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ADMETpredictor in Bayer’s in silico Platform
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The Machine Learning Triade of Pharma

Bayer Pharma in silico Platform

Göller et al. 2020, Drug Discorey Today

https://doi.org/10.1016/j.drudis.2020.07.001
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The Machine Learning Triade of Pharma
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Data sharing in SimPlus Bayer Pharma collaboration in 2012 boosted performance in pKa prediction

How it all started
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Training set:

compounds  pKa values

▪ Literature ~11.000 ~14.000

▪ Bayer Pharma ~16.000 ~19.500

* R. Fraczkiewicz,, M. Lobell, et al.: J. Chem. Inf. Model. 2015, 55, 389−397

DOI: 10.1021/ci500585w
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World‘s best in class pKa prediction tool
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▪ In 2012 we joined forces with the company Simulations Plus with the aim to jointly develop the world‘s best in 

class pKa prediction tool

▪ In 2013 the new pKa prediction tool was rolled out at Bayer and became also available world-wide via its

integration into the ADMET Predictor software sold and distributed by Simulations Plus

▪ The tool showed superb predictivity in our internal validation with ~13K new compounds (MUE=0.50, R2=0.93)*

▪ In May 2018 the pKa tool won the SAMPL6 pKa prediction challenge as best of 32 participants#

▪ pKa prediction can help to select and prioritize the right compounds for synthesis

▪ This is even more so the case for ionizable groups for which pKa transitions cannot be detected experimentally

* R. Fraczkiewicz,, M. Lobell, et al.: J. Chem. Inf. Model. 2015, 55, 389−397
# https://github.com/MobleyLab/SAMPL6/tree/master/physical_properties/pKa/analysis/analysis_of_typeI_predictions
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Validation of pKa prediction at Bayer Pharma
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Linux Version 11

Linux Version 11

Windows Version 11

Windows Version 11

Test Set 2

Acids only

Test Set 2

Bases only

pKa_pred (strongest acid)

pKa_pred (strongest base)

pKa_predicted (optimal matching)

pKa_predicted (optimal matching)

* R. Fraczkiewicz,, M. Lobell, et al.: J. 

Chem. Inf. Model. 2015, 55, 389−397

DOI: 10.1021/ci500585w



*) 510 pKa values were predicted > 3 log units in V10.4 (‚Version 7‘) and are taken out of the validation

SimPlus Validation with largest external test set (N=67421)

ADMETpredictor Version 7
Outliers with > 3 log units are omitted

ADMETpredictor Version 11

All Bayer Pharma pKa values except training sets 1-4



Windows V.11

*) 510 pKa values were predicted > 3 log units in V10.4 (‚Version 7‘) and are taken out of the validation

few measured pKa

values not covered

by ADMETpredictor

are detected

SimPlus Validation with largest external test set (N=67927)

ADMETpredictor Version 7
Outliers with > 3 log units are omitted

ADMETpredictor Version 11

510 outliers is less than 1% !

All Bayer Pharma pKa values except training sets 1-4



Validation of pKa prediction at Bayer Pharma
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▪ Windows version of ADMETpredictor has an optimal matching algorithm, Linux not

▪ ADMETpredictor Version 7 removed outliers (>3 log units)

▪ ADMETpredictor Version 11 has the advantage that it has no need to remove outliers

▪ In addition, Version 11 appears to predict Bayer‘s pKa values marginally better than Version 7

▪ ADMETpredictor Version 11 has a great prediction quality on a huge external test set of N=67.000

▪ Bayer Pharma chemical space is very well covered (few exceptions, work to be continued)

Dr. A. ter Laak / pKa prediction revisited / Webinar Simulations Plus / 7th of November 2023



Example 1: mPGES-1
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Optimisation of mPGES-1 inhibitor

Example pKa prediction in Drug Discovery

Koppitz et al. 2019    

https://doi.org/10.1016/j.bmcl.2019.07.00713

acidic group

basic group

Delta pKa

Microsomal prostglandin E synthase inhibitors

→ mPGES1 = Transmembrane enzyme

→ Competitive inhibitors for acidic natural substrate Prostaglandin H2

→ Variation of R1, R2, R3, R4 decribed (Koppitz et al., 2019)

PGH2
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Optimisation of mPGES-1 inhibitor
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Koppitz et al. 2019    

https://doi.org/10.1016/j.bmcl.2019.07.007Dr. A. ter Laak / pKa prediction revisited / Webinar Simulations Plus / 7th of November 2023

5a 28a4a

pKa values predicted with latest ADMETpredictor V.11

R1

R4

Example pKa prediction in Drug Discovery

5a

chlorine in pyridyl

reduces the basicity

ether oxygen increases

the acidity

https://doi.org/10.1016/j.bmcl.2019.07.007


Optimisation of mPGES-1 inhibitor
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4a 5a 8a 17a 28a

Koppitz et al. 2019    
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Example pKa prediction in Drug Discovery

▪ Trend in this project: large ‚delta pKa calc‘ reduces efflux and increases bioavailability F%

https://doi.org/10.1016/j.bmcl.2019.07.007


Optimisation of mPGES-1 inhibitor

Koppitz et al. 2019    

https://doi.org/10.1016/j.bmcl.2019.07.007
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acidic group

basic group

Delta pKa

8a

28a

Dr. A. ter Laak / pKa prediction revisited / Webinar Simulations Plus / 7th of November 2023

neutral species

at low pH

Example pKa prediction in Drug Discovery

Delta pKa calc = 2.6

Delta pKa calc = 0.7

8a

28a

https://doi.org/10.1016/j.bmcl.2019.07.007


Example 2: BCAT

Dr. A. ter Laak / pKa prediction revisited / Webinar Simulations Plus / 7th of November 202317



The BCAT1 pyrimidinedione series – using a CropScience core

18

• Branched Chain Amino acids transferases (BCATs) catalyse the catabolism of the essential amino acids valine, leucin  

and isoleucine

• BCAT’s preference for binding negatively charged compounds reflected in structures of obtained hit series

• Anticipated challenge in hit progression: balancing acidity (as driver for target potency) with suitable PK properties

→ Cluster prioritization favoured a structural series with acidity easily tunable by chemistry

WO 9531440 A1, 1994
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The development of probe BAY-069
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BCAT1/2

Target-related 

criteria
Chemical matter 

criteria
Potent

BCAT1
IC50 = 31 nM

BCAT2
IC50 = 153 nM

Selective
vs. in house 
protease and 
transaminase 

panel

Cellularly 
active

MDA-MB-231
IC50 = 875 nM

U-87-MG
IC50 = 358 nM

Target 
engagement 

shown

by X-ray 
crystallo-

graphy

Tractable 
Chemical 

Matter

Stringent SAR 
established

Standard 
formulations 

for

in vitro

Chemical & 
Plasma

Stable

Inactive 
control:

BAY-771

BAY-069

https://doi.org/10.1021/acs.jmedchem.2c00441

Final probe for OpenScience

IC50 (BCAT1) = 31 nM

pKa = 5.7

CaCo efflux ratio = 0.5

Papp A-B = 252 nm/s

HTS hit

IC50 (BCAT1) = 554 nM

pKa = 4.4

CaCo efflux ratio = 6.2

Papp A-B = 30 nm/s
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Successful usage in BCAT1 project (2016/17)

SimPlus tool recognizes core acidity as well as substituent positions that modulate pKa

→ trends correctly reproduced by tool on chemist‘s desk
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Dealing with different tautomeric states inherent to chemical series

Keto form

(used in 

warehouse

registration)

Enole2 form

(computationally

enumerated)

Enole1 form

(computationally

enumerated)Output of pKa predictor depends on                                                                                                     

input tautomer 

pKa exp
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Highest correlation coefficient R2=0.76  obtained

with enole 2 form 

Average (pKa) between matching tautomer forms: 1.5
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Critical optimization parameters (1): pKa

Tautomer-independent pKa prediction tool → average (pKa) between matching tautomer forms = 0.0

under development @SimPlus

(Robert Fraczkiewicz)
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Progress in pKa prediction: implementation aspects
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Example: hypoxanthine



BCAT1 series revisited with latest pKa predictor
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Benefit from training on larger chemical space

Name (pKa) tautomers

ADMETpred 9_7 1,5

ADMETpred 11 1,0

As a „side effect“ of training version 11 on a much broader chemical space, the dependency of

the predicted pKa on the input tautomer is decreased in the BCAT1 pyrimidine dione series

Wish for a long term solution: tautomer-independent prediction tool (development by SimulationPlus)

Explanation: since the expanded training set did not contain any 2,4-dione substituted pyrimidines in 

enolic form, the model (using atom-based descriptors!) likely learnt indirectly from other heterocycles 

with keto-enol-tautomerism
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Thank you for 

your attention!
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