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Abstract 

Objectives 

External validation of six radiomic models published in three studies: two distinguishing 

benign from malignant lesions (study 1) and four distinguishing pleomorphic adenomas from 

Warthin’s tumors (study 2 and 3). 

Materials & Methods  

This monocentric retrospective study included 133 patients who underwent MRI before 

parotid tumor surgery at our center from 2005 to 2022. For study 1, T1 and T2FS images of 

109 benign lesions and 21 malignant ones were included. For study 2, T1 and T2FS images of 

58 pleomorphic adenomas and 34 Warthin’s tumors were included. For study 3, T2 images of 

35 pleomorphic adenomas and 16 Warthin’s tumors were included. After segmentation and 

extraction of the radiomics parameters, the radiomics (Radscore) and combined clinical and 

radiomics (Nomoscore) models from all 3 studies were applied. Performance was also studied 

after ComBat harmonization for multiple scanners. Performance was studied on all patients 

and for study 1 and 2 on a sub-group of 58 patients who had undergone their examination on 

the same MRI machine. 

Results  

AUCs were 0.540/0.548 (Radscore/Nomoscore) for study 1, 0.521/0.521 for study 2, and 

0.639/0.630 for study 3, whereas the AUCs in the original studies were 0.908/0.938, 

0.902/0.918 and 0.796/0.934 respectively. The results were similar after ComBat 
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harmonization. In the subgroup analysis, the AUCs were 0.533/0.538 for study 1 and 

0.513/0.516 for study 2.  

Conclusion  

Our external validation study was unable to reproduce the results of the six published 

radiomic models for characterizing parotid lesions, suggesting limited applicability of these 

radiomic tools in clinical practice. 

 

Key points and Clinical Relevance Statement 

Question We aimed to perform an external validation of six previously published MRI radiomic 

models for the characterization of parotid lesions. 

Findings The performances on our population of the six radiomic models were lower than in 

the initial studies, the highest AUC being 0.639. 

Clinical Relevance Statement Our study failed to replicate the performance of the six 

previously published MRI radiomic models for the characterization of parotid lesions, 

indicating that the clinical applicability of these radiomic approaches is limited. 

 

Keywords: Radiomic; Parotid gland; Warthin’s tumor; Pleomorphic adenoma; External 

validation 
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Abbreviations 

AUC: area under the curve 

BPGT: benign parotid gland tumor 

DLI: Deep Lobe Involvement 

ICC: Intraclass Correlation Coefficient 

IST: Infiltration of Surrounding Tissues 

MPGT: malignant parotid gland tumor 

PMA: pleomorphic adenoma 

ROI: Region of Interest 

RQS: Radiomic Quality Score 

T1WI: T1-Weighted Imaging 

T2FSWI: T2 Fat-Suppressed Weighted Imaging 

T2WI: T2-Weighted Imaging 

WT: Warthin’s tumor 
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Introduction 

Salivary gland tumors are rare lesions, accounting for approximately 3 to 6% of cervical tumors 

[1]. The parotid gland is the most frequently affected site, representing nearly 80% of these 

tumors [2]. Among them, about 20% exhibit malignant behavior [3]. Benign tumors 

encompass several histological types, with pleomorphic adenomas (PMA) and Warthin’s 

tumor (WT) being the most commonly encountered. It is important to emphasize that the 

prognosis varies depending on the histological type: PMA, in particular, carry an increased risk 

of recurrence and malignant transformation, which justifies a specific therapeutic approach 

compared to other benign lesions [4]. Therefore, an accurate characterization of the lesion is 

essential in order to define an optimal management strategy. 

In the initial diagnostic assessment of salivary gland tumors, MRI is considered the reference 

imaging modality for the radiological evaluation of parotid tumors [5]. It provides detailed 

morphological characterization that can rival fine needle aspiration in diagnostic performance, 

while also allowing precise localization of the tumor within the gland and assessment of its 

extension to adjacent structures [5, 6]. 

Radiomics is an image analysis method that enables the extraction of quantitative features for 

diagnostic, prognostic, and therapeutic purposes [7]. Its development in the context of parotid 

tumors is primarily driven by the goal of enhancing the diagnostic capabilities of imaging; 

several models have been developed for the characterization of parotid lesions using various 

MRI sequences [8–11]. 

There is currently a gap between the large volume of radiomics research publications and its 

limited application in routine clinical practice, largely due to a lack of reproducibility in 

reported results [12, 13]. The causes of this limited reproducibility have been investigated [13, 
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14], and include factors such as test-retest variability, segmentation variability, differences in 

radiomic feature extraction platforms, and the risk of overfitting. Recommendations have 

been proposed to guide the development of radiomic models in order to maximize their 

reproducibility [15–17]. Nevertheless, it is likely that a significant number of published 

radiomic models lack reproducibility. 

We therefore aimed to conduct an external validation of studies focused on the 

characterization of parotid nodules using standard MRI sequences. After a systematic 

literature search, three studies were selected. The first study by Zheng et al. used T1-Weighted 

Imaging (T1WI) and T2 Fat-Suppressed-Weighted Imaging (T2FSWI) combined or not with 

clinical features to differentiate malignant from benign lesions, achieving a maximum AUC of 

0.938 in the validation cohort [9] (referred as study 1). The second study by Zheng et al. also 

used T1WI and T2FSWI combined or not with clinical features to distinguish pleomorphic 

adenomas (PMA) from Warthin’s tumors (WT), reporting a maximum AUC of 0.918 in the 

validation cohort [10] (study 2). The third study by Hu et al. used T2-Weighted Imaging (T2WI) 

combined or not with clinical features to differentiate PMA from WT, with a maximum AUC of 

0.934 in the validation cohort [18] (study 3). 

The primary objective of this study was to assess the performance of those six MRI-based 

radiomic models for the parotid lesions characterization on our patients, thereby performing 

an external validation. The secondary objective were to: 

- assess the performance of these models on a homogeneous subgroup of patients 

whose images were acquired using the same 3T scanner (Discovery, GE Healthcare) to 

minimize technical noise. 
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- evaluate the impact of feature harmonization using the ComBat method on model 

performance, in order to mitigate the bias associated with inter-scanner variability across the 

entire cohort. 

Materials and methods 
This study was approved by local Ethics Committee which waived patients’ prior written 

consent due to the retrospective design of the study in compliance to the national policy of 

individual data protection. 

Study selection 

All studies investigating the classification of parotid gland lesions using MRI-based radiomics 

until 31st January 2024 were screened. Studies were then selected guided by three main 

criteria: the availability of the models’ formula, the availability of sufficient local data and the 

overall radiomic quality. A comprehensive description of the selection is provided in Electronic 

Supplementary Material 1. A total of 3 studies were finally selected [9, 10, 18]. 

Methodology  

All the steps were reproduced according to the method published in the studies. In case of 

missing or ambiguous information, the corresponding authors were contacted to obtain 

details. As no response was obtained after 4 solicitations, the most plausible method was 

used, and its implementation detailed in the Methods section. 

The Radiomic Quality Score [19] et the METRICS [20] of the studies were assessed in consensus 

by a radiology resident (R.B.) and a senior radiologist with 6 years’ experience in radiomics 

(B.M.). 
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Patients 

We conducted a retrospective, single-center study in which we reviewed all available MRI 

scans of patients treated for parotid tumors with histological confirmation at our center from 

October 2005 to February 2022. A total of 204 patients were screened. Among these, 170 

patients had benign lesions and 34 had malignant lesions.  

The inclusion and exclusion criteria were aligned with those of the respective reference 

studies. For study 1, inclusion criteria required the presence of complete clinical data and a 

confirmed diagnosis of either benign or malignant parotid tumor. Exclusion criteria included 

lesions with a short-axis diameter of less than 5 mm [9]. For studies 2 and 3, the inclusion 

criteria required complete clinical data and a confirmed diagnosis of pleomorphic adenoma 

(PMA) or Warthin tumor (WT). The same exclusion criteria as in study 1 applied [10, 18]. 

Additionally, the availability of the MRI sequences used in the original studies was required: 

T1 and T2FS sequences for studies 1 and 2, and T2 sequences for study 3. The full flowchart is 

shown in Figure 1. 

MRI acquisitions 

The images were acquired using five different MRI scanners from various hospitals within the 

same university hospital center. However, a subgroup of fifty-seven patients underwent an 

MRI using the same 3T MRI scanner (Discovery, GE Healthcare). A secondary analysis was 

conducted on this specific subgroup. The acquisition parameters used in our study and the 

original studies are detailed in Table 1. 
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Image segmentation 

Blinded to the patients’ clinical outcomes, one radiology resident (R.B.) and a senior 

radiologist with 6 years’ experience (B.M.) in parotid imaging performed in consensus the 3D 

segmentation of the ROI using 3D Slicer software (version 5.6.1; https://www. slicer.org). The 

tumors were manually delineated at their outermost boundaries slice by slice on each 

acquisition. The adjacent normal tissue and vessels were not covered. One segmentation only 

was performed, as the segmentation variability has been already evaluated in the initial 

articles.  

Analysis of radiological characteristics of lesions 

The data used to calculate the nomogram in all three studies were collected by a radiology 

resident (R.B.) who, blinded to the final diagnosis, assessed deep lobe involvement and 

adjacent tissue infiltration according to the definitions provided in study 1. For study 3, 

involvement of the parotid tail was also evaluated. In the absence of definition in the article 

and of answer from the original authors, the definition "the portion that overlies the angle of 

the mandible" was adopted for the parotid tail. 

Image preprocessing, and radiomics feature extraction for studies 1 
and 2 

Image preprocessing was performed as described by authors: “N4ITK” bias field correction 

was applied [21] and the “μ ±3 σ” method was used to correct for the effects of different MR 

scanners and acquisition protocols and normalize the image intensities [22]. Radiomic feature 

extraction was performed using PyRadiomics [23] (version 3.0.1) with a 1 × 1 × 1 mm3 

resampling to extract the same 1702 3D radiomic features on T1WI and T2FSWI. The details 

of the discretization were not mentioned in the article. As no answer was obtained from the 
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authors, a fixed bin width of 25 and a sitkBSpline interpolator were used, as they are the 

default parameter in the 3DSlicer PyRadiomics interface. A Z-score normalization was then 

performed.  

Image preprocessing, and radiomics feature extraction for study 3 

A resampling with an arbitrary size of 1 × 1 × 1 mm3 was applied, as the voxel size for 

resampling was not mentioned in the article and no answer was obtained from the authors. 

No other image preprocessing was performed. Radiomic feature extraction was performed 

using PyRadiomics [23] (version 3.0.1) to extract the same 971 3D radiomic features on T2WI, 

and Z-score normalization was then performed. The same extraction parameters as in studies 

1 and 2 were used. 

Models 

For each study, a Radscore (score derived from radiomic features to evaluate the diagnosis) 

and a Nomoscore (score derived from Radscore and clinical variables) were built as in the 

initial studies. 

Models for studies 1 and 2 

Radscore and Nomoscore were built using the same combination of selected radiomic 

features and/or clinical features (Electronic Supplementary Material 2 and 3) as described by 

the authors. 

Models for study 3 

Radscore was built using the same combination of selected radiomic features (Electronic 

Supplementary Material 4) as described by the authors. As no formula was mentioned for the 

radiomics-clinical model and no answer was obtained from the authors, the formula for the 
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radiomics-clinical model was estimated after measurements on the graphical nomogram. The 

equations used for this study are: 

Points = 141.6811 + 15.29 * radscore + 1.111111 * age + 17.7 * (1-parotid tail) 

Risk (Nomoscore) = 0.02781 * Points - 2.01682 

A table describing the methods described in the original articles, the missing information and 

the methods applied in our study is shown in Table 2. A table with the main results of the 6 

models in the original articles is shown in Table 3. 

ComBat Harmonization 

To mitigate the potential bias arising from the use of different MRI scanners in our study, we 

replicated the results applying the ComBat harmonization method to the radiomic features 

[24]. 

Statistical analyzes 

A Shapiro-Wilk normality test was performed on the data to justify the use of non-parametric 

tests. Differences in quantitative variables were assessed using the Wilcoxon test, while 

differences in categorical variables were evaluated using the χ² test. 

Subsequently, area under the curve (AUC), sensitivity, specificity, and accuracy were 

calculated to assess the diagnostic performance of the models. Calibration curves and Brier 

scores were also evaluated. 
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Results 

 
The demographic data, Radscore, and Nomoscore of the patients included for each study are 

presented in Table 4. The detail of the histologic subtypes for study 1 is presented in Electronic 

Supplementary Material 5. 

The performances of the models in our cohort are presented in Table 5. 

The ROC curves along with the corresponding AUCs for models are shown in Figure 2. 

The Brier scores and the calibration curves of the models are shown in Electronic 

Supplementary Material 6. The Brier score are between 0 and 0.2318. 

Results after ComBat harmonization 

The results of AUC for all studies after ComBat harmonization are shown in Figure 3 and in 

Table 5. 

Subgroup analysis using the same MRI scanner 

Study 1 

57 patients who underwent MRI using the same scanner model (3T Discovery, GE Healthcare) 

with T1WI and T2FSWI were included in this subgroup analysis for study 1. Among these 

patients, 49 had benign lesions and 8 had malignant lesions. The performance of the models 

within this subgroup is presented in Figure 4A and Table 5. 

Study 2 

Among the 57 patients who underwent imaging on the same 3T Discovery MRI scanner from 

GE Healthcare, 27 were diagnosed with PMA and 13 with WT. These patients were included 
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in the subgroup analysis for study 2. The performance of the models in this subgroup is 

presented in Figure 4B and Table 5. 

Study 3 

There were not enough patients to perform a subgroup analysis. 

Radiomic Quality Score and METRICS 

The Radiomic Quality Score (RQS) was 13 out of 36 (36.11%) for study 1, 13 out of 36 (36.11%) 

for study 2, and 12 out of 36 (33.33y%) for study 3. The METRICS was 74.9% for studies 1 and 

2 and 58.6% for study 3. (see Electronic Supplementary Material 7) 

Discussion 

Our objective was to perform an external validation of six radiomic models: two designed to 

distinguish malignant from benign parotid tumors, and four others to distinguish PMA from 

WT. The AUCs of the models combining clinical and radiomic features in our population were 

0.548, 0.521, and 0.630, compared to 0.938, 0.918, and 0.934 in the original studies. Similar 

results were observed when evaluating radiomic models alone. 

Thus, our study did not validate any of the published radiomic models. In detail, none of the 

scores significantly differed between the groups to be distinguished, unlike in studies 1 and 2. 

Some scores even showed markedly different magnitudes - for instance, mean Nomoscores 

of study 1 were 31.51 and 35.54 in our study compared to −2.305 and 7.830 in the validation 

cohort of the original article. However, certain clinical parameters mirrored those reported in 

the original studies: malignant lesions were associated with older age, deeper lobe 

involvement, and adjacent tissue infiltration compared to benign ones; WT were more 

frequent in male patients compared to PMA. Nevertheless, we did not observe the differences 
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in age or parotid tail involvement when distinguishing between PMA and WT reported in 

studies 2 and 3. 

The weakness of the results leads us to fear methodological anomalies in the creation of these 

radiomics models. Yet, certain aspects of the original methodology did adhere to 

recommendations aimed at improving reproducibility [13, 14]. A second segmentation was 

performed to retain only radiomic features with satisfactory inter- and intra-observer 

reproducibility. An ICC threshold of 0.75 was applied to select reproducible features, which is 

commonly used; however, adopting a more stringent threshold of 0.9 could further ensure 

greater reproducibility [25]. Data reduction and model construction were carried out using 

conventional approaches. The developed models were generally well-documented, except for 

the mixed clinical and radiomic model in study 3, which was only presented graphically, which 

represents is a clear limitation. For study 3, validation was conducted on a subset from the 

same center. In contrast, for studies 1 and 2, external validation was performed using data 

from a center different from the training images. This type of external validation is typically 

considered essential to confirm that the model is not overfitted to the original dataset. 

Conversely, several methodological factors likely contributed to this poor reproducibility. 

Manual segmentation, as used here, is inherently less reproducible than semi-automated 

methods [26]. Furthermore, the lack of normalization in study 3 [27] and missing technical 

details - such as undisclosed discretization or resampling parameters - hinder replication. 

These omissions underscore the high sensitivity of radiomic features to preprocessing 

variations and the critical impact of incomplete reporting. Similarly, the definition of the 

parotid tail was not specified. In the absence of clarification from the authors, the most 

commonly used definitions and methods were applied in this study. These points highlight the 
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importance of a detailed technical reporting in radiomics publications. These undocumented 

deviations from the original pipelines likely contribute to the performance drop, further 

complicating the path toward clinical implementation. Moreover, the use of the PyRadiomics 

platform may introduce reproducibility issues, even though it is among the most widely used 

platforms [28]. Lastly, the models relied predominantly on texture features, which are 

generally less reproducible than first-order features [27, 29].  

Our results suggest significant overfitting in the original models, which failed to replicate their 

initial performance. Despite reported AUCs exceeding 0.9, we observed a drop to 0.521–

0.639, indicating a total loss of discriminative power. Brier scores (up to 0.232) confirm poor 

calibration for our population; though below the 0.25 'non-informative' threshold, they reflect 

substantial predictive inaccuracy. This discrepancy suggests that the original radiomic features 

are likely center-specific or overfitted, severely limiting their generalizability to different 

clinical settings. 

A scanner or protocol variability might contribute to the model failure. Indeed, we evaluated 

them on a cohort imaged using five different MRI scanners, which reflects routine clinical 

diversity. Nevertheless, analysis of the first two models in a subgroup examined on the same 

MRI scanner yielded similarly poor results, and the results were similar when performing 

ComBat harmonization for scanner heterogeneity, suggesting a limited influence of scanner 

variability in the failure. 

Beyond technical factors, a significant population shift likely influenced model performance. 

Notably, the malignancy prevalence in study 1 (48%) far exceeds our cohort (16%), which 

aligns better with European data [3]. While the impact of ethnicity on MRI appearance 

remains undocumented, differences in recruitment criteria and disease distribution (16% vs. 
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48%) create a major bias. Consequently, these models lack generalizability to our clinical 

setting. Furthermore, the small size of certain subgroups - such as the 16 cases for study 3 -

requires cautious interpretation of our AUCs (0.521–0.639). These findings underscore the 

difficulty of maintaining stable performance when transitioning from curated, balanced 

development sets to heterogeneous, real-world clinical cohorts. 

Although the results are disappointing, they do not call into question the rigor of the original 

studies. Indeed, the RQS scores of the studies range from 33.3% to 36.1%, which, while 

modest, are above the average reported for studies from slightly earlier periods, with a mean 

RQS of 26.1% [30]. Moreover, the METRICS of studies 1 and 2 are evaluated as good, the 

METRICS of study 3 being moderate. This highlights concerns about the external validity of 

other studies with even lower RQS or METRICS. 

Several studies have aimed to externally validate published radiomic models [31–33], but only 

a few have reported negative findings [34–36]. We believe that this type of study underscores 

the importance of adhering to a very high methodological standard [15–17] in the 

development of radiomic models. Our study also highlights the urgent need for adherence to 

standardized reporting guidelines and mandatory code sharing to ensure the transparency of 

radiomic models. Without such rigor, external validation - and therefore clinical applicability - 

may not be achievable. 

Our external validation study of six radiomic models - two distinguishing malignant from 

benign parotid tumors and four differentiating pleomorphic adenomas from Warthin tumors 

- did not succeed in reproducing the original results. This work highlights the necessity of strict 

methodological rigor and external validation of radiomic models prior to their clinical 

application. 
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Tables 



 

1 
 

Table 1: MRI acquisition parameters in the initial studies and in the current study. 
 

 studies  1 and 2 study 3   

 training set validation set        

Number of patients 80 (study 1), 75 ( study 2) 35 (study 1),52 (study 2) ? ? ?   

Manufacturer GE Healthcare Siemens Phillips Phillips Siemens   

Model Signa 3T Skyra 3T Ingenia 3T Achieva 1.5T Skyra 3T   

sequence T1 T2FS T1 T2FS T2 T2 T2   

Repetition time (ms) 420 3600 500 3000 2500 2818 3000   

Echo time (ms) 11 102 11 103 80 89 110   

voxel size (mm3) 0.69 x 0.86 x 4 0.69 x 0.86 x 4 0.69 x 1.08 x 4 0.69 x 1.08 x 4 1.1 x 1.3 x 5 0.6 x 0.71 x 4 or 5 0.63 x 0.63 x 4   

 
         

 Our study 

Number of patients 57 33 22 

Manufacturer GE Healthcare GE Healthcare Siemens 

Model Discovery 3T Optima 1.5T Aera 1.5T 

sequence T1 T2FS T2 T1 T2FS T2 T1 T2FS T2 

Repetition time (ms) 600 4874 4077 540 6500 5800 520 5300 4890 

Echo time (ms) 11 90 92 9 77 101 12 100 100 

voxel size (mm3) 0.47 x 0.47 x 3 0.47 x 0.47 x 3 0.47 x 0.47 x 3 0.43 x 0.43 x 3 0.43 x 0.43 x 3 0.43 x 0.43 x 3 0.52 x 0.52 x 3.5 0.66 x 0.66 x 3.5 
0.66 x 0.66 x 

3.5 

 Our study    

Number of patients 15 6    

Manufacturer Siemens GE Healthcare    

Model Avanto 1.5T Signa 1.5T    

sequence T1 T2FS T2 T1 T2FS T2    

Repetition time (ms) 606 5420 7590 500 3500 3000    

Echo time (ms) 12 118 97 10 86 120    

voxel size (mm3) 0.67 x 0.67 x 4 0.6 x 0.6 x 4 0.6 x 0.6 x 4 0.47 x 0.47 x 3 0.47 x 0.47 x 3 0.47 x 0.47 x 3.5    

 
 



 

2 
 

  



 

1 
 

Table 2: Methods described in the original studies, the missing information and the methods applied 
in our study 

study  model phase step information strategy  performed 

study 1 
and 

study 2 

nomoscore 
and 

radsore 

pre 
processing 

bias field 
correction 

complete replicated N4ITK bias filed correction 

correction for 
different MR 

scanners 
complete replicated “μ ±3 σ” method 

feature 
extraction 

resampling complete replicated 1 × 1 × 1 mm3 resampling 

discretization not mentioned 

Use default 
parameter 

in 
PyRadiomics 

fixed bin width of 25 and a 
sitkBSpline interpolator 

feature 
normalization 

complete replicated Z score normalization 

classification 

selected 
features 

complete replicated 
see Electronic Supplementary 

material 2 and 3 

features 
coefficient 

complete replicated 
see Electronic Supplementary 

material 2 and 3 

nomoscore 
clinical 

variables 
 complete replicated 

see Electronic Supplementary 
material 2 and 3 

study 3 

nomoscore 
and 

radsore 

pre 
processing 

 not mentioned  no image preprocessing was 
performed 

feature 
extraction 

resampling 
Partial: size not 

mentioned 

Use default 
parameter 

in 
PyRadiomics 

1 × 1 × 1 mm3 resampling 

discretization not mentioned 

Use default 
parameter 

in 
PyRadiomics 

fixed bin width of 25 and a 
sitkBSpline interpolator 

feature 
normalization 

complete replicated Z score normalization 

classification 

selected 
features 

complete replicated 
see Electronic Supplementary 

material 4 

features 
coefficient 

Uncomplete: 
graphical 

representation 
only 

 
coefficient extracted from 

graphical nomogram 

nomoscore 
clinical 

variables 
 

Uncomplete: 
unprecise 

definition of 
the parotid tail 

Use of 
common 
definition 

"the portion that overlies the 
angle of the mandible" was 
adopted for the parotid tail. 
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Table 3: Summary of study characteristics and main results of the 6 models in the original studies. 
The features used in the models are detailed in Electronic Supplementary Material 2, 3 and 4. 

Study 
and 

model 

 Training 
Population 

(n) 

Test  
Population 

(n) 

Type of 
validation 

Training 
Performance 

Metrics 

Test 
Performance 

Metrics 

Study 1 

 

n=80 
Benign: 42 

Malignant: 38 

n=35 
 Benign: 18 

Malignant: 17 

Truly 
independent 
external test 

set 
    

Radscore 
(radiomic 
features 

only) 

 

    

 AUC: 0.944 
Sen: 0.921 
Spec:0. 905  
Acc: 0.913 

AUC: 0.908 
Sen: 0.882 

 Spec :0. 778 
 Acc: 0.829 

Nomoscore 
(radiomic 

and clinical 
features) 

 

    

 AUC: 0.952 
Sen: 0.921 

 Spec: 0.905 
 Acc: 0.913 

AUC: 0.938 
Sen: 0.941 

 Spec: 0.833 
 Acc: 0.886 

Study 2 

 
n=75 

WT: 34  
PMA: 41 

n=52  
WT: 24  

PMA: 28 

Truly 
independent 
external test 

set 

    

Radscore 
(radiomic 
features 

only) 

 

    

 AUC: 0.926 
Sen: 0.902 

 Spec: 0.882 
 Acc: 0.893 

AUC: 0.902 
Sen: 0.786 

 Spec: 0.875 
 Acc: 0.827 

Nomoscore 
(radiomic 

and clinical 
features) 

 

    

 AUC: 0.953 
Sen: 0.927 

 Spec: 0.853  
Acc: 0.893 

AUC: 0.918 
Sen: 0.893 

 Spec: 0.833 
 Acc: 0.865 

Study 3  

 
n=82 

WT: 42 
PMA: 40  

n=35  
 WT: 19 
PMA: 16 

Truly 
independent 
test set from 
same center 

    

Radscore 
(radiomic 
features 

only) 

 

    

 AUC: 0.826 
Sen: 0.900 

 Spec: 0.691  
Acc: 0.793 

AUC: 0.796 
Sen: 0.563  
Spec: 0.947 
 Acc: 0.771 

Nomoscore 
(radiomic 

and clinical 
features) 

 

    

 AUC: 0.962 
Sen: 0.875 

 Spec: 0.952 
 Acc: 0.915 

AUC: 0.934 
Sen: 0.938 

 Spec: 0.842 
 Acc: 0.886 
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Table 4: Demographic data, Radscore and Nomoscore for original studies. Data are presented as n (%) or mean +/- SD. 

  Study 1 Study 2 Study 3 
  benign malignant p-value PMA WT p-value PMA WT p-value 

n  109 21  59 34  35 16  

gender M n (%) 54  (49.54%) 10 (47.62%) 1.00 
16 

(27.11%) 
29 (85.29%) <0.001 7 (20.00%) 12 (75.00%) <0.001 

Age, year (mean +/- SD) 
53.6 +/- 

14.3 
62.2 +/- 17.2 0.002 

52.4 +/-
15.6 

55.5  +/- 
8.91 

0.35 
52.5 +/- 

16.3 
55.4  +/- 

8.16 
0.62 

maximum 
diameter, mm 

(mean +/- SD) 21.8 +/- 9.9 29.7 +/- 13.1 0.008 
22.4 +/- 

10.7 
20.4 +/-  

8.15 
0.57 

19.6  +/- 
8.46 

19.6  +/- 
8.58 

0.98 

DLI (absent/present) 79/30 7/14 0.001       

IST (absent/present) 100/9 15/6 0.02       

parotid tail (absent/present)       21/14 6/10 0.24 

Radscore Mean 8.23 7.18 0.49 -1.41 -1.28 0.74 -1.07 -2.96 0.14 
 SD 5.27 4.85  2.62 2.87  4.77 5.98  

Nomoscore Mean 35.54 31.51 0.57 3.24 3.99 0.73 77.58 41.49 0.11 
 SD 22.47 20.90  10.08 11.35  79.18 88.43  
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Table 5: Summary of performances for all models in the original studies and in our study.  
Data are presented as value or value [95%CCI] 

   

Original studies Our study 

   

Training population Test population No harmonization  ComBat harmonization  

St
u

d
y 

1
 

Radscore AUC 0.944 [0.868-0.983] 0.908 [0.762-0.979] 0.54 [0.411-0.668] 0.543 [0.408-0.677] 

 Accuracy 0.913 0.829 0.562 [0.246-0.862] 0.566 [0.233-0.876] 

 Sensitivity 0.921 0.882 0.667 [0.143-1] 0.65 [0.15-1] 

 Specificity 0.905 0.778 0.541 [0.101-1] 0.55 [0.092-1] 

Nomoscore AUC 0.962 [0.880-0.987] 0.938 [0.801-0.991] 0.548 [0.419-0.677] 0.548 [0.414-0.681] 

 Accuracy 0.913 0.886 0.569 [0.254-0.854] 0.581 [0.233-0.868] 

 Sensitivity 0.921 0.941 0.667 [0.189-1] 0.65 [0.15-1] 

  Specificity 0.905 0.833 0.55 [0.11-0.991] 0.569 [0.092-1] 

St
u

d
y 

2
 

Radscore AUC 0.926 [0.842-0.974] 0.902 [0.787-0.967] 0.521 [0.395-0.648] 0.52 [0.393-0.648] 

 Accuracy 0.893 0.827 0.591 [0.451-0.699] 0.581 [0.462-0.71] 

 Sensitivity 0.902 0.786 0.5 [0.059-0.941] 0.559 [0.059-0.912] 

 Specificity 0.882 0.875 0.644 [0.153-1] 0.593 [0.186-1] 

Nomoscore AUC 0.953 [0.878-0.989] 0.918 [0.808-0.976] 0.521 [0.395-0.647] 0.516 [0.39-0.643] 

 Accuracy 0.893 0.865 0.581 [0.43-0.72] 0.591 [0.441-0.699] 

 Sensitivity 0.927 0.893 0.559 [0.088-0.941] 0.559 [0.088-0.941] 

  Specificity 0.853 0.833 0.593 [0.153-0.983] 0.61 [0.153-0.983] 

St
u

d
y 

3
 

Radscore AUC 0.826 [0.736-0.916] 0.796 [0.646-0.946] 0.639 [0.469-0.809] 0.632 [0.457-0.808] 

 Accuracy 0.793 0.771 0.647 [0.51-0.804] 0.58 [0.5-0.82] 

 Sensitivity 0.9 0.563 0.688 [0.25-1] 0.8 [0.2-1] 

 Specificity 0.691 0.947 0.629 [0.343-1] 0.486 [0.343-1] 

Nomoscore AUC 0.962 [0.922-1] 0.934 [0.858-1] 0.63 [0.454-0.807] 0.617 [0.432-0.802] 

 Accuracy 0.915 0.886 0.549 [0.51-0.824] 0.56 [0.5-0.84] 

 Sensitivity 0.875 0.938 0.875 [0.188-1] 0.867 [0.2-1] 

  Specificity 0.952 0.842 0.4 [0.314-1] 0.429 [0.314-1] 
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Figures 

Figure 1 Study workflow (PMA: pleomorphic adenoma, WT: Warthin’s tumor) 
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Figure 2 ROC curve and corresponding AUC for Nomoscore and Radscore for all studies.
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Figure 3: ROC curve and corresponding AUC for Nomoscore and Radscore for all studies after 
ComBat harmonization
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Figure 4: ROC curve and corresponding AUC for Nomoscore and Radscore for all studies on subset of 
patients on the same MRI 

 

 
 
  



 

7 
 

Electronic Supplementary Material 
 

 

  



 

8 
 

1 Electronic Supplementary Material 1 
Article selection process 
 
Systematic PubMed search  
A systematic search was conducted on the PubMed database to identify studies 
investigating the classification of parotid gland lesions using MRI-based radiomics until 31st 
January 2024. The search string is detailed in the flowchart (Supp Figure 1). 
 
Inclusion and Exclusion Criteria 
The selection process was divided into two phases: an initial screening of the literature and 
a focused technical analysis of recent publications. 

Initial Screening 
Studies were excluded based on the following criteria: 

• study type: review articles, meta-analyses, case reports, and conference abstracts. 

• methodology: studies not utilizing radiomics (e.g., qualitative radiological 

assessment  or Deep Learning only). 

• clinical objective: studies that did not aim specifically to differentiate: 

- malignant tumours (MT) vs. benign tumours (BT) 

- or pleomorphic adenoma (PMA) vs. Warthin’s Tumor (WT) 

Technical Refinement 
To ensure reproducibility and standardization in our analysis, we further screened the 
remaining recent articles. Studies were excluded if they met any of the following technical 
criteria: 

• feature extraction software: articles not using recognized, standardized IBSI 

compliant extraction platforms. 

• mathematical transparency: articles where the specific formulas  were not available 

or clearly referenced. 

• MRI sequences: studies utilizing sequences other than T1-weighted (T1w), T2-

weighted (T2w), or Fat-Suppressed T2-weighted (T2FS) imaging. Indeed, the 

availability of other sequences in our cohort was not sufficient to ensure sufficient 

data with other MRI sequences. 

• studies with a RQS under 26.1% (which was the mean RQS on published data [1]) 

The details of the 20 analyzed articles are available in Supp Table 1. 
 

Final selection 
The selection process resulted in the selection of 3 articles 

• Article 1 : Zheng Y, Li J, Liu S, et al (2020) MRI-Based radiomics nomogram for 
differentiation of benign and malignant lesions of the parotid gland. Eur Radiol. 
https://doi.org/10.1007/s00330-020-07483-4 

https://doi.org/10.1007/s00330-020-07483-4
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• Article 2 : Zheng Y, Chen J, Xu Q, et al (2021) Development and validation of an MRI-
based radiomics nomogram for distinguishing Warthin’s tumour from pleomorphic 
adenomas of the parotid gland. Dentomaxillofac Radiol 50:20210023. 
https://doi.org/10.1259/dmfr.20210023 

• Article 3 : Hu Z, Guo J, Feng J, et al (2022) Value of T2-weighted-based radiomics model 
in distinguishing Warthin tumor from pleomorphic adenoma of the parotid. Eur 
Radiol 33:4453–4463. https://doi.org/10.1007/s00330-022-09295-0 

-  

 

Supp  Figure 1: Diagram of step-by-step exclusion of studies, from the initial identification in 
PubMed to the final set of articles included  
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First 
author and 
reference 

Year 
Clinical 

question 

Training 
population 

(n) 

Test 
population 

(n) 

MRI 
sequences 

Radiomic 
platform 

pre 
treatment 

and radiomic 
setting 

description 
completeness 

Classifier 
classification 

formula 
availability 

Validation 
method 

Performance 
summary 

Yang [2] 2024 
PMA vs 

WT 
88 

38 
(internal 
test) 23 

(external 
test) 

T2, T1, FS-
T1 CE 

PyRadiomics partial 
logistic 

regression 
1 

Internal  
and 

external 
test set 

AUC external 
validation 

0.915 

Muntean 
[3] 

2023 
MT vs 

BT 
83 25 

T2, CE-FS-
T1 

PyRadiomics Yes 
LASSO 

regression 
1 

Internal 
test set 

AUC test 
0.786 

Muraoka 
[4] 

2023 
PMA vs 

WT 
22 None STIR, ADC MaZda Yes "combination" 0 None 

AUC 0.93 – 
0.96 

Fathi 
Kazerooni 
[5] 

2022 
MT vs 

BT 
31 None 

T2, ADC, 
DCE-T1 

In house 
software 

No SVM 0 None 
Accuracy  

1.00 
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Hu [6] 2023 
PMA vs 

WT 
82 35 T2 PyRadiomics partial 

logistic 
regression 

partial 
internal 
test set 

AUC 
validation 

0.934 

Qi [7] 2022 

BT vs 
MT, 

PMA vs 
MT,WT 
vs MT, 
PMA vs 

WT 

128 55 
FS-T2, 

ADC, CE-
T1 

Feature 
Explorer 

no 
Linear 

regression 
1 

Internal 
test set 

AUC 0.907 
(MT vs BT) & 
0.967 (PA vs 

WT) 

Faggioni 
[8] 

2022 
WT vs 
PMA 

81 (T2), 52 
(T1) 

None 
T2,CE-FS-

T1 
PyRadiomics partial 

logistic 
regression 

1 None 
AUC 0.9 (CE-

FS-T1) 

He [9] 2022 

Classif. 4 
subtypes 

(incl. 
PMA vs 

WT) 

208 90 
T2, T1, CE-

FS-T1 
PyRadiomics partial 

XGBoost, 
SVM, Decision 

Tree 
0 

Internal 
test set 

XGBoost 
accuracy 

0.71  

Wen [10] 2022 

BT vs 
MT, 

PMA vs 
WT 

91 39 ADC PyRadiomics No 
linear 

discriminant 
analysis 

1 
Internal 
test set 

AUC 0.76 
(BT/MT) & 

0.92 
(PA/WT) 

Juan [11] 2022 
MT, 

PMA, 
WT 

78 N/A ADC 

None (mean 
and 

standard 
deviation) 

Yes random forest  0 
Leave one 
out cross 
validation 

AUC 0.81 
(MT) 
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Vernuccio 
[12] 

2021 

BT vs 
MT, 

PMA vs 
WT 

57 None 
T1, CE-T1 , 

SPIR, T2 
MaZda No 

discriminant 
analysis 

0 
5-fold 
cross 

validation 

AUC 0.927 
(BT/MT) & 

0.808 
(PA/WT) 

Piludu [13] 2021 
BT vs 

MT& WT 
vs MT 

69 44 T2, ADC S IBEX Yes SVM 0 
External 

validation 
test set 

Acc 0.87 (WT 
vs MT) & 

0.80  (BT vs 
MT) 

Zheng [14] 2021 
WT vs 
PMA 

75 52 T1, FS-T2 PyRadiomics partial 
Logistic 

regression 
1 

External 
validation 

test set 

AUC 
validation 

0.918 

Song [15] 2021 
WT vs 
PMA 

126 76 T1, T2 IBEX no 

multivariable 
logistic 

regression, 
SVM 

0 
Internal 

validation 
test set 

AUC 
validation 

0.90 

Liu [16] 2021 
WT vs 
PMA 

626 N/A 
T1, T2  
and CT 

MaZda partial 
LASSO  

regression 
1 None 

AUC MRI 
0.911 

Nardi [17] 2021 

MT vs 
BT, PMA 
vs WT vs 
EM vs Ly 

54 None ADC LIFEx partial 

Selected 
features 

evaluated 
separately 

1 None 
AUC 0.81 MT 

vs BT 
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Liu [18] 2021 
MT vs 

BT 
74 35 T1, T2 MaZda No 

multivariable 
logistic 

regression 
1 

External 
validation 

test set 

AUC 0.76 on 
validation 

cohort 

Zheng [19] 2021 
MT vs 

BT 
80 35 T1, FS-T2 PyRadiomics partial 

LASSO 
regression 

1 
External 

validation 
test set 

AUC 
validation 

0.938 

Sarioglu 
[20] 

2020 
MT vs 

BT 
95 N/A 

FS-T2, CE-
T1 

LIFEx partial 

Selected 
features 

evaluated 
separately 

1 None 
Spe 0.99 Sen 

0.50 

Fruehwald-
Pallamar 

[21] 
2013 

BT vs 
MT, 

PMA vs 
WT 

38 None 
T1,CE-T1, 
STIR, ADC 

MaZda partial 

linear 
discriminant 

analysis with k 
nearest 

neighbor 
classification 

1 None 

Max 
accuracy 

0.83 (MT vs 
BT) 

 
Supp Table 1:  Details of the 20 analyzed articles. The lines of the 3 included articles are shaded. 
BT: benign tumor, MT: malignant tumor, PMA: Pleiomorphic adenoma, WT: Whartin’s tumor, EM: Epithelial Malignancy, Ly: Lymphoma 
FS: Fat Saturation, CE: Contrast Enhanced, DCE : Dynamic Contrast Enhanced 
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2 Electronic Supplementary Material 2 

Details of the models for article 1 

Formula of the Radscore for article 1 

Radscore = 8.131645 - 0.02744869* T1_original_firstorder_10Percentile 

- 2.670423 * T1_wavelet-HLL_glcm_Idn 

- 2.381722* T1_wavelet-LHL_gldm_DependenceEntropy 

- 1.750878 * T1_wavelet-LHH_gldm_DependenceVariance 

- 0.2131322* T1_wavelet-LHH_firstorder_Energy 

- 1.113082e-15 * T1_wavelet-LHH_firstorder_TotalEnergy 

+ 0.1038013 * T1_wavelet-HLH_gldm_SmallDependenceLowGrayLevelEmphasis 

- 0.220293 * T1_wavelet-HLH_glcm_Correlation 

+ 0.1611885 * T1_wavelet-HHL_gldm_SmallDependenceLowGrayLevelEmphasis 

- 0.169119 * T1_wavelet-HHL_glcm_Correlation 

- 0.1256594 * T1_wavelet-LLL_firstorder_Minimum 

- 3.430239 * T2FS_original_glcm_Imc2 

+ 0.2339147 * T2FS_wavelet-LHL_firstorder_Mean 

+ 0.1476619 * T2FS_wavelet-LHL_ngtdm_Busyness 

+ 2.325397 * T2FS_wavelet-HLH_gldm_DependenceEntropy 

- 0.36343 * T2FS_wavelet-HLH_glszm_GrayLevelNonUniformityNormalized 

+ 0.2407029 * T2FS_wavelet-LLL_firstorder_Kurtosis 

Formula of the Nomoscore for article 1 

Nomoscore = 0.105 + 4.270 * Radscore + 1.095 * IST + 0.678 * DLI 

IST: Infiltration of Surrounding Tissues ; DLI: Deep Lobe Involvement 
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3 Electronic Supplementary Material 3 
 

Details of the models for article 2 

Formula of the Radscore for article 2 

Radscore = -1.467 - 0.459 * T1_wavelet-HHL_glcm_Correlation 

+ 2.509 * T2FS_wavelet-LLH_glcm_Imc2 

- 0.179 * T2FS_original_firstorder_Kurtosis 

+ 0.467 * T2FS_wavelet-HLL_firstorder_Kurtosis 

+ 0.144 * T2FS_wavelet-LLH_glcm_Correlation 

- 0.131 * T2FS_wavelet-LLH_glszm_SizeZoneNonUniformityNormalized 

+ 0.029 * T2FS_wavelet-HLH_glcm_ClusterShade 

- 0.075 * T2FS_wavelet-HHL_glcm_ClusterShade 

+ 0.067 * T2FS_wavelet-HHL_glcm_MCC 

- 0.136 * T2FS_wavelet-LLL_glcm_ClusterShade 

- 0.568 * T2FS_wavelet-LLL_glrlm_GrayLevelNonUniformityNormalized 

- 0.534 * T2FS_wavelet-LLL_glszm_GrayLevelNonUniformityNormalized 

 

Formula of the Nomoscore for article 2 

Nomoscore = 3.942 + 3.898* Radscore + 0.091* Age 
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4 Electronic Supplementary Material 4 

Details of the models for article 3 

Formula of the Radscore for article 3 

Radscore = - 2.16328 

+ 2.83586 * original_shape_Flatness 

+ 0.00117 * original_firstorder_10Percentile 

- 4.90062 * wavelet-LLH_glcm_Imc1 

- 0.92691 * wavelet-LLH_gldm_LowGrayLevelEmphasis 

+ 0.00133 * wavelet-LLL_firstorder_10Percentile 

- 0.02628 * wavelet-LLL_gldm_DependenceVariance 

- 0.00449 * wavelet-LLL_gldm_LargeDependenceEmphasis 

 

Formula of the Nomoscore for article 3 

Points = 141.6811 + 15.29 * radscore + 1.111111 * age + 17.7 * (1-parotid tail) 

Risk (Nomoscore) = 0.02781 * Points - 2.01682 
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5 Electronic Supplementary Material 5 
 
Distribution of  histologic types for article 1 
 

Malignant lesions n=21 Benign lesion n=109 

lymphoma 6 PMA 59 

squamous cell carcinoma metastasis 5 WT 34 

melanoma metastasis 3 basal cell adenoma  8 

squamous cell carcinoma 2 lymphoepithelial cyst 3 

Low-grade mucoepidermoid carcinoma 2 oncocytoma 2 

Salivary ductal adenocarcinoma 1 hamartoma 1 

Acinic cell carcinoma 1 benign myoepithelial lesion  1 

carcinoma ex pleomorphic adenoma 1 lymphadenoma 1 

poorly differentiated carcinoma 1   
primary papillary cystadenocarcinoma 1   
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6 Electronic Supplementary Material 6 
Brier scores and calibration curves for all 6 models 
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7 Electronic Supplementary Material 7 

 
Evaluation of the radiomic quality scores for all 3 studies 
 
RQS for studies 1 and 2  
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METRICS for studies 1 and 2 

Items/Conditions Definitions Weights  
Study Design    

Item#1 
? Adherence to radiomics and/or machine learning-
specific checklists or guidelines 0.0368 no 

Item#2 
? Eligibility criteria that describe a representative study 
population 0.0735 yes 

Item#3 ? High-quality reference standard with a clear definition 0.0919 yes 

Imaging Data    
Item#4 ? Multi-center 0.0438 yes 

Item#5 
? Clinical translatability of the imaging data source for 
radiomics analysis 0.0292 yes 

Item#6 ? Imaging protocol with acquisition parameters 0.0438 yes 

Item#7 
? The interval between imaging used and reference 
standard 0.0292 yes 

SegmentationC    
Condition#1 ? Does the study include segmentation?  yes 

Condition#2 ? Does the study include fully automated segmentation?  no 

Item#8 ? Transparent description of segmentation methodology 0.0337 no 

Item#9 ? Formal evaluation of fully automated segmentationC 0.0225 n/a 

Item#10 
? Test set segmentation masks produced by a single 
reader or automated tool 0.0112 yes 

Image Processing 
and Feature 
Extraction    
Condition#3 ? Does the study include hand-crafted feature extraction?  yes 

Item#11 
? Appropriate use of image preprocessing techniques with 
transparent description 0.0622 yes 

Item#12 ? Use of standardized feature extraction softwareC 0.0311 yes 

Item#13 
? Transparent reporting of feature extraction parameters, 
otherwise providing a default configuration statement 0.0415 no 

Feature Processing    
Condition#4 ? Does the study include tabular data?  yes 

Condition#5 ? Does the study include end-to-end deep learning?  no 

Item#14 ? Removal of non-robust featuresC 0.0200 yes 

Item#15 ? Removal of redundant featuresC 0.0200 yes 

Item#16 
? Appropriateness of dimensionality compared to data 
sizeC 0.0300 yes 

Item#17 
? Robustness assessment of end-to-end deep learning 
pipelinesC 0.0200 n/a 

Preparation for 
Modeling    
Item#18 ? Proper data partitioning process 0.0599 yes 

Item#19 ? Handling of confounding factors 0.0300 no 
Metrics and 
Comparison    
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Item#20 
? Use of appropriate performance evaluation metrics for 
task 0.0352 no 

Item#21 ? Consideration of uncertainty 0.0234 yes 

Item#22 ? Calibration assessment 0.0176 yes 

Item#23 ? Use of uni-parametric imaging or proof of its inferiority 0.0117 no 

Item#24 
? Comparison with a non-radiomic approach or proof of 
added clinical value 0.0293 no 

Item#25 ? Comparison with simple or classical statistical models 0.0176 no 

Testing    
Item#26 ? Internal testing 0.0375 yes 

Item#27 ? External testing 0.0749 yes 

Open Science    
Item#28 ? Data availability 0.0075 no 

Item#29 ? Code availability 0.0075 no 

Item#30 ? Model availability 0.0075 no 
Total METRICS 
score:   73.0% 

 ? Quality category:   Good 
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RQS for study 3 
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METRICS for study 3 

Items/Conditions Definitions Weights  
Study Design    

Item#1 
? Adherence to radiomics and/or machine learning-
specific checklists or guidelines 0.0368 no 

Item#2 
? Eligibility criteria that describe a representative study 
population 0.0735 yes 

Item#3 ? High-quality reference standard with a clear definition 0.0919 yes 

Imaging Data    
Item#4 ? Multi-center 0.0438 no 

Item#5 
? Clinical translatability of the imaging data source for 
radiomics analysis 0.0292 yes 

Item#6 ? Imaging protocol with acquisition parameters 0.0438 yes 

Item#7 
? The interval between imaging used and reference 
standard 0.0292 yes 

SegmentationC    
Condition#1 ? Does the study include segmentation?  yes 

Condition#2 ? Does the study include fully automated segmentation?  no 

Item#8 ? Transparent description of segmentation methodology 0.0337 no 

Item#9 ? Formal evaluation of fully automated segmentationC 0.0225 n/a 

Item#10 
? Test set segmentation masks produced by a single 
reader or automated tool 0.0112 yes 

Image 
Processing and 
Feature 
Extraction    
Condition#3 ? Does the study include hand-crafted feature extraction?  yes 

Item#11 
? Appropriate use of image preprocessing techniques with 
transparent description 0.0622 no 

Item#12 ? Use of standardized feature extraction softwareC 0.0311 yes 

Item#13 
? Transparent reporting of feature extraction parameters, 
otherwise providing a default configuration statement 0.0415 no 

Feature 
Processing    
Condition#4 ? Does the study include tabular data?  yes 

Condition#5 ? Does the study include end-to-end deep learning?  no 

Item#14 ? Removal of non-robust featuresC 0.0200 yes 

Item#15 ? Removal of redundant featuresC 0.0200 yes 

Item#16 
? Appropriateness of dimensionality compared to data 
sizeC 0.0300 yes 

Item#17 
? Robustness assessment of end-to-end deep learning 
pipelinesC 0.0200 n/a 

Preparation for 
Modeling    
Item#18 ? Proper data partitioning process 0.0599 yes 

Item#19 ? Handling of confounding factors 0.0300 no 
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Metrics and 
Comparison    

Item#20 
? Use of appropriate performance evaluation metrics for 
task 0.0352 no 

Item#21 ? Consideration of uncertainty 0.0234 yes 

Item#22 ? Calibration assessment 0.0176 yes 

Item#23 ? Use of uni-parametric imaging or proof of its inferiority 0.0117 no 

Item#24 
? Comparison with a non-radiomic approach or proof of 
added clinical value 0.0293 no 

Item#25 ? Comparison with simple or classical statistical models 0.0176 no 

Testing    
Item#26 ? Internal testing 0.0375 yes 

Item#27 ? External testing 0.0749 no 

Open Science    
Item#28 ? Data availability 0.0075 no 

Item#29 ? Code availability 0.0075 no 

Item#30 ? Model availability 0.0075 no 
Total METRICS 
score:   54.1% 
 ? Quality 
category:   Moderate 

 
 
 
 


