A case study for the identification of cancer stages in breast cancer
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INTRODUCTION

The growing number of multi-omics data, characterizing a given disease,
provides physicians and statisticians with complementary facets of the disease
process. However, novel statistical methods of data analysis are needed to unify
these views. In order to confirm the expected richness of multi-dimensional data,
we first tested deep learning approach on one single data type, RNA-Seq data, to
predict breast cancer stages. Secondly, deep learning results of RNA-Seq data are
compared to traditional machine learning techniques. Finally, a comparative
result with integrative analysis method is presented.

II. DEEP LEARNING MLP AND RNA-SEQ DATA
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I1. 5) Results
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I. DATASET: MULTI-OMIC
Multi- Omics data from TCGA data: BRCA [1]
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I1I. COMPARISON WITH DIFFERENT STUDIES

II1. 1) Traditional machine learning techniques

Logistic Nearest SVM(linear) | SVM(rbf) | Naive Bayes | Auto-keras Decision Tree Random
Regression | Neighbor Algorithm Forest
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II1. 2) Regularized Generalized Canonical Correlation Analysis (RGCCA) [2]
1-RGCCA can process a priori information defining which blocks are
supposed to be linked to one another, thus reflecting hypotheses about the
biology underlying the data blocks.

2-RGCCA 1ntegrates a variable selection procedure, called SGCCA, allowing
the identification of the most relevant features.

3-The RGCCA/SGCCA-based integrative analysis method aims at
summarizing the relevant information between and within the blocks.
4-The introduction of the design matrix C, the shrinkage parameters 7, and the
scheme function g makes RGCCA (1) highly versatile.
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In this work, we compared traditional machine learning techniques to deep
learning models for the identification of breast cancer stages. Then, we used
integrative analysis method, RGCCA/SGCCA. Our results show that the benefit
of using deep learning models remains unclear. On the one hand, deep learning
models suffer from instability and overfitting. On the other hand, using the
various genomic data, multimodal fusion should improve classification rates.
Thus there 1s a need to develop a multimodal method for breast cancer stages
prediction, to identify a selection of subset of genes as a signature.
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