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Introduction

Microarray analysis: transcriptomic context � large P, small N 
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Introduction

we usually want to know…

Patients (              group A,                 group B)

What are the differentially expressed genes (DEG) between the two groups ?

We usually want to select DEG that can predict P(A)
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Context : predictive signatures

� Few preliminary steps
– data reduction  (I.Q.R.)

– selection of the most significant genes  (S.A.M.)

� Multivariate logistic regression: predictive signature
– uniqueness ? 

– stability ?

– many correlations between variables � misleadings interpretations

« It is important to be able to predict in which group patients will be 
classified, but it is also of prime importance to have an interpretative and 
comprehensive approach of these predictive signatures »

Objective: to propose an algorithm based on logistic regression that 
can take into account correlation patterns.



Method: pruning correlation in multivariate logistic regression

� We assume that:

– if two probes show a very high correlation between their
parameters, information provided by one of them could be
redundant and may affect estimates quality

– two probes are too much correlated if the correlation
between their corresponding parameters
is greater than a threshold

� We define a «pruning correlation algorithm»
using a forward selection based on AIC
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Method: pruning correlation algorithm

V12Y

response variable

1st probe

Explanatory variables

� Model with V12 has the smallest AIC value among all univariate logistic models



Method: pruning correlation algorithm

V45+V12Y

response variable

2nd probe1st probe

Explanatory variables

� Model with V12 has the smallest AIC value among all univariate logistic models

� Model with V12 and V45 has the smallest AIC value among all bivariate logistic models

and V45  is kept in the model⇒≤ lim),(
4512

ρββρ VV



Method: pruning correlation algorithm

+V12Y

response variable

2nd probe1st probe

V45pruning
correlation

lists

Explanatory variables

� Model with V12 has the smallest AIC value among all univariate logistic models

� Model with V12 and V45 has the smallest AIC value among all bivariate logistic models

and V45  is not included in the model

BUT    V45 is stored in a « pruning correlation list of V12 »

⇒> lim),(
4512

ρββρ VV



Method: pruning correlation algorithm

V7+V12Y

response variable

2nd probe1st probe

V45

V81

…

pruning 
correlation 

lists

Explanatory variables

V7 is the first probe that matches the two constraints (AIC and correlation)

� Model with V12 has the smallest AIC value among all univariate logistic models

� Model with V12 and V7 has the smallest AIC value among all bivariate logistic models

and V7  is included in the model ⇒≤ lim),(
712
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Method: pruning correlation algorithm � final model

V300+V1+V780+V7+V12Y

response variable

5thprobe4th probe3rd probe2nd probe1st probe
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correlation
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Explanatory variables

For this example, five probes were selected in the model

genes that would have brought information to the model

Note: we may observe correlations between one parameter
and two or more parameters already in the model (example of probe V25)



Method: correlation threshold(s)

� MLE         have a large-sample normal distribution with 
covariance matrix equal to the inverse of the information matrix

� Estimation of          can be done using several approaches

– tuning parameter

– maximum variance inflation factor

– simplest restrictive approach  � simulation of multivariate 
logistic models with normal independant variables
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multiple 
regression 
necessary ?

severe
collinearity 
problems

Range of thresholds that can be taken for limρ



Application

� Evaluation of pathological complete response(pCR) in Breast cancer

� transcriptomic aim: to detect genes associated to pCR and try to 
understand biological and independent pathways involved in pCR

� transcriptomic data � 54675 probes,  example based on 153 patients

� Preliminary filtering and supervised analyses
– I.Q.R. � from 54675 to 27337 probes
– S.A.M. with a FDR <0.001 � from 27337 to 1092 probes

Y =    

V1
V2
…
V54675

1 if pCR
0 otherwise

response
variable

explanatory
variables



Application: usual multiple regression

9 genes were selected in the « classical » logistic regression…

0.2932.08-2.18<0.0010.74-3.72V1     � PFDN5

0.2251.43-1.740.0020.58-1.80V4     � TOR1B

0.0110.75-1.90<0.0010.16-0.64V3     � CCND1

0.0113.11-7.92<0.0010.51-1.91V2     � SLC30A1

0.1151.84-2.890.0190.30-0.70V8     � ‘216173_at’

0.2223.05-3.73<0.0010.49-1.88V9     � AAAS

0.0661.482.710.0410.41-0.83V7     � UBXD3

0.0273.64-8.08<0.0010.63-2.22V6     � C15orf24

0.0146.11-14.990.0030.99-2.98V5     � FOXO4

Probes

pvsepvse

Multivariate LogisticUnivariate Logistic

β̂ β̂



Application: usual multiple regression

Collinearity may partly explain non significant p-values…

…because selection was not based on p-values
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Application: usual multiple regression

More surprinsingly, V7 estimate has different signs…

…this is clearly due to collinearity !
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Application: pruning correlation algorithm

159.0lim ≈ρ�

0.0220.97-2.23<0.0010.74-3.72V1 � PFDN5

0.0653.80-7.020.0032.66-7.77V4 � ULK4

0.0350.22-0.47<0.0010.18-0.71V3 � WISP2

0.0180.79-1.86<0.0010.90-2.65V2 � NBR1

0.0560.25-0.47<0.0010.17-0.63V6 � MUC1

0.0781.32-2.32<0.0010.95-3.31V5 � HNRPH2

Probes

pvsepvse

Multivariate LogisticUnivariate Logistic

β̂ β̂

� No « dramatic differences » (values and / or signs)

� Maximum observed correlation values between parameters = 0.15 

� All estimates are negative: when any probe expression level increases, the 
probability of pCR decreases



Results: pruning correlations lists from the final model

6th Probe5th Probe4th Probe3rd Probe2nd Probe1st Probe
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« independant » predictive variables � leader genes

« redundant » predictive variables

From the biologist point of view:

- find group of genes that contributes « equally » to the prediction

- find genes or group of genes that contribute « independently »



Conclusion

� The pruning correlation method is quite simple and easy to 
compute.

� The correlation structure between parameters is taken into
account to deal with multicolinearity

– biological rationale � find independent pathways
– statistical rationale � limit multicolinearity

� Parameter interpretation is more realistic with smaller variances: 
this method seems to be more suitable for parameter
interpretation

� We can easily extent this method to Cox models



Discussion : what’s next ?

� What is the best way to use information provided by the
signature and correlations lists ?

– correlation lists � to metagenes signatures

– Gene Ontology � investigate whether correlations lists 
contain known pathways

� Comparison with others methods
– Ridge

– Lasso


