
A set of approaches to infer Gene Networks

Introduction

Inferring  Gene Networks is a daunting task (Brazhnik et al, 2002). We here summarize several algorithms with winning 

performance in the DREAM2 Conference Reverse Engineering Competition 2007.
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Non-linear optimization approach

Challenge 3 qPCR provides two time series (A and B) each with 2 different 

transformations (log2 scaled/not log2 scaled). Since A and B correspond to the 

same experiment just measured at different time scales we combined A and B 

to give rise to 2 additional datasets. We applied the following procedure to 

each of these data sets. 

We start out by assuming that each gene receives input of all other genes. We 

formulate the network using simple non-linear equations called ‘S-systems’, 

with 6 parameters per gene.

Inferring the network now boils down to identifying which of the connections 

are actually not present, i.e. which of the gijs are zero. This is a hard problem: 

30 dimensions! To reduce dimensionality we do the following trick:

For each gene we estimate the parameter values separately, while the other 

genes are ‘forced’ by polynomial functions resulting from fitting the data. 

The 30 dimensional problem is reduced to 5 separate problems of 6 

dimensions!!!

S-system parameters were estimated with the software COPASI (Hoops et al., 

2006), usually by first using a global optimizer, such as Particle Swarm or 

Evolutionary Programming, followed by the Hookes & Jeeves local 

optimization procedure. Parameters were constrained as 10-6 < Vi,ki < 106 and 

-10 < gij < 10. Network connections were ranked according to a confidence 

score obtained by dividing the corresponding gij value by its standard 

deviation, averaged over all data sets.
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Partial Spearman correlation approach

For the identification of BCL6 targets (Challenge 1) and inference of the 

Genome-Scale Network (Challenge 5), we applied the partial correlation 

analysis (de la Fuente et al., 2004), which enables distinguishing between 

the direct and indirect interactions.

The dependence between two genes (here B; BCL6 and T; its target) may be the result 
of a direct causal interaction B->T, or of other interactions in the data, e.g., B->X->T or 
B<-X->T. 
We can quantify the partial correlation between B and T (strength of the correlation 
between B and T left after removing their parts that are correlated with X) by calculating 
the first order partial correlation between B and T, conditional on X (rBT.X). 
In case of the indirect relationship, B and T will carry no more common information than 
what they share with X, so their partial correlation will disappear.

First, we calculated pair-wise Spearman correlations between three BCL6 probes 

and 200 potential targets. Spearman correlation is a non-parametric measure 
able to detect any monotonic relationship between variables.

Next, for pairs with significant correlation, we calculated first order partial 

Spearman correlation coefficients (Box 1), conditioned on each of 12,600 other 

genes. Potential BCL6 target genes were then ranked according to the minimum 

of their partial correlations. Genes with transcription factor binding site for BCL6 
(Baron et al., 2002) in their promoter sequences were given double score.

Similarly, potential targets for the 320 TFs in Challenge 5 were chosen as genes 

with significant partial Spearman correlation coefficient (p-value < 0.05). The 

genes with positive correlation were assumed to be targets of the excitatory 
reactions; those with negative correlation were treated as the targets of 

inhibitory reactions.

BOX 1: First order partial correlation
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BOX 2: Essentials on regularization methods

The linear inverse problem reads LF=G, where L, F and G are matrices 

with size n×m, m×m and n×m, respectively. If n=m and L is invertible, 

the straightforward solution is F=L-1G. More often data array L is 

rectangular (e.g. less experiments than genes), and one refers to the 

least squares (LS) solution, express in term of the Singular Value 

Decomposition (SVD) of L (see e.g. Bertero, 1989):
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σL and r is the rank of L.

The LS solution can be ill-conditioned, 

i.e. cond(L)=σ1/σr>>1, where

G/GLF/F δδ )(condLSLS ≤

Regularization methods

(only SVD based, at 
present stage):

Truncated SVD: ( ) kk

K

k
kK uvGF ,

1

1
∑

=

−= σ For some K<r

Tikhonov regularization

(aka ridge regression):
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Linear algebra approaches

Both steady-state and time-course inverse problems are in the form XTJT=GT , 

where J is the Jacobian matrix, X the difference between concentration of 

perturbed state and wild-type, and G contains either rate perturbations (de la 

Fuente et al., 2002) or time-derivatives of X. For In-silico 1 we only considered 

heterozygous knock-outs since this corresponds to relatively small 

perturbations, better addressed by our linear model (de la Fuente et al., 2002). 
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For In Silico 2 we used the time-series data. Then matrix G contains time 

derivatives that we estimate using spline interpolation. Since there are many 

timeseries the data over-determine J, but the system is not well-conditioned: 

the singular values span 13 orders of magnitude. Hence a regularization method 

needs to be used, and we chose truncated SVD (see Box 2). Even with a 

regularization method, the solution is not stable, and strongly depends on: 1) 

which subset of data points is chosen; 2) the type of interpolation 3) the 

singular values cutoff. Small changes in any of these parameters can result in 

large changes in the ordering of the gene network edges. Further work is 

needed to quantify the magnitude of the uncertainty of any specific result. 

Last, we adopted an unsupervised version (without any preprocessing or use of 

a priori information) of the Tikhonov regularization method for the In silico 3

dataset (heterozygous mutants).

1st place 
in 2 categories

1st place 
in 4 categories

The dataset is square (as many 

perturbations as genes) and well-

conditioned (see singular value 

spectrum in the figure below),  therefore 

we used nothing more sophisticated 

than matrix inversion plus row 

normalization: for each row, elements 

are divided by the largest absolute value 

of off-diagonal entries in that row (if 

larger than a given threshold 0.1). 
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