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Species differences
Dose-dependant response




SEPA Dose-response Prediction Challenges

United States
Environmental Protection
Agency

«Injury is generally measured in Extrapolation
laboratory animals, which is e
extrapolated to predict human
dose and injury

- Extrapolation issues:

response
\
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—Limited mechanistic °
knowledge dose 5
—Interspecies differences 4 %
—Limited/absent of low dose oL
data
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SEPA Empirical Dose-resppossePPediitition

United States
Environmental Protection
Agency

* Regression techniques Empirical models
used to fit response as
a function of dose 3% Animal 3NE  Regression

* Permissible exposure
based on LOAEL &
NOAEL

* Permissible exposure
based on LOAEL &
NOAEL

« Difficult to extrapolate
dose, species,
chemicals, etc.
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Response

NOAEL
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Agency

Environmental Protection

Environmental
occupational
exposure

pharmacokinetic

Physiological Modeling of Chemical

Exposure

Physiologically
based

modules

Blood concentration
Tissue concentration

Metabolite
concentrations

Area under the curve
Other measures of

tissue dose
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Biochemical linkage
module between
tissue dose and

early cellular
changes

Receptor binding
Receptor-DNA
binding
Enhanced
transcription

Reduced
transcription

Enzyme inhibition

Physiologically
based

pharmacokinetic Toxic
modules outcome

for tissues
responses

Two stage
cancer models
BBDR
developmental
models
Models for
enhanced cell
replication

Andersen et. al. 1999
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Prediction
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* Dynamic simulation
of response based
on mechanism

* Low-dose behaviour
predicted by causal
model as opposed
to empirical fit

e |ssues: limited
mechanistic insight

Mechanistic models

dose d




SEPA Focus on Mode of Action ...

Environmental Protection
Agenc

NR activators stimulate intracellular processes that lead to hyperplasia
Chronic stimulation increases the risk of neoplasms

Environmental Molecular

Cellular Tissue
Chemicals response response response
Chemicals Molecular Response (Early) Cell fate Adverse
Outcome
Pesticides NR-sig  Gene-reg. Transcription
Conazoles Xen. Met. Proliferation Hyperplasia
Pyrethroids CAR cis-reg. Phase | Death Tumor
Toxics PPARS I basel Aboptosis
DE-71 Necrosis Cancer
PCBs Phase IIl
Phthalates
PFOA/PFOS
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SEPA Synthesizing Physiologic Response:

/E\;\girl;gcmental Protection Syste m S B i O I O gy

Physiologic State Tissue histomorphometry anchors the
Tissue components of the intercellular
Cell & Vascular Net network
Cell State Cell state changes i.e. proliferation
Cells and apoptosis guide the selection of

Cellular processes cellular processes

Molecular Networks Key cellular processes in the mode of

Molecules action anchor the development of
Pathways molecular interaction network models

Interactions

Bottom-up

Anchor Systems Models
Systems Models

With Physiologic States
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VirtualLiver: Multi-scale Biological
Simulation
Tissue Ly v v
< Histology
Lobule Ci i T4
Databases Cell Networks CiL T Y
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modules
Pathways
Dose
Molecules < Pathways
Interactions
Dispargte sources Kjowicdoebase Qualitative Model Quantitative
Qf blolog!cal components & Description Dynamic Simulation
information functions
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Liver Knowledgebase Development

RDF-Gravity & Sesame Semantic Repository
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Brain

Blood

Liver

Kidneys

Urine

Stressors - Biological System
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Expanding the Knowledgebase: -

Gene-expression

Proteomics

Metabolomics

Histomorphometry

M) Large-scale Assays

omics
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Activity profiles

[ Global Perturbation

Liver

Chemicals W)
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-omic Profiles W

Discovering Conserved Network

Network
Inference

Computational
Learning

- Inferred Molecular -

Motifs

Conserved

Networks Motifs




Modeling Biological Circuitry

Office of Research and Development
National Center for Computational Toxicology

Huang, 1999

Simulating Boolean Dynamics

Liang et al, 1998
Attractors are stable to minimal
perturbation => physiologically
important

System can go from one attractor
to another => memaory
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Nuclear Receptor Mediated Signaling
& Gene-regulation
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Boolean Network Modeling of NR

Network

- Represent molecular
interactions though
logical (using a truth-
table)

« Compute system
trajectory by successive
application of these rules

- Explore trajectory and
stable states

«Reverse engineer
network from —omic data

« Differences between
rodents and humans
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Molecular State Boolean Rule

Chemical
RXR Protein-1 AND NOT(Protein-2)
NR-RXR-Cmplx NR-X AND RXR AND (Protein-3 OR NOT(Protein-4

NR-RXR-DNA-Cmplx NR-RXR-Cmplx AND Protein-5

RNA-Pol-i NR-RXR-DNA-Cmplx AND TF-Cmplx-1 AND TF-C
xme-i-mRNA RNA-Pol-i OR A

xme-i-mRNA RNA-Pol-i OR B

xme-ii-mRNA RNA-Pol-ii OR B

Time

Xenobiotic (X)
NR-X

RXR
NR-RXR-Cmplx

NR-RXR-DNA-Cmplx
RNA-Pol-i
xme-i-mRNA
xme-i-mRNA
xme-ii-mRNA
Protein-1
Protein-2
Protein-3
Protein-4
Protein-5
TF-Cmplx-1
TF-Cmplx-2
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Simulating Dynamics

Each point is a
configuration of the
.~ boolean network

/

attractors ——

Boolean network System dynamics:

Trajectory
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Physiological Relevance

- Attractors could
represent stable
physiological states

« Attractors are
sensitive to external
perturbations

« Perturbations can
cause a switch from
one attractor to
another — represent
changes in cell states:
division/death
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Huang, 1999
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Model Intracellular Network

Hepatocyte
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Model Intercellular Network

Kupffer Cell
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Model Tissue as Cellular & Vascular

Network

Dose

Proliferation

Inflammation

Dose

/.

Dose

Apoptosis
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Summary & Future Outlook

«Omic assays: can provide insight into
conserved biological response across
chemicals, species (life stages, etc.)

*Need novel in vitro cultures coupled with
sophisticated in silico models

«Dose-response modeling: Systems
biology+physiological modeling (VirtualLiver)

*Reduce the need for animal testing through in
vitro and in silico approaches
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Current Approach for Toxicity Testing
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in vivo testing
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Future of Toxicity Testing

in vitro testing in silico analysis

_.. Cancer
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HTS Bioinformatics/
-omics Machine Learning

The ToxCast™ Project
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ToxCast™: Aligned with NAS Report on
Toxicity Testing ...
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Using —omic Data: Treatment Groups
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Using —omic Data: Mode of Action
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Find thn cithent nf

i f Use the learning
! . algorithm to search for

¢ relevant features

Gen. Alg.
Ul g Exhaustive
Stepwise
Mutual
information
Filter .
correlation
t-test/F-test
-omic Feature
Data Selection (FS)
Data Set

Subject metabolomic profile, X
Subject endpoint, Y

X = {4 KXo K Koo}
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Search for empirical
mappings between
features and endpoints
that can be used to
predict the class of
unseen examples

Jle-based
earners

CA.5/RF

LDA/QDA

SVM
Metric
Shrunken
Centroid

KNN

Classification/
Regression Models

Learning

Learning algorithms, L
Classification function, f
Predicted end-point, Y’

Y= (X)

Empirical Models/Biomarkers of Toxicity:
Supervised Machine Learning

Classifier selection by
unbiased assessment of
performance

k-way
Cross-
Validation
Loocv

Unbiased
Evaluation

Performance

Classification error, E

True positives, negatives, TP TN
False positives, negatives, FP, FN

E= [Y-Y|
Sensitivity = TP/(TP+FN)
Specificity = TN/(TN+FP)

« 152 Chemicals
e Training Set:

Thanks to:
Mark Feilden
Richard Brennan
Jeremy Golub
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Iconix Toxicogenomics Example:

—25 Non-genotoxic Hepatocarcinogens
—75 Non Hepatocarcinogens

« Use Codelink Arrays

Using —omic Data for Toxicity
Classification / Hazard ID

Non-carcinogens
75 compounds

Non-genotoxic
hepatocarcinogens
25 compounds

47 Chemical Test Set

Predictor %TP %TN___ Accuracy  LOR P-value
Drug Signature 85.7 84.6 85.1 3.27 1.34E-06
Serum ALT 57.1 88.5 745 218 0.001017
Increased liver weight 47.6 80.8 66.0 1.27 0.030869
Hepatocellular hypertrophy 222 96.0 65.1 1.62 0.079472
P450 mRNA 81.0 50.0 63.8 1.36 0.022708
Alpha-2-macroglobulin mMRNA 42.9 76.9 61.7 0.87 0.090035
Tsc-22 mRNA 45.0 73.1 60.9 0.76 0.111432
Hepatic necrosis 16.7 88.0 58.1 0.37 0.307851

Candidate
Biomarkers




Biomarkers to Mechanisms ...

37 genes in signature

1Map to IPA
24 genes

1 Create Network

Top Network —

12 focus genes (grey)
1 Function enrichment
Top Functions
Cell growth and proliferation

Gene expression/TF's
Cellcycle

Office of Research and Development
National Center for Computational Toxicology

-omics data issues

« Genomics data limitations:
—Measures tissue average snapshot of mRNA content
—mRNA content not always correlated with protein levels
 To assess broader molecular context miRNA, protein
and metabolite assays may also be necessary
« Evolving large-scale assaying technologies — reduction
in technical variability expected
 Large number of features but relatively few
obervations — biological variability continues to be
problem
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GTF: Genomics Data & Risk
Assessment

Page 17
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Capturing Biological Knowledge

—Develop ontology using existing standards e.g. BioPAX

( ) Networks
Model of NR-signaling
Interactions, pathways
Molecules Pathways and network induced by
ligands PPARa, CAR,
. PXR
Interactions
Components Functions

- Gather data « Computational problems

—Curate some data manually
from literature and from
molecular interaction /
pathway databases

—Store data in Sesame /
MySQL

Office of Research and Development
National Center for Computational Toxicology

—Literature: Text mining

—Importing public / commercial
data

—Inference tools
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Modeling & Simulating Biological

Networks

Qualitative Model Building

Quantitative Simulation

1. Knowledge-driven:
Infer causal biological
network mediated by
nuclear receptors from
molecular interactions
in KB

2. Data-driven: Infer
biological network
using —omic profiles
due to chemical
perturbation
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Discrete: Represent
molecule levels
discretely to evaluate
network topology

Continuous: Additional
measurements to
calibrate models for
response prediction




