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Aim/Introduction: Radiomics is a major frontier in medical image 
analysis, enabling the mining of high-dimensional data from 
images. Early prediction of progression-free survival(PFS) may 
facilitate better therapy, disease control, and identification of 
disease mechanisms. This study aims to predict survival outcomes 
using Hybrid Machine Learning Systems(HMLS) and reliable and 
reproducible tensor radiomics features. Materials and Methods: 
We selected 408 patients with head and neck cancer from the 
cancer imaging archive. PET images were first registered to CT 
images, enhanced, normalized, and cropped. We then employed 15 
fusion techniques, such as Laplacian-pyramid(LP), Discrete-wavelet-
transform(DWT), and others to combine PET and CT images 
information in new datasets. Subsequently, 211 radiomics-features 
were extracted from each tumor through the standardized SERA-
radiomics software, each using PET-only, CT-only, and 15 fused 
PET-CT images (17 ‘flavours’; resulting in what we term ‘tensor-
radiomics’). The variability of radiomics features was studied using 
the Intraclass-Correlation-Coefficient(ICC). ICC>0.90, 0.75<ICC<0.90, 
0.50<ICC<0.75, ICC<0.50 were denoted as having excellent, good, 
moderate, and poor reliability, respectively. We first selected 
106 features (with ICC over 0.75), incorporated all flavours, and 
removed high correlation flavours. After min-max normalization, 
the polynomial function was applied to combine features and 
generate new attributes. ANOVA algorithm was utilized to select 
the relevant features. Finally, we applied the preselected relevant 
attributes to 3 classifiers, including Random-Forest(RandF), Logistic-
regression(LR), and Multi-layer-perceptron(MLP) to predict binary-
PFS. 5-fold cross-validation was performed for model selection. In 
each fold, 4 divisions were employed for the training and validation 
process. Moreover, 80% of training datapoints were utilized to train 
the model and the remaining 20% utilized to validate and select 
the best model. Further, the remaining fold was used for external-
nested-testing. For more consistency, each fold was trained 
with 9 same classifiers with different optimized parameters, and 
Ensemble-Voting(EV) was performed for validation and external 
testing. Moreover, we applied radiomics-features extracted from 
each typical image to the 3 mentioned classifiers. Results: For 
the tensor radiomics features framework, the highest training 

validation performance of 72%±3% was achieved when utilizing 
ensemble-LR. Nested external testing of 68%±1% confirmed our 
findings. Furthermore, we applied radiomics features extracted 
from each modality to the classifiers. The highest training validation 
performance of 70%±1% was obtained when using sole radiomics 
features extracted from DWT linked with RandF. Nested external 
testing of 66%±3% confirmed our findings. Conclusion: This study 
demonstrated that using reliable tensor radiomics features linked 
with ANOVA and LR added value to the prediction of survival. 
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Aim/Introduction: External validation of radiomic studies is limited, 
although of utmost importance for the clinical implementation of 
radiomic models. The purpose is to build and externally validate a 
[18F]FDG PET radiomic model to predict overall survival in patients 
with head and neck squamous cell carcinoma (HNSCC). Materials 
and Methods: Two multicentre datasets of patients with operable 
HNSCC treated with neoadjuvant afatinib who underwent a 
baseline [18F]FDG PET/CT scan were included (EORTC 90111 trial: 
n=23, Unicancer Predictor trial: n=20). Tumours were delineated 
using an adaptive threshold of 50% SUVpeak, wherefrom 48 
radiomic features were extracted. Each cohort was used once as 
training and once as an external validation set for the prediction of 
overall survival. Features were scaled (centred around 0, standard 
deviation of 1) and redundancy filtering was performed (r=0.95). 
Supervised feature selection was performed using variable hunting 
with variable importance, which was repeated 1,000 times, 
selecting the top 2 features (i.e. 1 feature per 10 subjects) ranked in 
terms of occurrence. A Cox proportional hazards regression model 
using selected radiomic features and clinical characteristics (age 
and HPV status) was fitted on the training dataset and validated 
in the external validation set. Model performances are expressed 
by the concordance-index (C-index). Results: Based on the EORTC 
dataset, a radiomic signature with the features sphericity (shape) 
and interquartile range (first order) was constructed and returned 
a C-index of 0.69. External validation in the Unicancer dataset 
resulted in a C-index of 0.70. Vice versa, the Unicancer radiomic 
signature using the features cluster prominence (grey level 
cooccurrence matrix) and grey level non-uniformity normalised 
(grey level run length matrix) resulted in a C-index of 0.73. External 
validation in the EORTC dataset resulted in a C-index of 0.60. Clinical 
characteristics alone were unable to predict overall survival with 
C-indexes for the EORTC and Unicancer models of 0.53 (Unicancer 
validation: 0.32) and 0.66 (EORTC validation: 0.47), respectively. 
The combination of radiomic features and clinical characteristics 


