grading. World Neurosurg 132:e366–e390. https://doi.
org/10.1016/j.wneu.2019.08.148

53. Morin O, Chen WC, Nassiri F, Susko M, Magill ST, Vasudevan 
HN, Wu A, Vallières M, Gennatas ED, Valdes G, Pekmezci M, 
Alcaide-Leon P, Choudhury A, Interian Y, Mortezavi S, Turgutlu 
K, Bush NAO, Solberg TD, Braunstein SE, Sneed PK, Perry A, 
Zadeh G, McDermott MW, Villanueva-Meyer JE, Raleigh DR 
(2019) Integrated models incorporating radiologic and radiomic 
features predict meningioma grade, local failure, and overall sur-
vival. Neuro-oncology Adv 1:vdz011. https://doi.org/10.1093/
noajnl/vdz011

54. Lu Y, Liu L, Luan S, Xiong J, Geng D, Yin B (2019) The diag-
nostic value of texture analysis in predicting WHO grades of 
meningiomas based on ADC maps: an attempt using decision 
tree and decision forest. Eur Radiol 29:1318–1328. https://doi.
org/10.1007/s00330-018-5632-7

55. Ugga L, Perillo T, Cuocolo R, Stanzione A, Romeo V, Green R, 
Cantoni V, Brunetti A (2021) Meningioma MRI radiomics and 
machine learning: systematic review, quality score assessment, 
and meta-analysis. Neuroradiology 63:1293–1304. https://doi.
org/10.1007/s00234-021-02668-0

56. Park CJ, Choi SH, Eom J, Byun HK, Ahn SS, Chang JH, Kim 
SH, Lee S-K, Park YW, Yoon HI (2022) An interpretable 
radiomics model to select patients for radiotherapy after surgery 
for WHO grade 2 meningiomas. Radiat Oncol 17:147. https://doi.
org/10.1186/s13014-022-02090-7

57. Lecchi M, Fossati P, Elisei F, Orecchia R, Lucignani G (2008) 
Current concepts on imaging in radiotherapy. Eur J Nucl Med Mol 
Imaging 35:821–837. https://doi.org/10.1007/s00259-007-0631-y

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law. 

with radionuclide uptake in peptide receptor therapy in menin-
gioma. Eur J Nucl Med Mol Imaging 39:1284–1288. https://doi.
org/10.1007/s00259-012-2124-x

39. Behling F, Fodi C, Skardelly M, Renovanz M, Castaneda S, 
Tabatabai G, Honegger J, Tatagiba M, Schittenhelm J (2022) 
Differences in the expression of SSTR1–5 in meningiomas and 
its therapeutic potential. Neurosurg Rev 45:467–478. https://doi.
org/10.1007/s10143-021-01552-y

40. Fodi C, Skardelly M, Hempel JM, Hoffmann E, Castaneda S, 
Tabatabai G, Honegger J, Tatagiba M, Schittenhelm J, Behling 
F (2022) The immunohistochemical expression of SSTR2A is an 
independent prognostic factor in meningioma. Neurosurg Rev 
45:2671–2679. https://doi.org/10.1007/s10143-021-01651-w

41. Gerster-Gilliéron K, Forrer F, Maecke H, Mueller-Brand J, Merlo 
A, Cordier D (2015) 90Y-DOTATOC as a therapeutic option 
for Complex Recurrent or Progressive Meningiomas. Jour-
nal of nuclear medicine: official publication. Soc Nuclear Med 
56:1748–1751. https://doi.org/10.2967/jnumed.115.155853

42. Hartrampf PE, Hänscheid H, Kertels O, Schirbel A, Kreissl MC, 
Flentje M, Sweeney RA, Buck AK, Polat B, Lapa C (2020) Long-
term results of multimodal peptide receptor radionuclide therapy 
and fractionated external beam radiotherapy for treatment of 
advanced symptomatic meningioma. Clin translational radiation 
Oncol 22:29–32. https://doi.org/10.1016/j.ctro.2020.03.002

43. Seystahl K, Stoecklein V, Schüller U, Rushing E, Nicolas G, 
Schäfer N, Ilhan H, Pangalu A, Weller M, Tonn JC, Sommerauer 
M, Albert NL (2016) Somatostatin receptor-targeted radionuclide 
therapy for progressive meningioma: benefit linked to 68Ga-
DOTATATE/-TOC uptake. Neuro Oncol 18:1538–1547. https://
doi.org/10.1093/neuonc/now060

44. Kandemirli SG, Chopra S, Priya S, Ward C, Locke T, Soni N, 
Srivastava S, Jones K, Bathla G (2020) Presurgical detection of 
brain invasion status in meningiomas based on first-order his-
togram based texture analysis of contrast enhanced imaging. 
Clin Neurol Neurosurg 198:106205. https://doi.org/10.1016/j.
clineuro.2020.106205

45. Haralick RM, Shanmugam K, Dinstein I (1973) Textural features 
for image classification. IEEE Trans Syst Man Cybernetics SMC 
–3:610–621. https://doi.org/10.1109/TSMC.1973.4309314

46. Xiao D, Zhao Z, Liu J, Wang X, Fu P, Le Grange JM, Wang J, 
Guo X, Zhao H, Shi J, Yan P, Jiang X (2021) Diagnosis of Inva-
sive Meningioma based on brain-tumor interface Radiomics fea-
tures on brain MR images: a Multicenter Study. Front Oncol 11. 
https://doi.org/10.3389/fonc.2021.708040

47. Tamal M (2019) Grey Level Co-occurrence Matrix (GLCM) 
as a Radiomics feature for Artificial Intelligence (AI) assisted 
Positron Emission Tomography (PET) images analysis. 
IOP Conf Series: Mater Sci Eng 646:012047. https://doi.
org/10.1088/1757-899X/646/1/012047

48. Moon C-M, Lee YY, Kim D-Y, Yoon W, Baek BH, Park J-H, 
Heo S-H, Shin S-S, Kim SK (2023) Preoperative prediction of 
Ki-67 and p53 status in meningioma using a multiparametric 
MRI-based clinical-radiomic model. Front Oncol 13. https://doi.
org/10.3389/fonc.2023.1138069

49. Duan C, Li N, Li Y, Cui J, Xu W, Liu X (2023) Prediction of pro-
gesterone receptor expression in high-grade meningioma by using 

1 3

https://doi.org/10.1016/j.crad.2023.06.006
https://doi.org/10.1016/j.crad.2023.06.006
https://doi.org/10.1016/j.neurad.2020.12.007
https://doi.org/10.1016/j.tranon.2017.04.006
https://doi.org/10.1016/j.tranon.2017.04.006
https://doi.org/10.1016/j.wneu.2019.08.148
https://doi.org/10.1016/j.wneu.2019.08.148
https://doi.org/10.1093/noajnl/vdz011
https://doi.org/10.1093/noajnl/vdz011
https://doi.org/10.1007/s00330-018-5632-7
https://doi.org/10.1007/s00330-018-5632-7
https://doi.org/10.1007/s00234-021-02668-0
https://doi.org/10.1007/s00234-021-02668-0
https://doi.org/10.1186/s13014-022-02090-7
https://doi.org/10.1186/s13014-022-02090-7
https://doi.org/10.1007/s00259-007-0631-y
https://doi.org/10.1007/s00259-012-2124-x
https://doi.org/10.1007/s00259-012-2124-x
https://doi.org/10.1007/s10143-021-01552-y
https://doi.org/10.1007/s10143-021-01552-y
https://doi.org/10.1007/s10143-021-01651-w
https://doi.org/10.2967/jnumed.115.155853
https://doi.org/10.1016/j.ctro.2020.03.002
https://doi.org/10.1093/neuonc/now060
https://doi.org/10.1093/neuonc/now060
https://doi.org/10.1016/j.clineuro.2020.106205
https://doi.org/10.1016/j.clineuro.2020.106205
https://doi.org/10.1109/TSMC.1973.4309314
https://doi.org/10.3389/fonc.2021.708040
https://doi.org/10.1088/1757-899X/646/1/012047
https://doi.org/10.1088/1757-899X/646/1/012047
https://doi.org/10.3389/fonc.2023.1138069
https://doi.org/10.3389/fonc.2023.1138069

	Somatostatin receptor subtype expression and radiomics from DWI-MRI represent SUV of [68Ga]Ga-DOTATOC PET in patients with meningioma
	Abstract
	Introduction
	Materials and methods
	Patient data and imaging
	MRI and PET data acquisition
	MRI processing
	Radiomic features
	Analysis of [68Ga]Ga-DOTATOC PET/CT imaging
	Statistical analysis, feature selection and model construction
	Immunohistochemical analysis and semi-quantitative assessment of somatostatin receptors

	Results
	Radiomic feature selection and prediction performance evaluation
	Correlation between [68Ga]Ga-DOTATOC PET/CT and the SSTR expression intensity

	Discussion
	References


