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Abstract. The number of radiomic studies has dramatically increased in the last 
decade. However, the reproducibility of radiomic analyses remains challenging, 
although being fundamental for their clinical transferability. Herein we proposed 
an analysis of published radiomic signatures based on magnetic resonance imag-
ing (MRI) for prognosis of overall survival (OS) in head and neck cancer (HNC) 
patients. Specifically, 5 reproducible MRI-based radiomic signatures were iden-
tified and their performance was tested on an external dataset of n=137 HNC 
patients. Although the lack of complete methodological details was encountered 
in the analyzed radiomic studies, the analysis performed herein allowed identify-
ing 3 over 5 significantly prognostic signatures for OS of HNC patients. In par-
ticular, the radiomic signature with the highest stratification capability between 
high/low risk groups, provided a C-index 0.60, HR 2.43 and log-rank p = 0.0022. 
Overall, the study demonstrated the feasibility of comparing published radiomic 
signatures on an external dataset (provided that sufficient methodological details 
are reported). In future, major efforts should be put in reporting radiomic analyses 
in order to enable their full reproduction in view of their potential translation in 
clinics.   
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1 Introduction 

Head and neck squamous cell carcinoma (HNC) are a group of highly heterogeneous 
malignancies representing the seventh most common and the sixth most deadly tumor 
worldwide (accounting for more than 350000 annual deaths) [1]. Nowadays, the tumor-
node-metastasis (TNM) staging system is the main factor guiding risk assessment, treat-
ment choice and prognosis [2]. However, the stratification performance of staging-
based system is quite low. The high heterogeneity of HNC and the emergence of per-
sonalized medicine fostered the development of additional biomarkers. Radiomics, 
namely the quantitative extraction of high throughput data from medical images, 
demonstrated to hold the potential for providing HNC biomarkers [3]. The number of 
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radiomic studies has dramatically increased in the last decade. In this context, the re-
peatability and reproducibility of radiomic analyses remains an open issue, which needs 
to be addressed in order to enable the clinical translation of radiomics [4].  

The aim of the present study was to test the prognostic performance of reproducible 
radiomic signatures for prognosis of overall survival (OS) based on magnetic resonance 
imaging (MRI) on a HNC patient dataset.  

2 Methods  

2.1 Patient dataset, MRI image preprocessing and features extraction 

A subset of locally advanced HNC (clinical TNM III/IV according to the 8th edition of 
AJCC/UICC) of the BD2Decide project (NCT02832102) presenting with pre-contrast 
T1-weighted (T1w) and T2-weighted (T2w) and post-contrast T1w (T1wCont) MR im-
age sequence (acquired with 1.5 T scanner) was used in the present study (n=137 pa-
tients) [5].   

The region of interest (ROI) corresponding to the primary tumor volume was seg-
mented by an expert radiologist. MRI images underwent the following preprocessing 
steps: (i) denoising, through a 3D Gaussian filter with a 3x3x3 voxel kernel and σ = 
0.5; (ii) intensity non-uniformities correction, through the N4ITK algorithm [6]; (iii) 
intensity standardization, through Z-score; (iv) voxel size resampling, through B-spline 
interpolation. Radiomic features were extracted from the original image and trans-
formed images, including the Laplacian of Gaussian (σ=0.5, 1.0, 1.5, 2.0 and 5.0 mm) 
the wavelet, the square, the square root and the logarithm filters. For each original and 
transformed image, features belonging to first order statistics, shape and size (only for 
original images), grey level cooccurrence matrix, grey level size zone matrix, neigh-
boring gray tone difference matrix and grey level dependence matrix were extracted, 
for a total of n = 5064 features. Pyradiomics 2.2.0 software was used to extract the 
features [7].  

2.2 Radiomic signature testing  

A literature survey was performed to retrieve reproducible MRI-radiomic signatures 
for prognosis of OS in HNC patients and compute the radiomic scores on our HNC 
dataset. To reproduce the signatures, the methods applied in the studies were followed. 
However, if information regarding features normalization and/or signature dichotomi-
zation was missing, the following criteria were applied. As regards features normaliza-
tion, (i) if the information was missing, the original features were considered, (ii) if 
features normalization was mentioned, but without providing additional details (e.g., 
method and features median/standard deviation), Z-score normalization was applied on 
our data. Similarly, to dichotomize the radiomic signatures (between high/low risk 
groups), if the threshold was not provided, the median value of the radiomic signature 
in the present data was used.  

The identified reproducible radiomic signatures were thus computed on our dataset. 
The prognostic performance of the radiomic signatures was compared in terms of 
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Harrel’s concordance index (C-index), hazard ratio (HR) and high/low risk group pa-
tient stratification with Kaplan-Meier curves. 

3 Results 

3.1 Survey of literature  

Five reproducible MRI-based radiomic studies [8–12], providing information on the 
selected features along with regression coefficients, were identified and reported in Ta-
ble 1. Four monomodal and one multimodal radiomic signatures were reported. Most 
of the radiomic signatures were based on T1wCont sequence (Rad-1, Rad-2, and Rad-
4), one radiomic signature was based on T2w sequence (Rad-5) and one multimodal 
radiomic signature was based on the T1w, T1wCont and T2w sequences (Rad-3). The 
number of the selected features span from 2 to 10. Moreover, the selected features were 
all different among the studies, leading to a total of 25 potentially prognostic features 
identified (i.e., 21 from T1wCont, 3 from T2w and 1 from T1w). Specifically, (i) among 
the 21 T1wCont features, 13 were extracted from the wavelet transformation (textural 
features), 5 from the Laplacian of Gaussian transformation (3 first order and 2 textural 
features) and 3 from the original image (2 shape and 1 textural features); (ii) among the 
3 T2w features, one was extracted from the wavelet transformation (textural feature), 
one from the Laplacian of Gaussian transformation (first order feature) and one from 
the original image (shape feature) and (iii) the T1w feature was extracted from the orig-
inal image (textural feature).  

As regards features normalization, (i) to compute Rad-1, Z-score standardization 
was applied on the features, as reported in the study [8], (ii) to compute Rad-2 and Rad-
4, the original features were considered because standardization processes were not 
mentioned in the corresponding studies [9, 11], (iii) to compute Rad-3, Z-score stand-
ardization was applied on the features, by considering the mean and standard deviation 
reported in the study [10], and (iv) to compute Rad-5, Z-score standardization was ap-
plied on the features, because feature normalization was mentioned in the study, but 
details on the normalization method were not provided [12].  

Finally, as regards the cutoff value to dichotomize the signature, except for Rad-4 
for which the cutoff value was available, the median value was considered.  

Table 1. MRI-based radiomic signatures included in the study. 

Signature Study Features Feature normalization Cutoff 

Rad-1 Bos 2021 [8] 10 from T1wCont Z-score – no details NA 

Rad-2 Chen 2022 [9] 6 from T1wCont NA NA 

Rad-3 Alfieri 2022 [10] 3 from T1w, T1wCont, T2w Z-score – details NA 

Rad-4 Siow 2022 [11] 4 from T1wCont NA 0.5 

Rad-5 Mossinelli 2023 [12] 2 from T2w  Standardized – no details NA 
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3.2 Radiomic features testing  

Table 2 lists the results of the radiomic signatures and the combined radiomic score and 
Fig.1 shows the corresponding Kaplan-Maier curves. Three over five radiomic signa-
tures (i.e., Rad-2, Rad-3 and Rad-5) were significantly prognostic for the OS of the 
considered dataset, with Rad-5 providing the best performance, with C-index 0.60 (IQR 
0.57-0.63), HR 2.43 (95% confidence interval 1.41-4.20) and log-rank p = 0.0022. 

Table 2. Performance of radiomic signatures. 

Signature C-index Log-rank HR Log-rank p 

Rad-1 0.56 [IQR 0.53 0.59] 1.40 [95% CI 0.82 2.41] 0.28 

Rad-2 0.55 [IQR 0.52 0.57] 1.78 [95% CI 1.04 3.06] 0.05 

Rad-3 0.60 [IQR 0.58 0.62] 2.06 [95% CI 1.20 3.55] 0.013 

Rad-4 0.48 [IQR 0.45 0.51] 0.92 [95% CI 0.24 3.61] 0.82 

Rad-5 0.60 [IQR 0.57 0.63] 2.43 [95% CI 1.41 4.20] 0.0022 

C-index: Harrel’s concordance index; HR: hazard ratio 

 
Fig. 1. Kaplan-Meier curves for (a) Rad-1, (b) Rad-2, (c) Rad-3, (d) Rad-4 and (e) Rad-5.  

4 Discussion 

The number of radiomic studies has dramatically increased in the last decade. However, 
the lack of common consensus in the applied methodologies and the paucity of details 
reported in the studies, make the reproducibility of published results a challenge. This 
in turn hampers the potential translation of radiomics to clinics [4]. The present study 
proposed an analysis of published MRI-based radiomic signatures for prognosis of OS 
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in HNC patients, with the goal of testing their replicability and performance on an ex-
ternal dataset of n=137 HNC patients.  

Overall, a faithful reproduction of the signatures was not possible because of the lack 
of complete methodological details (e.g., either about feature normalization or cutoff 
value for dichotomization). This sheds light on the need for defining a common con-
sensus about the transparency of the delivered information, which is required to cor-
rectly replicate the radiomic analyses and subsequently to lay the foundations for a po-
tential clinical translation. However, to overcome the lack of details and compute the 
radiomic signatures, some assumptions were introduced. With the exception of Rad-4, 
all the radiomic signatures separated the high- from the low-risk groups, with 3 of them 
presenting with significant p-value of the log-rank test.   

The present study is not exempt from limitations, mainly associated to the necessary 
assumptions that were considered in order to compute the radiomic signatures. In fu-
ture, performing a meta-analysis of HNC radiomic prognostic signatures is thought to 
provide a remarkable impact in the field.  

5 Conclusion 

This study demonstrated the feasibility of comparing published radiomic signatures on 
an external dataset, provided that sufficient methodological details are described. Fu-
ture efforts should be put in reporting radiomic analyses in order to enable their full 
reproduction in view of their potential translation in clinics.   
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