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Contexte socioéconomique et scientifique (env. 10 lignes) :  
Methods exploiting deep neural networks have achieved state of the art performance in numerous medical imaging tasks such as classification, 

denoising, registration or segmentation [1] and more recently image synthesis. Radiomics is a specific field of research aiming at improving 
diagnosis (stage, malignancy, histology, etc.) or prognosis (outcome, response to therapy, etc.) by exploiting a large set of image-derived 
engineered features (intensity metrics, shape descriptors and higher order textural features, etc.) [2]. Recent studies have shown the potential 

interest of deep neural networks for improving and/or automating specific steps of the radiomics workflow (figure 1), in order to automate or 
facilitate the detection and segmentation of lesions, to provide «deep» features using pre-trained networks or to improve the modelling step [3], 
[4]. However, replacing entirely the workflow by one (or several) network(s) faces the challenge of the limited size of available datasets for an 

efficient training. Another challenge is the crucial need to provide interpretability of these models to the end users (i.e.,  clinicians) if they are to be 
incorporated within clinical decision-aid systems in clinical routine patient management. 
 

  
Fig. 1: illustration of the standard radiomics workflow (first two rows on top) and how deep learning techniques can be used to either automate 
and improve parts of the workflow (middle rows) or to replace it entirely (bottom row).  

 

In this work we aim at putting expert knowledge back into these often purely data-driven methods. In general within the medical field, future 
training of clinicians will undoubtedly integrate an understanding of decision making tools they will rely on in their practice. The issue of 
acceptability will become even more critical with prediction for patient treatment personalization made by deep networks. Within this context there 

is a clear need to move away from black box solutions towards grey or even white box methodologies, with the development of models that can 
provide information regarding how a decision is reached. It is also necessary to specifically develop methods for understanding why and how the 

implemented tools potentially provide decisions with a lower confidence level, or fail completely.  

Hypothèses et questions posées (env. 8 lignes) :  

On the one hand, it is challenging for end-users to grasp the meaning of multi-parametric models combining numerous variables, as well as the 
mathematical definitions and algorithmic implications of radiomics [5]. On the other hand, they are very reluctant to use models and tools that 
cannot explain how a proposed diagnosis or prediction is reached [6], [7]. The state of the art in predictive modelling for r adiomics still consists 

today mostly in selecting a subset of features and then combining them using standard classification algorithms (e.g., random forest). The 
variability of results obtained depends strongly on the chosen algorithms, as for the same input data, some (combination of) methods can lead to 
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clinically-relevant performance, whereas others are close to random guess [8], [9]. Recent studies relying on deep learning have not shown 
significantly higher performance compared to standard radiomics, but rather complementary predictive capability [10] or similar performance 
although with a higher level of automation [11]. In addition, most of existing studies have relied on pre-processing steps such as detection and 

segmentation of tumours, and are often based on the use of RGB 2D networks applied to a subset of slices of the input tumour images, instead of 
exploiting the entire 3D tumour volume. However, recent studies have also shown that trained networks actually capture similar  information as 
expert-defined (i.e. engineered) image features [12]. 

Grandes étapes de la thèse (env. 12 lignes) :  
In contrast to the limitations listed above, we will develop an integrative approach with deep neural networks learning directly from the input 
images. To overcome the need for very large datasets for efficient training and to improve the interpretability of the models , we will investigate 

how to best imbed carefully selected engineered radiomics features in the models in order to incorporate more expert knowledge and a priori 
modelling of features relationships. At this stage combination with other sources of data, such as clinical variables, dosimetry or other omics will 
be considered. A promising approach for such modelling are Bayesian networks [13], specifically within the context of modelli ng that exploits data 

of different sources and sometimes very different sizes (for instance, usually 10-20 clinical variables have to be combined with hundreds of 
radiomics or thousands of deep features, and transcriptomics or genomics may require additional modelling such as genes modules 
determination). 

Given the limited amount of data available for training (at most several hundreds of patients), we will rely for designing these methods on a 
combination of transfer learning and appropriate data augmentation techniques[14],  chosen according to expert knowledge to avoid introducing 
artefacts. Strategies to exploit the full 3D tumour volume will be also developed, by considering ensemble of pre-trained 2D or 3D networks. 

Established and available pre-trained networks on ~106 natural images (e.g., inception, imagenet) will be re-trained using large medical imaging 
datasets (~103-4 datasets) outside the scope of our work (for example screening chest CTs available in the cancer imaging archive (TCIA) [15], 
and finally fine-tuned using our radiation oncology datasets with specific endpoints (outcome, treatment failure). Methods for the integration of 

other types of data (clinical variables, dosimetry, other omics or even pre-selected engineered radiomics features) into these networks for a 
constrained training and improved accuracy will also be developed. Finally, as the overall goal is to develop methods that provide information 
about how the models reach a prediction in order to exploit this output, we will develop methods dedicated to interpretabilit y of the obtained 

models described above. For example, we will exploit methods based on network visualization and heatmap techniques [16] to detect in the input 
images the tumor(s) or parts of the tumor(s) associated with the patients outcome. This information will be then exploited for dosimetry and 
treatment planning optimization purposes (e.g., to increase the dose to these highlighted subvolumes). By integrating other data into the models, 

this prediction will be based not only on training the network based on the images content but also guided and constrained by the other sources of 
information, which also helps the development of methods allowing for providing explanations to the end-users regarding the decision. We will 
exploit tools facilitating interpretability of complex models, such as Partial Dependence Models (PDP) [16], Individual Conditional Expectation 

(ICE) [17], (PDP) [16], Individual Conditional Expectation (ICE) [17], Accumulated Local Effects (ALE) [18], SHapley Additive ExPlanations 
(SHAP) [19] and surrogate models like LIME [20]. These techniques have never been investigated in the context of radiomics predictive models. 
Another line of investigation is to explore the accuracy of transfer learning. As we showed recently, the features extracted using deep neural 

networks have specific properties that can be exploited to improve accuracy of downstream non-parametric learning methods [21]. Evaluation will 
be carried out in a number of identified clinical applications (lung, cervical cancer and rectal cancer) for which multicen tric datasets with hundreds 
of patients are already available and have been used for usual radiomic studies. 
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Compétences scientifiques et techniques requises par le candidat (2 lignes) : 
The PhD candidate must hold an Engineering or Master degree in computer science or applied mathematics, with a strong background regarding 
machine/deep learning techniques, ideally with experience in imaging (not necessarily medical) applications. The candidate must speak fluent 
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English. 

3 publications de l’équipe d’accueil relatives au domaine (5 dernières années) : 
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Collaborations nationales et internationales : 
Radiomics is a field of research that has experienced since 2015 a worldwide exponential growth in terms of he number of publications and the 
number of teams investing efforts in it. The use of deep learning techniques is more recent, although it has been growing even more quickly, as 

the interest regarding artificial intelligence in all scientific fields, including healthcare and obviously medical imaging for personalized medicine, is 
also extremely high nowadays. As a result, this field of research is extremely competitive, especially at the international level. The ACTION team 
of the LaTIM has been one of the first teams in the world to work on radiomics (with a first publication in 2011, before the term radiomics was 

even coined) and has a very strong track record regarding radiomics. It has published more papers on the topic than any other team in France. 
With this PhD project, the team aims at remaining on the forefront of the methodological developments and paradigm changes in the field of 
radiomics, so to push the frontiers and contribute in facilitating the development of multimodal imaging-based and interpretable clinical decision 

tools in oncology. This PhD project will be carried out as a collaborative effort between two laboratories in Brest: the LaTIM (INSEMR UMR 1101) 
and the LMBA (CNRS UMR 6205). The LaTIM (laboratory of medical information processing), and more specifically the team ACTION 
(therapeutic action guided by multimodal imaging in oncology) focuses on the development of methodologies for addressing challenges in patient 

management in oncology. Within ACTION, the group multiparametric modeling for improved therapy develops predictive and prognostic models 
based on radiomics from multimodal (PET, CT, MRI) imaging and is heavily invested in exploiting learning based methods to achieve automation 
of the radiomics process. The LMBA is a mathematics laboratory and focuses on statistics and probability, with expertise and experience 

regarding neural networks [17]. On the LaTIM side, M. Hatt will bring expertise on the use of deep neural networks for medical imaging and 
predictive modeling in radiomics, whereas on the LMBA side, F. Vermet will provide advanced expertise regarding statistical learning [18] and 
more specifically will help in developing methods for the interpretability of trained deep neural networks. 
 
 


