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Overview

 Sobre nos e nossos trabalhos

- Entendendo os modelos in silico e alguns
inteligéncia artificial

- Contexto regulatorio: guias e exemplos de
recomendacao legal de modelos in silico

- Exemplos de aplicacao: AOPs / NGRA / IATA /
Defined Approaches
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* Pioneira nos modelos in

silico no Brasil com fins
Fundada em 2012 e localizada na

Av. Vital Brasil, 305 - Butantg,
Sao Saulo - SP.

regulatorios

Responsavel pela primeira plataforma
brasileira de modelos in silico
validados com fins regulatérios do Brasil
e América Latina, em projeto financiado
pela FAPESP, a Is-Tox Platform.
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renomado para
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Premiacgdes de inovacgao e
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Softwares e projetos de pesquisa e inovacao

« 12 plataforma de modelos QSAR in silico do Brasil e América Latina - Real time

:ﬁgg:sc:n::::;;tziolégica de IS TOX Platform

Machine-learning models for a new toxicology

impurezas e contaminantes

Cosmaéticos @ IrriTest Pred-Oral . Genotox-iS NitroRisk

Estudos sem o uso de animais e com base na
estrutura quimica

AOP-SenSm® iS-Liver Pred-CYP22D" C e
Novas Moléculas P I‘IOI’ IUZQI

Solugdes em avaliagdo toxicologica de novas

moléculas e ingredientes @ iS-Ocularm Acute-TOXm DevTox-iS 1 V
Medicamentos x

Solugdes desenhadas para atender as ™ ™
legislagdes especificas BCF'Te St Pred'ECOtOX ' s

BHAltox  Beurofarma

Agroquimicos
Relatérios de avaliagéo de toxicidade Projeto financiado:

A FAPESP
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impurezas para IBAMA, MAPA e ANVISA

- Allmentos FUNDAGAO DE AMPARO A PESQUISA
'E Avaliagao toxicoldgica dos potenciais slslean nete sl a2

o)
contaminantes neoformados (NFCs)
https://is-tox.com/our-models /(@
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LETTER TO THE EDITOR

Comment on: “Excipients in Neonatal M
Prescribed, Commonly Administered”

Carlos E. Matos dos Santos' ¥ - Daniel Jungueira Dorta® - Df
© Springer Nature Switzarland AG 2020

Dear Editor,

We read the review by Valeur et al. [1] about the safety of
excipients in neonatal medicinal products, with many inter-
esting points and an objective discussion about access o
knowledge on the clinical pharmacology of excipients in
neonates and its impact in improving the quality of risk
assessment and decision making during drug development
by a risk-benefit analysis. Although we think the article dis-
cusses relevant aspects about the safe use of excipients in
medicines used to treat newborns, we have a few concerns,
considering the importance of adequate interpretation of
toxicological limits for the quality of risk and
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short communication
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regulatory andfor clinical decisions.

First, in Table 2, the authors provided an overview of
the supposed tolerance limits for ethanol, propylene ghycol
and benzyl alcohol as proposed by the European Medicines
Agency (EMA) [2-4], highlighting a limit for benzyl alcohol
of 5 mg'kg/day “for adults and children aged over 4 weeks™.
However, this limit is not for benzyl alcohol, but for the ben-
zoic acid and its salts (e.g. sodium benzoate and other hen-
zoates) orally in food [2]. Second, this is not a limit proposed
or established by the EMA as was described in Table 2.
This limit is only cited by the EMA, and as described in the
EMA's report [2] is an Acceptable Daily Intake proposed by
the JECFA (Joint FAQ/WHO Expert Commitlee on Food
Additives) [5].

Most importantly, contrary to the e ns about
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1. Background

We have carefully read the artiele recently publ]
al. (2020 [1], in whi i

tolerance limits presented by the authors, no specific lim-
its were set in the EMAs report for the excipient benzyl
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Abstract: The Adver
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= Cutcome Pathway (A OF) framework has been considered the most innovative
icological effects of chemicals,
facilitating the establishment of links between molecular events and adverse outcomes at the critical

collect, organize, and evaluate relevant information on the to:

level of biclogical organization. Considering the combination of the high volume of toxicological
and ecotoxicological data produced and the application of artificial intelligence algorithms from
the last few years, not only can higher mechanistic interpretability be reached with new in silico
models, but also a potential increase in predictivity in harard assessments and the identification
of new potential biomarkers can be achieved The current paper aims to discuss some potential

challenges and ways of integrating in silico models and AOPs to pre oxicological effects and to
set and melate new biomarkers for defined purposes. With the use of the AOP framew ork to organize
the ecotoicological, towicological, and structural data generated from in chemico, in Titro, ex wne
pected that the generated biological and chemical construct
tablishing a knowledge platform to set and relate new biomarkers by
ionships (KERs).
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will improve its appli
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L Introduction

In Silico Toxicology (IST) integrates different mathematical models to predict the toxicity
of cht:m]cal_ﬁ baid on patterns of structural and physicochemical properties related to the

ions and as a cost-effective tool with a pote:
idence-driven assessments, in silicd models (computer-based)
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and are
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Modelos (n silico

Fundamentos
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O que sao modelos in silico?

} * Uma das NAMs (New Approach Methodologies) baseadas B e e

em uso de softwares / modelos computacionais R
H | H
07

-SAR — Relacdes Estrutura —atividade
-QSAR — Relacdes Quantitativas entre
Estrutura e Atividade

-(Q)SAR — Referido-se a ambos, SAR e
QSAR!

- Métodos de extrapolagao e
interpolacao baseada em similaridade
estrutural ou mecanicista (Read-across,
analise de tendéncia, formagao de
categorias e outros)

- Inteligéncia Artificial e algoritmos de
machine learning (RF, redes neurais,
kNN, SVM, Deep Learning etc.)




JSAltox
Como predizer o potencial de toxicidade?

« Dados prévios-> Identificacao de padroes (relacao estrutura-
atividade)

« Criacao de algoritmos - Predicoes
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Critérios de validacao da OECD

1- Um endpoint definido
2- Um algoritmo inequivoco

3- Um dominio de aplicabilidade
definido

4- Medidas apropriadas de qualidade
de ajustamento, robustez e
preditividade

5- Uma interpretacao mecanistica, se
possivel
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Uneclassified ENV/IM/MONO(2007)2

Organisation de Coopération et de Développement Economiques
Organisation for Economic Co-operation and Development 30-Mar-2007

English, French
ENVIRONMENT MRECTORATE
JOINT MEETING OF THE CHEMICALS COMMITTEE AND
THE WORKING PARTY ON CHEMICALS, PESTICIDES AND BIOTECHNOLOGY

Cancels & replaces the same document of 15 February 2007

GUIDANCE DOCUMENT ON THE VALIDATION OF (QUANTITATIVE)STRUCTURE-ACTIVITY
RELATIONSHIPS [(Q)SAR]| MODELS

JT03224782

Document complet disponible sur OLIS dans son format d'origine
Complete document available on OLIS in its original format



Modelos in silico sao aceitos com fins regulatorios?

)

Nao apenas aceitos, mas em alguns casos exigidos

> Isoladamente; ou,

> Combinados com testes in chemico, in vitro e/ou ex vivo
(New Approach Methodologies)

Exemplos (lista nao exaustiva)

Guideline OECD No. 497 (2021) Guideline on Defined
Approaches for Skin Sensitisation (contextos
diversos, sobretudo o cosmético)

>  Recomendavel inclusao de mais métodos e modelos in
silico validados ao invés de “softwares” (boa pratica
regulatoria)

ICH M7 (contexto farmacéutico)

ISO 10993-23:2021 (avaliacao de componentes de
dispositivos médicos)

SCCS Notes - Guidance for Safety Evaluation of
Cosmetic Ingredients (122 rev 2023)

Legislacoes relacionadas a inventarios e registros de
substancias: REACH, TSCA, DSL

E outras nos setores agroquimicos, alimentos e
medicamentos;
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ICH guideline M7 on

reactive (mutagenic) impurities in pharmaceuticals to
limit potential carcinogenic risk - addendum

Step 2b

fuman Lise

EUROPEAN MEDMCINES AGENCY

BS EN ISO 10993-23:2021

assessment and control of DNA
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Exemplo de matriz SAR de alertas

EPsz Support p Structural Alert in ToxAlerts EPs Support p Structural Alert in ToxAlerts
0='~\ M-nitroso-N-alkylamides
(0] N.H ME_73 Y a4 36.94  N-nitroso-N-alkyluraas MF_212 Pl ™ 35 415 M mustard
/U\ ,é) SN N-nitroso-N-alkylcarbamates
AT o OH P MF_0 H=MN 67 27.92 Diazo MF_2188 Oy, O 9 412 Acyl halides
N A /C:
N=/ d 0 7 ‘\NH o
? Q e P MF_L NEN=N 55 2276 Azide MF_2107 ! 40 4.05  Alkyl ester of sulfonic and sulfuric acids
MF_125 ‘& 52 21.47  Aromatic and aliphatic aziridingl derivatives MF_34 N%N/ 74 3.68  Aliphatic azo
Q= i .,
oy - - O=0 « polveclic aromati
MF_156 47 12.60 Aromatic hydroxylamine ester MF_1317 "\"@-' . 16 3.61  Heterccychic polycyclic aromatic hydrocarbons
ca
a=N o
MF_72 ;N —_— 27 9.09 Mitrosamine MF_1883 & 308 2.33 Aliphatic and aromatic epoxides
00 !
[\ 14
MF_1651 O 178 6.79  Polycyclic aromatic hydrocarbons MF_916 l'-,,—N\ 656 217 Primary aromatic amine
H
ME_1841 TN 6 659 Alllic halides MF_432 P 50 183 Alkyl carbamate
; h o ) @ _ .
©OMF_B24 'l' " 48 6.01 Hydroxyl amine MF_41 o @ 151 1.54  Aromatic azo
MF_1667 ©© (_) 226 5.84  Polyeyelic aromatic hydrocarbons MF_153 ‘“‘-N-'?O 51 1.33  Aliphatic nitroso
;’" /
MF_1831 /: 36 533  Maonohalozlkene MF_156% C.,,—N\ 182 1.25  Tertiary aromatic amine
MF_75 A 162 519 Unsubstituted heteroatom-bonded heteroatom ME_2187 ﬁ’ 6 1.17  Aliphatic halogens
hY
MF_927 @]’ g 35 516  Aromatic N-acyl amine MF_1836 S, 59 117 af-unsaturated carbonyl
WL
MF_1298 Q 27 494  Quinonas MF_1470 ‘@Idj 43 0.82 Coumarins
MF_320  — _ffu 964 4.70  Nitrosoarenes MF_2220 e 1491 0.64  Simple aldehyde
‘,rl;J -\-‘U
MF_134 C— N{ 926 4.63  Aromatic nitro groups MF_2087 o=F 47 0.58  Alkyl ester of phosphonic and phosphoric acids
o /{\

cl
MF_d444 93 4.47  Nitrogen mustard
: N :
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Modelos estatisticos -
algoritmos
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} Modelos estatisticos (QSAR)

TOXICITY CHEMICAL STRUCTURE

— f | Hf _ Descritores
— ' " moleculares
D

Toxicidade = f (carat. FQ e/ou estruturais)
Quantitative structure-toxicity relationship (QSTR)

» Resposta continua: IC50, EC50, DL50, CL50 etc;
» Respostas categoricas: +/-

» Classificatoria (fraco, moderado, forte, extremamente forte etc.)
» Probabilistica: 0 a1 (0 - 100%)

Obs: a notacdao (Q)SAR ao invés de QSAR, é frequentemente
utilizada na literatura para descrever modelos de todas as
categorias, incluindo aqueles sem relagcao quantitativa entre
estrurura e atividade, como SAR e regras.
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Descritores e formas de representacao estrutural

QSAR 1-D, 2-D, 3-D e 4-D

1D Representation 2D Representation 3D Representation 4D Representation

MOL File

SMILES (Simplified
molecular-input line-entry system)
C1(=CC=CC2=C1C=CC=C2)N

Vertices

(atomic type,
coordinates etc.)

—» Formas que a
maquina pode

: Edges entender!

(connectivity table,

o label-types of bonds)




» Fingerprints sao

descritores na forma de

uma lista de valores
binarios (0 ou 1), que

podem ser gerados por
diferentes Keys (MACCS

Keys, ECFP etc.)

» Um conjunto de padroes

estruturais podem ser
checados. Por exemplo
uma estrutura OC=CN
pode conter:

D

'y — — =

O-bond paths C O
4

1-bond
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MACCS Keys

(conjunto de questoes)

Ha menos de 3 oxigénios?
Ha uma ligacdo S-S?
Ha um anel de 5 membros?

E pelo menos um F, Cl, Br, ou
me apresentar?

Lista de bits ou bitstring

Yes (1)

Not (0)

Yes (1)

Not (0)

1N1N
[ W

Yes (1)
Yes (1)

Yes (1)

Yes (1)

1111
ENEN
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Extended-Connectivity
} Fingerprints (ECFPs)

» E um descritor circular topoldgico
desenhado para verificacao de
padroes de similaridade e
caracterizacao de estruturas
moleculare

> Alguns parametros podem ser
estabelecidos (diametro,
comprimento, contagem maxima
etc)

Fig. 1. lllustration of the effect of iterative updating for a selected atom in a sample molecule

ooooooooooooooooooo

Identifiers:
-1266712900

L0 e 0" -1216914295
£ N e = B 3 78421366
-887929888
-276894788
Diameter 2:

0 . § . B -744082560
0\/_\/,;, — gm0 LS Y“ S o e TN -798098402
o ] (- \.. ———»  -§90148606

. 1191819827

1687725933

1844215264

Diameter 0:

Diameter 4:
o . o et K 0 -252457408
J/\( e \( -y 0o 0 /\( 132019747
. N N L ( - > -2036474688
/

ot Ny -1979958858
: ’ ! © -1104704513

Fig. 2. ECFP generation process

Identifier list representation:
-1266712900 -1216014205 78421366 -88702988R -276894788 -744082560 -798R098402 -690148606 1101810827

168772593

Hash function

010000000010000011000010001100000000010100000000000000000000000C @0 000000000

Bit collisions

Fig. 3. Generation of the fixed-length bit string (“folding")




KNN (Nearest Neighbor)

Modelo baseado em um espaco
quimico reduzido com moleculas
vizinhas mais proximas

Premissa de que moléculas similares
devem ter atividade biologica
similar

Quando uma nova molécula é inserida,

um conjunto de moléculas
estruturalmente relacionadas
semelhantes é obtido no banco de
dados e utilizado para classificar a
nova instancia de consulta

Limitacoes e incertezas

chemical 2

_BAltox

" Simjlar_itj;' value
between QQ and
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| chemical
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} Arvores de decisdo e deep decision

B Altox

« CART - Classification and Regression Tree
* Procura entre todos os valores de todos os preditores a

divisao em 2 grupos

« Em classificacao: garantir maior pureza em cada grupo

5 <

‘,/\ /\ & ,/ \T*; /\, | ,{\ \

Decision

trey\
")
\. Y

/\ /\

(9

N ,
f/\\ / \ /\« /\J
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} Random forests

Bagging (sorteio com aleatorizacao e reposicao)
Randomizacgao na selecao de preditores em cada no
Menos variaveis em cada no

Predicao segundo voto da maioria das arvores

Training set Tree 1 'i
.o. : . ‘: 5 ..o. "::J Sk
3 IR (O Spwnode
®s [e® loe|,
3 et o [ veel o * O 3 Figns
j{2alesel mul, o O/C%
ool [R50
1 ks 3 .
.- e g
Tree 2 X
!
Sudsampie 1 Subsample N
........ Majority
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ALTERNATIVE TOXICOLOGY

Deep Learning com laranja e limoes

deep learning (ANN)

. . L Machine learning decision model implemented with
Genotox-1S Fingerprint Hibrido the Hybrid fingerprint bt L L 1y O Lo

Uniao do fingerprint ECFP e propriedade fisico-quimica:
MW, TPSA, logk,y ,lo0gD |av 0 )

Elnputs : Welghts, 74 ;' Outputs |
| | i ' )

. ' ! : W D" |
Xq —+ J |
— (Bhsicsichemicalproperties, T N
{ i ! ] 'Y
=\ H ! 1l /
1 ! NN 4
| 1 & |
Molecular weight (MW) 2 : XZ | ‘ : N H
Permeability ! ! i +—_ Neuron (or PE)
(topalogical polar surfac

i )
| -
' -
i
] Ty
] = = -
J-* ¢ i ! :
/\ /\, N i | | T . f(S) : ! : 1
TPSA i i BEA, > ) 3
TN opologie tace ares) i > ' i ! Ss=SXxWw : Y2. 12
= H i ! 1 PEE I AL ¢ i s I 14
i ~ ! H ] =1 i [ >
! | P %ol -
Pattems in the molecule (Note - all substructures!) + ! . \ ! y Transfer : )
? 4 | 1 Summation 5 . :
\/\ = ! | i Function ) 3
! ' I ' |
- y i ! : ] g Yn i
! 10gK,,. (neutral cmpds) H Xa \ 3 ] : :
i = : {
|

|

Input Molecule

Hashing function

Lipophilicity ol >
Bit (oms»o: .s alk.)weu logD (ionizable cmpds) Carania= Lory Atucar’|,Aclaez/ Acldo TTTTTTTT
fofoioiodmidioerio Predicao composta pelo voto
' * Hybrid Descriptor ' Lim&o= Cor{, { Agtcar, 1 Acidez/ Acido majoritario. Exemplo para resultado
1 o o P .
%or, Eeor de acucar, acidez/nivel de aC|ao citrico, peso egj citrico, Jpeso, 1 caipirinha mutagenico com 70% de confianca.

Durante a amostragem externa (5-fold
externo), 70% das amostras apontavam
combinagao de pesos nas camadas
profundas de neurdnio para decisao de

D, = ZO, + Yec

Deep Learning

CH, N CH, 5 e
(Within the Domain) Na Equacéo, o y,. € a média potencial mutagenico.
aritmética e o, 0 desvio padrao Hibrido similaridade 4
- das similaridade dice dos k Dice
& vizinhos mais préoximos de cada 6 O . (I o8 5 Dominio de aplicabilidade
§ ) composto na série treinamento. C‘ : :
a. parametro empirico Z controla o 7603 [ W [].. (M WII] o71 «
nivel de significancia, sendo que
T ® | seu valor de 1,0. 1.Célculo da similaridade da matriz de dados contra ela
A Rl O E e K ea pode e O e a Gimilatidade dl antre's TpUE olscile”
D'?g:rsl? ?'lcty pelo valor ey o /:.t(::’:: :S substancias da dataset. b quimioteca com 7603
usando n'3 (n=dataset tamanho). substancias avaliadas para
mutagenicidade in vitro.




Adverse Outcome Pathways (AOPs)

Constructo que descreve a cadeia sequencial de eventos-chave
relacionados a um desfecho toxicologico (efeito adverso)

| Molecular level | | Cellular level | | Organ level

| Organism response |
| I I | I I | I

Chenca Sl 2ad Molecular Initiatin
physicochemical Event (MIE) 9 Key event 2 Key event 3 Key event 4 Adverse outcome

properﬂs

Key Event Relationships (KERs)
Relationship Type

leads to

(U pstream Event) l:> Downstream Event

Not necessarily leads to

@pstream Event) :> Downstream Event

Guidance Document on Developing and Assessing Santos et al (2020) MDPI W. 2020, 12, 3549;
Adverse Outcome Pathways (OECD, 2012) doi:10.3390/w12123549



https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=env/jm/mono(2013)6&doclanguage=en
https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=env/jm/mono(2013)6&doclanguage=en
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New Generation Risk Assessment (NGRA)

TIER O: 1pentiey

USE SCENARIO,

CHEMICAL OF CONCERN

AND COLLECT EXISTING
INFORMATION

4. IDENTIFY ANALOGUES, SUITABILITY ASSESSMENT AND EXITING DATA

1. IDENTIFY USE SCENARIO

I 4
~

2. IDENTIFY MOLECULAR STRUCTURE

Ly 8 S EXIT TTC

L 3. COLLECT EXISTING DATA J

I 4
~

_> EXIT READ-ACROSS
-

s

5. SYSTEMIC BIOAVAILABILITY (PARENT VS. METABOLITE(S), TARGET |
TIER 1: HypotHEsIs d —> ExiT ‘
ORGANS, INTERNAL CONCENTRATION) INTERNAL TTC
FORMULATION FOR AB >
RO ACPROACH 6. MOA HYPOTHESIS GENERATION
(WEIGHT OF EVIDENCE BASED ON AVAILABLE TOOLS)
b 4 I
NV
7A. TARGETED 78. BIOKINETIC REFINEMENT
TIER 2: TESTING < l | f (IN VIVO CLEARANCE, POPULATION,
APPLICATION OF AB IN VITRO STABILITY, PARTITION)
INITIO APPROACH /
8. POINTS OF DEPARTURE, IN VITRO IN VIVO EXTRAPOLATION,
UNCERTAINTY ESTIMATION, MARGIN OF SAFETY ) EXIT
’ AB INITIO

9. FINAL RISK ASSESSMENT OR SUMMARY ON INSUFFICIENT
INFORMATION APPROACH

@ IrriTest Pred-Oral Genotox-iS
AOP-Sensm® iS-Liver Pred-CYP22D"

iS—Ocular“" Acute-Toxm DevTox-iS

» Avaliacao de caracteristicas FQ,
biodisponibilidade,
metabolismo

» Avaliacao de toxicidade
sistémica e para orgaos-alvo

» Avaliacao para descartar
potencial genotodxico, para

proposicao de limites baseados
em toxicidade geral

> TTC: Classes |, Il e lll
> QTTC: 1uM




NGRA para sensibilizacao cutanea

Tier0
Identify use scenario, chemical of
concern and existing information
1. Identify use scenario 2. ldentify molecular 3. Identify existing 4, Identify analogues /
structure hazard information suitability assessment
and existing data
EXIT
Exposure
In vitro / in chemico data based waiving
(OECD TG or non-OECD TG )
Historical in vivo data
Tier1
Hypothesis generation; how will = f{ e ?wl
data be used in risk assessment? .‘.r.,.q:'?:.-:'-i.,,.,
Q N otetzslocs ypae ':‘;
"_e' : 6. Targeted testing 7. Point of Departure, uncertainty analysis, Margin of safety
Risk assessment and final risk assessment

.mh‘

metabolism
dota (OECD TG or
non-0ECD TG)




. AOP-Sens

* Modelo in silico “AOP-based” for NGRA
e Defined approaches on skin
sensitisation (DASS)

* Avaliacao de dados fisico-quimicos

* Verificacdo de alertas na estrutura e
nivel de preocupacao de metabdlitos
previstos (eventuais pro-haptenos)

* Predicdao de cada um dos eventos-
chave e desfecho de sensibilizacao

* Estimativa do peso de evidéncia (WoE)
através de Key Events Relationships

* Estimativa de poténcia de
sensibilizacdo (Classes do GHS) que
podem ser utilizadas para estimativas
da DST (dermal sensitization threshold)

* Dados de analogos para RAx

Predicted Physical-Chemical

Chemical AR
Structure & - Properties:
Predicted ook s
Properties gK..: .

logD: -2.62
Structural Alerts Metabolism DPRA
Predicted :
Molecular Negative (-) Number of metabolites Non-Reactive (-)
Initiating Event Protein binding alerts according to GHS : > ; AD: Within
(MIE) Major metabolite
1A: 0 1B: 0 58.7 % Confidence: 77.7%
Predicted
Cellular
Response
(KE2 e KE3)

Sensitizer (+)

AOP-based
Prediction Concordance between KEs: 77.0%

Confidence level (external validation): 100.0%

Potency



Avaliando o peso de
evidéncia (WoE)

* Avaliacao mecanicistica

* Avaliacao da concordancia e
relacdes entre os eventos-chave

* Regides de alta ou baixa
confianca

* Avaliacao de analogos similares

U-SENS AOP-based
Kt-Sens  h-CLAT LLNA Human Combined Prediction

A

\

|2A3] @2UapIU0)

I

Lew confidence
region

W

|2A3] 22UapIjU0)D

B Positive prediction with high conSdence level ] Negatre peediction with high confidence level Out of Domain
W Positive prediction with moderate conSdence level B Negatve prediction with moderate confidence level
B Positve prediction with low confidence level Negative prediction with low confidence level



Aplicando na pratica

Name:
(R)(+)Limonene

CAS:
5989-27-5

SMILES:
CCi1=CCC(CC1)C(=C)C

logK ow:
3.31

Name:
1,2-Dibromo-2,4-dicyanobutane (MDGN)

CAS:
35691-65-7

SMILES:
C(#N)C(Br)(CCC(#N))CBr

/I
Jl

logKow:
2.34

Name:
Isopropanol

CAS:
67-63-0

SMILES:
CC(C)O

logKow:
0.39




Perspectivas para desenvolvimento e aplicacao regulatoria

1
} No B rasli | . Qual nivel de atualizacao regulatéria e inovacao?
4

Dialogos e capacitacao: dialogos mais
diretos, CPs e atualizacao das geréncias

Z
G)
A
>

Read-across (RAX)

®
de orgaos reguladores sobre estes novos _5 3:7
meétodos, praticas e abordagens; = =)

» Atualizacao regulatoria: Auséncia de U)ém .g Og 30
guias locais e normativas sobre EE EQ@ ‘gg
avaliacao de seguranca atualizadas de <E8 < "% E o or—
acordo com avangos internacionais = P o % N

»  Projetos de inovacao entre empresas: Zg’ O 8'Sé g_E
co-desenvolvimento de novos modelos O Y TR E
in silico, estratégias NGRA, DAs e IATAs > =
com foco em endpoints relevantes 1© i=

N



) Nossos agradecimentos

VA‘ABIHPEC

sile dld’rd
Ime e Cosmétic

GrupoBoticario é




Obrigado pela atencao!
carlos@altox.com.br



mailto:carlos@altox.com.br
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