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Outline

Who we are and what we do?
How to develop a good QSAR model?

Our lessons-learned for predicting endocrine disruptors

— How the models were developed and why they were developed in
such a way?

— Regulatory evaluation of our model by EPA

The difference between in-house tools and commercial tools
— Introduce Decision Forest and Mold2

What's the best practice for regulatory application with
QSARs

7RSI

FhEEfAIETHELTWNSMN?
BUL\QSARETILDRAE A EIL?

A <EME D TR TIENFEALZE
—EDISTETIVEREL. BEZDOIOIZEHRELEN?
— EPAIZKAFAZEDET IL DR FHIZTEAE

R RBAR Y —IILEMERY—ILDIELD
—Decision Forest &Mold2®D B4t

LB DRRFDT=HDQSARSD AR NTSHT 4R (BIhHI)




© N o 0 k~ w0 DN PF

Food and Drug Administration

(FDA)

Center for Drug Evaluation and Research (CDER)

Center for Biologics Evaluation and Research (CBER)

Center for Food Safety and Nutrition (CFSAN)

Center for Device and Radiological Health (CDRH)

Center for Veterinary Medicine (CVM)
Center for Tobacco Products

Office of Regulatory Affairs (ORA)

National Center for Toxicological Research (NCTR)

© N o 0 k~ w0 DN PF

oA

KE-B M
(FDA)

EFE SR 52— (CDER)
AR FIFHEMZE 2> 52— (CBER)
BERRE - IAXREZELEVS— (CFSAN)
EEEES - SRR E 22— (CDRH)
EWE 4 —(CVM)
EECHGRES—

HHIEFER(ORA)
EiEHHEEH—(NCTR)

i}
o0
3t




Us MAP A
State and Capital )
p C A N A D A
Olympia T -~ MAINE
WASHINGTON | - —r— e =k ¢
B | | Nonrin e T B VERMONT. {5, Augusta
- . MONTANA | NORTHDAKOTA " Mc:nlpieigr {NEW HAMPSHIRE
Salem N rr / Bismarcs | minngsOTA ¢ <L = $aran . g Eoncord
; R \ - g . ¥ Albany gz MASSACHUSETTS
OREGON I : _ : v =
¢ Boise %oy - ! Bierre St P ;, MSCONEIN % MICHIGAN | | MEWYORK Harsiord (QHI.’I:IEISLAND
S . | IDAHO p i 1 -{m 3 Lansng o~ A 1— EOMMECTICUT
P i MICMCRY  SOUTHERITR o b W, PENNSYLVANIA  gfPen
] T T -3 o - " MEW JERSEY
i . : . Des Moines T oo
Jr— City ! i Cheyenne | SELREIY “ILunois NBIANA! Columbus 1 &%
Sacramento y - _® \ rhgmg Awest
, ! Salt Lake City X Linealn ® .. = —-—-,» ¥ RGN
» NEVADA ¢ / ) L ) ¥
., [ oumH i feston yipchaa
CALIFORNIA | J ; ENTUCKY i
. L SRR y - e
L 3 By * g Nastvile _* NORTH CARGLINA LANTIC
b4 SanaFe o= JENNESSEE 1. -'.-.’éulumhfla =
L ARIZONA T OCEAN
; i | i ' o Adantd - SOUTH CAROLINA
PACIEIC _: NEW MEXICO (ALABAMAl o
e Phinenis [ k.
OCEAN i | I I 1 LEGEND
g Montgomesy N
. S L 4 - International Boundary
- 1" - PR e, -
- - —my - . = State Boundary
rRUSNﬂ jet==cs % Couniry Capital
MEXICO e State Capial
ALASKA
5 Gulf Of Mexico : THE
HAWAN
1 BAHAMAS
CANADA Honodulu
- 0 250 500
fi=: e Juneau Pacific
Deean Copyright © 2012 www.mapsofworld.com cu B A I—I—|—I
Nar= Iy {Updated on 13th May, 2013) 0 250
Us MAP A
State and Capital )
p C A N A D A
Olymgia T -~ MAINE
WASHINGTON | - —r— e = ¢
R ! : e ~*L. Buperior VERMONT |, Augusta
- N MONTANA | NORTHDAKOTA ' g Montoelier . gy HaMPSHIRE
Salem N rr / Bismarcs | minngsOTA ¢ <L = $aran . g Eoncord
; R : - g . ¥ Albany gz MASSACHUSETTS
DREGOM 1 X 5 ~ . 3 = 3
¢ Boise %oy ] - St Fal | WISCONSIN B michigan ¥ NEwvoRK Hartor' P
- - | IDAHD I' I 1 . “lm i Lansng 1’“ o 1_ ECONMECTICUT
Pl f WYOMING SOUTHORNOTA. i o 7 PENNSYLVANIA | gfor
] T T -3 = P " MEW JERSEY
0 ] 7 Dez Maings " aHIo 1
p ! Cheyenne ! MEBRASKA “iLuinois INDIANA!  Columbus 1, A
Sacramento ¢ '=arsen City e aE I 1 rhupnhﬁ hﬂ-j;#:—,
: SartLaheCiy S Lincaln ® L.. —--‘,5 : AIRGINIE
. MEVADA ." i Derver L : !;ih,,r_ ] T
., | UTAH II ! restan yipclyga
ETETE | {  cowespo | ol T
. el ! ! Lo -
.- R "o Nashile " NORIH CARGLINA LANTIC
b4 SanaFe  f-— JENNESSEE I\ -'.-_’{':ulumhfl-a =
. ARIZOMA S . OCEAN
. ] | ' o Adantd . SOUTH CAROLINA
PACIFIC j" NEW MEXICO ALABAMA.
= Phoenix ! 1
OCEAN | I I 1 LEGEND
g Montgomesy N
. L 9 : - International Boundary
i - —__ ik 5 = PR =T State Boundary
|_RUSL~IA jei==cs % Couniry Capital
MEXICO — State Capial
ALASKA
5 Gulf Of Mexico : THE
HAWAN
' - 1 BAHAMAS
CANADA Honolulu
- ] 250 500
e s Juneau Pacific
Decean Copyright © 2012 www.mapsofworld.com cu B A I—I_|_I
[ {Updated on 13th May, 2013) 0 250




A\

1

NCTR Office of Research

Division of Biochemical Toxicology
Division of Neurotoxicology
Division of Microbiology

Division of Genetic and Molecular
Toxicology

Division of Systems Biology

Division of Bioinformatics and Biostatistics
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Division Overview
Established on May 20, 2012

Three branches

— Bioinformatics branch is centered around research
— Biostatistics branch focuses on research and service
— Scientific Computing branch is service oriented

Current staffs
— ~50 FTEs (including postdoc fellows)

40% in Research and 60% in Support/Service
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Division Research Priorities

Validating methods and
technalogies that select the
medrcme foryou!
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In December 2014, the US Food and Drug
Administration (FDA] approved a new
drug cocktail, from the Chicago-based
pharmacentical company AbbVie, to treat
hepatitis C infection. Less than a year later,
the agency warned that the cocktail, Viekira
Pak, and another, newer AbbVie hepatitis C
therapy could cause serious liver injury in
individuals with advanced liver disease. The
agency noted that it had received reports of
at least 26 cases of liver injuries that might
have been caused by the drugs. Of these, ten
patients experienced liver failure so severe
that they either needed a transplant or died.

The news came as a shock to many
people, and AbbVies share prices tumbled.
However, Weida Tong, a researcher at the
FDAs Mational Center for Toxicological
Research (WCTR) in Jefferson, Arkansas,
could have predicted this outcome. He and
his colleagues had recently deweloped an
algorithm to assess a drugs potential for
causing liver injury. Tongs team had not
assessed these particular drugs before they
were approved, but after the agency issued its
warning, the researchers entered the data for
Viekira Pak into their algorithm and found
that it predicted the drug cocktail might have
toxic effects on the liver.

When a drug receives FDA approval, the
presumption is that it is safe. However, liver

injury can be hard to predict. and animal
studies do not always identify compounds
that might harm human livers. Even human
safety studies can miss the signs, in part
because the potential for injury can depend
on an individnals genetic makeup. “In the
area of liver safety, [ don’t believe theres
been any progress whatsoever in the last
30 years.” says Paul Watkins, a towicologist
and director of the Institate for Drug Safety
Sciences, a joint venture between The
Hamner Institutes for Health Sciences and
the University of North Carclina at Chapel
Hill. Tong and his four-member team hope
to change that by developing models that
can predict which medicines might cause
trouble, before drugmakers embark on
costly clinical trials and dangerous drugs
reach the public.

Researchers have devised many ways of
assessing whether a drug will harm the liver.
Watkins and his colleagues have constructed
an in silico liver called DILIsym to model
liver injury. Other researchers are creating
three-dimensional mini-livers or seeding
liver tissue onto plastic chips to identify toxic
drugs, and some groaps have bicengineered
mice to carry human liver tissue. Tong
is taking a less sensational approach by
devising mathematical models to predict
the risk of liver injury, but he is deing it
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from within the walls of the waorld’s largest
national drug regulatory agency.

Model student

Tong, a bicinformatics buff, began to work
an drug-induced liver injury, ar DILI, eight
years ago. Although there was a wealth of
information on the topic, he noticed that the
data were scattered. So he became a collector,
combing the literature for information that
might be useful for building predictive
models. As part of this effort, Tong knew
that he would first need to develop a scheme
for classifying existing drugs according to
their potential for causing liver injury. So he
and his colleagues turned to the drugs' full
labeling information, which is found in the
US Mation al Library of Medicing's DailyMed
database. These labels are dozens of pages
long and contain more than a dozen sections,
but the researchers homed in on just three:
boxed warning, warnings and precantions,
and adverse reactions. The team searched the
labels for key words that might indicate liver
harm, such as “hepatitis’ or fatty liver. This
methodelogy enabled them to sort nearly
300 FDA-approved drugs into three DILI
categories: of ‘'most concern; of “less concern’
and of ‘no concern’ (Drug Discov. Today 16,
697-703, 201 1). "Even though FDA drug
labels are not almighty perfect to address
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Toxicological Knowledge Base
Development

“Knowledgebase” development involves (1) data collection
and (2) predictive modeling (e.g., QSARs):

e Endocrine Disruptor Knowledge Base (EDKB): ~8000 chemicals

e Liver Toxicity Knowledge Base (LTKB): ~2000 drugs

e Liver Cancer Knowledge Base (NCTRIlcdb): ~1000 chemicals

e Tobacco Constituents Knowledge Base (TCKB): ~9000 tobacco

constituents
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Outline

e Who we are and what we do?

@develop a good QSAR@

* Our lessons-learned for predicting endocrine disruptors

— How the models were developed and why they were developed in
such a way?

— Regulatory evaluation of our model by EPA

* The difference between in-house tools and commercial tools
— Introduce Decision Forest and Mold2

* What’s the best practice for regulatory application with QSARs
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How to Achieve a Robust QSAR Model

— Rule of Thumb

* Data size: need a large dataset

— Usually we stuck with what we have, but the larger the dataset is, the more
robust a QSAR model will be

* Biological activity data: Quality does matter

— The high quality of activity data helps; garbage-in and garbage-out

— Cover a broad range of activity space; more than 3 order of magnitude for
“Quantitative” model

* Chemical Structure: Diversity is a good thing! Cover as many chemical
classes as possible

* Modeling approach: Advocating the democratic (consensus) approaches
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How We Know We Had a Good Model?

1. Cross-validation to assess whether a robust model can be

developed based on this dataset
2. Permutation test to ensure the observation is not due to chance

3. Validation sets to assess the performance of the model derived

from the training set

4. Additional validation sets from the literature to further validate the

model

5. Applicability domain assessment to identify the drug categories

for which the model will perform better
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Outline

* Our lessons-learned for predicting endocrine disruptors

— How the models were developed and why they were developed in
such a way?

— Regulatory evaluation of our model by EPA
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Endocrine Disruptors

An international issue

Two laws passed by US congress require evaluation of
chemicals found in foods and water for endocrine

disruption.

Similar regulation is also implemented in Europe and Asia
~ 90,000 commercial chemicals needs to be screened
EPA has identified ~58,000 eligible chemicals

A minimum of 8,000 of the 58,000 chemicals are FDA-
regulated, including cosmetic ingredients, drug products ...
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Overview of NCTR’s Endocrine Disruptor Knowledge
Base (EDKB)

e Objective: A resource that contains both experimental data and predictive
models for endocrine disrupting compounds

e QOverview:

— The >200 same chemicals were assayed at NCTR for their binding affinities to
estrogen (ER), androgen (AR), and serum protein (AFP and SHBG) receptors

— A database containing various assay data (~10 different in vitro and in vivo assays)
for ~8000 chemicals with estrogenic activity data

— The ER data was used by Tox21 to validate the ER assay results
— Many SAR/QSAR models have been developed for ER and AR binding using EDKB
— Published 46 articles

* Webpage: (http://www.fda.gov/nctr/science/centers/toxicoinformatics/edkb/)
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Community-Wide QSAR Exercise
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Both ER and AR Datasets Cover a Wide
Range of Chemical Classes and Activity

120- 50-

1008 RBA=100for E, 4o
80

30+

60-

Number of Chemicals

S §
Y NN
S

S

Relative Binding Activity (RBA) Chemical classes

Over six orders of A wide range of
magnitude of RBA range chemical classes

ERRUARD T—2tyMEILEE

+-

DIEEYE

VSRRV EHEZEMEL TV

50+

. RBA=100for E, 4o

30+

LEMER

*E*‘T%:I!I: &iE1% (RBA)

{EEMBE ISR
6HTE B A HRBASEH ILEEFEDILEYE

D3R




Structural Diversity of NCTR

Cl
Cl

O

Estrogen Dataset

el Eoasd scooNPea

Estrad|o| Zearalenone  Nonylphenol
NI\/I@

OH
o c:ICI OH X
cl
" O O
HO

cl cl Genlsteln
4-OH-2',4’,6'-PCB

Kepone

CCh
” ©¢ Tamoxifen
HO OH CI CI

Bisphenol A 0,p’-DDT Butylbenzylphthalate

NCTRTZRrOY U T—2tvbD
EEZHERNE

x OH  OHO CoHao
SO B oy
7 HO
HO HO

Estrad|o| Zearalenone  Nonylphenol
NMQ

OH
il ClCI OHO
SN Q ci
HO

g ¢ ¢ Genlsteln
4-OH-2',4’,6’-PCB
Kepone

CCh
” ©¢ Tamoxifen
HO OH CI Cl

0,p’-DDT Butylbenzylphthalate

Bisphenol A




EDKB — Modeling component

Assessing various SAR/QSAR approaches for ER

Rules or filters (e.g. if MW>1000, it is inactive)
Presence/absence of structural features

— Structural alerts - 2D substructure

— Pharmacophores - 3D structural features

Classification models (YES/NO) - KNN, SIMCA, ANN,
Decision Tree

Quantitative structure-activity relationships (QSARS) —
Classical QSARs, HQSAR, 3D QSAR/CoMFA
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2D - Structural Alerts
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Seven Pharmacophore Queries




Validation

1. Model’s Performance in the Training Set
— Classification: overall predictivity, sensitivity and specificity
— QSAR: g? between calculated and exp results
2. Internal Validation (within the sampe population)
— Cross validation process (Leave-One-Out (LOO), 10-fold ...)
3. External Validation

— Test sets: chemicals with known activity but from different
laboratories
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3D QSAR/CoMFA Results

A Kuiper dataset
= Waller dataset
® Training set

Predicted logRBA

Experimental logRBA
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“4-Phase” Approach for ER

- MW<94 or >1000

Rejection Filters - No ring

Phase |

l - 3 structural alerts

Phase Il Active/lnactive Assignment 7 pharmacophores

l - 1 Decision Tree model

Phase II] Quantitative Predictions - CoMFA model

l

IR Knowledge-Base Approach il Other priority setting factors

- Re-evaluating Phases Il & llI
- Human knowledge
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Outline

* Our lessons-learned for predicting endocrine disruptors
— How the models were developed and why they were developed in

way?
{gul&ory evaluation of our model by EPA
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How QSARSs be used In regulatory
decision-making ?

Utility of SAR/QSARSs for Prescreening potential
EDCs by EPA:

m Requirement 1 — Enrichment
— Narrow down the number of chemicals for testing

— Or enhance the chance to find actives in a reduced
population prioritized by the models

m Requirement 2 — Low false negatives
— 4-Phase model are used in early stage of priority setting

— High false positives are less concern, which could be
removed in experiment

High false negatives are of more concerns
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Enrichment (6 fold increase)

EPA’s list; Predicted to be = Randomly select
estimated that active by QSARs 48 cmpds for
596 are active (5.8%0) assaying (15%o)

Active in exp.
(33.3%0)

16/48
Enrichment = ——--—--—-—————- > 6
5%
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Low False Negatives (Negative
predictivity = 97.2%0)

EPA’s list; Removed the

) Randomly iy . i’
estimated that select 200 unavailable”,

596 are active insoluble, and
failed chemicals

Assayed

Total 189 Active (RBA, E, = 1.0)
cmpds | |pactive

10°~10% | 104~ 10° |10~ 10*

Exp 178 6 4 1

189 0
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Outline

* The difference between in-house tools and commercial tools
— Introduce Decision Forest and Mold2
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Are We There Yet

Drawbacks for the 4-Phase models:
— Multi-software and platform
Expensive, difficult to be adopted (or used) by others

Maintain a validated model become difficult because of
periodically updating in commercial software

Expert-dependent (CoMFA)
No confidence associated with each prediction

An ideal SAR approach

— Accurate and reproducible

— Can be independently operated by regulators
— Applicability domain should be well defined

Decision Forest — A consensus approach
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Decision Tree
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Decision Forest

Assumption: A better classification can be reached by
combining the results from several individual models.

Key points

m Combining several
identical trees

! ! I !

Tree 1 Tree 2 Tree 3 Tree 4
| | | | m Combining several

produce no gain

highly correct trees

Combining Results :
0 that disagree as

much as possible
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Decision Forest
- Two Premises

m Each tree was developed using a distinct set of
descriptors that was explicitly excluded from other trees to
ensure its unigue contribution in prediction

m All trees were statistically comparable to ensure their
equal weight in combining prediction

Tong et al. Decision Forest — Combining multiple independent models
for prediction, JCICS, 43(2):525-531, 2003

Tong et al. Assessment of prediction confidence and domain
extrapolation of two structure-activity relationship models for predicting
estrogen receptor binding activity, EHP Tox, 112(12):1249-1254, 2004
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Tong et al. Decision Forest — Combining multiple independent models
for prediction, JCICS, 43(2):525-531, 2003

Tong et al. Assessment of prediction confidence and domain
extrapolation of two structure-activity relationship models for predicting
estrogen receptor binding activity, EHP Tox, 112(12):1249-1254, 2004




Combining Decision Trees
— Decision Forest

Des.

Mis.
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Decision Forest — Advantages

There is always a certain degree of noise in the
biological data (e.g. HTS data)

Optimizing a model is at risk to over-fit the noise
Each tree construction is a fitting process
The combination scheme is not a fitting process

The overfitted noise in each tree might be cancelled out
in the combining process

Results are reproducible
Computational inexpensive

Easy to be operated by the non-expert users
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“QSARs has to know Its
limitations”

' Gl FAETHoY

m A QSAR model has its
Elind Eas{wadd
i Foree limitation (i.e., applicability
f domain)

| h:_
- H m The current challenge is not to
’ 3 ;--’L ‘-ﬁ.: develop a good fitted model

[ -

IT IS how to assess the
|

d limitation and applicability

}
=

domain of the model

"Man got to know his
limitations™ Dirty Harry -
Magnum Force (circa 1973)
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Prediction Accuracy vs Confidence Level

. High Confidence

Low Confidence

Accuracy

-O-Forest
-0 Tree

Confidence Level

Confidence Level =|P-0.5] /0.5

FRIFE vs EELAIL
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Confidence Level {SEELN)L

Confidence Level =|P-0.5] / 0.5




Domain Extrapolation

. 100%
Chemistry Space oo
70%

40%

Accuracy

Training
Domain

30%

Domain Extrapolation (d)

m The farther away from the training domain, the more loss in
prediction accuracy

m The larger the dataset, the farther the prediction extrapolates
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Summary — What’s the Best Practice In
Regulatory Application of QSARS?

m Commercial tools vs in-house tools:

— Commercial tools: quick jump start, custom support, but no control
of the tools (can’'t be GLP-like) and the company might go away

— In-house tools: easy for version control (thus GLP-like), but
require internal investment and mechanism to keep the talent

= We are using in-house Decision Forest and MOLD2

m Need to define clearly how QSARs will be used in
decision-making process
— Focused on fit-for-purpose application, not one-fits-all

— Understand the limitation of a QSAR model is more important than
its accuracy, thus applicability domain is crucial

— Combination of several models (consensus approach) is always
perform better than a single model
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