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Abstract: The drug discovery and development processes are typically costly
and time consuming. Hence, it is crucial to identify early failure of candidate
compounds and thereby save time and investment in a later stage. We propose
structural equation modeling (SEM) based approach for an integrated analysis
which combines information from three data sources: (1) bioactivity variables,
(2) variables representing the chemical structure of the compounds, and (3) gene
expression data. The proposed model allows to estimate the effects of the gene
expression on the biological activity variable and furthermore, it allows to de-
compose the effect of the chemical structure on the biological activity into direct
and indirect (i.e. the effect via the gene expression) effects.
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1 Introduction

The drug discovery and development processes are typically costly and
time consuming. Hence, it is crucial to identify early failure and thereby
save time and investment in a later stage. The decision to continue/stop
a development process in drug discovery should ideally be based on scien-
tific parameters that are predictive of later outcomes, and which can be
determined quickly and at relatively low cost.

Currently, microarray technology (Amaratunga et al., 2014) is used to mon-
itor simultaneously the activity of thousands genes and their response to
a certain drug. Microarrays are providing new insights into the molecular
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pathology of human cancers and are helping to identify many new addi-
tional targets for drug discovery. By understanding gene expression pat-
terns, researchers can gain information that can link sites of expression,
biochemical pathways, and normal or pathological functions in organs and
whole organisms.

However, relevant biologically data are acquired in a late stage of the re-
search process. The use of biomarkers can reduce the costs and increase
efficiency, and they should be incorporated early in the development pro-
cess to gain information that can aid the development. In this paper we
propose an approach based on structural equation modeling to combine
information from the three data source, i.e., the bioactivity, the chemical
structure of the compound, and the gene expression, and select a subset of
genes which can be used as biomarkers.

2 Methodology : Structural Equations Modeling
(SEM)

Three data sources were obtained from an oncology project, which focused
on the inhibition of the fibroblast growth factor receptor (Verbist et al.,
2015). The chemical structure (presence or absence of fingerprint feature,
FFP, in a compound/molecule), the gene expression data and the bioactiv-
ity (IC50) outcome. Let X;; be the j gene expression (j = 1,2, ..., 3595),
of the the i*" compound (i = 1,2, ...,35). The measurement for the bioac-
tivity is denoted by Y;. Let Z; be an indicator variable, which takes value
1 if the fingerprint feature (FFP) is present in the i** compound, and 0
otherwise.

The key idea behind structural equation models(SEM) is that the causal
relationships among the variables determine the expected pattern of corre-
lation Li et al. (2006). For the analysis presented in this paper, SEM with
observed variables were considered ( Bollen, 1989). The main advantage
of our approach is that it allows to decompose the total effect of chemical
substructure on the bioassay into the direct (effect of the Z on Y unmedi-
ated by X) and indirect effects (effect of the Z on Y, mediated by X). Our
primary interest is to select genes which maximize the indirect effects. The
indirect and direct effects are shown in Figure 1.

The SEM consists of a structural model (i.e., a path analysis model) which
describes the casual relationship between the variables. The model is visu-
alized in Figure 1 (right panel). Formaly the model can be expressed as set
of two model given by:

X = 2 + &1 (1>
Y = "}/QZ —+ ﬂX —+ [0}

where: v; and vy are the fingerprint effects on the gene expression and
the bioassay respectively, 8 is the gene specific effects on the bioassay,
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1 and ey are the uncorrelated measurement errors. It is assumed that
(e1,82) ~ N(0,%), var(Z) = ¢, and Cov(e;, Z) = 0. The indirect effect of
the FFP for a given gene j is equal to vyi; * 8, whereas the direct effect is
Y2-
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FIGURE 1. Fingerprint feature and gene expression direct effects on the bioassay
(blue arrows in the left panel. Fingerprint feature indirect effect on the bioassay
through the gene expression (red arrows in the right panel)

The unknown parameters can be estimated using the maximum likelihood
estimation method. The model in Equation (1) is fitted gene by gene, and
multiple testing adjustment using FDR (Benjamini and Hochberg, 1995) is
performed to find significant parameters.

3 Results

In this section we present results for one of the genes that was selected
using the SEM. This gene (gene 1) corresponds to the subset of genes
which maximize the indirect effects. For these subset of genes , we expect to
explain most of the FFP effects on the bioassay through the FFP effects on
the gene expression. This type of genes is characterized by high FFP direct
effect on the gene expression and high gene direct effect on the bioassay.
These genes have relatively high correlation between the gene expression
and the bioassay and they are differentially expressed. Figure 2 shows a
typical gene. The indirect effect was equal to -0.56 and the direct effect
was equal to -0.11. Note that BH-FDR procedure was applied to correct
for multiple testing

4 Discussion

There are many challenges in the drug discovery and development. Relevant
biological data are acquired too late in the research processes and the use of
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FIGURE 2. Typical gene which maximizes the indirect effect.

biomarkers can reduce the cost and increase efficiency. The SEM presented
in this paper can be used to select genetic biomarkers which can help in
the development process. Genes maximizing the indirect effect could help
in explaining the the effect of the FFP on the bioassay.

After detecting significant genes, one can find to which pathways they be-
long , in order to have an insight about the mechanism of action of given
chemical. The gained information, thus could help in lead optimization. If
toxicity related genes are identified, it could help in deciding to continue/or
stop the development process with compounds having a given chemical sub-
structure.
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