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Earlyexpe re NCESyearsat Astrazeneca: ADME/Rifediction methodology

A At CDselectionand FTIMdosesetting
- Choice driven by tradition amnglbjectivism
- Manyopinions & No consensus

A Opinion- In silicolessaccuratethan in vitro- and
animalin vivo-data
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A Decentin silicomethodsavailablefor someparameters
A Poorfor other and secondaryparameters

A Commonwith limited and nonrepresentative

test datasets andetrospectivefits
(rather than completecrossvalidationsandtrue forward-lookingpredictiong

A Opportunityto improve
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Systematiceview of prediction methods

11 researchpapers
Prosandconshighlighted
Commonwith cherry-pickingand nonreportedfailures

NO consensus

Do o To To Do P

Needsand areaf improvementhighlighted

A ldeas& opportunities
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2. Datacollection& pilot model building
A Collectionkstimationof data fortwo parameters

A Model buildingandvalidation

A Encouragingesults

Betterthan microsomes ¢ e %
andhepatocytes IR

A . 0 25 20
Predicted —log(Clint)
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3. Extensivecollection, quality-checking&
stratification of data

Restrictiond challenges

- ~1500 marketeddrugs

- Commonwith data gaps

- Manyerratic/ questionabledata inreports

- Difficultto stratify dataaccordingo mechanisms
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4. Creationof new algorithmsand PBPKnodel
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5. Model building, validation and selection

A Applieddifferent in silicomethods(incl. machinelearning

Directlyfrom molecularstructureto humanin vivo
Crossvalidation=Trueg forward-lookingpredictions

A Developedandvalidatedmodelsfor >50 parameters
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ThePredictionPlatform

A collectionof fully validatedhuman ADME/P#nhodels

Oral F &%

Fabs& ka

consideringefflux & low solubility
colonuptake(ERpotental)
BC&lassing

DDIs& food interaction

Clint & Cld
Also for metabolically
stable cmpds

Renal& biliary CL

Total CL &/ss

Fout

AUC Gnax tmax

BBB uptake & CN&posure

Eye, skin & lung uptake
Metabolite PK & exp.
Prodrug PK

CYPID &nhibition

fuin plasma, blood & brain

Environmentakxcretion
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6. Competitorevaluation
A Somegoodmodels

A Oftenlackof validationresults

- In particularfor secondaryparameterssuchas exposureglearance& tv2
- often partial validation(with limited andfavourabletest sets)

A More commonwith simulationSrather than predictiong

A Poorpredictionaccuracywhentestingsoftware
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/. Confidencéouilding |-l (internal & external)

|. Completecrossvalidations
=true, forwardlookingpredictions

Il. Predictionsfor newdrugson the marketo1218)

lll. Earlycustomerpredictions& experiences
Including3 FTIMstudies
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8. Confidencebuilding IV

V. Externalblind validationsby smallto major
Internationalpharmaceuticatompanies

>150 nommarketedcompoundswith clinicalPkdata
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9. Confidencebuilding V

V. Applicationof conformalpredictionmethodology

A Assigns confidence measurements in predictions that are both based on
the training data and the test objects

A Takes into account strangeness of a new compotsithining data
A{YFIttSNI LINBRAOGAZY AVUSNII f & LINRF

A Each prediction comes with an estimate and confidence interval
E.g. 31% (15%; 54%) and 31% (7%; 84%)
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10. Confidencebuilding VI-1X

VI. Satisfledcustomersand positivereviews
VII. Visibility (marketing, publishing;onferenceattendance social media)
VIl Customersamongmajor companies

IX. Benchmarkingquccessfyl
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PERFORMANGEBENCHMARKING
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Predictionof exposureafter oral dosingAuGo)

Medianerror (x-fold)
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Predictionof exposureafter oral dosingAuGo)

Reconfirmedn external
blind validations(n>150cmpds

Medianerror (x-fold)
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~Labvariability

Animal models In-vitro models Prosilico in-silico
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11. Authority (MPA)viewsand guidelines

A No quality standards/limits for humanclinical
ADME/PK andosepredictions
eDifferent fromcaseto cas&€ H

A Apparantly acceptspoor methods
With >1,000to ~1,000,0006fold maximumpredictionerrors

A Uncertainif acceptsperformanceof our methods
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12. Confidencebuilding X-XI

X.Letcustomersmakepredictionsandevaluations
themselves; build software

Xl. Transparencwith results limitations andstrenghts
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Human CllnlcaIADI\/IE/PKSIudlo

Web-basedor intranet installation |

Design,Predict& Optimize ADME/PKwith Confidence

Higheraccuracyand brdaderrangethan lab methods
Guaranteedconfidencelimits

Sketch orpastestructure
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Human Clinical ADME/PK-Studio

Prosilico
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Dre% About

PROSILICO's studio for
prediction and

F optimization of human
| in-vivo ADME/PK.
Br|
m Read more...

X

Clear JSME editor

J3ME Molecular Editor by Peter Ertl and Bruno Bienfait b|




Human Clinical ADME/PK-Studio

Prosilico

Dre% About
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PROSILICO's studio for
prediction and
optimization of human
in-vivo ADME/PK.

Read more...

Clear JSME editor

Structure pasted. SMILES conversion provided by OpenChemLib b|




fabs ~

Absorption Distribution Metabolism

fabs 100% (86%, 100%) fu  18.0% (4.29%, 51.7%) Clint 1778 (277, 11402)
mL/min
fdiss  100% (77%, 100%) Vss 4.1(1.9 89) Likg
Secondary Parameters Indications
CLH 263 mL/min A\ Renal and/or biliary clearance could contribute

significantly to total clearance and produce a lower
ttva 13 h Long Half-life

%% than estimated based on hepatic clearance

A Potential for significant influence of efflux on
fabs and F (if efflux accurs)

Contact Prosilico for additional prediction of renal
and biliary excretion.

Contact Prosilico for additional predictions of efflux
(MDR1, BCRP, MRP2) and its role.



. Absorption Distribution Metabolism

fabs 87% (73%, 100%) fu 26.8% (6.54%, 65.7%) CLint 1694 (257, 11143)
mL/min
fdiss  100% (76%. 100%) Vss  2.1(0.84, 5.1) L/kg
Secondary Parameters Indications
CLH 349 mL/min A\ Renal and/or biliary clearance could contribute

significantly to total clearance and produce a lower
%2 than estimated based on hepatic clearance

A\ Potential for significant influence of efflux on

t¥z th Medium Half-life

fabs and F (if efflux occurs)
Contact Prosilico for additional prediction of renal
and biliary excretion.
Contact Prosilico for additional predictions of efflux
= 0 + (MDR1, BCRP, MRP2) and its role.
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Barrieruptake models
- applicablefor tox./risk-evaluations
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Summary- Confidencebuilding

|. Crossvalidations/ onlytrue forward predictions
II. Predictiondor newdrugs

Ill. Customerpredictions& experiences

I\VV. Externalblind validations

V. Conformalpredictionmethodology

VI. Satisfiedcustomersand positivereviews

VII. Visibility

VIIl. Major pharmacustomers

IX. Successfubenchmarking

X. SOftware(customerscanmakepredictionsandevaluationsthemselve$
Xl. Transparency
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Integration of ProSilicainto OpenRiskNet

A Publish models under ORN APIs

I 5 primary endpointsCPSigmodels)

I 3 secondary endpoints
A RunProSilicaservices on ORN production cluster
A Incorporate Authentication and Authorization usin
KeyCloaltor ProSilicdORN services

I Support custom license fétroSilicaservice

I ProSilicaallowed to authorize specific users with expiry
date
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Demo:Accessind’roSilicoasOpenRiskNet
services vialupyterNotebook

https://github.com/OpenRiskNet/notebooks/blob/master/prosilico/prosili@yn.ipynb



https://github.com/OpenRiskNet/notebooks/blob/master/prosilico/prosilico-orn.ipynb

