Abstract

Gene expression biomarkers predictive of toxic or pharmacologic endpoints
are a useful component of the molecular toxicology toolbox, and are being
applied in preclinical drug development to rank and prioritize compounds. The
FDA is paying close attention to the utility and application of gene signatures in
safety assessment and clinical settings through the MAQC consortium. An
ideal biomarker is accurate, robust and biologically-meaningful. Current
approaches to deriving genomic biomarkers can produce reasonably accurate
biomarkers, but these lack robustness (highly dependent on platform and
experimental design) and cannot generally be linked biologically to the
endpoint. One barrier to the more extensive use of these genomic biomarkers
is the difficulty in determining the biological relevance of the signatures from
the classifying genes identified, limiting their utility for risk assessment. We
have developed a method for deriving genomic signatures using discrete
modules of biologically-related genes representing a variety of signaling and
metabolic pathways. These “functional descriptors” have comparable
performance to gene signatures for the same endpoint generated using other
supervised machine learning methods. This approach was applied to training
sets comprising genotoxicant and non-genotoxicant-induced gene expression
profiles in rat kidney and heart, using GeneGo canonical pathway maps to
define feature sets for the classification algorithms. Pathways with the best
classification power for DNA damagers described processes involving the
control of cell cycle progression and apoptosis, reflecting the major biological
responses differentiating genotoxicants from non-genotoxicants.
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Figure 1. “Traditional” approaches to deriving gene expression-based
biomarkers employ multiple experiments phenotypically-anchored to an
endpoint such as a pathological outcome, and use machine learning
algorithms to identify a pattern of gene responses that separates one class of
experiment (e.g. pathology-inducing) from another (non pathology-inducing).
Such gene signatures suffer from several drawbacks including a lack of
biological interpretability from the classifying gene set and platform-
dependence.

The Functional Descriptor™ approach leverages a manually-curated
knowledge base of functional categories (genes associated with a biological
property) to derive a series of signatures for an endpoint using these
predefined gene sets as features. Querying the descriptor set for a class
prediction permits an investigation into the contributing biological properties.
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Table 1. Positive class training set treatments for DNA
Damager classifiers in heart and kidney. Experiments were
performed in male Sprague Dawley rats and gene expression
measured on the Affymetrix RG230.2 platform. Data obtained

from DrugMatrix®, Entelos Inc., Foster City, CA.
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Figure 2. Approach to Functional Descriptor
identification using GeneGo Canonical Pathway Maps
as feature sets. CPMs balance biological interpretibility
with a small enough number of genes (features) to
reduce the risk of classification independent of
mechanistic link.

Figure 3. Two-way clustering of  pathway scores for training set treatments groups treatments by compound class
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Figure 4. Pathway “ATM/ATR regulation of G1/S ﬁ'
checkpoint” shown with averaged expression data ® 0 o0
for (1) negative training set treatments (non- \ " ‘ij;-\ g ‘-f
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Conclusions
« Functional Descriptors derived using gene sets defined by GeneGo canonical pathway maps classify DNA damagers in

.

.

diverse tissues

Maps are selected by the classification process in an unbiased fashion, and reflect mechanisms of toxicity
Similar maps classify DNA damagers in heart and kidney, and indicate effects on cell cycle control and apoptosis
Expression data can be overlaid on maps to provide intuitive visual insights into mechanisms of new compounds

Patterns of classification predictions across multiple pathways can be used to provide additional contextual information on

compound characteristics

Work is in progress to generate “meta classifiers” with increased accuracy, using a multi-pathway learning process to

collate predictions across multiple pathways




