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1 Introduction.

Jansen and Nap (2001) introduced the concept of ”genetical genomics” in which putative
disease-associated loci are identified through linkage analysis of gene expression data treated
as quantitative phenotypes. Since then works by Brem, et al (2002), Schadt, et al (2003),
Bystrykh, et al (2005), and others have shown that QTL analysis of large scale gene expres-
sions data can implicate trans-acting loci as putative upstream modulators of gene expression
in regulatory pathways. Inference of regulatory networks from large-scale gene expression
data sets has received much attention, with some success in lower organisms such as yeast,
since Friedman, et al (2000) demonstrated the use of Bayesian Networks (BNs) to deduce
causal relations among genes from correlations in expression. Recently, Zhu, et al (2004)
described a method to integrate genetic marker data into such gene expression BNs as priors.
The key insight being that genetic marker data provides explicit directionality information
that is generally indeterminate using the conventional BN method. We expand on this
integrative approach by proposing a simple gaussian linear model of gene expression that
explicitly incorporates additive genetic effect from one or more latent modulators. We show
through simulation that such a model can correctly predict small regulatory modules. We
introduce an alternative linkage map to visualize QTGs (quantitative trait genes) and pro-
pose an EM strategy to optimally fit model parameters when the genotypes of the putative
modulator genes are unknown.

2 Genetic effect and gene expression modeling

While constructing the bayesian network using expression data, target gene is assumed to
be a function of its regulators. If the underlying regulation is assumed to be linear gaussian,
then the function will be linear. In multiple interval mapping, usually relation between target
gene and the genotype of the regulators is assumed to be linear. Linear gaussian model does
not take into account genotype of the regulators and interval mapping approach does not
take into account the expression levels of the regulators. Also interval mapping does not
provide with accurate location of the regulator. Our goal is to combine these approaches
to come up with a model which uses both genetic and expression data of the genes to infer
regulatory modules. We tried modeling the target gene as sum of weighted sum expression
of the regulators and weighted sum of product of expression and genotype of the regulator.
Depending on the values of these weights, different scenarios of regulation can be simulated.
If the weight related to only expression is high, then it represents a scenario where genotype
of the regulator is of less importance and if the weight related to expression and genotype is
high, it represents a scenario where genotype plays a major role in the regulation.
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We simulated various scenarios and tried recovering the regulator set. Initial results were
optimistic.

3 Quantitative trait genes

Interval mapping provides us with a subset of genome in which the regulator may reside.
We need to use further analysis to find the actual genes residing in that subset. Also in
many cases as expression data of the regulator has not been used, relations found using
interval mapping can be weak. To address the problem we propose Quantitative Trait Gene
Mapping(QTG) technique which uses both genetic and expression data of the regulator.
In this approach we assume expression of the target gene to be a function of expression
and genotype of the regulator. Then we calculate the LOD score, which is the log of ratio
of conditional probability of target gene and probability target given null hypothesis. We
simulated expression of a gene using the approach mentioned in previous section.
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