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PRESENTATION DU SUJET  

 
Un document de 2 à 4 pages (références comprises) qui précise : 
 
- le contexte scientifique du projet 
 
The motivating example is to produce a new classification of breast tumors based on the immunology of the tumor micro-
environment. Recent studies have mined whole tumor transcriptomic datasets (TCGA) in order to assess immune cell 
enrichment using cell type-specific signatures [1]. This led to interesting patterns in immune cell infiltration but with an 
indirect method with relatively low specificity and sensitivity, and unvalidated reproducibility. Tumors’ Immune infiltrate 
defined at the cellular and molecular levels have rarely been used before to describe and classify breast cancers.  
 
 
Classification, the task of assigning objects to one of several predefined categories, is an active research problem in data 
mining and machine learning. Two major categories of learning techniques include unsupervised and supervised learning.  
In absence of already defined specific classes, unsupervised learning problems can be further grouped into clustering 
and association problems. Clustering, which aim is to identify groups of similar instances in a dataset, is one of the 
important tasks in data mining. Many methods of clustering and many clustering algorithms have been proposed in the 
last decades, such as K-means, hierarchical clustering and model-based clustering (figure 1). 
 

 
Figure 1: Examples of clustering base methods.   

Note that since they are based on distinct models, application to the same dataset yields to quite different classifications. 
 
 
However, the main criticism of such classical partitioning algorithms is their sensitivity to outliers and to their initialization. 
Among those, consensus clustering can be used to combine multiple base clusterings into a new solution that provides 
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better quality partitioning [2].  Consensus clustering refers to the problem of finding a single consensus clustering from a 
number of different inputs or base clusterings that have been obtained for a given dataset.  
Consensus clustering algorithms generate better partitions and are able to find a partition unattainable by any single 
clustering algorithm. The advantage of this technique is to have a new clustering result that is at least as good as the best 
partition achieved by the base methods. Moreover, the new clustering has been reported less sensitive to noise and 
outliers [4].  
 
Many consensus clustering methods were developed over the past years. A new consensus clustering method based on 
detecting underlying clustering patterns shared by base clusterings using frequent closed itemsets (FCIs) [3] mining, has 
been recently proposed [4].  
 
Instead of generating one consensus, this new approach generates multiple possible solutions, based on varying the 
number of base clusterings, and links these solutions in a tree-shaped hierarchical view that eases the selection of the 
most relevant clustering. It generates a hierarchical tree of partitions exhibiting proximity and dissimilarity between the 
clusters (Figure 2). It can build the correct number of clusters based on finding clustering patterns common in a set of 
base clusterings. 

 

 

 
 

 
Figure 2: MultiCons best consensus method with ConsTree 

Based on this method, 3 clusters were selected, represented on the left 
 

 
 
Otherwise, semi-supervised learning is a class of supervised learning tasks and techniques that also make use of 
unlabeled data for training – typically a small amount of labeled data with a large amount of unlabeled data. It aims to 
leverage both labeled and unlabeled data to improve performance, where most of them are graph-based methods. It has 
been used for classification of proteins into functional and structural classes [5]. More recently, a semi-supervised deep 
learning framework based on the residual networks (ResNets) was proposed, which use very limited labeled data 
supplemented by abundant unlabeled data [6]. 
 
 
 
- les questions posées 
 
The motivating example of this project was the analysis of breast cancer biological data. Biologists were interested in 
defining clusters of patients on the basis of such data.  
Following this example, we aim to provide answers to two main statistical issues to such a clustering problem, which is 
not specific to this biological setting (obviously there are many potential applications on big data whatever their source). 
 

- How to handle the competition of existing non supervised partitioning algorithms with prediction of best 
performing method depending on the dataset (comparison of the dataset with a repertoire of simulated 
dataset)? 
Evaluation of clustering performance will be made by cluster validity criteria on simulated datasets, then applied 
to the breast cancer dataset.  

 
- How to generate a clustering approach adding external knowledge incorporating their level of confidence 

and accuracy? Indeed, in experimentally generated datasets, some kind of external knowledge is almost always 
available and should not be ignored. Thus, we aimed at integrating external knowledge on the data structure, 
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possibly coming from supervised regression modeling, to better propose a clustering of those data. We wonder 
whether the use of semi-supervised learning may improve the performances of multiCons approaches. 

 
- les sources de données qui seront utilisées 
 
The method will be applied to a breast cancer dataset previously generated in the team. The data management and 
quality controls have been already performed. 
497 primary breast cancer patients operated at the Institut Curie between 2011 and 2016, who did not receive any neo-
adjuvant therapy (treatment given before the resection in order to shrink the tumour) were included in the cohort. All major 
breast cancer types (based on molecular classification) were enrolled. 
 
Tumoral and juxta-tumoral (nearby healthy tissue) samples were collected during surgery and seven biological 
experiments were performed on different subsets of the cohort in order to characterize the immune infiltrate of the human 
tumor micro-environment. 
 
The global dataset features 982 observations (502 tumor samples, 480 juxta-tumor samples). 
 
The biological measurements consisted in concentrations of cytokines and other soluble proteins, quantification of cell 
populations by flow cytometry, and biochemical measurements. This represents a minimum of 250 variables. 
 
Clinical data are also available, either measured at diagnosis (demography, medical history, diagnostic, pathology) or 
follow-up (treatments, relapse and survival data). 
 
All data were generated from human primary tumors obtained freshly after resection according to validated protocols in 
the frame of the Institut Curie T-MEGA (Tumor-MicroEnvironment Global Analysis) program. All regulatory approvals 
have been obtained. 
 
 
- les méthodes  
 
Based on the hypothesis that the characteristics and the structure of a dataset may have a large influence on the capacity 
of a clustering algorithm to partition correctly the dataset, a repertoire of simulated datasets will be built. This repertoire 
will allow us to obtain a ranking of clustering algorithms on different families of datasets. Using the consensus clustering 
principle we will then be able to obtain a consensus partition of the most likely to be correct partitions.  
 
The method will then be extended to semi-supervised clustering by allowing external knowledge to be taken into account 
during the clustering process.  
 
The implementation of the method will be written in R language and a package will be proposed. 
 
 
- le calendrier prévisionnel (présenté sous forme d’un échéancier semestriel, doit être suffisamment précis pour 
constituer un document de référence sans pour autant traiter du détail. Le calendrier doit inclure la période de rédaction 
et celle d’examen par les rapporteurs) 
 

- 2018 
o Autumn: Bibliography 
o Winter: non-supervised modelling using MultiCons best consensus method 

- 2019 
o Spring: Simulation study on non-supervised modelling, application on breast cancer data 
o Summer: Analysis of results, reporting  
o Autumn: Bibliography on biology and clinical findings in breast cancer 
o Winter: Development of supervised model based on biology findings, including already known molecular 

classes, as well as on predicted outcomes (treatment response, survival) incorporating potential 
confounders 

- 2020 
o Spring: Application on breast cancer data 
o Summer: Simulation study on semi-supervised modelling 
o Autumn: Analysis of results, Reporting 
o Winter: Redaction of the thesis and R package 

- 2021 
o Spring: Thesis reviewing and defense 
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- le thème de chacun des articles prévus. Une proposition de sujet de thèse doit comporter au moins deux articles 
originaux.  
 

o 1 methodological paper on non-supervised modelling with application to breast cancer data 
o 1 methodological paper on semi-supervised modelling 
o 1 applied paper on semi supervised modelling of breast cancer data 
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