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Goals 

What is ADMETox? 

Role of ADMETox in pharma: should we 
care? 

R05 and others 

Use of ADMETox by pharma 

Understanding data complexity, data 
variability and data errors 

• Solubility 

• Absorption - cell permeability 

CRO; data generation and data availability 

Available programs (public, commercial) 

Models benchmarking: while models do fail 
and can we know when do they fail?  

Global and local models: how few relevant 
measurements can be used to improve 
model 

Toxicity prediction: Ames test and 
ToxAlerts 

   

 

 

 

Not a comprehensive 

Not a QSAR modeling lecture 

 



Pharma R&D Cost and Productivity: 

Fewer drugs, more expenditure 

Approved drug 

D.J. Klinke and Q. Wang, Computational and Mathematical Methods in Medicine 2012, 

Article ID 676015, 9 pages. 



Target Discovery 

Lead 

Discovery 
Lead Optimisation 

ADME/T 

 

Lead Profiling 

ADME/T 

Clinics Approval 

 

1.000.000 Cpds <5000 Cpds < 500 Cpds < 5 Cpds 

1 drug 

Up to 15 Years: 

In vitro and in vivo ADME/T property determination: 

Millions of screens for solubility, stability, absorption, metabolism, transport, reactive 

products, drug interactions, etc etc 

Preclinics Costs: > $300m PER COMPOUND to reach approval 

Pharma R&D: Cost and Productivity issues 
Compound numbers 

Courtesy from Dr. Höfer 



Reasons for failure in drug development 

Pharmacokinetics

Animal toxicity

Adverse effects

Lack of efficacy

Commercial reasons

Miscellaneous

}ADME/T 

> 60% of drug failures are due to absorption, distribution, 

metabolism, excretion and toxicology (ADME/T) problems 



Interplay of physico-chemical properties with 
in vivo pharmacological activities/data  

Wang & Shkolnik, Chem. & Biodiversity, 2009, 6, 1887. 



ADMET properties 

Absorption 

  

 

Distribution 

 

 

Metabolism 

 

Elimination 

  

  

Toxicity 

MW, solubility, ionization, lipophilicity, 

permeability, active transport  

 

Affinity to different tissues, HSA, 

permeability, active transport 

 

Affinity to different enzymes (CYP, etc.) 

 

Active transport, MW, lipophilicity, 

ionization, permeability (also for 

metabolites) 

 

Presence of toxic groups, reactivity, 

nonspecific binding 

  



Interest in Phys-Chem properties 

Wang & Shkolnik, Chem. & Biodiversity, 2009, 6, 1887. 



Target Discovery 

Lead 

Discovery 
Lead Optimisation 

ADME/T 

 

Lead Profiling 

ADME/T 

Clinics Approval 

 

1.000.000 Cpds <5000 Cpds < 500 Cpds < 5 Cpds 

1 drug 

Up to 15 Years: 

In vitro and in vivo ADME/T property determination: 

Millions of screens for solubility, stability, absorption, metabolism, transport, reactive 

products, drug interactions, etc etc 

Preclinics Costs: > $300m PER COMPOUND to reach approval 

Pharma R&D: Cost and Productivity issues 
Compound numbers 

Courtesy from Dr. Höfer 



Early stage of drug discovery: Lipinski’s Rule of 5 

 

•     Not more than 5 hydrogen bond donors 

•     Not more than 10 hydrogen bond acceptors (nitrogen or oxygen atoms) 

•     A molecular mass less than 500 daltons 

•     An octanol-water partition coefficient log P (ClogP) not greater than 5 

 

Experimental and computational approaches to estimate solubility and 

permeability in drug discovery and development settings. 

Lipinski CA, Lombardo F, Dominy BW, Feeney PJ. 

Adv Drug Deliv Rev. 1997 23, 4-25. 



Properties Used to Define Drug-Likeness 

Property Drugs CNS-Drugs Leads Fragments 

MW <500 <450 <400 <300 

logP <5 0-4 <4 <3 

HA <10 <8 <3 

HD <5 <4 <3 

logD7.4 1-3 1-4 

PSA <140 <80 <120 <90 

van de Waterbeemd, Chem. Biodiver. 2009, 1760. 



Tetko-Oprea rule for BBB permeation 
(modified Norinder–Haeberlein rule) 

Percentage of molecules passing through the blood–brain barrier as a function of 

the number of (N+O) atoms (using data from the WOMBAT- PK database).  

 
In: Chemoinformatics: An Approach to Virtual Screening  

ed by A. Varnek and A. Tropsha, 2008.   

 



ADMET Traffic Lights  

Lobell, M et al ChemMedChem 2006, 1, 1229 – 1236.   



Profiling of chemical compounds (Optibrium Ltd) 

Segal et al, Chem. Biodiver., 2009, 6, 2144.  



Solubility in water 
Different solubilities 

• Apparent solubility (fixed pH) 

• Pure water 

• Intrinsic solubility 

Different measurements 

• Static methods 

• Kinetics (from DMSO solution) 

Dependencies 

• Temperature 

• Ionic strength 

• Oversaturation 

Errors 

• Degradation 

• Purity 

• Interference with measurement techniques 

 

 

 



Standard deviation of ∆logS values as a 
function of ∆T of measurements  
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Balakin et al, Curr. Med. Chem., 2006, 13, 223-241  

   



Solubility of Dichlorodiphenyltrichloroethane  
DDT in water – a case study 

The Search for Reliable Aqueous Solubility (Sw) and Octanol-Water 

Partition Coefficient (Kow) Data for Hydrophobic Organic Compounds: 

DDT and DDE as a Case Study  

By James Pontolillo and Robert P. Eganhouse  

 

 

 

U.S. Geological Survey 

Water-Resources Investigations Report 01-4201  

 

Reston, Virginia 2001  

 



Case study solubility of DDT in water 



ADMET parameters 

Absorption 
Caco-2 (colorectal carcinoma cells)  
MDCK (Madin-Darby Canin Kidney) 
PAMPA (parallel artificial membrane 
permeability assay) 
Human Intestinal Absorption 
%FA (% of absorbed drug mass) 
Active transporters (P-glycoprotein, 
multi drug resistance protein – 
efflux, peptide, amino-acid 
transporters – absorption) 

 

Metabolism 
CYP450 
Aldehyde/Alcohol dehydrogenases 
Hydrolases, oxidases, esterases 
Microsomes, hepatocytes 
Genetically modified cell lines to 
express single CYP450 

Distribution 

BBB (Blood-Brain Barrier) 
PPB (Plasma protein Binding) 
HSA (Human Serine Albumin) binding 
Tissue partitioning 
Volume of distribution 

 

Elimination 

Route of elimination: renal, liver (bile-

faces, metabolism) 

Toxicity 

AMES test 

DDI (inhibition/activation of CYP450) 

hERG (human ether-a-go-go-related 

gene) potassium channel inhibition 

Toxicity alerts 



To reach the protein target in the human body a drug has to get absorbed in the gut, 

travel through the portal vein and reach the blood circulation after the first-pass 

through the liver while passing numerous cell membranes on its way.  

 



ADME Properties: Absorption 



ADME Properties: Absorption 

• Two passive processes : Trans- and paracellular absorption 

• Transcellular:  

 intramembrane or through cytoplasm, may occur along 
whole GI tract, quite fast 

• Paracellular:  

 via aqueous pores (3-10A), slower, only small intestine 
(“Absorption window”) 

• Models: Intestinal cell lines (Caco-2, MDCK) or PAMPA 



Measurement of permeability 



Caco-2* 

The Caco-2 cell line is derived from a human colon carcinoma. The 

cells have characteristics that resemble intestinal epithelial cells such 

as the formation of a polarised monolayer, well-defined brush border 

on the apical surface and intercellular junctions. 

Assessing transport in both directions (apical to basolateral (A-B) and 

basolateral to apical (B-A)) across the cell monolayer enables an 

efflux ratio to be determined which provides an indicator as to 

whether a compound undergoes active efflux. 

The P-glycoprotein (P-gp) inhibitor, verapamil, can be included to 

identify whether active transport is mediated by P-gp. 

 

*http://www.cyprotex.com 



MDCK* 

Madin Darby canine kidney (MDCK) cells are an epithelial cell line of 

canine kidney origin. 

MDCK cells have low expression of transporter proteins and low 

metabolic activity. 

MDCK cells are often transfected with transporter proteins to 

investigate drug efflux e.g., the MDR1-MDCK cell line which 

expresses human P-glycoprotein. This cell line is a useful model for 

the identification of P-gp substrates and inhibitors. 

*http://www.cyprotex.com 



PAMPA* 

The Parallel Artificial Membrane Permeability Assay (PAMPA) is used 

as an in vitro model of passive, transcellular permeation. 

PAMPA avoids the complexities of active transport, allowing test 

compounds to be ranked based on a simple permeability property 

alone. 

The ability of this assay to evaluate permeability over a large pH 

range is valuable for an early understanding how new oral 

compounds might be absorbed across the entire gastrointestinal 

tract. 

 

*http://www.cyprotex.com 



ADME/T providers: CRO (Contract Research 
Organization) 

Cyprotex  http://www.cyprotex.com 

Evotec http://www.evotec.com  

Bio-Rad Laboratories, Inc http://www.bio-rad.com  

Galapagos NV http://www.glpg.com  

Prestwick Chemical http://www.prestwickchemical.com 

 

and many other companies. 

http://www.cyprotex.com
http://www.evotec.com
http://www.evotec.com
http://www.bio-rad.com
http://www.bio-rad.com
http://www.bio-rad.com
http://www.bio-rad.com
http://www.glpg.com
http://www.glpg.com
http://www.prestwickchemical.com
http://www.prestwickchemical.com


Availability of ADMETox properties 

Physico-chemical 

 

Lipophilicity (logP/logD) 

• ~ 100k 

Aqueous solubility 

• ~ 100k  

pKa 

• ~ 100k 

Solubility in DMSO 

• ~ 200k 

Biological properties 

 

%FA (Fraction Absorbed) ~1k 

Blood-Brain barrier ~1k 

CYP450 affinities ~10k 

Transporters (PgP) ~10k 

Ion channels (hERG) ~10k 

Caco-2, MDCK, PAMPA ~10k 

Microsomes ~100k 

Hepatocytes ~10k 

VD ~300 

 

 

Available sources: WOMBAT, Symyx, CHeMBL, PHYSPROP, ChemSpider, OCHEM 



ADME/Tox Research 

+ 

Blind in-vitro testing of all compounds 

Blind in-silico testing of all compounds 

eADMET: in-silico testing plus intelligent 

testing of selected compounds 

Method Costs Quality Time 



Overview of existing ADMETox commercial 
companies 

Accelrys   http://accelrys.com  

ACDLabs  http://www.acdlabs.com 

SimulationsPlus  http://www.simulations-plus.com  

MolecularNetworks GmbH http://www.molecular-networks.com 

eADMET GmbH http://www.eadmet.com  

Lhasa Limited http://www.lhasalimited.org 

LeadScope http://www.leadscope.com 

 

And again, many other small and large companies 

http://accelrys.com
http://accelrys.com
http://www.acdlabs.com
http://www.acdlabs.com
http://www.acdlabs.com
http://www.simulations-plus.com
http://www.simulations-plus.com
http://www.simulations-plus.com
http://www.molecular-networks.com
http://www.molecular-networks.com
http://www.molecular-networks.com
http://www.eadmet.com
http://www.lhasalimited.org
http://www.lhasalimited.org
http://www.leadscope.com
http://www.leadscope.com


http://www.vcclab.org 



Tools provided by group of Prof. Varnek 

http://infochim.u-strasbg.fr 



admetSAR 

http://admetexp.org 





Osiris property explorer (Actelion) 

http://www.organic-chemistry.org 



Property Product name Descriptors Method Supplier 

log P, log S ACDlabs log P/S fragmental linear www.acdlabs.com 

log P, log S TSAR, VLOGP, 

CERIUS 

several models   www.accelrys.com 

log P ClogP  fragmental linear www.biobyte.com 

log P, log S CSlogP, CSlogS topological 

descriptors 

neural networks www.chemsilico.com 

log P, log S S+log P/S topological neural networks www.simulations-plus.com 

log P, log S  SLIPPER properties linear www.timtec.net 

log P, logS COSMOTherm, 

COSMOFrag 

quantum-chemical linear www.cosmologic.de 

log P, logS QikProp quantum-chemical linear www.schrodinger.com 

log P, logS SPARC quantum chemical, 

fragmental 

linear ibmlc2.chem.uga.edu/spar

c 

log P, log S CHEMICALC-2 atomic values linear www.osc.edu/ccl/qcpe 

log P, log S KOWWIN, 

WSKOWWIN 

fragmental linear www.epa.gov/opptintr/expo

sure/docs/episuite.htm 

log P XLOGP atomic values linear www.sioc-

ccbg.ac.cn/software/xlogp3 

log P, log S Osiris atomic values linear organic-chemistry.org 

log P, logS ALOGPS topological 

descriptors 

neural networks www.vcclab.org 

logP miLogP group contributions linear www.molinspiration.com 

log P Group contribution   www.chemicalize.org 

Examples of programs available to calculate logP and logS 



• Benchmarking was done by Pfizer 
and Nycomed – no data were 
available to participants  

• Several methods performed 
worse than making no prediction,  

 

Mannhold, R. et al, J. Pharm. Sci., 2009, 98(3), 861-893. 

AAM  base (“no model”) model, R2=0, 

it used just one logP value as 

predicted value for all 95809 or 882 

molecules, respectively. 

Benchmarking of logP predictors 



Kozma Prutkov 

"One can not embrace the unembraceable.”  
 

Possible: 1060 - 10100 molecules theoretically exist  

Achievable: 1020 - 1024 can be synthesized now 
by companies (weight of the Moon is ca 1023 kg) 

Available: 2*107 molecules are on the market 

Measured: 102 - 105 molecules with ADME/T data 

Problem: To predict ADME/T properties of just molecules 
on the market we must extrapolate data from one to 
1,000 - 100,000  molecules! 

Methods provides different 

accuracies depending on a 

similarity to the training set 

 1080 atoms in the Universe 



ADME/Tox Research 

+ 

Blind in-vitro testing of all compounds 

Blind in-silico testing of all compounds 

eADMET: in-silico testing plus intelligent 

testing of selected compounds 

Method Costs Quality Time 



Error increases with complexity of molecules defined 
as Number of Non Hydrogen Atoms (NHA) 

Mannhold, Poda, Ostermann, Tetko, J. Pharm. Sci., 2009, 98(3), 861-893. 

 



Global model: Accuracy of logP predictions as 
function of disagreement of models 

Mannhold, Poda, Ostermann, Tetko, J. Pharm. Sci., 2009, 98(3), 861-893. 

 



Tetko et al, J. Inorg. Biochem, 2008, 102, 1424-37.  

Local models: Instant learning of logP for Pt(II) molecules 

Prediction of new classes of compounds can be extremely difficult as 

exemplified by an absence of correlations between predicted and experimental 

values using the ALOGPS program. 
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Tetko et al, J. Inorg. Biochem, 2008, 102, 1424-37.  

Local models: Instant learning by knowledge transfer 
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The use of LIBRARY mode (local correction of the global model)  

dramatically (5 times!) decreased logP errors 

 



Tetko et al, J. Inorg. Biochem, 2008, 102, 1424-37.  

Local models: Instant learning by knowledge transfer 
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The right panel:  correction of global ALOGPS model calculated lower errors 

compared to the models developed using Pt(II) data only (3D PSA & QC DFT)  

for prediction of new molecules (blind set). 



ALOGPS decreases errors about twice using local 
corrections for N=95809 in house Pfizer molecules 

ca 30 minutes of calculations on a notebook! 

RMSE=1.02 RMSE=0.59 

ALOGPS Blind prediction ALOGPS LIBRARY 

Tetko et al, QSAR Comb. Sci., 2009, 28, 845-9. 



ALOGPS distinguishes reliable vs. non-reliable predictions 
in property-based space  

Non-reliable  Reliable 

60% of molecules  

predicted  

with average accuracy of  

0.3 log units  

could be identified 

Tetko et al, Chem. & Biodivers., 2009, 6(11), 197-202. 



The use of ALOGPS advanced features dramatically 
increase prediction accuracy of the predictions 

The experimental measurements accuracy was achieved  for >60,000 Pfizer compounds.  

Tetko et al, Chem. & Biodivers., 2009, 6(11), 197-202. 



ADME/Tox Research 

+ 

Blind in-vitro testing of all compounds 

Blind in-silico testing of all compounds 

In-silico testing plus intelligent 

testing of selected compounds 

Method Costs Quality Time 



Toxicity 

Genotoxicity 

Carcinogenicity 

Reproductive Toxicity 

Developmental Toxicity 

Neurotoxicity 

etc. 



Osiris property explorer (Actelion) 

http://www.organic-chemistry.org 



Toxicity Risk Assessment in Osiris Explorer 

 

Registry of Toxic Effects of Chemical Substances  

(RTECS) 

 



The PASS (Prediction of Activity Spectra for Substances) estimates the 

probable biological activity profiles for compounds under study based on their 

structural formulae presented in MOLfile or SDfile format 

• Predictable biological activities consists of over 4,000 terms including 
pharmacotherapeutic effects (e.g., antiarrhythmic) 

• biochemical mechanisms (e.g., cyclooxygenase 1 inhibitor) 
• toxicity (e.g., carcinogenic) 
• metabolism (e.g., CYP3A4 inhibition) 
• gene expression regulation (e.g., VEGF expression inhibition) 
• transporter-related activities (e.g., P-glycoprotein substrate).  

PASS prediction is based on the knowledge base about structure-activity 

relationships for more than 260,000 compounds with known biological 

activities. 

http://www.pharmaexpert.ru/passonline 



Toxicity: Ames Mutagenicity set 

http://ml.cs.tu-berlin.de/toxbenchmark 

Toxicity against Salmonella typhimurium 

 

Training dataset: 4361 molecules 

“Blind” test dataset: 2181 molecules 

54% with mutagenic effect 

 

Large international collaboration effort of 

>10 labs from USA, Canada, EU, Russia, 

the Ukraine & China (see also poster P-22) 

1Schwaighofer et al, JCIM, 2008, 48, 785-96.  

Prof. Bruce N. Ames 

Inventor of the test (1975) 



Accuracy of a AMES consensus model as 
function of two Distances to Models 

Accuracy=CORRECT/ALL 



Accuracy of different AMES model as function 
of a Distance to Models 



Kazius, 2005, carcinogenicity 

J Med Chem. 2005 Jan 13;48(1):312-20. 

 



Life Chemicals, 72 alerts 

Enamine LLC, 108 alerts 

ChemDiv, 100 alerts 

58 

Chemical providers alerts 
 



ToxAlerts: Storing 

SMARTS – a universal notation to identify molecular 
patterns. 
Based on SMILES notation. 
 
Examples: 
Epoxides                           C1OC1 
Aldehydes                        [#6][CX3H1](=[OX1]) 
Carboxylic acid esters    [CX4]C(=O)O[#6][!#1] 
 
Extended syntax: 
MW > 100 AND [$([NX3](=O)=O),$([NX3+](=O)[O-
])][!#8] > 2 
molecules with molecular weight of more than 100 Da 
and containing more than two nitro groups  

59 



Alerts available at  http://ochem.eu 

60 

Endpoint (Description) No. of alerts 

Skin sensitization 161 

Potential electrophilic agents 120 

Genotoxic carcinogenicity, mutagenicity 117 

Acute Aquatic Toxicity 99 

Idiosyncratic toxicity (RM formation) 35 

Non-genotoxic carcinogenicity 5 

Promiscuity 178 

PAINS 480 

Reactive, unstable, toxic compounds 340 

General alerts from chemical 
providers 
(reactive, unstable and toxic 
compounds) 

280 

Enamine 108 

ChemDiv 100 

Life Chemicals 72 

> 1,000 alerts coming from 21 sources 



ADMETox in silico prediction challenges 

ADMETox models should allow navigation in space of molecules with a confidence and: 

 should reliably estimate which compounds can/can’t be reliably predicted. 

 provide experimental design and to minimize costs of new measurements. 

 be easily interpretable for chemists 

reliable predictions 

new measurement 

new series to predict 




