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The potential role of MR 
based radiomic biomarkers 
in the characterization of focal 
testicular lesions
Giacomo Feliciani  1,4*, Lorenzo Mellini2,4, Aldo Carnevale3, Anna Sarnelli1, Enrico Menghi1, 
Filippo Piccinini1, Emanuela Scarpi1, Emiliano Loi1, Roberto Galeotti3, Melchiore Giganti2 & 
Gian Carlo Parenti2

How to differentiate with MRI-based techniques testicular germ (TGCTs) and testicular non-germ 
cell tumors (TNGCTs) is still under debate and Radiomics may be the turning key. Our purpose is to 
investigate the performance of MRI-based Radiomics signatures for the preoperative prediction of 
testicular neoplasm histology. The aim is twofold: (i), differentiating TGCTs and TNGCTs status and 
(ii) differentiating seminomas (SGCTs) from non-seminomatous (NSGCTs). Forty-two patients with 
pathology-proven testicular neoplasms and referred for pre-treatment MRI, were retrospectively 
enrolled. Thirty-two out of 44 lesions were TGCTs. Twelve out of 44 were TNGCTs or other histologies. 
Two radiologists segmented the volume of interest on T2-weighted images. Approximately 500 
imaging features were extracted. Least Absolute Shrinkage and Selection Operator (LASSO) was 
applied as method for variable selection. A linear model and a linear support vector machine (SVM) 
were trained with selected features to assess discrimination scores for the two endpoints. LASSO 
identified 3 features that were employed to build fivefold validated linear discriminant and linear 
SVM classifiers for the TGCT-TNGCT endpoint giving an overall accuracy of 89%. Four features were 
employed to build another SVM for the SGCT-SNGCT endpoint with an overall accuracy of 86%. The 
data obtained proved that T2-weighted-based Radiomics is a promising tool in the diagnostic workup 
of testicular neoplasms by discriminating germ cell from non-gem cell tumors, and seminomas from 
non-seminomas.
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TNGCT​	� Testicular non germ cell tumor
TPR	� True positive rate
US	� Ultrasonography
VD	� Volume density
VFDI	� Volume fraction difference between 10 and 90% Intensity
VOI	� Volume of interest

Over the last decades, there has been a steady worldwide increase in the incidence of testicular cancer1. The 
majority of these tumors are the testicular germ cell tumors (TGCTs), which are then divided into two broad 
classes: seminomatous (SGCTs) and non-seminomatous germ cell tumors (NSGCTs). On this categorisation 
depend both the treatment and the prognosis2. For instance, SGCT is more sensitive to radio and chemotherapy 
and thus has a better prognosis. Although ultrasonography (US), including conventional grey-scale and color-
doppler, still maintains the primary role in the diagnostic workup of scrotal pathology, magnetic resonance imag-
ing (MRI)3 has emerged as a supplemental imaging modality, which is mainly recommended as a problem-solving 
tool in challenging cases4. Hence, MRI may provide additional information and help to clarify inconclusive or 
equivocal US findings in order to reduce the incidence of unnecessary surgery4,5. Albeit MRI may facilitate the 
differentiation between benign and malignant tumors6, imaging alone is sometimes insufficient in making a 
clear distinction among testicular lesions. Previous studies have underlined the role of qualitative radiological 
assessment based on T1- and T2-weighted MR images that help to differentiate between seminomas and non-
seminomatous tumors7. These studies have been further supported by quantitative investigation on diffusion 
weighted imaging (DWI) which have reported similar accuracy in discriminating SGCT–NSGCT statu8,9; how-
ever, current existing data do not unequivocally support the role of DWI in being able to differentiate TGCT from 
testicular non-germ cell tumors (TNGCT)10. Given the rarity of these tumors, these results were obtained from 
small cohorts and still require validation. However, in the past decade, the breakthroughs in artificial intelligence 
and high-throughput computing have accelerated the application of radiomic analysis to medical imaging with 
the aim of guiding clinical decision-making.

The drive behind the spread of Radiomics is the attempt to derive quantitative features from digital images 
in order to provide information which is not obvious to human interpretation alone11,12. Radiomics appears to 
supply diverse imaging biomarkers in different medical fields, although medical oncology represents the main 
area of research, since such image analysis may be of help in tumor detection, diagnosis, prognostication and 
prediction of response to treatment11,13. Indeed, in a recent publication, Zhang et al.14, developed a radiomic 
signature to quantitatively discriminate seminomas from non-seminomatous tumors obtaining higher classifica-
tion rate compared to the other standard MRI-based techniques (e.g. visual inspection, ADC and DWI value).

Therefore, this study extends and improves the work of Zhang et al. by investigating the diagnostic perfor-
mance of internally validated radiomic models in characterizing testicular neoplasms and more specifically 
differentiating between TGCTs and TNGCTs where classification is still under debate. Our findings show that in 
this field, MRI and Radiomics together allow accurate characterization of testicular lesions, successfully guiding 
clinical decision-making.

Methods
Patient selection.  In this observational retrospective study, approved by the institutional review board of 
the Azienda USL della Romagna (informed consent is published in integral part on the website of Azienda USL 
della Romagna prot. N. 1683), a dataset of MR images of 42 patients who were referred for pathology has been 
analyzed. All research steps were performed in accordance with relevant regulations and informed consent was 
waived by the IRB. After biopsy or orchiectomy, the Pathology Department of Azienda USL della Romagna 
provided us with confirmation of histological diagnosis, in all testicular tumors which had undergone surgery 
from January 2006 to February 2019. All patients who had a scrotal MRI available in our imaging archive system 
(Carestream VuePACS, Carestream Health, Rochester, NY, USA) were consequently selected. Exclusion crite-
ria were the following: (a) patients who underwent MRI after surgical or radiotherapy and/or chemotherapy 
treatment; (b) poor quality of the MR images due to movement artefacts; (c) no visible lesion on MRI; (d) not 
primary testicular tumor (Fig. 1). MRI was performed in clinical practice as a second-level problem-solving tool 
when sonographic findings were equivocal or inconclusive, or following a request from the urology department 
to obtain a detailed local staging of a testis mass previously identified with US. The patient cohort was aged 
from 7 to 79 years old (average 39.3 ± 14.3 years). One of the patients had a bilateral classic seminoma and one 
had two different neoplasms years apart. We excluded 2 patients with testicular lymphoma and 1 with testicular 
localization of myeloma because of the uncertain metastatic origin; 1 more patient with classic seminoma was 
discarded due to poor image quality, so the final dataset consisted of 42 patients. Therefore, we analyzed MR 
studies of 44 testicular lesions (patient and lesion features are summarized in Table 1). Time difference between 
MRI and histologic final diagnosis was 25 ± 15 days. Thirty-two out of 44 were histologically classified as TGCTs, 
including 23 classic seminomas and 9 NSGCTs (7 mixed germ cell tumors and 2 embryonal cell carcinomas). 
Twelve lesions out of 44 were TNGCTs or other histological types: 7 Leydig cell tumors, 2 Sertoli cells tumors, 
2 adenomatoid tumors and 1 epidermoid tumor. For each lesion, laterality (left/right) and size have been con-
sidered; germ cell tumors were staged according to the 8th Edition of the American Joint Committee on Cancer 
(AJCC) Staging Manual. For a more detailed description of the lesions, also several visual features were analyzed 
in Supplementary Table S1, created by following indications found in7. These features included signal intensity 
of the lesion compared to normal parenchyma, presence of necrotic or haemorrhagic areas, presence of tumor 
capsule. Furthermore, bandlike structures on T2w images were considered fibrovascular septa and the contrast 
of these septa was also analyzed.
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Figure 1.   Flowchart summarizing patient accrual.

Table 1.   Patient demographics and lesion features.

Germ cell tumors

AGE (year) Average ± standard deviation 36.8 ± 9

LATERALITY Right/left 19/13

SIZE (maximum diameter—cm) Average ± standard deviation 3.2 ± 2.4

STAGING (T) pT1/pT2/pT3/pT4 17/13/2/0

Non germ cell tumors

AGE (year) Average ± standard deviation 39.1 ± 18.6

LATERALITY Right/left 4/8

SIZE (maximum diameter—cm) Average ± standard deviation 0.94 ± 0.46
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MR imaging protocol and radiomic analysis.  MR studies were acquired using a 1.5 T MR Scanner 
(Achieva Philips, Philips Healthcare, Best, Netherlands) by using a surface coil (Philips Sense Flex Medium coil). 
All the patients were placed in the scanner in the supine position, feet first. After adequate support and position-
ing of the scrotum, elevated by placing a towel between the thighs with the penis raised and fixed to the lower 
abdominal wall, the surface coil was placed over a second towel covering the scrotum. Peripheral venous access 
(19-gauge) was obtained in an antecubital fossa vein. All the MRI study protocols included T1-weighted (T1w) 
sequences before and after paramagnetic contrast agent administration and T2w sequences in the axial, coronal 
and sagittal plane; some of the examinations also included DWI sequences and derived apparent diffusion coeffi-
cient (ADC) maps. T2w sequences were selected for radiomic analysis since they are the most complete imaging 
set for each patient and are the best for lesion detection, localization and characterization, providing essential 
information on neoplastic tissue and anatomic detail4. MRI parameters for T2w sequence are summarized in 
Table 2. Spatial resolution varied from 0.3 to 0.7 mm in the axial direction and from 3 to 4 mm in the z-direction. 
Resampling of the images was performed before contouring and radiomic analysis in order to uniform dataset to 
an average resolution of 0.5/0.5/3.5 mm. Contouring of the patient lesions was performed on the T2w sequences 
(Fig. 2a,b) through consensus between two expert radiologists. First, second and higher order features were 
extracted with the open source MATLAB (The MathWorks, Inc., MA, USA) based software Standardized Envi-
ronment for Radiomics Analysis (SERA) version 2.115 that is an Image Biomarker Standardisation Initiative (IBSI) 
compliant tool16. A quick guide on setting up and run SERA for feature extraction is present in the readme file 
of SERA available at: https​://githu​b.com/ashra​finia​/SERA. First order features were derived from the histogram 
of voxel intensities. Second and higher order features were calculated from Intensity size-zone, co-occurrence 
and run-length based matrices. A detailed description of the software and of the 487 imaging features extracted 
can be found in15 and in16, respectively. Grey level quantization was fixed to 64 bins between the minimum and 
maximum value inside the region of interest (ROI).

Statistical analysis.  The endpoint of this study was to investigate the diagnostic performance of textural 
features against two different biopsy responses. The first response was to discriminate between germinal and 
non-germinal lesions, whereas the second was to assess whether the tumor was a seminoma or not. Radiomics 
feature extracted with SERA were statistically analysed with R and the open source software RStudio17 to assess 
their discrimination power between germinal (TGCTs labelled as 0) and non-germinal (TNGCTs labelled as 

Table 2.   Turbo Spin-Echo T2-weighted image acquisition parameters.

Acquisition parameter Value

Slice thickness 3.5 mm 3–4 mm

Min. slice gap 0

Repetition time 5899 ms

Echo time 120 ms

Flip angle 90°

Field of view

Right/left dimension 160 mm

Anterior/posterior dimension 90 mm

Foot/head dimension 160 mm

Figure 2.   MR images showing the segmentation process in a 27-year-old man with testicular seminoma (a) and 
a 31-year-old man with Leydig cell tumor (b), axial and coronal T2-weighted images, respectively. Testicles are 
contoured in blue, whereas neoplasms are contoured in violet.

https://github.com/ashrafinia/SERA
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1). Least Absolute Shrinkage and Selection Operator (LASSO) with an integrated fivefold cross validation algo-
rithm was applied as the method for variable selection. LASSO identifies the most significant features that are 
associated with our endpoints. The same procedure for significant features identification was performed again 
for the discrimination of SGCTs (labelled as 0) versus NSGCTs (labelled as 1). LASSO was applied 100 times to 
account for its iterative nature. The features appearing more frequently in the results of LASSO were selected 
to build the final predictive model, considering a maximum of 4 features to avoid overfitting given the small 
size of the dataset. A correlation test was performed among significant features to remove residual redundancy 
through Spearman-Rho correlation coefficient. Features which correlated with each other more than ρ = 0.5 were 
discarded. MATLAB R2018a statistical toolbox18 was employed to generate a validated classifier and evaluate its 
performance. All the designed scripts are provided on request. In order to reduce overfitting of the classifiers, 
fivefold cross validation has been performed. A linear model and a linear support vector machine (SVM) were 
trained to assess discrimination scores of statistical models. Confusion matrices were employed to visualize the 
classifiers’ performances. Due to the class imbalances of the dataset, precision, recall and F1-score were calcu-
lated to evaluate the classifiers’ efficiency.

Ethics approval and consent to participate.  Written informed consent was waived by the Institutional 
Review Board.

Results
From the 44 lesions finally identified, a total of 487 features were extracted. LASSO algorithm was independently 
applied for the two endpoints of this study. In the pool of features identified by LASSO and after evaluating the 
correlations with spearman ρ we finally identified 3 features for the association with TGCT-TNGCT discrimi-
nation endpoint and 4 features for the SGCT-NSGCT status. Volume density (VD), Volume fraction difference 
between 10 and 90% intensity (VFDI) and small zone low grey level emphasis (SZLGLE) were employed to build 
fivefold validated linear discriminant and linear SVM classifiers for the TGCT-TNGCT endpoint. For a detailed 
description of the features we remind to Supplementary Material S3 taken from the IBSI manual in16. In Fig. 3 
are represented the boxplots of the three features selected to train the classifiers. The strongest classifier resulted 
to be the SVM with an overall accuracy of 89%. Figure 4 details the classification performances of the model 
which has a true positive rate (TPR) of 94% and 75% in predicting TGCT and TNGCT, respectively. The preci-
sion of the model is 0.91 for TGCT prediction and 0.81 for NTGCT which is the minority class in the dataset. 
The recall is 0.93 for TGCT and 0.75 for NTGCT. While, the F1-score is 0.92 for TGCT and 0.78 for NTGCT. 
VD, Area density (AD), Quartile coefficient of dispersion and energy were identified by LASSO to discriminate 
the SGCT-NSGCT status. In Fig. 5 we show boxplots of the 4 features selected for classifier training. The best 
classifier turned out to be a linear SVM with an overall accuracy of 86% and a TPR of 86% and 87% in predicting 
SGCT and NSGCT, respectively, as reported in Fig. 6. The precision of the model is 0.84 for SGCT and 0.89 for 
NSGCT which is in this model the minority class. The recall is 0.91 and 0.81, respectively. The F1-score of the 
model is 0.87 for SGCT and 0.85 for NSGCT.

Discussion
This study evaluated the ability of T2w MR-based quantitative analysis to help differentiate TGCT from TNGCT 
tumors and SGCT from SNGCT. In the United States, testicular cancer represents the most common malignancy 
among men aged 15–44, with almost 9600 new cases estimated in 201919; in young men, germ cell-derived tumors 
constitute by far the vast majority of testis neoplasms (almost 95%), with benign sex cord–stromal tumors repre-
senting approximately the remaining 5%20. Moreover, germ cell tumors are almost equally composed of semino-
mas and non-seminomas21, with differences in treatment strategies and prognosis22. Advances in multimodality 
treatments, including surgery, chemotherapy and radiation, have yielded a noticeable decline in mortality rates 
of testis cancer, particularly when the diagnosis is made early in the clinical course; The preoperative diagnosis 
with US has been shown to have a 92–98% sensitivity and a 95–99,8% specificity21 but cannot be used to accu-
rately predict tumor histology and to differentiate benign from malignant types. MRI for scrotal pathology has 
proved to be a valuable second-level imaging modality that could help to elucidate diagnostic dilemmas found 
at US. Indeed, characterization of scrotal lesions at US may sometimes be difficult as a result of several limita-
tions of this technique compared with MRI, which include the small field of view, operator dependence, and 

Figure 3.   In (a) we show VD calculated values for TGCT and TNGCT tumor cell cancers. The same applies for 
VFDI in (b) and in C for SZLGLE.
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limited tissue characterization23. In selected cases MR could represent a useful adjunct for patients with incon-
clusive clinical and US findings, since it could modify and direct treatment strategies towards more conservative 
approaches, including biopsy, tumor enucleation and testicular-sparing surgery, or even clinical and imaging 
follow-up when deemed possible6,24. Nevertheless, a confident characterization of the nature of scrotal masses 
is not always achievable even with MRI. Not surprisingly, Radiomics represents a rapidly-growing translational 

Figure 4.   Confusion matrix of the fivefold cross-validated linear SVM trained to discriminate TGCT from 
TNGCT status with an accuracy of 89% and a TPR of 95% and 75% for TGCT and TNGCT respectively.

Figure 5.   In (a) we show VD calculated values for SGCT and NSGCT tumor cell cancers. The same applies for 
AD, Quartile coefficient of dispersion and energy in (b), (c) and (d) respectively.
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field of research that has been applied to cancer care in an effort to find imaging biomarkers as decision support 
tools for clinical practice, given the increased number and availability of imaging data in oncology. Lung, breast, 
colorectal, renal cell, pancreatic, brain cancer and sarcoma have all been previously investigated through medi-
cal image processing and analysis25,26, whereas only one study27 has applied radiomic analysis to retroperitoneal 
nodal masses from germ cell testis cancer after chemotherapy.

In the literature, a previous study has tested the ability to discriminate between seminomas and non-sem-
inomas through qualitative observation by the radiologist examining on MRI images morphologic features, 
including tumor volume, infiltrative margins, fibrovascular septa, necrosis7. This study reported high inter-
radiologist agreement and accuracy of MRI findings in predicting histologic diagnosis of 91%. However, the 
number of patients was limited to 21 cases and the interpretation of MRI findings will always be dependent on 
radiologist expertise. Other studies have focused on quantitative MRI imaging, such as DWI with ADC values 
giving promising results in discriminating SGCT-NSGCT status with an AUC of 0.9069,10,28,29. The robustness 
of these results was also proven against different ROI definitions28. Furthermore, dynamic contrast enhanced 
(DCE)—MRI has been also proven to be a valuable semi-quantitative method to discriminate TGCT and TNGCT 
lesions with a maximum AUC of 0.89; however, these methods do not provide numerical data for a standardized 
assessment10. Recently, Zhang et al.14 proposed a radiomic signature based on multiple features able to discrimi-
nate quantitatively SGCT-NSGCT status with high reproducibility scoring an AUC of 0.979. Unfortunately, a 
radiomic signature comparison is hard to assess due to the complexity and high number of features employed for 
its development and it is beyond the scope of this study. We provide in this work the Radiomic Quality Score as 
Supplementary Material S3. Here we propose two classifiers to discriminate TGCT-TNGCT and SGCT-NSGCT 
status based on a selection of features. fivefold cross validation was employed to avoid overfitting and increase 
the robustness of the model; unfortunately, an internal validation represents a limitation, as an external dataset 
will be required to confirm the results. However, the data supporting the conclusions of this manuscript are 
available under request.

The two model shares VD as the strongest predictors whereas the other features are different. VD is the strong-
est predictor for both the models and is a shape feature which depicts the ratio of the volume of the lesion in 
comparison to a standard reference volume which in this case is the box containing the lesion itself. This feature 
can be considered MRI independent and this would be a strong benefit for the extension of the model to external 
datasets. The TGCT-TNGCT classifier is composed by two other features VFDI and SZLGLE that are an intensity-
volume histogram and gray level zone size-based features. The SGCT-NSGCT classifier is based on other three 
features which are AD, quartile coefficient of dispersion and energy. AD is very similar in concept to VD however 
the two are not correlated and both contribute to the classification. Quartile coefficient of dispersion and energy 
are both histogram intensity-based features. It is interesting to notice how in general models rely on shape and 
first order histogram-based features. The only exception that we point out is the contribution of SZLGLE. This 
feature emphasises zone counts where small zone sizes and low grey levels are located however it is difficult to 
speculate on the lesion heterogeneity as the differences between TGCT and TNGCT are not so evident as can 
be noted in Fig. 3. Both the models present the limitation of class imbalance being TNGCT and NSGCT the 
minority classes. With regard to this limitation, the calculation of precision, recall and F1-score (which combines 
the two previous metrics) was performed for these models. The result obtained are encouraging. In particular, 
we obtained a 0.78 F1-score for NTGCT and 0.85 for NSGCT that are consider a fair level for model reliability.

Figure 6.   Confusion matrix of the fivefold cross-validated linear SVM trained to discriminate SGCT from 
NSGCT status with an accuracy of 86% and a TPR of 87% and 86% for SGCT and SNGCT respectively.



8

Vol:.(1234567890)

Scientific Reports |         (2021) 11:3456  | https://doi.org/10.1038/s41598-021-83023-4

www.nature.com/scientificreports/

Following these promising results, we believe that Radiomics can be integrated with other quantitative tech-
niques such as ADC and DCE to improve testicular mass classification accuracy. We are aware that another limi-
tation of this study lies in its retrospective nature and in the relatively low number of patients. Furthermore, the 
dependency of the features identified on contouring method and scanner vendors was not explored in this study.

In conclusion, our preliminary study shows that the radiomic measures obtained by scrotal MR image analysis 
may be useful in the diagnostic workup of testicular lesions, since they could add valuable information and help 
to discriminate among testicular neoplasms by differentiating germ cell from non-gem cell tumors, and SGCT 
from other histologies. However, our conclusion currently should be considered as a proof of concept because 
further independent validation with an external cohort of patients is required to assess whether other quantita-
tive imaging features may improve the characterization of testicular lesions.

Data availability
The datasets considered in this work is available from the corresponding author on reasonable request.
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 Title: The potential role of MR based radiomic biomarkers in the characterization of focal testicular 
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Supplemental Table 1: Patient demographics and visual features of the lesions. The presence of 

a certain characteristic in the lesions is labelled by 1. HOMO – refers to the signal homogeneity, 

LOW SI is the relative intensity of the lesion compared to normal testicular parenchyma on T2w 

sequences, NECRO/HEMO is the presence of necrotic or hemorrhagic areas, CAPSULE refers to 

the presence of capsule. SEPTA and CE refer to the presence and contrast uptake of bandwise 

regions in T2w sequences. 

ID AGE STAGE HOMO LOW SI NECRO/HEMO CAPSULE SEPTA CE 

NON GERMINOMAS 

T010 51 nd 0 0 0 0 0 0 

T016 33 nd 0 0 0 0 0 0 

T018 22 nd 0 1 1 1 0 0 

T019 30 nd 0 1 0 1 0 0 

T020 40 nd 1 0 0 1 0 0 

T022 63 nd 0 1 0 1 0 0 

T023 67 nd 1 1 0 0 0 0 

T027 35 nd 0 1 0 1 0 0 

T030 46 nd 1 1 0 0 0 0 

T039 7 nd 1 1 0 0 0 0 

T041 58 nd 0 1 0 1 0 0 

Ratio 1 vs Total (%) 27 72 9 58 54 0 

GERMINOMAS - NON SEMINOMAS 

T017 37 pT1a 0 1 0 0 1 1 

T024 26 pT2 0 0 1 0 0 0 

T025 24 pT2 0 1 1 0 0 0 

T028 41 pT3 0 1 1 0 0 0 

T031 32 pT1 0 1 1 1 0 0 

T036 26 pT1 0 0 1 0 0 0 

T038 26 pT2 0 0 1 0 0 0 

T040 32 pT2 0 1 1 1 0 0 

T048 46 pT2 0 0 1 0 0 0 

Ratio 1 vs Total (%) 0 55 89 22 11 11 

SEMINOMAS 

T001 37 pT2 0 1 1 0 1 1 



T002 43 pT1b 0 1 1 0 1 1 

T004 54 pT2 0 1 1 0 1 1 

T005x 38 pT1b 0 1 0 0 1 1 

T005y 38 pT1a 1 1 1 1 0 0 

T006 31 pT1a 0 1 0 0 0 0 

T007 36 pT1a 1 1 1 0 1 1 

T008 37 pT2 1 1 0 0 0 0 

T009 39 pT1b 1 1 0 0 1 1 

T011 60 pT3 0 1 0 0 1 1 

T012 26 pT1a 0 1 0 0 1 1 

T013 36 pT1a 1 1 0 1 0 0 

T015 50 pT2 0 1 1 0 1 1 

T021 44 pT2 0 0 1 0 1 1 

T029 31 pT1a 1 1 0 0 1 1 

T032 30 pT1a 0 1 0 0 1 1 

T033 35 pT1a 0 1 0 0 0 0 

T034 44 pT2 0 1 1 0 1 1 

T035 23 pT1b 1 1 0 0 1 1 

T037 40 pT2 0 1 0 0 0 0 

T042 35 pT1b 0 1 0 0 1 1 

T044 12 T1 0 0 0 1 0 0 

T045 49 pT1a 0 1 1 1 1 0 

T047 43 pT2 0 1 0 0 0 0 

Ratio 1 vs Total (%) 29 92 37 17 67 63 

 

 



Radiomics Quality Score: according to (1) 

Criteria  Points  

1  Image protocol quality - well-documented image protocols 

(for example, contrast, slice thickness, energy, etc.) and/or 

usage of public image protocols allow 

reproducibility/replicability  

+ 1 (if protocols are well-

documented)  

2  Multiple segmentations - possible actions are: 

segmentation by different physicians/algorithms/software, 

perturbing segmentations by (random) noise, segmentation 

at different breathing cycles. Analyse feature robustness to 

segmentation variabilities  

+ 0 Only one physician segmented 

lesions 

3  Phantom study on all scanners - detect inter-scanner 

differences and vendor-dependent features. Analyse 

feature robustness to these sources of variability  

+ 0 no phantom was employed in 

the study  

4  Imaging at multiple time points - collect images of 

individuals at additional time points. Analyse feature 

robustness to temporal variabilities (for example, organ 

movement, organ expansion/ shrinkage)  

+ 0 not possible with retrospective 

study 

5  Feature reduction or adjustment for multiple testing - 

decreases the risk of overfitting. Overfitting is inevitable if 

the number of features exceeds the number of samples. 

Consider feature robustness when selecting features  

+ 3 we used non parametric tests 

plus 5-fold cross validation to avoid 

overfitting 

6  Multivariable analysis with non radiomics features (for 

example, EGFR mutation) - is expected to provide a more 

holistic model. Permits correlating/inferencing between 

radiomics and non radiomics features  

+ 1 logistic regressions are showed 

in the main document.  

7  Detect and discuss biological correlates - demonstration of 

phenotypic differences (possibly associated with underlying 

gene–protein expression patterns) deepens understanding 

of radiomics and biology  

+ 1 we furnish neoplasms visual 

characteristics  

8  Cut-off analyses - determine risk groups by either the 

median, a previously published cut-off or report a 

continuous risk variable. Reduces the risk of reporting 

overly optimistic results  

N/A – small cohort 

9  Discrimination statistics - report discrimination statistics 

(for example, C-statistic, ROC curve, AUC) and their 

statistical significance (for example, p-values, confidence 

intervals). One can also apply resampling method (for 

example, bootstrapping, cross-validation)  

+ 1 (ROC and confusion matrices 

are shown in text) + 1 (Cross 

validation)  

10  Calibration statistics - report calibration statistics (for 

example, Calibration-in-the-large/slope, calibration plots) 

and their statistical significance (for example, P-values, 

confidence intervals). One can also apply resampling 

0 



method (for example, bootstrapping, cross-validation)  

11  Prospective study registered in a trial database - provides 

the highest level of evidence supporting the clinical validity 

and usefulness of the radiomics biomarker  

0 

12  Validation - the validation is performed without retraining 

and without adaptation of the cut-off value, provides 

crucial information with regard to credible clinical 

performance  

- 5  

 

13  Comparison to ‘gold standard’ - assess the extent to which 

the model agrees with/is superior to the current ‘gold 

standard’ method (for example, TNM-staging for survival 

prediction). This comparison shows the added value of 

radiomics  

+ 2 comparison with previous study 

are discussed in discussion session 

14  Potential clinical utility - report on the current and 

potential application of the model in a clinical setting (for 

example, decision curve analysis).  

+ 2  

15  Cost-effectiveness analysis - report on the cost-

effectiveness of the clinical application (for example, QALYs 

generated)  

+ 1  

16  Open science and data - make code and data publicly 

available. Open science facilitates knowledge transfer and 

reproducibility of the study  

+ 1 (if scans are open source) + 1 (if 

region of interest segmentations 

are open source) + 1 (if code is 

open source) + 1 (if radiomics 

features are calculated on a set of 

representative ROIs and the 

calculated features and 

representative ROIs are open 

source)  

Total points ( 11 ) 

 

1. Lambin P, Leijenaar RTH, Deist TM, et al.: Radiomics: the bridge between medical imaging and 
personalized medicine. Nat Rev Clin Oncol 2017; 14:749. 

 



 

Features mathematical formulas and descriptions 

 

Volume density (axis-aligned bounding box)  
 

Volume density is the fraction of the ROI volume and a comparison volume. Here the 

comparison volume is that of the axis-aligned bounding box (AABB) of the ROI 

mesh vertex set Xvx or the ROI mesh convex hull vertex set Xvx;convex. Both vertex sets 

generate an identical bounding box, which is the smallest box enclosing the vertex 

set, and aligned with the axes of the reference frame. 

 

        
 

     
 

Where V is the ROI volume and       is the volume of the axis-aligned bounding 

box (AABB) 

 

Area density (axis-aligned bounding box) 

Conceptually similar to the volume density (AABB) feature, area density considers 

the ratio of the ROI surface area and the surface area Aaabb of the axis-aligned 

bounding box enclosing the ROI mesh vertex set Xvx. The bounding box is identical 

to the one used for computing the volume density (AABB) feature. Thus: 

 

        
 

     
 

 

 

Volume at intensity fraction and Volume fraction difference between intensity 

fractions 

The volume at intensity fraction Vx is the largest volume fraction _ that has an 

intensity fraction of at least x%. This differs from conceptually similar dose-volume 

histograms used in radiotherapy planning, where V10 would indicate the volume 

fraction receiving at least 10 Gy planned dose. El Naqa et al. (1) defined both V10 and 

V90 as features. Volume fraction difference between intensity fractions is the 

difference between the volume fractions at two different intensity fractions, e.g.V10 - 

V90. 



 

 

 

 

 

 

Gray Level Size Zone Matrix (GLSZM) Features 

A Gray Level Size Zone (GLSZM) quantifies the gray level zones in an image. A 

gray level zone is defined as the number of connected voxels that share the same gray 

level intensity. A voxel is considered connected if the distance is 1 according to the 

infinity norm (26-connected region in a 3D, 8-connected region in 2D). 

 

In a gray level size zone matrix P(i,j), the (i,j)
th

 element equals to the number of 

zones with gray level i and size j appear in image. Contrary to GLCM and GLRLM, 

the GLSZM is rotation independent, with only one matrix calculated for all directions 

in the ROI. 

 

Let: 

 Ng be the number of discrete intensity values in the image 

 Nz be the number of discrete zone sizes in the image 

 Nv be the number of voxels in the image 

 Ns be the number of zones in the ROI, which is equal to  

          
   

  
    and         

 S(i,j) be the size zone matrix 

 s(i,j) be the normalized size zone matrix, defined as        
      

  
 

 

 

small zone low grey level emphasis (SZLGLE) 

 

This feature emphasises zone counts within the upper left quadrant of the GLSZM, 

where small zone sizes and low grey levels are located. It is defined as: 

 

           
 

  
  

      

    

  

   

  

   

 

 

 

 

 



 

1. El Naqa I, Grigsby P, Apte A, Kidd E: Exploring feature-based approaches in PET images for 

predicting cancer treatment outcomes. Pattern Recognit 2009; 42:1162–1171. 

 

Intensity-based statistical features 

The intensity-based statistical features describe how intensities within the region of 

interest (ROI) are distributed. The features in this set do not require discretisation, 

and may be used to describe a continuous intensity distribution. Intensity-based 

statistical features are not meaningful if the intensity scale is arbitrary. 

The set of intensities of the Nv voxels included in the ROI intensity mask is denoted 

as:  

                            

 

Intensity-based quartile coeffcient of dispersion  

The quartile coefficient of dispersion is defined as: 

 

           
       

       
 

 

P25 and P75 are the 25th and 75th percentile of Xgl, respectively. 

 

Intensity-based energy  
 

The energy  of Xgl is defined as: 
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