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Introduction

Information about gene regulatory interactions in different species has already been pro-
duced using microarray technology and a variety of other experimental approaches. This
information should be properly merged to yield predictions of gene interactions. Here we
propose a framework based on a Bayesian version of Mutual Information (MI) to tackle this
problem.

Bayesian approach to Mutual Information

We consider two random variables (or genes) ¢ € {1,....,7} and j € {1,...,s} and an ii.d.
random process with samples (or expression observation) (i,7) € {1,...,r} x {1, ..., s} draw
with joint probability 7;;. An important measure of the stochastic dependence of 7 and j is
the mutual information
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where m;y = >3, mij and 7w y; = >, mij are marginal probabilities.
Once we have a sample set (set of microarrays) with n,;; outcomes of pair (i, j) the frequency
tij i= = can be used as a first estimate of the unknown probabilities. This leads to a point

(frequency) estimate I(7) = >, %2 log .- n” for the mutual information.

In order to include prior knowledge in the estimation of mean and variance of the mutual
information, we apply a Bayesian approach instead of the frequentist one ([2]) assuming a
prior probability density p(m) for the unknown probabilities m;; in order to compute the
posterior p(m | n) o p(m) [1; ;" (assuming a multinomial distribution among the n;;’s).
This allows to compute the posterior probability density of the mutual information:

p(I | n) = /5 p(r | n)d™ . 2)

Depending on the distribution one chooses for the prior p(m), the posterior density of the
mutual information may follow a Dirichlet and its expected value can be computed as:
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Where ng; = nj; +nj; nzj counts the number of samples (7, j) and n}; are pseudo-counts that

take into account the prior information. In ([2]) is also derived a formula for the variance.



A uniform prior distribution among observations leads to a Dirichlet distribution. However,
when information about the sign of the regulation is known, we show numerically that a non
uniform prior should be applied in order to get a higher performance.

A new algorithm for network inference

We developed an algorithm, based on the formula (3), able to merge different sources of
information for the purpose of gene regulatory network inference. We applied our algorithm
on simulated and real dataset in[l]. Results are show in Figure (1) where we varied the
weight assigned to prior information (solid lines) from 0 (no prior) to 1 (high confidence in
the prior); dashed lines represent performances where expressions data have been shuffled
removing all the information they were carrying. A too high confidence in the prior forces
the algorithm to consider only the information carried by the prior discarding that contained
into the expressions.

A good choice for the weight of the prior is needed to properly merge expression data with
other sources of data. To this end, we computed a synergy score in order to measure the
synergistic increase in perfomance due to the use of prior information and expression data.
The synergy score is computed using differences of the areas under the PPV-Sensitivity
curves for the expression data and randomized data, We show that for a weight of 0.2 for
the prior (red curve) the synergy score is 2, thus showing a good compromise between prior
information and expression data.
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Figure 1: The left plot emphatize the difference between the performance without prior
information (black curve) and the one with prior (red curve) compared with random per-
formances without and with information respectively (dashed lines). Red star underline
ARACNe ([4]) performance. The right plot show the performance on a real dataset (yeast)
with (bold curve) and without prior information obtained from globla ChIP-chip data in [3].



Conclusions

The algorithm we presented here is able to integrate information coming from expression
data and prior knowledge. This represent the first method based on Mutual Information
able to merge difference sources of information.
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