
A comprehensive study of treatment response in basal
breast cancer combining network inference and pathway

analysis

Marine Jeanmougin
Serguei Nabirotchkin, Julien Chiquet, Christophe Ambroise, Mickaël Guedj
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Neoadjuvant Chemotherapy and pathologic Complete
Response

Neoadjuvant Chemotherapy

• Widely used in the treatment of breast cancers

• Reduces the need for mastectomy (Powles et al. 1995 - Fisher et al. 1998)

• Only a minority of patients fully benefit from the treatment

pathologic Complete Response (pCR)
Def.: No residual invasive cancer in the breast or lymph nodes

 Used as a marker of treatment efficacy

• Why study the pCR ?

1. pCR is associated with excellent long-term cancer-free survival
2. The way a tumor responds can affect the type of surgery
3. Side effects
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Breast cancer: an heterogeneous disease

Sorlie et al. 2003.
Repeated observation of breast tumor subtypes in independent gene expression
data sets. PNAS

Basal tumours

• Quickly became a subtype of interest because of its features:
aggressive behaviour, poor prognosis.

• Correlated with significantly higher pCR rate
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Problematic

Biological issues

Which are the molecular mechanisms underlying the chemo-sensitivity
(pCR) or resistance (not-pCR) of basal-like breast tumours ?

Methodological purposes

• Improve the standard analysis process: increasing stability and
interpretability

• Develop a new approach using pathway analysis results as an a priori
knowledge for network inference
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Data

Hess et al. 2006.
Pharmacogenomic Predictor of Sensitivity to Preoperative Chemotherapy With Paclitaxel
and Fluorouracil, Doxorubicin, and Cyclophosphamide in Breast Cancer.

I Pretreatment gene expression profiling on 133 patients:

pCR not-pCR

Basal 15 14

Other subtypes 19 85

Table: Clinical Information on the 133 patients includes in the study

I Basal identification

 From the intrinsic gene signature described in Sorlie et al.
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Analysis process: outlines

Normalized 
data 
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Step 1: Identification of biomarkers

1 - Differential analysis

I Identify genes potentially associated with chemo-resistance

 R package Limma: moderate t-test approach (Smyth, G.K. 2004 - SAGMB)

Jeanmougin et al. 2010, Should we abandon the t-test in the analysis of gene expression
microarray data: a comparison of variance modeling strategies. PLoS ONE

2 - Cleanup of the gene signature

I Obtain a robust signature:

1. identify the most informative genes

2. remove the potential outliers

 Random Forest algorithm
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Step 1: Identification of biomarkers

3- Identification of the putative “driver genes*”

Outcome signature genes is not a unique set:

. lack of agreement between the sets of genes of response to treatment studies

. two different signatures may result from the same driver genes

*Def.: Key genes responsible for the disease (affected by mutations, genetic gain or losses...):
cannot be identified by the differential analysis

I Increase the stability of the signature
 Adding driver genes using the literature: String Software

Ein-Dor et al. 2004, Outcome signature genes in breast cancer: is there a unique set?
Bioinformatics

Snel et al. 2000, STRING: a web-server to retrieve and display the repeatedly occurring
neighbourhood of a gene - Nucleic Acids Res.
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Step 2: Pathway analysis

Enrichment analysis
I Describe the gene signature in a biological meaningful way

• Analysis for enrichment of KEGG pathway membership

 Fisher’s exact test

Hierarchical clustering

I Increase the interpretability of enrichment analysis results

• Identifying subsets of pathways that share a common information (biological
function, mechanisms...): meta-pathways

 Hierarchical clustering: binary distance & Ward’s algorithm (linkage criteria)
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Step 3: Semi-supervised inference
Inferring sparse Gaussian graphical models

R package SIMoNe : general settings

• Enables inference of undirected co-expression networks:

. In a Gaussian graphical models (GGM) framework

. From either steady-state or time-course transcriptomic data

• Based on partial correlation coefficients

Chiquet et al. 2009.
SIMoNe: Statistical Inference for MOdular NEtworks. Bioinformatics
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Step 3: Semi-supervised inference
Inferring sparse Gaussian graphical models

Identification of biomarkers

select p key genes P

p “reasonable” compared to n

typically, n ∈ [p/5; 5p]

the learning dataset

n size–p vectors of expression

(X1, . . . , Xn) with Xi ∈ Rp

inference

16 / 32



Step3: Semi-supervised inference
Inferring sparse Gaussian graphical models

The Gaussian model for an i.i.d. sample

• Let P = {1, ..., p} be a set of nodes (i.e. genes)

• X = (X1, ...Xp)T is the signal over this set (i.e. the gene expression levels),
such as: X ∼ N (0p,Σ)

• Let Θ be the parameter to be inferred (i.e. the edges)

. Θ = (θij )i,j∈P , Σ−1 is the concentration matrix.

. corij|P\{i,j} = −θij/
√
θiiθjj for i 6= j

Interpretation
If 2 nodes i and j are partially uncorrelated, no edge is inferred:

Xi ⊥⊥ Xj |X (P\{i , j})⇔ θij = 0

After a simple rescaling Θ can be interpreted as the adjacency matrix
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Step3: Semi-supervised inference
Inferring sparse Gaussian graphical models

Statistical issues

• The concentration matrix is not invertible in the high-dimensional setting

• Such a procedure does not lead to a sparse∗ estimate, whereas biological
evidence advocates for sparse networks.

∗Sparsity means that the concentration matrix has a large number of zero entries.

Solution: a penalized likelihood approach

Θ̂λ = arg max
Θ
L(Θ; data)− λ pen`1

(Θ),

• L is the model log-likelihood,

• pen`1
= ||Θ‖`1 is a penalty function tuned by λ > 0.
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Step3: Semi-supervised inference
Multitask inference

 Compare structure between the pCR and not-pCR networks

. Assumption: strong relationship between both networks

. Approach: joint estimation of the graphs by coupling the estimation problems

Data

pCR not-pCR

inference

Chiquet et al. 2010, Inferring Multiple Graphical Models
Statistics and Computing 19 / 32



Step3: Semi-supervised inference
Combine meta-pathway information and network inference

Take into account the meta-pathways information as an a-priori knowledge:
 Edges between two genes of the same meta-pathway are less penalized

Statistical approach
Use adaptive penalty parameters for different coefficients

• Let Z be the set of indicator variable for nodes

Θ̂λ = arg max
Θ
L(Θ; data)− λ‖PZ ?Θ‖`1 ,

where PZ is a matrix of weights depending on the meta-pathway membership Z.

20 / 32



Analysis process: outlines

Iden%fica%on of biomarkers 

Normalized 
data 

Pathway Analysis 

Pathway 
analysis results 

Network inference 

Step 1 

Step 2 

Step 3 

Signature 

Meta‐pathways 

Semi‐supervised network 

Meta‐pathways 1 
Meta‐pathways 2 

21 / 32



Results: step 1 & 2

Step 1: Identification of biomarkers

• 100 genes were identified as differentially
expressed (p < 10−3)

• 30 driver genes have been added to the
signature

p−value distribution
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Step 2: Pathway analysis

• The enrichment test showed 22 KEGG pathways to be overrepresented (p
< 10−2)

• 7 meta-pathways have been extracted from the enrichment analysis
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Pathway analysis
Tumour cell growth and proliferation mechanism
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Pathway analysis
Angiogenesis related mechanism

! !
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Network analysis
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Network analysis
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Network analysis
Regulation of angiogenesis in pCR patients

In pCR patient cohort

. Presence of an edge between CALM3 and VEGFA

. Presence of an edge between CALM3 and AKT1

 Calmodulin (CALM3) may control the angiogenesis activity via the VEG factor and
the protein kinase (AKT1)
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Network analysis
Key role of the mammalian Target of Rapamycin (mTOR)

mTOR: a critical effector in cell-signaling pathways

. pCR network: Presence of an edge between WNT and mTOR (alias FRAP1)

. not-pCR network: Presence of an edge between CAMK2G and mTOR

 Differential regulation of mTOR between the pCR and not-pCR patients.
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Results
Mechanism of resistance to chemotherapy
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