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Declining R&D productivity in the
pharmaceutical industry

Approved medicine



Reasons for failure in drug development

}ADME/T

> 60% of drug failures are due to absorption, distribution,
metabolism, excretion and toxicology (ADME/T) problems



molecules on the market
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"One can not embrace the unembraceable.”

Possible: 1060 - 10100 molecules theoretically exist
( > 1080 atoms in the Universe)

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

Available: 2*107 molecules are on the market

Measured: 102 - 104 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!

Kozma Prutkov

We need to understandWe need to understand
limitations of our approaches.limitations of our approaches.
We need methods toWe need methods to estimate estimate
the accuracy of predictionsthe accuracy of predictions!!

Chemical Universe and reasons for failure of ADMET methods



Models can fail due to chemical diversity
of training & test sets

New data to be estimated

Training set data used 
to develop a model

Our model given 
the training set

Correct model 



Log P programs used in benchmarking  (Programs used for in-house datasets are given in bold)  
Name Provider URL/E-mail 

AB/LogP v. 2.0 Pharma Algorithms, Lithuania/Canada http://www.ap-algorithms.com 
ABSOLV, LSER Pharma Algorithms, Lithuania/Canada http://www.ap-algorithms.com 
ACD/logP v. 11 Advanced Chemistry Development, USA http://www.acdlabs.com 
ALOGP (DragonX 1.4) Talete SRL, Milano, Italy http://www.talete.mi.it 
ALOGP98 Accelrys Software Inc., USA http://www.accelrys.com 
ALOGPS v. 2.1 Virtual Computational Chemistry Laboratory, Germany http://www.vcclab.org 
CLIP University of Geneva, Switzerland pierre-alain.carrupt@pharm.unige.ch 

CLOGP v. 4.3 (v. 5.0) BioByte Inc., USA http://www.biobyte.com 
COSMOFrag v. 2.3 COSMOlogic GmbH & Co. KG, Germany http://www.cosmologic.de 
CSlogP v. 2.2.0.0 ChemSilico LLC, USA http://www.chemsilico.com 
GBLOGP Max Totrov, USA max@molsoft.com 
HINT EduSoft, LC, USA http://www.edusoft-lc.com 
KowWIN v. 1.67 Syracuse Inc., USA http://www.syrres.com 
LSER UFZ Helmholtz Centre for Environm. Research UFZ, Germany ralph.kuehne@ufz.de 
MiLogP v. 2.2 Molinspiration Chemoinformatics, Slovak Republic http://www.molinspiration.com 
MLOGP (DragonX 1.4) Talete SRL, Milano, Italy http://www.talete.mi.it 
MLOGP(S+), ADMET 2.3 Simulations Plus, Inc., USA http://www.simulations-plus.com 
MolLogP MolSoft LLC, USA http://www.molsoft.com  
NC+NHET Virtual Computational Chemistry Laboratory, Germany http://www.vcclab.org 
OsirisP Actelion, Switzerland http://www.actelion.com  
QikProp v. 3.0 Schrödinger, LLC, USA http://www.schrodinger.com 
QLOGP University of Miami, USA PBuchwald@med.miami.edu 
QuantlogP Quantum Pharmaceuticals, Russia http://q-pharm.com 
S+logP, ADMET 2.3 Simulations Plus, Inc., USA http://www.simulations-plus.com 
SLIPPER-2002 Institute of Physiol. Active Compounds, Russia http://camd.ipac.ac.ru 
SPARC University of Georgia, USA http://ibmlc2.chem.uga.edu 
TLOGP Upstream Solutions, Switzerland http://www.upstream.ch 
VEGA University of Milan, Italy http://www.ddl.unimi.it 
VLOGP TOPKAT, Accelrys Software Inc., USA http://www.accelrys.com 
XLOGP2 Inst. of Physical Chemistry, Peking University, China ftp://ftp2.ipc.pku.edu.cn 
XLOGP3 Institute of Organic Chemistry, Shanghai, China http://sioc-ccbg.ac.cn 

 



NC+NHET equation (developed using Pfizer set):

Consensus logP:  average value of several logP models

(STD Consensus:    standard deviation of consensus model)

AAM: Arithmetic Average Model - the most basic model, i.e. an average
of all logP values

Other analyzed models

log P = 1.46(±0.02) + 0.11(±0.001) NC - 0.11(±0.002) NHET 

  N=95,809, RMSE=1.04, R2=0.2 

Mannhold, R. et al, J. Pharm. Sci., 2008, in press.



Benchmarking data

Public dataset:

N=266 molecules*

*Provided by A. Avdeef, mainly from
his book Absorption and drug
development. Solubility, permeability
and charge state, ed. Hoboken, NJ:
Wiley–Interscience, 2003.

Industrial datasets:

N=95809 (Pfizer Inc.)*

N=882 (Nycomed GmbH)**

*logP and logD (pH 7.4)
measurements

**logP measurements

Mannhold, R. et al, J. Pharm. Sci., 2008, in press.



Benchmarking statistics

Root Mean Squared Error

Bootstrap test:
! 

RMSE =
1

N
yexp " ycalc( )

2

#

N = 266 (882, 95809, etc.) molecules



Performance of algorithms for the public dataset 
Star set (N = 223) Non-Star set (N = 43) 

% within error range % within error range Method 
 RMSE rank <0.5 0.5-1 >1 RMSE rank <0.5 0.5-1 >1 

AB/LogP 0.41 I 84 12 4 1.00 I 42 23 35 
S+logP 0.45 I 76 22 3 0.87 I 40 35 26 
ACD/logP 0.50 I 75 17 7 1.00 I 44 33 23 
Consensus log P 0.50 I 74 18 8 0.80 I 47 28 26 
CLOGP 0.52 II 74 20 6 0.91 I 47 28 26 
VLOGP OPS 0.52 II 64 21 7 1.07 I 33 28 26 
ALOGPS 0.53 II 71 23 6 0.82 I 42 30 28 
MiLogP 0.57 II 69 22 9 0.86 I 49 30 21 
XLOGP 0.62 II 60 30 10 0.89 I 47 23 30 
KowWIN 0.64 II 68 21 11 1.05 I 40 30 30 
CSlogP 0.65 II 66 22 12 0.93 I 58 19 23 
ALOGP (Dragon) 0.69 II 60 25 16 0.92 I 28 40 33 
MolLogP 0.69 II 61 25 14 0.93 I 40 35 26 
ALOGP98 0.70 II 61 26 13 1.00 I 30 37 33 
OsirisP 0.71 II 59 26 16 0.94 I 42 26 33 
VLOGP 0.72 II 65 22 14 1.13 I 40 28 33 
TLOGP 0.74 II 67 16 13 1.12 I 30 37 30 
ABSOLV 0.75 II 53 30 17 1.02 I 49 28 23 
QikProp 0.77 II 53 30 17 1.24 II 40 26 35 
QuantlogP 0.80 II 47 30 22 1.17 II 35 26 40 
SLIPPER-2002 0.80 II 62 22 15 1.16 II 35 23 42 
COSMOFrag 0.84 II 48 26 19 1.23 II 26 40 33 
XLOGP2 0.87 II 57 22 20 1.16 II 35 23 42 
QLOGP 0.96 II 48 26 25 1.42 II 21 26 53 
VEGA 1.04 II 47 27 26 1.24 II 28 30 42 
CLIP 1.05 II 41 25 30 1.54 III 33 9 49 
LSER 1.07 II 44 26 30 1.26 II 35 16 49 
MLOGP (Sim+) 1.26 II 38 30 33 1.56 III 26 28 47 
NC+NHET 1.35 III 29 26 45 1.71 III 19 16 65 
SPARC 1.36 III 45 22 32 1.70 III 28 21 49 
MLOGP(Dragon) 1.52 III 39 26 35 2.45 III 23 30 47 
LSER UFZ 1.60 III 36 23 41 2.79 III 19 12 67 
AAM 1.62 III 22 24 53 2.10 III 19 28 53 
VLOGP-NOPS 1.76 III 1 1 7 1.39 III 7 0 7 
HINT 1.80 III 34 22 44 2.72 III 30 5 65 
GBLOGP 1.98 III 32 26 42 1.75 III 19 16 65 

 

log P = 0.395 + 0.738 R2 - 0.586 π2
Η  - 0.338 Σα2

H - 2.972 Σβ2
H + 2.74Vlog P = 1.244(CX)0.6 – 1.017(NO)0.9 + 0.406PRX - 0.145(UB)0.8 +

0.511HB + 0.268POL -2.215AMP + 0.912ALK - 0.392RNG - 3.684QN +
0.474NO2 + 1.582NCS + 0.773BLM - 1.041With four parameters I can fit an elephant and with five I can make him

wiggle his trunk. Enrico Fermi (according to F. Dyson, Nature, 2004)



Benchmarking of logP
methods for in-house
data of Pfizer & Nycomed

Large number of methods could
not perform better than AAM
model

Best results are calculated using
Consensus logP model

Different MlogP implementations
demonstrate again very different
performance for both sets

Performance of algorithms for in-house datasets 
Pfizer set (N = 95 809) Nycomed set (N = 882) 

% in error range % in error range 

 

 

Method 

RMSE Failed1 rank 
<0.5 0.5-

1 
>1 

RMSE, 

zwitterions 

excluded2 

RMSE rank 
<0.5 0.5-

1 
>1 

Consensus log P 0.95  I 48 29 24 0.94 0.58 I 61 32 7 

ALOGPS 1.02  I 41 30 29 1.01 0.68 I 51 34 15 

S+logP 1.02  I 44 29 27 1.00 0.69 I 58 27 15 

NC+NHET 1.04  II 38 30 32 1.04 0.88 III 42 32 26 

MLOGP(S+) 1.05  II 40 29 31 1.05 1.17 III 32 26 41 

XLOGP3 1.07  II 43 28 29 1.06 0.65 I 55 34 12 

MiLogP 1.10 27 II 41 28 30 1.09 0.67 I 60 26 14 

AB/LogP 1.12 24 II 39 29 33 1.11 0.88 III 45 28 27 

ALOGP 1.12  II 39 29 32 1.12 0.72 II 52 33 15 

ALOGP98 1.12  II 40 28 32 1.10 0.73 II 52 31 17 

OsirisP 1.13 6 II 39 28 33 1.12 0.85 II 43 33 24 

AAM 1.16  III 33 29 38 1.16 0.94 III 42 31 27 

CLOGP 1.23  III 37 28 35 1.21 1.01 III 46 28 22 

ACD/logP 1.28  III 35 27 38 1.28 0.87 III 46 34 21 

CSlogP 1.29 20 III 37 27 36 1.28 1.06 III 38 29 33 

COSMOFrag 1.30 10883 III 32 27 40 1.30 1.06 III 29 31 40 

QikProp 1.32 103 III 31 26 43 1.32 1.17 III 27 24 49 

KowWIN 1.32 16 III 33 26 41 1.31 1.20 III 29 27 44 

QLogP 1.33 24 III 34 27 39 1.32 0.80 II 50 33 17 

XLOGP2 1.80  III 15 17 68 1.80 0.94 III 39 31 29 

MLOGP(Dragon) 2.03  III 34 24 42 2.03 0.90 III 45 30 25 

 
1Nr of molecu les with ca lculations failures due to errors or crash of programs. All methods predicted all 
molecules for the Nycomed dataset. 2RMSE calculated after excluding of 769 zwitterionic compounds from the 
Pfizer dataset. 3Most molecules failed by COSMOFrag are zwitterions. 

Mannhold, R. et al, J. Pharm. Sci., 2008, in press. 



Method performance as a function of the
Number of Non Hydrogen Atoms (NHA) for the
public (A) and Nycomed (B) dataset

Mannhold, R. et al, J. Pharm. Sci., 2008, in press.



Method performance as a function of the NHA
for the Pfizer dataset

Mannhold, R. et al, J. Pharm. Sci., 2008, in press.



Reliable versus non-reliable predictions

 

Mannhold, R. et al, J. Pharm. Sci., 2008, in press.

(STD Consensus model)



Size-related distribution of molecules
in the analyzed datasets

 

Mannhold, R. et al, J. Pharm. Sci., 2008, in press.



This model does not work for these data…

Is it possible to improve it by using new
measurements?



ALOGPSALOGPS

••LogPLogP:: 75 variables,
12908 molecules,
RMSE=0.35,
MAE=0.26

•LogS: 33 variables,
1291 molecules,
RMSE=0.49,
MAE=0.35

http://www.vcclab.org

Tetko et al, J. Comput. Aided Mol.
Des. 2005, 19, 453-463.
Tetko & Tanchuk, J. Chem. Info.
Comput. Sci., 2004, 2002, 42,
1136-1145.



Methodology: Associative Neural Network (ASNN)

 Some software tools rely just on one “best” model.

 Other software tools rely on the ensemble average (“panel of experts”).

 ASNN explores disagreement of individual models in the ensemble to
improve its accuracy and to derive a confidence score.



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

Local model: Instance learning of logP for PtII molecules
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The Figure shows that prediction of new classes of compounds can be
extremely difficult as exemplified by an absence of correlations between

predicted and experimental values.
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Local model: Instance learning by the ASNN method

The right panel shows that our methodology (red column)  allowed to calculate
superior prediction (lower errors) compared to traditional methods.

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



Tetko & Poda, J. Med. Chem., 2004, 94, 5601-5604. 

The LIBRARY mode produced local models and dramatically decreased the error
for a very large set of compounds in just less than 10 minutes of calculations.

Local model: Instant learning of in-house data (Pfizer)



Is it possible to save costs by skipping
measurements of some molecules?



Global model: Accuracy of logP predictions for
96,000 molecules

Mannhold, R. et al, J. Pharm. Sci., 2008, in press.
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Local model: Accuracy of logP predictions

Tetko, I.V. et al, DDT, 2006, 11, 700-7.
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Conclusions

 Despite log P calculation is commonly viewed as simple, our analysis showed low
prediction accuracy for most of the existing calculation methods.

 The different implementations of the same algorithm calculated very different
performances

 Most methods produced reliable results for the public dataset, but for the in-house
datasets only a few were superior to AAM.

 Despite low average accuracy of prediction, the confidence of prediction and the
analysis of molecular size serve to distinguish reliable from non-reliable predictions.

 When prediction accuracy is low, measuring log P is highly recommended. The new
values allow to improve prediction power via a user-training option without
redevelopment of models using, e.g. ALOGPS program.

You can find all references & pre-prints at http://www.vcclab.org site
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