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Never Forget

Only experiments will validate your computational models !

N

Chemical
synthesis

Drug Rational
candidate design

Structure-based /
Ligand-based

Rational
Drug Discovery
Cycle

Data
analysis
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Understanding Ligand Binding

 The most crucial question in early drug discovery
— Hit identification
— Hit to lead expansion

— Lead optimisation

- .’% )
:
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The Important Questions

Data Analysis ...

 Which molecule(s) to chose for biological assessment ?
 How to modify molecules for optimising properties ?

e How to build models for reliable medicinal chemistry
decision support ?

 How to design molecules void of toxicity risks ?

... and Representation

 How to guide analysis of molecular modelling results ?

 How to make use of MD trajectories for molecular design ?

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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A Possible Way To Do |t

e Compare compound
structures In view
of their preferences
for specific molecular
Interactions

 Annotate molecules
with all interaction
features possible

e FInd out, which of them
are the really important
ones ...

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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Target Structure Available

e Consider only
all those
Interactions
of the ligand
within the protein
binding site

Schutz D., PhD Thesis,
University of Vienna, 2018
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The Pharmacophore Concept Wik

“A pharmacophore Is the ensemble of steric
and electronic features that Is necessary to
ensure optimal supra-molecular interactions

of a ligand with a specific biological target

and to trigger (or block) its biological response.”

1933 - 2015

C.-G. Wermuth et al., Pure Appl. Chem. 1998, 70: 1129-1143
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Feature-based Pharmacophores 2 et

Totality of universal chemical features that represent a defined binding mode of a ligand
to a bio-molecular target

Features: Electrostatic interactions, H-bonding, aromatic interactions, hydrophobic
regions, coordination to metal ions, halogen bonds ...

A pharmacophore model Is the most
suitable data representation method
for guiding medicinal chemistry

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025



Lniversitat
wien

Pharmacophores: An Old Fashioned Concept ? @

 Not at all ... there are a lot of new and exciting developments going on ....
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Example: MD Trajectory Analysis

@ LigandScout
? o W + = @ 45 (N 55 (“‘» C) Q o e G nﬂb O em Al
@ : : . . >3 (%)< : ) ‘ ‘( ; LS
Q0 > 0 % 0 @ ol BN - WS
(_structure-Based Ligand-Based Alignment [15] Screening [S] )
] A — ! \
- - _ Active Site: [A] IN3208 (local repository) | /B B  PDB 4-letter code:
Core Molecule [A] IN3208 ® H| a4 - ] o ‘ N T 4
-}- Macromolecule L |’ -y N ":‘o!;&!’:‘ l R [ Download /Renew }
Water ® : < :ﬂzﬁf?rf«‘;‘« T
A = | | Ry — |
& ILE_10_A ® m X e Title: not available
& GLU 31 A ® n : N/ Resolution: not available
& LEU 32 A ® m / ‘\\" Deposition Date: not available
& ASN_35_A ®om 4P )~ / Experimental Type: not available
% SER_36_A ®m = oAl +
& ASP_38_A L i
& ALA_39_A L A Select ligand/active site
& LEU_40_A ® )
& LYS_42_A ® n i
% ILE_43_A ® u / =
% ILE_75_A ®m_ P @ ‘2\@ 2
& VAL_76_A ® n o o (
& ASP_77_A ® N
& GLY_79_A o m [A] IN3208
& ILE_80_A ® m
& GLY_81_A ® m X N
& MET_82_A o N | >> Favorites  /
& ASP_8G6_A s B —aA—
& LEU_87_A » : . ,
2 LEU 91 A & : S | Ligand 2D Ligand Details
& GLY_92_A ® N
& ILE_94_A ®
& ALA_95_A ® m H N
& GLY_119_A o N :
& VAL_120_A ® m )\ N
& GLY_121_A L N S
& PHE_122_A L \
& TYR_123_A L
& VAL_132_A L |
& THR_133_A ® N a v v N
& VAL_134_A L .
% ILE_135_A ® 0
& THR_136_A s m
& HIS_138_A o mY> e ; . , A SV
LigandScout (C) 1999-2017 G. Wolber & Inte:Ligand GmbH | 15.5 fps 1425 of 1975 MB
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MD Feature Frequency Analysis

@ LigandScout File Edit Library Ligand-Set Molecule Pharmacophore Align & Merge Render Control Surface Window Help O %
O C@® LigandScout "
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| LigandScout (C) 1999-2019 Inte:Ligand GmbH | ] . 17.1fps 310 0f 1157 MB |
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FiInd Models With Specific Features

@ LigandScout File Edit Library Ligand-Set Molecule Pharmacophore Align & Merge Render Control Surface Window Help 0 P %
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e o* _:o*’g : 2ERE (k)¢ % '( 3 N G f
© >t ¥ -0 @ @ NS
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 LigandScout (C) 1999-2019 Inte:Ligand GmbH @i' .~ 19.5fps  S1of 1148 MB

inte:ligand

www.inteligand.com Vienna, Austria

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025



Determine Interacting Amino Acids
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Hierarchical Pharmacophore Network Analysis

AR H HBA HBD

Selected Pharmacophores:

O O BB @ Node 0, Frame(s) 13,21,56,64,101,102,105,110,118,125,128,136,147,159,169,173,178,180,184,185,191,192,207,218,221,227,240,255,258,263,275,294,298

Common Fingerprint:

|
111
!
¢ 0|0 ooodx®
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Glucokinase Case Study

AR HBA HBD H

* Analysis of binding - |
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in human glucokinase: == e §
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behaviour, inducing
formation of active or
Inactive form becomes SeTTsT o P
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guidance for further design

7 VAL4SS.

AL\
hANTS
N - .
RAL&D §
g, Y
el } 4

BV AR oy
- 57 5 & ”
AR o Bl
27 S
7 A 3
clige & 3
g g )
7 ST,
N -
{ A

{
\
o § ommiiiin o

Vélob e o'
i
U‘.

vy

|
}
4 how

b e b0

N

|
“’

vl

I3 S
BN s B
s

ks

7//
LA
5‘° -
RS

e SEOABEL
> e ;2; :A’\;J\ ' (". i / ¢ ‘T
&Q/ 7 '1
R A )
\e I L E 21 1 ) o A\ A, /’/ S

A S 74 QN A \X
! $ Y74 ) N&T A a7
1 7 r AN 2 = N =5ad
¥ 2%/ W = S S K
.\, 1973 Sy S /, :7{-’,- - D
{ 7 e
3 .
X . /
1%,

inte:ligand

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025Garon A. et al (2020) [https://doi.org/10.3389/fmolb.2020.599059] wwwinteligand.com Vienna, Austria



Lniversitat
wien

Glucokinase Case Study

1v4s - Inactive form

AR HBA HBD H
i 'AV l |
SER64 i 1
. VAL452 nGE) - — = ; . '
:' " /::’“::3\% ALA456 - — : %
o. = Q%\\x‘\ - . 2
,4\ 5 s\ \\ - = ' — §
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> Sy Y o e = = —
/\( NH l\lj> 74 CF = f : : °
J S VAL455 b = , ; 1
S 1 ; e §
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=1 \\& r = : :
ILE211] \=/ . At B — Q
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4
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| =
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7N\ THR65 B , ; S :
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Glucokinase Case Study
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Glucokinase Case Study
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LigandScout
* Fully integrated molecular design package

 High end GUI & command line tools

o Workflow integration into KNIME

e World wide user basis

e Leading solution for pharmacophore based modelling

* Next generation capabilities Iin active development:
- faster high throughput on giga-scale libraries
- Interactive pharmacophore-based clustering ...

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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LigandScout Scientific Articles
* Around 3600 papers* e

Protein Interface Pharmacophore Mapping Tools for Small Molecule
Protein: Protein Interaction Inhibitor Discovery

— Str u Ct u re - b a_S e d I I I O d e | I I n g Arnout Voet"", Eleanor F. Banwell’, Kamlesh K. Sahu', Jonathan G. Heddle” and Kam Y. J. Zhang'

'Zhang Initiative Research Unit, and ’Heddle Initiative Research Unit, Advanced Science Institute, RIKEN, 2-1 Hiro-
sawa, Wako, Saitama 351-0198, Japan

n n
—ligand-based modellin
Abstract: Protein:protein interactions are becoming increasingly significant as potential drug targets; however, the ra-

tional identification of small molecule inhibitors of such interactions remains a challenge. Pharmacophore modelling is a
popular tool for virtual screening of compound libraries. and has previously been successfully applied to the discovery of

Pharmacophore-Based Discovery of Small-Molecule flng oo Of prolan proie Mo Tie

ns limited. In this review, we explore the interac-

—virtual screenin 9 e s e WL B i

hese successful cases demonstrate the usefulness
Laura De Luca,*® Maria Letizia Barreca,*™ Stefania Ferro,”’ Frauke Christ,” Nunzio Iraci, ations depending on the »vsil=hle strctural infor-

Rosaria Gitto,”” Anna Maria Monforte,” Zeger Debyser,* and Alba Chimirri® - e

¢ H It I d e n t I fl C a-tl O n nsrpions cacior 73 20 [dentification of the first non-peptidic small molecule inhibitor

in HIV integration. The protein-prc

ween HI-1 integrase (N and s« Of the ¢-Abl/14-3-3 protein-protein interactions able to drive sensitive

may therefore serve as targets for

antiHIV drugs. In this work, a swe - @M1 Imatinib-resistant leukemia cells to apoptosis

- model for potential small-molecu
. - LEDGF/p75 interaction was develoj . . at . +b TS -a b . -b
software. The 3D model obtained v  Valentina Corradi ', Manuela Mancini °, Fabrizio Manetti ¢, Sara Petta °, Maria Alessandra Santucci °,

ing of our in-house chemical datak MauriZiO Botta a,k
identification of compound CHIBA:

for further optimization. The rationa 2 pipartimento Farmaco Chimico Tecnologico, Universita degli Studi di Siena, Via Aldo Moro 2, 1-53100 Siena, Italy
b Dipartimento di Ematologia e Scienze Oncologiche “Lorenzo e Ariosto Seragnoli”, Universita di Bologna, Via Massarenti 9, 1-40138 Bologna, Italy

 Lead structure optimisation |

Article history:

Received 28 Jun¢
Revised 3 Augus
Accepted 4 Augt

* Protein-Protein Interactions T —

New Use for an Old Drug: Inhibiting ABCG2 with Sorafenib

|
® D r l I g re p l l r p O S I n g Yinxiang Wei'3, Yuanfang Ma®, Qing Zhao'+“, Zhiguang Ren'?, Yan Li', Tingjun Hou?, and Hui Peng’

Abstract
Human ABCG2, a member of the ATP-binding cassette transporter superfamily, represents a promising
target for sensitizing MDR in cancer chemotherapy. Although lots of ABCG2 inhibitors were identified, none of

| u |

. them has been tested clinically, maybe because of several problems such as toxicity or safety and pharma-
L

cokinetic uncertainty of compounds with novel chemical structures. One efficient solution is to rediscover new

[b]

nees for exichiine driros with known nharmacnkinetice and cafetv nrafiles. Here. we fonind the new nee for

* https://scholar.google.com, 25 January 2025
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LigandScout Success Story @Pfizer
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Medicinal
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Jurkat
Jurkat
HpK1 | Ut g | MERLCE pico
. . pSLP76 KO IL-2 . . PKCnq
Compound Biochemical cell Biochemical | .. .
Number Structure Ki cell ICso/ECso cell Ki Biochemical
. ICs N ICs50/ECsg . 2 Ki
(LogD/LipE) (LipE) (max % (max % (window)
response)
response)
H
e
N A~ oy g oy | 1:960 £ |1C50=323 | 1C50=259 [ 22+ 11 nM
1 N (1 4/_64) 2l nM [ 2181 nM |+ 6 nM 24 +04nM
O[ j S (4.4) (28%) (15%) (1x)
O
_N
H
e
| )—Cl ICs0 =
N A 29+1.7nM |[806 (1340 +|ICs0=453 |33+ 14nM
2 N 105 nM | 148 nM + 279 nM 7.9+ 0.6 nM
j N (2.0/6.5) (4.1) (24%) (11x)
o (28%)
_N

ed

ng
nd




Al-based Design into Binding Site

Communications gg?gll’igtry
ChemMedChem doi.org/10.1002/cmdc.202000786 Socities Publishing
Table 1. DDRT1 inhibitory activity of the synthesized compounds.
Compound Pharmacophore Binding affinity IC;, [NM]'“

score'® score [kJ/mol]®

1 0.96 —50.51 1005.9
2 0.95 —52.67 22394
3 0.83 —47.13 92.5
4 0.96 —51.97
5 0.86 —37.29 C
6 0.84 —40.83
7 0.85 —54.38 N
8 0.85 —51.78 H
9 0.85 —49.46
7a 0.85 —53.06 3
8a 0.85 —51.15
9a 0.85 —54.83 m— ITTT.U
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Our Open Source Toolkit: CDPKIt ) ujversitit

@) O : v ﬁ} E @ cdpkit.org G C © [i] = [E]

& » Welcome to the CDPKit Documentation Pages View page source

Welcome to the CDPKit Documentation Pages

e Introduction
e |nstallation

Introduction o
e Applications
instaliation o CDPL Python Tutorial
Applications e CDPL Python Cookbook
CDPL Python Tutorial o« CDPL API Documentation
CDPL Python Cookbook * Bibliography
e |ndex
CDPL APl Documentation
Bibliography Next ©

Index

© Copyright 2023, Thomas Seidel and Oliver Wieder.

Built with Sphinx using a theme provided by Read the Docs.

inte:ligand

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 httpS' / /github com/molinfo-vienn a/cdpkit drawiTiteligandicoin Vienna, Austria
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Our Open Source Toolkit: CDPKIit

 Chemical Data Processing Toolkit
—Implemented In C++

— Contains all basic functionality for chemoinformatics workflows

o Comprises the Chemical Data Processing Library (CDPL) together with
command line software tools

« CDPL C++ API and Python-interfacing layer provided Oliver Wieder
* Integration of major machine learning libraries

—scikit-learn, PyTorch, TensorFlow

 Represents our standard environment for prototyping novel algorithms

EIEE
O

e Follow-up implementation into LigandScout and KNIME platforms

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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Bigger Haystack -> Better Hits ?

 Need for faster
conformer generator
and alignment
procedure
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JOURNAL OF
CHEMICAL INFORMATION
AND MODELING -

This article is licensed under CC-BY 4.0 @ @

pubs.acs.org/jcim

High-Quality Conformer Generation with CONFORGE: Algorithm
and Performance Assessment

Thomas Seidel,* Christian Permann, Oliver Wieder, Stefan M. Kohlbacher, and Thierry Langer

Cite This: J. Chem. Inf. Model. 2023, 63, 5549-5570 I: I Read Online

ACCESS | il Metrics & More | 0| Article Recommendations | © Supporting Information

3

Thomas Seidel

ABSTRACT: Knowledge of the putative bound-state conformation of a molecule CONFORGE
is an essential prerequisite for the successful application of many computer-aided

drug design methods that aim to assess or predict its capability to bind to a
particular target receptor. An established approach to predict bioactive conformers

in the absence of receptor structure information is to sample the low-energy
conformational space of the investigated molecules and derive representative l%t
conformer ensembles that can be expected to comprise members closely C

resembling possible bound-state ligand conformations. The high relevance of 7 k%
such conformer generation functionality led to the development of a wide panel of Joc
dedicated commercial and open-source software tools throughout the last decades. ~
Several published benchmarking studies have shown that open-source tools usually g )
lag behind their commercial competitors in many key aspects. In this work, we
introduce the open-source conformer ensemble generator CONFORGE, which
aims at delivering state-of-the-art performance for all types of organic molecules in drug-like chemical space. The ability of
CONFORGE and several well-known commercial and open-source conformer ensemble generators to reproduce experimental 3D
structures as well as their computational efficiency and robustness has been assessed thoroughly for both typical drug-like molecules
and macrocyclic structures. For small molecules, CONFORGE clearly outperformed all other tested open-source conformer
generators and performed at least equally well as the evaluated commercial generators in terms of both processing speed and
accuracy. In the case of macrocyclic structures, CONFORGE achieved the best average accuracy among all benchmarked generators,
with RDKit’s generator coming close in second place.
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 Novel conformer generator based on LigandScout 1Con
e Available in CDPKIt

e Improved small compound performance accuracy

—Especially for complex compounds such as macrocycles

 Integration into LigandScout XT
—Faster database generation & possibly better screening hits
* Approximately two times faster than ICon Fast

—Additional changes In database format (LDB?2)
 Reduced file size (ca. 60% of LDB; 1 billion compounds currently 16 Tb)

—Together with G3PS alignment: Basis for P4-based exa-scale VS

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~vinteligandcom &) Vienna, Austria
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Greedy 3-Point Search (G3PS)—A Novel Algorithm for
Pharmacophore Alignment

Christian Permann 2(, Thomas Seidel »*{ and Thierry Langer 12 Christian Permann

Department of Pharmaceutical Sciences, University of Vienna, Althanstrasse 14, 1090 Vienna, Austria;
christian.permann@univie.ac.at (C.P.); thierrylanger@univie.ac.at (T.L.)

2 Inte:Ligand GmbH, Clemens Maria Hofbauer-Gasse 6, 2344 Maria Enzersdorf, Austria

*  Correspondence: thomas.seidel@univie.ac.at

Abstract: Chemical features of small molecules can be abstracted to 3D pharmacophore models,
which are easy to generate, interpret, and adapt by medicinal chemists. Three-dimensional pharma-
cophores can be used to efficiently match and align molecules according to their chemical feature
pattern, which facilitates the virtual screening of even large compound databases. Existing alignment
methods, used in computational drug discovery and bio-activity prediction, are often not suitable
for finding matches between pharmacophores accurately as they purely aim to minimize RMSD or
maximize volume overlap, when the actual goal is to match as many features as possible within
the positional tolerances of the pharmacophore features. As a consequence, the obtained alignment
results are often suboptimal in terms of the number of geometrically matched feature pairs, which
increases the false-negative rate, thus negatively affecting the outcome of virtual screening experi-
ments. We addressed this issue by introducing a new alignment algorithm, Greedy 3-Point Search
(G3PS), which aims at finding optimal alignments by using a matching-feature-pair maximizing

check for search strategy while at the same time being faster than competing methods.

updates
Citation: Permann, C.; Seidel, T.; Keywords: pharmacophore alignment; pharmacophore modelling; virtual screening; greedy algo-
Langer, T. Greedy 3-Point Search rithm; drug design

(G3PS)—A Novel Algorithm for
Pharmacophore Alignment. Molecules
2021, 26, 7201. https://doi.org/

10.3390/molecules26237201 1. Introduction
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« How can we Improve on previous method ?

no match

= ;
9o - o ~

0

(a) Two pharmacophores (b) RMSD or (c) Desired alignment
volume-based alignment
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 Another common pitfalls
—Falling on exclusion volume spheres
e Barely touching exclusion volume invalidates alignment

—Allowing omission of m out of f features

e for each value r = {0..m}
—1. Create all combinations with ( f — r ) features
—2. Perform alignment for each combination

e #Alignments = Pmf = O(f (m)) - exponential iIn m

S (D) = o(ftm) —

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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 New algorithm Is based on iterative improvement of heuristic guesses

 Runtime
—Much faster than previous methods

—Independent of number of potentially omitted features

—User-defined number of computed guesses:. Runtime vs Accuracy tuneable
 Found Alignments

—More accurate retrieval according to user query

—Optimised for maximum number of matched features

—Adapts also to exclusion volume spheres

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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Heuristic Alignment Trees

e Steers alignment between faster runtimes & more accurate retrieval
e Represents the number of (three-point) starting configurations

e Higher number will better sample solution space
— more correctly identified hits

« Smaller number will result In a faster screening

 Runtime Increases less than linearly with number of tries
—e.g. changing from 20 to 50 - results in approximately 25% longer runtime

« Recommended settings
— 50 for generic fast run, 300 for generic accurate run

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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Some More Examples W

 New graph neural network architecture for better prediction of
standard molecular properties (logP, logS, logD)

 New protein-ligand descriptors for machine learning
* Novel representation of pharmacophore models for machine learning

e Extending pharmacophore based virtual screening for exa-scale
libraries

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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Improved Lipophilicity and Aqueous Solubility Prediction
with Composite Graph Neural Networks

Oliver Wieder '*(©, Mélaine Kuenemann 22, Marcus Wieder 1, Thomas Seidel 1, Christophe Meyer 2\, _ _
Sharon D. Bryant ® and Thierry Langer ! Oliver Wieder

1 Department of Pharmaceutical Chemistry, University of Vienna, Althanstrafie 14, A-1090 Vienna, Austria;
marcus.wieder@univie.ac.at (M.W.); thomas.seidel@univie.ac.at (T.S.); thierry.langer@univie.ac.at (T.L.)
Servier Research Institute-CentEx Biotechnology, 125 Chemin de Ronde, 78290 Croissy-sur-Seine, France;
melaine.kuenemann@servier.com (M.K.); christophe.meyer@servier.com (C.M.)

3 Inte:Ligand Software Entwicklungs und Consulting GmbH, 74B/11 Mariahilferstrasse, 1070 Vienna, Austria;
bryant@inteligand.com (S.D.B.)

Correspondence: oliver.wieder@univie.ac.at

Abstract: The accurate prediction of molecular properties, such as lipophilicity and aqueous solubility,
are of great importance and pose challenges in several stages of the drug discovery pipeline. Machine
learning methods, such as graph-based neural networks (GNNs), have shown exceptionally good
performance in predicting these properties. In this work, we introduce a novel GNN architecture,
called directed edge graph isomorphism network (D-GIN). It is composed of two distinct sub-
architectures (D-MPNN, GIN) and achieves an improvement in accuracy over its sub-architectures
employing various learning, and featurization strategies. We argue that combining models with
check for different key aspects help make graph neural networks deeper and simultaneously increase their
updates predictive power. Furthermore, we address current limitations in assessment of deep-learning

Citation: Wieder O.: Kuenemann models, namely, comparison of single training run performance metrics, and offer a more robust

M.; Wieder, M.; Seidel, T.; Meyer, C.; solution.

Bryant, S.D.; Langer, T. Improved

Lipophilicity and Aqueous Solubility ~ Keywords: Al, deep-learning; neural-networks; graph neural-networks; cheminformatics; molecular
Prediction with Composite Graph property; machine-learning; computational chemistry; lipophilicity; solubility

Neural Networks. Molecules 2021, 26,
6185. https://doi.org/10.3390/
molecules26206185
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Novel GNN Architecture: D-GIN

 D-GIN: Directed edge graph isomorphisig nohanrl () <o o..
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FAOW [0 RanK Pharmacophore rFeatures
?

e Ligand-based modelling
— Explain qguantitative differences in binding (Ki, 1Csp)
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GRAIL* Based LigandScout Merged ﬁ
Pharmacophore Pharmacophore
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Kohlbacher et al. ] Cheminform (2021) 13:57

https://doi.org/10.1186/513321-021-00537-9 Jou rnal of Cheminformatics

METHODOLOGY Open Access

. o ")
QPHAR: quantitative pharmacophore i

activity relationship: method and validation

Stefan M. Kohlbacher, Thierry Langer and Thomas Seidel’

Abstract

QSAR methods are widely applied in the drug discovery process, both in the hit-to-lead and lead optimization phase,
as well as in the drug-approval process. Most QSAR algorithms are limited to using molecules as input and disregard
pharmacophores or pharmacophoric features entirely. However, due to the high level of abstraction, pharmacophore
representations provide some advantageous properties for building quantitative SAR models. The abstract depiction
of molecular interactions avoids a bias towards overrepresented functional groups in small datasets. Furthermore,

a well-crafted quantitative pharmacophore model can generalise to underrepresented or even missing molecular
features in the training set by using pharmacophoric interaction patterns only. This paper presents a novel method to
construct quantitative pharmacophore models and demonstrates its applicability and robustness on more than 250
diverse datasets. fivefold cross-validation on these datasets with default settings yielded an average RMSE of 0.62, with
an average standard deviation of 0.18. Additional cross-validation studies on datasets with 15-20 training samples
showed that robust quantitative pharmacophore models could be obtained. These low requirements for dataset sizes
render quantitative pharmacophores a viable go-tomethod for medicinal chemists, especially in the lead-optimisation
stage of drug discovery projects.

Keywords: Pharmacophore, QSAR, Regression, Machine learning, Quantitative-pharmacophore-model
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Step 1 .
(Template selection) '

Kohlbacher SM et al., J Cheminform 13, 5;

Pharmacophore feature
container
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QPhAR Model Generation

Quant.
pharmacophore =

, ”@ 3°° »

Aligned sample
(a) Feature enumeration

L

(b) Distance calculation

Feature 1 Feature 2 Feature\n

Sample 1 0.23 0.46 0.17

¢ o Sample 2

Regression model

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025

(¢) Model training

Sample m
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Applications of the Novel Quantitative Pharmacophore Activity
Relationship Method QPhAR in Virtual Screening and
Lead-Optimisation

Stefan Michael Kohlbacher, Matthias Schmid, Thomas Seidel *'* and Thierry Langer

check for
updates

Citation: Kohlbacher, S.M.; Schmid,
M.; Seidel, T.; Langer, T. Applications
of the Novel Quantitative
Pharmacophore Activity Relationship
Method QPhAR in Virtual Screening
and Lead-Optimisation.
Pharmaceuticals 2022, 15, 1122.
https://doi.org/10.3390/
ph15091122

Division of Pharmaceutical Chemistry, Department of Pharmaceutical Sciences, University of Vienna,

Josef-Holaubek-Platz 2, 1090 Vienna, Austria
* Correspondence: thomas.seidel@univie.ac.at; Tel.: +43-1-4277-55051

Abstract: Pharmacophores are an established concept for the modelling of ligand-receptor interac-
tions based on the abstract representations of stereoelectronic molecular features. They became widely
popular as filters for the fast virtual screening of large compound libraries. A lot of effort has been
put into the development of sophisticated algorithms and strategies to increase the computational
efficiency of the screening process. However, hardly any focus has been put on the development of
automated procedures that optimise pharmacophores towards higher discriminatory power, which
still has to be done manually by a human expert. In the age of machine learning, the researcher
has become the decision-maker at the top level, outsourcing analysis tasks and recurrent work to
advanced algorithms and automation workflows. Here, we propose an algorithm for the automated
selection of features driving pharmacophore model quality using SAR information extracted from
validated QPhAR models. By integrating the developed method into an end-to-end workflow, we
present a fully automated method that is able to derive best-quality pharmacophores from a given
input dataset. Finally, we show how the QPhAR-generated models can be used to guide the researcher
with insights regarding (un-)favourable interactions for compounds of interest.

Keywords: pharmacophore; pharmacophore modelling; quantitative pharmacophore; QSAR;
machine learning; pharmacophore optimisation; NeuroDeRisk

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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Automated QPhAR Model Building 7 wiersit
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A new set of KNIME nodes implementing the QPhAR

algorithm
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Abstract

Dissemination of novel research methods, especially in the form of chemo-
informatics software, depends heavily on their ease of applicability for non-
expert users with only a little or no programming skills and knowledge in
computer science. Visual programming has become widely popular over the
last few years, also enabling researchers without in-depth programming skills
to develop tailored data processing pipelines using elements from a repository
of predefined standard procedures. In this work, we present the development
of a set of nodes for the KNIME platform implementing the QPhAR algo-
rithm. We show how the developed KNIME nodes can be included in a typi-
cal workflow for biological activity prediction. Furthermore, we present best-
practice guidelines that should be followed to obtain high-quality QPhAR
models. Finally, we show a typical workflow to train and optimise a QPhAR
model in KNIME for a set of given input compounds, applying the discussed
best practices.

KEYWORDS
KNIME, NeuroDeRisk, pharmacophore modeling, pharmacophores, QPhAR
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QPNhAR In KNIME Platform
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https://github.com/StefanKohlbacher/qphar-knime-nodes

QPhAR Application: Quantitative GABA-A Models

e Usage: Quantitative prediction of drug-induced seizure risks

Assay ID Nr. Molecules RMSE
CHEMBL12/3617 |44 0.51
CHEMBL1787/625 |45 0.97
CHEMBL3370250 |34 0.99
CHEMBL3430052 |32 0.26
CHEMBL676826 |52 0.69
CHEMBL823916 |48 0.62
CHEMBL824296 41 0.40

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 K pohlbacher SM, et al. (2023) https://doi.org/10.1002/minf.202200245 vlvwn}gg:ml Igan[]g
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New Protein-Ligand Interaction Fingerprints

« GRADE & X-GRADE (eXtended GRAIl-based DEscriptors)

» Contains defined set GRADE S CRADE
of floating point ; 2 2 26
. Christi
values rather than bit- Fellinger

string

e Useful as Iinput for
machine-learning

models for QSAR and
blﬂdlng 14 130

- . . B # pharm. Features B LogP B Sum Hydrophobic tPSA
affinity estimation
O # rot. Bonds O # heavy Atoms 0O GRAIL-Scores OHBA HBD env.
O Van der Waals B Electrostatic

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 Fellinger C, et al., suomitted ~ wwwinteligandcom & vienna, Austri



GRAIL Descriptors

I fournal ol Chemical Theory and Computation m
C C & Cite This: J. Chem. Theory Comput. 2018, 14, 4958—4970 pubs.acs.org/JCTC

GRAIL: GRids of phArmacophore Interaction fieLds

Doris A. Schuetz,” ™ Thomas Seidel,** P:rthur Garon,”” Riccardo Martini,*® Markus Korbel ™'
Gerhard F. Ecker,”” and Thierry Langer*"'

*Inte:Ligand GmbH, Mariahilferstrasse 74B/11, A-1070 Vienna, Austria
"Department of Pharmaceutical Chemistry, University of Vienna, UZA 2, Althanstrasse 14, 1090 Vienna, Austria

ABSTRACT: In the absence of experimentally derived, three-dimensional structures of receptors
in complex with active ligands, it is of high value to be able to gain knowledge about energetically
favorable interaction sites solely from the structure of the receptor binding site. For de novo ligand
design as well as for lead optimization, this information retrieved from the protein is inevitable. The
herein presented method called GRAIL combines the advantages of traditional grid-based
approaches for the identification of interaction sites and the power of the pharmacophore concept.
A reduced pharmacophoric abstraction of the target system enables the computation of all relevant
interaction grid maps in short amounts of time. This allows one to extend the utility of a grid-based
method for the analysis of large amounts of coordinate sets obtained by long-time MD simulations.
In this way it is possible to assess conformation dependent characteristics of key interactions over time. Furthermore,
conformational changes of the protein can be taken into account easily and information thus obtained well-guides a rational
ligand design process. A study employing MD trajectories of the oncology target heat shock protein 90 showcases how well our
novel approach GRAIL performs for a set of different inhibitors bound to their target protein and how molecular features of the
inhibitors are subject to optimization.
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GRAIL Scoring Function

e Grid Is defined within the protein binding
site, no ligand needed

e At each grid point: Pharmacophore feature
probabllity calculated

e For every Interaction type: Optimum
distances & angles defined

e Extremely fast, amendable for the analysis
of entire MD trajectories

e Script available for CDPKIit

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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Visualisations: HSP90 Case Study

Residue Phel38 interactions:

(A) ... aromatic - aromatic interactions:

(B) ... hydrophobic - (E) ... aromatic - positive charge
hydrophobic (F) ... HBA - HBD

(C) ... positiv charge - aromatic (G) ... HBD -> HBA

(D) ... negative - positive charge (H) ... hydrophobic - hydrophobic

...-2:ligand

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 wwwinteligand.com
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GRAIL Use In Lead Optimisation

e Easy understandable medicinal chemistry design guidance provided

e Focus on specific regions

— e.g. replacing entropically disfavoured water molecules with small
hydrophobic substituent (“magic methyl positioning”)

 Pharmacophore hotspot feature frequency analysis

— for prioritising replacement/modifications of molecular substructures

— providing Interaction preference guidance

— easlly adaptable for generative de novo design

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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e Is there a way to use
high quality
pharmacophore
iInformation but avoid
conformer
generation and 3D
alignment ?
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 Virtual screening using traditional P4 matching
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New Concept: PharmacoMatch

e Contrastive learning framework maps pharmacophore model vectors into an
order embedding space -> virtual screening possible, avoiding 3D alignment

3
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Vector Embedding Space

—10.1 |-0.3/0.9 |0.3 |-1.3 44 -0.2

"Computer
Science"

Cheminformatics

Data Science

Can be used in... Molecule
Caffeine Computer Science

... Search Engines

... Recommender Systems

... Chatbots

« RECS: Retrieval of Concepts in Databases
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" Molecule Data Science
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Science" Caffeine omputer Sciefce

What shall we compare to train a

Pharmacophore Embedding Model?
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Subgraph Isomorphism & Order Embedding et

Query
Pharmacophore
Target Region
® a Target Embeddin
/ | /—) :‘w ‘ Target m | " a8 | n B n =1 I3 = | n L 1 lg n | L} L1 | B B lglO
\ & @ Pharmacophore
\a =

Query Embedding

Embedding Dimension 2

Off-Target Embedding

\4

Supergraph 0 Embedding Dimension 1
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P4 Vector Embedding Model

Query-target pair Embedding model Vector embeddings
.. AN A
( A\ ( A\ 4 N\
- A —
7 » Encoder P 0.1/-0.3/09/0.3|-1.3/ 4.4 -0.2—\
A / Target embedding
r " y — - J *
ugmentation Target graph Shared weights < [ Contrastive loss ]
module L
) ’ \ i A
\— o= EnCOder 0.2 -0.5/0.8/0.4|-1.2|3.4 -0.3—J
/ Query embedding
4
Query graph
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* Neural subgraph matching

A
Subgraph
[> Jrdp Target Region
QA
.S ........................ <>
g n
R
g >
\ ‘ ‘\3 A .
<> ‘ e/ Supergraph I}
=
©
()]
E
L | o« @ o o @ 2 @ # 2 s # = s 2 s s 2 #s 8% # #8800 ° # « = <>
O /< Other Graph
" >
0 Embedding Dimension 1
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Case Study: Preliminary Results

Arbitrary Query

Drug-like Ligand
Pharmacophore

Database

- D

Benchmark Data

1 Query
3920 Ligands
< 25 Conformations

N— o

T. Langer | 8" Advanced in silico Drug Desig‘ﬁmshbg'umddk@zﬂacquemard C, Rognan D. (2020). JCIM, 60(9), 4263. doi: 10.1021/acs.jcim.0000155 vlvw!v‘:tged:ml Igér]g
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Case Study: Preliminary Results

20\ 7 35
[> Subgraph
= Target Region =l
25 4
0
Fa & ;f %
, @ 1 Q
) = 20 &
<> Y Supergraph o =
o ()
% 15 ¢
>
=
& 10
& S
> Other Graph 5

PC1 (25.77%)

Benchmark Data
. [cDPKit PhectorMatch

~ N
N -

1 Query
3920 Ligands On Disk S pace 50 MB B+ 20 MB
< 25 Conformations
S creening Time 2.0s
N— -
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Potential for Faster DB Search

Hierarchical Navigable Small Worlds (HNSW) e VVector database for
faster retrieval

<:D‘\E"tg;’"“ * Inherent tree structure

could be exploited
O /

Query Vector

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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Enhanced Hydrophobic Perception

Y={ Classical
CH }. é,\;—z Hydrophobic
t Features

H,G

O % ’i > Atom-typed
HBC/\/\/N - Q. § e S, Hydrophobic
yiia i a Y Features
/N |
H{ ¢ Point-Cloud
Encoder
Vector Embedding
HBCCiD Cheminformatics Approach: ML Approach:
H,C - Gaussian Shape Description - Point Cloud Encoder
- Gaussian Shape Alignment - Order Embedding Alignment

Example molecules adopted from: Wolber G et al., ,Drug Discov. Today, vol. 13, no. 1-2, pp. 23-29,
T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 2008. Inte'l Iga n d
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Innovative
medicines
Initiative

NEURO

DERISKING NEUROTOXICITY

The NeuroDeRIisk project has received funding from the
Innovative Medicines Initiative 2 (IMI2) Joint Undertaking
under grant agreement No 821528.

This Joint Undertaking receives support from the
European Union’s Horizon 2020
research and innovation programme and EFPIA.

https://neuroderisk.eu

efpia

lllllllllllll


https://ec.europa.eu/programmes/horizon2020/en
https://www.efpia.eu/

® 0@ S_ & __El_:l -@ = i neuroderisk.eu 9 - 9__ -gﬂ-] _ —E]j e 5&"% Lniversitét
© G Wien
‘ DERISKING NEUROTOXICITY
HOME CONSORTIUM NEUROTOXICITY NEWS Q&A CONTACT
/
WELCOME TO THE NEURODERISK PROJECT
NeuroDeRisk is an “Innovative Medicines Initiative” (IMI2) project aiming to provide novel validated integrated tools
for improving the preclinical prediction of adverse effects of pharmaceuticals on the nervous system and thus help to
de-risk drug candidates earlier in the Research and Development phases.
The adverse effects of pharmaceuticals on the central or peripheral nervous systems are poorly predicted by the current
in vitro and in vivo preclinical studies performed during Research and Development (R&D) process. Therefore, increasing
the predictivity of the preclinical toolbox is a clear need, and would benefit to human volunteers/patients (safer drugs)
and Pharmaceutical Industry (reduced attrition). By combining top level scientists in neurobiology/toxicology with
successful software developers, the NeuroDeRisk Consortium will aim at tackling three of the most challenging adverse
effects: seizures, psychological/psychiatric changes, and peripheral neuropathies. o -
Lo gh | inte:ligand
. anger | 8 Advanced IN S\ www.inteligand.com Vienna, Austria
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Target Based Approach Outcome Based Approach

- Seizure Risk / Pharmacology
- GABA-A Antagonist

- Suicidal Ideation
- Drugs associated with reported

- GABA-A NAM outcomes (pharmacovigilance)
- GABA-A Channel Blocker - RNA Editing (Alcediag)
- GABA-A PAM

- GABA-A Agonist
- GABA-A Neurosteroid

Structure-Based Modeling Ligand-Based Modeling

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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De-risking Neurotoxicity
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GABA-A orthosteric site, channel SB-modeling examples

" Glu155 \
| Phe200

"/ Y.I

GLU1558B TYR978B

PHEG5A s THR202B

TYR205B =
ARG67A

SER156B

PHE2008B

TYR1578B

GABA-GS-Agonist
(PDB ID:6huj)

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025

‘\% \M 1
.-\\\\\\ ;:..»

‘\\\ N \

L

Phe200 727 p

GLU1SSE
THR202E

PHE65D

TYR205E

~ PHE200E
PHE46D

Picrotoxinin-Channel
(PDB ID:6huj)

Bicuculline-GS-Antagonist
(PDB ID:6huk)
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Can we identify chemical features in 3D-space associated with suicidal ADESs?

» Outcome Based Approach — No &
Target ¥\ W O "
. . . ’\ -,
e Suicidal Ideation (5 terms)
e 1492 drugs with suicidal annotations Name = Matching Features
Bif )X 2 HEE EN
from FAERS, Meta ADEDB and NIH Fydralazine 1 s
databases (pharmacovigilance) e : = =
 Clustering; > 45 LB models created ketoconazole f " _SEaE
eringolie J
and tested Taranabant 4 =
_ Aripiprazole 2 i3]
 Models also generated using imipramine 4 T
: : : Clomipramine ) BE f=|
confidential experimental data from e e ! B =
- Fluoxetine 2 HE o
Alcediag Nortriptyline 3 R W

e Editox — unambiguous IFNa like RNA
P‘?S'HHE%S rr%g[ﬁ?s (,ﬁ[ﬁe[ﬂgag)m like RNA editing (Editox) datasets

o | Van der Laan, S, et. al., (2017) Emerging RNA editing biomarkers will foster drug developmeinte:“ga N
T. Langer | 8% Advanced in silico Drug Design Workshop/Challenge 2025pyr g Discovery Today, 22(7), 1056. doi:10.1016/j.drudis.2017.01.017



De-risking Neurotoxicity

e 60 3D-pharmacophore
models have so far
been incorporated and
deployed In the
NeuroDeRIisk In silico
toolbox and more are
currently developed

NeuroDeRisk
IL Profiler

__>ﬁ’_
@

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025

9 AMPA

NOR -IL -AMPA-Agonist-LB

NOR -IL-AMPA-Antag-Fanapel-6ruq

NDR-IL-AMPA-Kainate-4u2q-a

NDR -IL -AMPA-PAM-HILB -2

NDR -IL-AMPA-PAM-Thiazides- B

6 NMDA N2A

NDR -IL-NMDA-Agonist-Glu-7eu7
NDR -IL-NMDA-Agonist-Gly-7eu?
NDR-IL-NMDA-Antag-Glu-B
NDR -IL &Antaq Gly-1pbq
NDR -IL-NMDA-Antag-Gly18
NDR -IL-NMDA-Channel1B-2

7 Suicidality

NDR-IL-Suadality-2

NDR -IL -Suadality -3
NDR-IL-Susadality-3v 1
NDR-IL-Suadality -4
NDR-IL-Suididality -5
NDR-IL-Suadahty-SE-ed-1
NDR-IL -Suiddality-SE -sd-6

23 GABA-AR

NDR -IL-GABA-A -Barbiturate-B
NDR -IL-GABA-A-Channel4B8-6
NDR -IL-GABA-A-gs-Agorst-6huj-4
NDR -IL-GABA-A-gs-Agonst1B
NOR -IL-GABA-A-gs-Antag-6huk-3
NOR -IL-GABA-A-gs-AntagB

NDR -IL -GABA -A -NAM-Flumazenil-6d6t
NDR -IL -GABA-A-NAM-Flumazeni 1B

NDR-IL-GABA-A-NSteroid-Pregnanolone-508f
NDR-IL-GABA-A-PAM-BDZB-3
NDR-IL-GABA-A-PAM-Diazepam-Shup-2
NDR-IL-GABA-A-Z-drug-B

NDR -IL-GABA-A-a 1-80Z-site-EFPIA-C24
NDR -IL-GABA-A-a 1-8DZ-site EFPIA-C38
NDR -IL-GABA-A-a 1-BDZ-site -EFPIA-C42
NDR -IL -GABA-A-a 1-BDZ -site £FPIA-Cmix-2

NDR -IL-GABA-A-a2-Flumazeni -site EFPIA-C8-2

NDR -IL-GABA-A-a3-Flumazeni -site EFPIA-C6 1
NDR -IL-GABA-A-a3-Flumazeni-site-EFPIA-C 74
NDR-IL-GABA-A-a4-R01545 13-site EFPIA-CS
NDR -IL-GABA-A-aS-Flumazeni-site - EFPIA-C47
NDR -IL-GABA-A-aS-+Flumazeni-aite ﬁ{ 51
NDR-IL-GABA-A-a6-R0 1545 13-site EFPIA
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4 GlyRa3

NDR-IL-GlyRa3-Antag8B

NDR ILGVRB -Antag Stryd‘nne Scfb-d3
NDR IL-GlyRa3-Channel 18
NDR -IL-GlyRa 3-0s-Agonst-Svdh-c

3 BBB Transporter

NOR -IL -888-+ +CO-Antipor ter € 13C1148-2
1L-888-OATP1A2-C 1848
1L-88B-OATP 1A2-C 198

15 PNS

NOR-IL-PNS-Anthra-C3
NORUV PNS-Bendam 1B
N)R-UVJ’NS-CarﬁrTacroHB
NORUV PNS{onazok 18
M)R-UV-PNS-EnbEto{B
NOR-UVPNS -Ixabepd8
NORUV PNS-M188
NORuvaew
N)R-UVJ’NS-M9{B
NORUV PNSMeﬂoq 1B
N)RUVPNS-Ombs-LB
NORUV ﬁﬁrocarbia
NDR -UV-PNS-SnibsLB
MUVR-Taers{B

M 4LV R-Vmcat\ 1B |
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Neurotoxicity Off Target Prediction

* Profile chemical structures (queries) using 3D-pharmacophore models

e Both models and LigandScout algorithms for profiling are encoded into the
NeuroDeRisk IL Profiler node

e Multiple Inputs supported including a 2D-editor

 Visualisation and export in different formats: PNG, CSV, XLS, SDF, etc.

IL CSV Writer NDR-IL-GABA-A-Channel-LB-5
M Flow Variables  Job Manager Selection Memory Policy

NDR-IL-GABA-A-gs-Agonist-6huj-4
- ~ N | S [ R | NDR-IL-GABA-A-gs-Agonist-LB
=l LG = S @ PPt . NDR-IL-GABA-A-gs-Antag-6huk-3
0 Molecule 2 NDR-IL-GABA-A-gs-Antag-LB
NDR-IL-GABA-A-NAM-F lumazenil-6d6t
write results NDR-IL-GABA-A-NSteroid-Pregnanolone-508f
into CSV file NDR-IL-GABA-A-PAM-Diazepam-6hup
NDR-IL-GABA-A-PAM-F lurazepam-2yoe
NDR-IL-Suicidality-2
NeuroDeRisk NDR-IL-Suicidality-ed-3

Cc

N « o .
Molecule 2D Editor IL Profiler SDF Writer NDR-IL-Suicidality-3vl

: NDR-IL-Suicidality-4

S

F

g - NDR-IL-Suicidality-md-5
H Dt P Y D NDR-IL-Suicidality-SE-ed-1
NDR-IL-Suicidality-SE-sd-6
cl D NDR-UV-PNS-Bendam-LB
Z NDR-UV-PNS~CarfilTacrol-LB
N draw molecule(s) Node 9 yvnte results NDR-UV-PNS-Conazols-LB
| O into SOF file NDR-UV-PNS-EribEto-LB
P NDR-UV-PNS-Ixabepil-LB
? ( ' Database List NDR-UV-PNS-M18-LB

NDR-UV-PNS-M6-LB
XLS Writer NDR-UV-PNS-M9-LB

NDR-UV-PNS-Mef Llog-LB
: ' NDR=UV-=PNS-Omibs-LB
NDR-UV-PNS-Procarb-LB

Node 10 o NDR-UV-PNS-Snibs-LB
Name: [Aspirin 8 NDR-UV-PNS-Taxels-LB
~ write results NDR-UV-PNS-VincaA-LB
into EXCEL file

LDE P

DO 0000000000000 NOMHMFUNMLEOODOODODONLE DL

oK Apply Cance Pharmacophores: 30 Molecules: 9
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* Next generation pharmacophore models are ready for the most
difficult challenges in computer aided molecular design

e Highly useful for hit identification & prioritisation
« Amendable for high precision virtual screening Iin exa scale libraries
 Most comprehensive for medicinal chemistry guidance

e Take Into account dynamic effects in binding Kinetics and translate
directly to design

e Better lead structures void of toxicity risks

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~vinteligandcom &) Vienna, Austria



Understanding MD Trajectories

e Define a new way to analyse MD trajectory big data:
Hierarchical pharmacophore graph representation

Crystallographic structure

y

Garon A et al., Models. Front. Mol. Bioscl. 7:599059. doi: 10.3389/fmolb.2020.599059

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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3-D Pharmacophore models
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MD P4 Relationship Analysis

» Hierarchical network of pharmacophores

e Layers are organised by multidimensional scaling

—each node represents one unique
pharmacophore model

—nodes are sorted to best represent
the distance between them

— fingerprint space reduced Iinto
one dimension

— distance between nodes defined
by Manhattan metrics

2JuelSIp ueneyue

Pharmacophore vectors

Pharmacophore vectors

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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P4 Model Vector Representation 0 Wiggiat
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P4 Model Vector Representation

B
A
1 |0 A
o
/
1 |1 B
D 1 |1 C
1 |1 D
E
1 |1 E
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P4 Model Vector Representation

B

A
#
/ B
C
D
: E
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P4 Model Vector Representation

B

A
/

B
C

E
E

[ 4 °
[ J
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P4 Model Vector Representation

1 0 A
®
/
1 |1 B
1 |1 C
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Hierarchical Links Between Models
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Hierarchical Links Between Models I Wieh
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Hierarchical Links Between Models I Wieh
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Hierarchical Links Between Models

s fol1 oo

A

1

B 1 (0
1

=
=
=
=

1

1
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Multi-dimensional Scaling

1 o1 1o fo

1

1

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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Distance Matrix
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Multi-dimensional Scaling

Projection

1 o1 1o fo

\A *
B 1 /0 (2 |1 (1 |1
1 /1111 0|0
1 11 /1 1 1 |1
C

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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From P4 Model to Vector to Node

] ®
€]
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www.inteligand.com Vienna, Austria



Lniversitat
wien

Hierarchical Graph of P4 Models

e 3-D Pharmacophore model <=> Vector <=> Node
 Frequency <= Node size
e Hierarchical link <=> Subset/superset ot P4 features

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~vinteligandcom &) Vienna, Austria



Hierarchical Graph of P4 Models

e 3-D Pharmacophore model <=> Vector <=> Node
 Frequency <= Node size

e Hierarchical link <=> Subset/superset ot P4 teatures
 Node color (observed/calculated)

1]ol110]0

A
B 1|02 (2[1]1

111111100

171111 1
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Hierarchical Graph of P4 Models

 3-D Pharmacophore model <=> Vector <=> Node
 Frequency <= Node size

e Hierarchical link <=> Subset/superset ot P4 tfeatures
 Node color (observed/calculated)

e Distance projection: Y-AXIS

Distance Projection

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025 ~winteligandcom & Vienna, Austria
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Hierarchical Graph of P4 Models

e 3-D Pharmacophore model <=> Vector <=> Node
 Frequency <= Node size

e Hierarchical link <=> Subset/superset ot P4 teatures
 Node color (observed/calculated)
e Distance projection: Y-AXIS

« Number of node features: X-AXIS

Distance Projection

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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Example

Distance Projection

Number of Features

inte:ligand
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Example - Virtual Screening AUC

AUC Virtual
Screening

1.0

" —_— —== .;éz:w%\j__ ( /,I/i 5

LI5S :
; i‘. ——

Distance Projection

0.0

Number of Features
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Example - P4 C|USterIﬂg QLVr\}i\e/re]rsitét

Pharmacophore =7 —
clustering w =

- T
7 A
P
— 1
‘ 7 7

Distance Projection

Number of Features
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P4 Feature Representation

/ Type of Interaction

e Partnhers
— X,Y,Z Coordinates

. Type of Interaction

~

— Distance, Angle, Direction

/

— Distance, Angle, Direction

e Partners

— The Ligand Atoms / None

— The Protein Atoms / Residue Na

T. Langer | 8" Advanced in silico Drug Design Workshop/Challenge 2025
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Example - P4 Feature Partners 7 wjversit

Parthers
— The Ligand Atoms

— The Protein At

NI LS
= e 5 7 e e s
=
B e ———= " —ry)
— _//7///;%/;/ ‘;f-/’ / [ ,: ) == f/ s
s o 7 e "\ilf- L::__:A v _ i‘/~ 7 ~'

Distance Projection

Number of Features

G assassaasoassacssassEaes 202090909020
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Partners
— The Ligand Atoms

— The Protein Residue Nanrr

Distance Projection

Number of Features

_Seees =
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Tree Simplification (2)

— The Protein Residue Names o

Distance Projection
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Number of Features
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Glucokinase Case Study

e Analysis of SR R—
binding
modes
of ligands <
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Conclusions

e Our pattern recognition-base pharmacophore technique Is superior to
all previous P4 methods with respect to speed and accuracy

m Highly useful for hit identification

 The pharmacophore interaction analysis concept Is no more limited to
static observation but is available in a convenient dynamic approach

m Highly useful for lead structure optimisation
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