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Presentation Outline

CompTox at UC Berkeley

Processes and methods: 20+ years of validation
>100K chemicals and the data gap issue
QSARs — and the applicability domain

Using information from related chemicals
Structural motifs correlating with biology
Carcinogenicity is too complex for single method
Biological — signaling pathways critical

Cannot stop with single chemical information or we
miss products



Computational Toxicology at UC Berkeley

« Undergraduate Molecular Toxicology major
— Computational toxicology is required

 Chemicals in the environment & therapeutics

e ~150 students — over 5 years

— 4 hr credit course — individual projects; independent
study & honors research

— ~10% of students gain internships at FDA
— Unbiased use and critigue of software and databases
— Profound innovation by undergraduates

— 9 students with publications, 5 papers presented at
national meetings, 1 book chapter



UCB Computational Toxicology Definition

The application of computer technology and mathematical / computational
models to analyze, model and/or predict potential toxicological effects from:

— Chemical structure (parent compound or metabolites)
— Inference from similar compounds

— EXxposure, bioaccumulation, persistence
* Biomonitoring data
« Plasma or tissue concentrations

— Differential indicators or patterns related to exposure

— Networks of biological pathways affected by the chemical
To further understand mechanisms of toxicity

— Qrganism specific

— QOrgan specific

— Disease specific
To explain why certain individuals are more susceptible
Key methods

— Chemical fragment or structural similarities (structural alerts)

— Categorization or grouping

* Analogs, categories based on mechanism, mode of action
— QSARs
— Biological pathway perturbations



Computational Toxicology had early roots In
combinatorial chemistry

* Rapid synthesis or computer simulation of a large number of
different but structurally related molecules or materials — (by building
blocks)

« Highly parallel or split-pool chemical synthesis, resulting in
thousands to millions of compounds

e 1000’s of compounds in mixture (liquid state or solid state)
e De-convolution by:

— structural similarity categories
— rank order elimination algorithms based on targeted screening

« The key lessons:
— Analog identification and categorization crucial for unknowns
— Structural features are related to chemical-biological effects
— SAR & QSAR could be used to fill data gaps with caution
— Huge difference in rank ordering and predicting endpoints
— Proper weighting of endpoint criteria essential



This lead to Data warehouse model

Prediction in Virtual Drug Discovery
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Adapted-from Johnson and Wolfgang, Drug.Discov Today 5: 445 (2000)

=)

And to the
screening
based in silico
platform

Predictive Toxicology Platform

High Throughput Predictive Assays

1°o0r2° Confirmation in Assays for DC
screening Selection Criteria
. Chemistr Development . .
Validated y Y Lead. Lead y p Preclinical Clinical
target Startie G Optimization Candides Studies Studies
9 Points and Selection a Selection
In Silico S Predic_trive_ " Predicted Safety
Tox Input tructur»e- ox_lclty Evaluation Outcome
Relationship

In Silico Predictive Models

From: DE Johnson, Keystone Conference 2005

Millions of chemical compounds have been screened

SARs have been established for multiple targets

Positive and negative “filters” are applied computationally




TOXIC PATHWAYS (tend to be seen with high doses in humans)
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Macromolecules GSH & other _ ‘
(esp. proteins) small molcules »  Direct damage effect?
4 . (few good examples)
i ETCt < + Effect Deplete oxidative defenses
Lose Activate system
critical to yield a detrimental — » Overwhelm:
function response Get oxidative damage

to proteins

Trigger regulatory
systems
Small amount: protective

Large amount————> Apoptosi

Liebler & Guengerich (2005) Nature Rev. Drug Disc. 4, 410-420
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The ~100K Chemical Challenge

« Data gap filling— Specific experimental data is preferred but

often scarce
— Modeled data is sometimes unreliable (e.g. outside domain of
applicability)
« Use available “read-across” physical or chemical data from an
analogous chemical or chemicals (e.g. water solubility)
— Make predictions for missing toxicological and fate data
— Quantitative or qualitative

 Enables grouping of chemicals — Separate similar assessments
Or one category assessment
— Results partly based on common properties and modes of action
— Increase consistency between assessments— Interpretation of data,
— Areas of similarity and uncertainty



Methods to fill “data gaps”

e SAR and QSAR

— Global models
— Local models
— Category specific QSAR models

— Transparency of chemistry — no “black box”
approach

— OECD criteria

« a defined end point
an unambiguous algorithm,
a defined domain of applicability,

appropriate measures of goodness-of-fit,
robustness, and predictivity,

a mechanistic interpretation, if possible



What is a QSAR model?

Y;'(est) :160 +167 X1'+5

==, oy » 1 = index of obs.

Y. 1s the dependent variable. the relevant biological activity

X, 1s the independent variable. A descriptive property of the
structure of the molecule.

“1” 1s an 1ndex for our observations. So Y, would be compound 1, Y, compound 2, etc.

&i represents the error term, or the deviation of our observed values of Y compared to
predicted values of Y

B0 1s a constant term; it is the intercept of the line - to what degree, given a change in the
independent variable (X), will we see a corresponding change in our dependent variable Y.
In this example, this means that for a one unit change in X, we will see a 7 change in Y.



Multiple Regression

Log(1Cs50) = By + Plog(X,) + Polog(X,) + ... +
pilog(X,) + ¢

Exactly similar to the previous example, only the
X’s represent different molecular descriptors
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Chemical descriptors must be relevant
to the endpoint

Physicochemical interpretation and possible mechanistic
Involvement: examples of two widely used:

« Octanol/water partition coefficient: log Kow
— Hydrophobicity / lipophilicity may influence absorption
— Transport and location in tissues
— Binding to active sites and/or receptors
— Biloaccumulation

« Hammett electronic substituent constant (o)

— Electron-donating or -accepting properties of an aromatic
substituent in the ortho, meta, or para position

— Model electrophilic or nucleophilic reactivity



Methods to fill “data gaps” (cont.)

e Structural alerts
— ToxTree, and combinations of models

 Analog identification

— AIM (analog identification methodology —
EPA)

— OECD Toolbox
— CAESAR and Lazy QSAR
— ToxMatch

e Categorization



ToxTree Structural alerts: sensitive predictor
for genotoxicity & related carcinogenicity

204 chemicals
with + mammary tumors in mice and/or rats (multiple sites)
[Rudel R, et al. 2007 Cancer 109(12 Supp): 2635]
315 chemicals:
107 with + mammary tumors in rats (multiple sites)
30 with + mammary tumors (only site)
104 with + carcinogenicity (but not mammary)

104 with no carcinogenicity; 22 with + Ames
[Cunningham A, et al. 2008 Chem Res Toxicol 21:1970]

167 of 204 chemical dataset had structural alerts for genetoxicity and
carcinogenicity

Nitro-aromatic (41); primary aromatic amine, hydroxyl amine and esters (37);
polycyclic aromatic hydrocarbons (21); hydrazine (20); alkyl and N-nitroso
groups (19); aliphatic halogens (15 ); o, unsaturated carbonyls (14);
epoxides and aziridines (10)
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Declslon trees for the OECD Toolbox, a primary local QSAR model bullder for green chemistry Initlatives

S. Maxey G. Mao, HW Kim, J. Chan, and D. Johnson

Ceparment of Mulnibional Science and Toxicology, University of Califomnia, Berkeky

#205—4z

N

oy

Abstract

This project was designed o evalumi= e CECO Toolbox 13 &
primary O5AR mode] tulidsr for mutple gesn chemisTy InRatves
The abilty o identify and use relevant ses of compounds o ko
KERI iZaAN MODSS 707 MURNE SNODOINE 15 ESSSTIEI TOr 2 Alae
rargs of polenial gresr chemisy users.

In @iz shudy w= wsed 55 kr LCS3 dats from Ssthess mirnow
ecoowicEy shudies and compared resuls fom the Tooibow o afher
freemar= propmams. ey compounds used In the analysils sere
buptamine, 4-fumaniie, pertcniorophen, 4
phlenoryoenraldehyde, foraldehyde, acefabehyds cwime, tidcsan,
am ethanol. Evpedmertally penesmvied LESD data for each compound
were wuacd oz the comparater conbrels In & onalysia.

The Toolno 125es & =afety of chemical, bochersical, and blologica
oiera, such as A stuclhrsl similarty seamh, protein bincing
caeporzaion, or US EPW and ECOBAR schemes D clster
compounds Info rel=vant subssts. In our evalushon, the Crgankc
Funciioral Groups, Sneceral Slmilarty, and Fragment  Aralysis
caepories bendsd o bhs e wser fowand agicbal ather than a oca
comparson, hinderdng the iy d=yeiopment o & ol mode—me
mimegth of the Tanihee The mechaclche FrOEAR and LR FP&
cxepories wers found o De he most usefd for the fathesd mirnoe
amplvsis as they focused only on chemical moifs dooumented o
afect mcoiogical fowicty,. The Toolbox perbrmed supefodty io aher
sotware In guiding the ver oward more reevant ool mooeks.

Alinough Inftal w== B far from stmight forward, by carefully
exsloitng OECD inals lEe categorzadon and SUT-CHMSQOATATON, e
uzzr can readlily cresie o database of sufabe compounds fo protuce:
rekyand incal OSAR models fhat can be urther tuned with Euit-n
nor-inear regression capablties. To akd ciher gresn chemising wers:
Wwe mealsd a simpifier decision e for pactical application o e
sobware.

Conclusions

“The SECD ioolboe can guide users fowandis a more sl
predicion mods]

Cane mest be izke o seiect an aporoprisisly sized analkogus
- |

‘Some chemicals espond befler fo 5 Simplz Read-Somss
average radher hen sophisticated DSAR analysls.

snmpared wfh nfhsr fres proprere. #e Taeltew ghoss sopsdor
reguits

Hicwayr

«The Toobox =31 Bcks many ws=iul =z, indudng dais
transformaton, moe complex regression Echniques, and =ss
of ciaba modnt mar] ool ston

Arourabe resolits 51 requirs an understancing of e underivng
mulzoiogy

Example Chemical

Buiykmine

Ve CAS: 105735

“NH,

Frofied by 'S EFA Categorizason’: Aliphatic Amires

Recsived adegeais dala €3 unlque analogues, 141 daia poniz
Elnescld trend, w==d SEAR module o predict Imi:l:.'. Nt Read-Aooss
mmmmn-lnummm aralogues:

il TV

+ SubcEisgorie f ImpeTee mESUR Inchale only ECOSAR CimsTicaton 'Alnhatc Amines

i
{|° S

+ Resuts:
Teetsd Toxlot: 28T Mgl
Praclobed {Inttal: 328 mgiL
Predlobed {Improvedy: 70.7 maiL

Comparative Performance

WOECD Toolboor compans: fo tao
ofer fres, online ool and o
EpEimEnmal iy

vFoclsz, when used comecly,
oufparforma Swac offer toala

Sompaatd WY mn Lﬁﬂ
M
Schferrm TE14 23 EFe
Fupw-acilce LIR - ome k]
[T ] [ =LY
Earadetra O e ] B
Puimcdie s b 288 [ ST
plmrea s terenkd sinyda e el | [iRirr ]
1 LR LEIT [N L] (AR LT
Barns 4837 B B

Const Detates  Basl oolos  Watfesl e Student Affiliations
rridy EalTalas]
L]
FET 272 A8 anazio E““m’;:fw.h 1 By
Ay pre el asm
[Lass (-] Famyd Acain Ci.pnac ey Maz
Trm=ol S ot Lire sty of Taaws, Seslresslam
Waloel e, Dells
104 SITR I Teeed Aoy, Swrncfgmuleon
Handaz ot el i O
— B Bl bl g L
(L4 Pt ) Handacou Fryn WETpread
D03 il Lt Hpod-Aroun, o U=
Traed-Sonhys DSy Lab, UCLA
e cmn 1S Qg L com
Rz oo Trand-Sneks
“aan U LT LLL LRl S ]
I A Trand-Sneks




[nput | validation

Lazar Toxicity Predictions

1. Draw a chemical structure (help)
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EPA Fathead Minnow Acute Toxicity (EPAFHM) B
96 hr LC50 ]
Human liver foxicity
Composite activity
Alkaline phosphatase increase
GGT increase
LDH increase
SGOT increase
SGPT increase
Mutagenicity
Salmonella typhimurium (CPDE)
Salmonella typhimurium (Kazius/Bursi)
Rodent carcinogenicity (multiple sexizpecies/sites)
Rodent carcinogenicity (single sexispecies/site)
Rat carcincgenicity (both sexes)
Rat carcinogenicity (male)
Rat carcincgenicity (fermale)

m

2. Mouse carcinogenicity (both sexes)
Mouse carcinogenicity (male) b
: Mouse carcinogenicity (females) i v]

3. | Predict |

@ in silico toxicology 2004-2008
Built with: lazar, OpenBabel, CDK, Ruby on Rails
IME Editor courtesy of Peter Ertl. Novartis




Several models have been developed under the CAESAR project for the five chosen
endpoints relevant for REACH legislation:

(3 BIOCONCENTRATION FACIOR |

s SKIN SENSITIZATION

",._.-':-j' MUTAGENICITY
' CARCINOGENICITY

DEVELOPMENTAL TOXICITY;

In order to make these models accessible and easy to use, a java-based application
package has been developed in collaboration with developers of Dragon,
AGDesigner, Mr. Davide Bigoni and Dr. Todd Martin (US EPA).



CAESAR QSAR model for bioconcentration factor (BCF) in fish - version 1.0
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Log BCF value: 3,05 actie [0,00919003]
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urknowr i nfreguant LT nzt availakla O5%Tox datsiace
fenhres wh A BubChem dapbe: |
lowconfidanca [<=0.0Z35)

FMooramrnil Additional
Bckrerty [nformaton

The following chemicals similar to the query compound have been identified in the CAESAR database:

Dataset id: 20
SMILES: Celece2e(cl Jecee2

Similarity: 0,988
Experimental Log BCF: 2,41

Predicted Log BCF: 2,72

Dataset id: 19
SMILES: clc2e(ceel Jecec2

Similarity: 0,982
Experimental I.I.% BCF: 2,50

Predicted Log BCF: 2,48

Dataset id: 280

SMILES: COcleecc2elccec2
%o Similarity: 0,981
~
Experimental Log BCF: 2,21
Predicted Log IK%F! 1,58

Dataset id: 177
SMILES: Clele(ceecl)elc(ceeel)CI
Similarity: 0,964

Experimental Log BCF: 3,53
Predicted Log BCF: 3,88

U
U

Dataset id: 178
SMILES: Clele(eccc]1Clielecece]
Similarity: 0,964

Experimental Log BCF: 3,72
Predicted Log BCF: 3,88

-
—

Dataset id: 179
SMILES: Clele(ee(ccl)Cl)eleccce]
Similarity: 0,

Experimental Log BCF: 3,86
Predicted Log BCF: 3,88




Whn b Hesgrd s,

3 steps in cascade:

L statistical model
(based on chemical
descriptors)

L knowledge-based filter
(based on structural
alerts)

WORKSHOP ..
QSAR MODELS
ron REACH

i, NEDE

ositives

if negative..

K- Mutagenic

if negative..

e Mutagenic

if negative.. L e Suspicious

Non-
Mutagenic



ZIntegrated model statistics

CAESAR Suspicious Suspicious
taken as taken as
test set _ t :
non-mutagenic mutagenic
accuracy: 83.3% 82.1%
sensitivity: 88.3% 90.9%
specificity: 77.1% 71.2%
CONFIDENT CHOICE PRUDENT CHOICE
v" Accuracy close to the reliability v Sensitivity boosted over 90%

of the experimental test (85%)

WURKEYRUL o
Q,_SAR MODELS {|'|" 2
ron REACH % 297



Non-mutagenic carcinogens more challenging
— proper categorization essential

Co-initiation

— Facilitating original mutagenic changes in stem or progenitor
cells that start cancer process

— Induction of enzymes activating other chemicals

Promotion

— Enhancing growth vs. differentiation/death of initiated clones

Progression

— Enhancing growth, malignancy, or spread of already developed
tumors

— Suppression of immune surveillance

— Hormonally mediated growth stimulation for tumors with
approapriate receptors (eg. estrogen)

Multi-phase
— Epigenetic silencing of tumor suppressor genes

From: Hattis, et al. Crit Rev Toxicol (2009) 39 (2) 97-138



Methods to fill “data gaps” (cont.)

 |D targets and biological pathways
affected

— Genego Metadrug and Metacore



CHEMICAL EXPOSURE AND BREAST CANCER: IDENTIFYING COMPOUNDS OF CONCERN
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Biological pathway analysis: testing large sets of compounds
to understand molecular targets
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204 compounds were analyzed against Phase | & Il metabolizing
enzymes, relevant transporters, and multiple genes and networks known
to be associated with breast cancer (~120 models)



25 Breast Carcinogens w/Molecular Targets involved in breast cancer

# of affected

Breast cancer

Breast Carcinogen breast cancer Action G Target (gene) description Source
affected by
targets -
carcinogen
17a—HydrC(;>;yr;;;?iesterone 1 transported by ABCB1 ATP-binding cassette, sub-family B (MDR/TAP), member 1 QSAR
Chlormadinone acetate 2 transported by ABCB1 ATP-binding cassette, sub-family B (MDR/TAP), member 1 QSAR
inhibition AR androgen receptor PUBMED
. e - . pubmed &
Daunomycin 1 inhibition ABCB1 ATP-binding cassette, sub-family B (MDR/TAP), member 1 QSAR
Diethylstilbestrol 1 inhibition SLC2A1 solute carrier family 2 (facilitated glucose transporter), member 1 PUBMED
Doxorubicin 3 inhibition ABCB1 ATP-binding cassette, sub-family B (MDR/TAP), member 1 QSAR
inhibition HIF1A hypoxia inducible factor 1, al.ph'a subunit (basic helix-loop-helix PUBMED
transcription factor)
activation PLAU plasminogen activator, urokinase PUBMED
Estradiol-17b 13 inhbition/ unspecificied AR androgen receptor PUBMED
unspecified CXCR4 chemokine (C-X-C motif) receptor 4 PUBMED
inhibition ERBB2 v-erb-b2 erythroblastlc Iel,'|kem|a viral oncogene homc.)log 2, PUBMED
neuro/glioblastoma derived oncogene homolog (avian)
activation IGF1R insulin-like growth factor 1 receptor PUBMED
inhibition IGFBP3 insulin-like growth factor binding protein 3 PUBMED
inhibition NOTCH3 Notch homolog 3 (Drosophila) PUBMED
inhibition PLAU plasminogen activator, urokinase PUBMED
activation SLC2A1 solute carrier family 2 (facilitated glucose transporter), member 1 PUBMED
activation SOD2 superoxide dismutase 2, mitochondrial PUBMED
activation BCAS3 breast carcinoma amplified sequence 3 PUBMED
activation TFF1 trefoil factor 1 PUBMED
inhibition ABCG2 ATP-binding cassette, sub-family G (WHITE), member 2 PUBMED
activation MUC1 mucin 1, cell surface associated PUBMED
Estriol 1 activation ERBB2 v-erb-b2 erythroblastlc Iegkem|a viral oncogene homglog 2, PUBMED
neuro/glioblastoma derived oncogene homolog (avian)
Estrone ) activation ERBB2 v-erb-b2 erythroblastlc IeLfkemla viral oncogene homqlog 2, PUBMED
neuro/glioblastoma derived oncogene homolog (avian)
inhibition ABCG2 ATP-binding cassette, sub-family G (WHITE), member 2 PUBMED
Ethynodial diacetate 1 transported by ABCB1 ATP-binding cassette, sub-family B (MDR/TAP), member 1 QSAR




Single Chemical vs. “Products” or mixtures

* Phytochemicals

— The WHO estimates that ~80% of global population
relies on traditional herbal medicines as part of
standard healthcare

— In USA, 1 in 5 individuals regularly consume dietary
supplements

» Out-of-pocket spending on non-vitamin, non-mineral natural
products, 1/3 of pharmaceuticals

* Product information and ratings: GoodGuide

* Industry specific product / chemical usage and
ratings: SciVera maps auto industry
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From: Chan, et al. (2010) Curr Opin Drug Disc Devel 13(1) 50-65



Conclusion

Current developing practices for filling data gaps has long
history with validation

Physico-chemical properties accurately predicted

Databases linking chem-biol interactions are limited in scope
and size
— Genotoxicity linked to carcinogenicity generally accurate predictions
— Non-gentoxic carcinogenicity more complex

QSARs always limited by applicability domain (chemical space)
of the training sets

Interactions with key biological pathways important to identify
targets and mechanisms

Additional screening is mandatory



