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Never Forget !

• Risk of toxicity / unwanted side effects can also be 
related to drug metabolites 

• All possible metabolites must therefore be 
enumerated and assessed 

• For in silico prediction of metabolism, see e.g.   Predicting Drug Metabolism: Experiment and/or Computation? 
Kirchmair et al., Nature Reviews Drug Discovery 14, 387–404 (2015)  



Rule-based Approach
• Alerts based on substructure analysis and  

compound database knowlegde-based search 
• For examples see e.g. Lhasa Limited  

- Derek Nexus

http://Lhasalimited.org

http://Lhasalimited.org


Rule-based Tools

http://Lhasalimited.org

http://Lhasalimited.org
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http://etoxproject.eu

http://etoxproject.eu
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(Q)SAR-based Approach
• Usually, activity is calculated as a function of 

molecular descriptors or physicochemical 
parameters 

• Modification: Toxicity Index (Ti)  
– Lipophilicity 
– pKa 
– Molecular refractivity 
– Polarizability 
– Volume 
– …

Dearden J., J. Comp.-Aided Mol. Des. 17, 119-127 (2003)  



(Q)SAR-based Approach

King L.A. et al., Med. Sci. Law, 23 (1983) 193. 

120

This review paper examines the various ap-
proaches that have been and are being taken for in
silico prediction of drug toxicity.

Quantitative structure-activity relationships
(QSARs)

QSARs for congeneric series
A QSAR is a statistically derived rule that quant-
itatively describes a molecular property in terms of
descriptors of chemical structure. The basis of QSAR
was set out by the statement by Crum Brown and
Fraser [3] in 1868–69 that ‘there can be no reas-
onable doubt but that a relation exists between the
physiological action of a substance and its chemical
composition and constitution’. However, the modern
science of QSAR can be said to date from the seminal
1962 publication of Hansch et al. [4], which estab-
lished, inter alia, the use of multiple linear regression
as an important tool for the correlation of biological
activity with descriptors of chemical structure.

In order for a QSAR to model biological data well,
and to be predictive, it is generally acknowledged that
all the compounds involved should act by the same
mechanism, since the physico-chemical and structural
descriptors used in the QSAR are deemed to reflect
mechanism of action. Since it is difficult to determ-
ine mechanism of action, the compounds involved in
a QSAR correlation are usually restricted to a given
chemical class in the hope that this will ensure a single
mechanism of action.

Generally, the prime aim in developing a QSAR
is so that it can be used for predictive purposes. It is
therefore important that the statistics given with the
QSAR give an indication of its predictivity. This is
achieved by the use of either internal validation (cross-
validation) or external validation (use of a test-set).
The latter is to be preferred, but is not always possible
because of, for example, the small size of the data-
set. It has to be said that very few published QSARs,
especially those published more than about five years
ago, meet this criterion.

Another important point regarding the usefulness
of a QSAR for toxicity is that the toxicity should be
considered in relation to the desired activity. For ex-
ample, a compound may be predicted to be toxic at a
dose of 1 µmol kg−1, but whether or not that is ac-
ceptable depends on the therapeutic dose; if the latter
is 10 nmol kg−1, the toxicity could be acceptable, but
if the therapeutic dose is 10 µmol kg−1, the toxicity

is unacceptable. In other words, it is the therapeutic
ratio, not toxicity alone, that should be considered.
Sadly, most published toxicity QSARs do not address
this point.

It is a curious fact that most of the published QSAR
studies of drug toxicity were made in the period 1970–
1990. Has the QSAR community, by and large, lost
interest in drug toxicity prediction? It is true that, with
the recent advent of combinatorial chemistry, there is
a much greater interest in screening diverse libraries,
which are not so amenable to classical QSAR analysis.
Another reason may be the industry’s preoccupation
with the search for ever-increasing potency of drugs.

Published drug toxicity QSARs cover over 30 dif-
ferent end-points, from carcinogenicity to neurotox-
icity to gastric irritancy. It is not possible here to
discuss all of these, but it is appropriate to look at
a number of examples. In 1973 Hansch and Clayton
[5] modelled the acute toxicity of barbiturates to the
mouse using only the octanol-water partition coeffi-
cient (P), a measure of hydrophobicity:

log1/LD50 = 1.02logP − −0.27(logP)2 + 1.86 (1)

n = 13 r2 = 0.852 s = 0.113

where LD50 = dose to kill 50% of mice, n = number of
compounds used in developing the QSAR (the training
set), r = correlation coefficient, and s = standard error
of the estimate.

The use of the (log P)2 term, and its negative sign,
indicate that toxicity passes through a maximum as
hydrophobicity increases. This is commonly observed
[5], and results from the differing ability of drugs
with different hydrophobicities to enter and leave lipid
membranes en route to the site of action.

It is rare to find human drug toxicity studies. One
such was carried out by King and Moffat [6], who used
as a toxicity index (TI) of barbiturates the number of
U.K. deaths in a given year from a specified barbitur-
ate divided by the number of prescriptions issued for
that barbiturate:

logTI = 1.48logP − 1.28 (2)

n = 5 r2 = 0.983 s = 0.078

Although the data-set is very small, the statistics
are remarkably high, reflecting probably the accuracy
of the data. The limited log P range of the 5 barbit-
urates probably explains the lack of observed biphasic
dependence on hydrophobicity.



(Q)SAR-based Tools



General Workflow

algorithms, software, data, etc.) to organize, analyze,
model, simulate, visualize, or predict toxicity of che-
micals.5,6 It is intertwined with in silico pharmacol-
ogy, which uses information from computational
tools to analyze beneficial or adverse effects of drugs
for therapeutic purposes.5,6

Computational methods aim to complement
in vitro and in vivo toxicity tests to potentially mini-
mize the need for animal testing, reduce the cost and
time of toxicity tests, and improve toxicity prediction
and safety assessment. In addition, computational
methods have a unique advantage of being able to
estimate chemicals for toxicity even before they are
synthesized.7 In silico toxicology encompasses a wide
variety of computational tools (Figure 1):
(A) databases for storing data about chemicals, their
toxicity, and chemical properties; (B) software for
generating molecular descriptors; (C) simulation
tools for systems biology and molecular dynamics;
(D) modeling methods for toxicity prediction;
(E) modeling tools such as statistical packages and
software for generating prediction models; (F) expert
systems that include pre-built models in web servers
or standalone applications for predicting toxicity;
and (G) visualization tools.

The purpose of this study is to provide a com-
prehensive overview of existing modeling methods

and algorithms for toxicity prediction (element D
above), with a particular (but not exclusive) emphasis
on computational tools that can implement these
methods (element E), and expert systems that deploy
the prediction models (element F). Due to the nature
of this expanding field, this study cannot provide an
exhaustive overview of all the seven in silico compo-
nents mentioned above. Therefore, the reader is
encouraged to refer to existing literature to get more
information about toxicity databases,6,8–11 molecular
descriptors generation software,12 toxicology simula-
tion tools,13,14 statistical modeling packages,12 expert
systems6,9,11,12,15–17, and visualization tools.18

Generally, modeling methods include five major
steps while developing prediction models19

(Figure 1): (1) gathering biological data that contain
associations between chemicals and toxicity end-
points, (2) calculating molecular descriptors of the
chemicals, (3) generating a prediction model, (4) eval-
uating the accuracy of the model, and (5) interpreting
the model.

The scope of this review covers the third step,
generating prediction models. We focus on using
computational methods to predict toxicity of differ-
ent types of substances such as drugs, other chemi-
cals, mixtures, and nanomaterials both quantitatively
and qualitatively. There are various methods to solve

In silico
Toxicology

Databases
Generate
molecular
descriptors

Generate
model

Model
evaluation

Model
interpretation

Simulation

Steps for generating prediction models

Methods for generating the models

Data gathering

Structural
alerts QSAR Read-across PK and PD

Dose- and
time-

response

Uncertainty
factors

Molecular
descriptors

Modeling
methods

Modeling
software

Pre-built
models Visualization

FIGURE 1 | In silico toxicology tools, steps to generate prediction models, and categories of prediction models.
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A New Trend: Read-across

Raies et al., WIREs Comput Mol Sci 6, 147–172 (2016) 
however, that the points discussed are similarly appli-
cable to trend analysis.

There are two ways to develop a read-across
method12,45,48: analog approach (AN) (called one-to-
one), which uses one or few analogs, and a category
approach (CA) (called many-to-one), which uses
many analogs. AN may be sensitive to outliers
because two analogs may have different toxicity pro-
files.12 Using many analogs for CA is useful to detect
trends within a category and may increase confidence
in the toxicity predictions.11,45,48 CA requires defin-
ing a category boundary to determine if a chemical
belongs to the category45 and implementing a
‘combination of predictions’ method for analogs that
have conflicting toxicity profiles. A combination of
predictions can be done using (if applicable) mini-
mum, maximum, mode, median, average, linear,
quadratic, or other nonlinear combinations of the
predictions.47

Read-across can be qualitative if the toxicity
endpoint is qualitative; otherwise, read-across is
quantitative.6,9,12 Also, interpolation using source
chemicals surrounding the target chemical (see
Figure 2) is better than extrapolation from one
side.17 In Figure 2, interpolation is used with the
chemical that has CCL of length 6, but extrapolation
is used with a chemical that has CCL of length 12.

Identifying similar chemicals can be done in
two steps: representing chemicals as feature vectors

of chemical properties, and then calculating similarity
of chemicals. The first step is implemented using
either binary or holographic fingerprints. A binary
fingerprint is a feature vector of binary bits represent-
ing presence (1) or absence (0) of a property
(e.g. presence of a methyl group).44,47 However, a
holographic fingerprint uses frequency of properties
(e.g. number of methyl groups). Continuous chemical
properties (e.g., melting point) can be used as well. A
hierarchy of categories and subcategories can be bet-
ter than a single feature vector. At each level of the
hierarchy, a property is applied for category forma-
tion. Subsequently, categories are divided using
another property to generate subcategories and so
on. The hierarchy can allow for investigating the sig-
nificance of properties and can simplify model inter-
pretation.47 An example of hierarchal categories is
provided in ref. 47. Statistical similarity of two che-
micals can be calculated using different types of dis-
tances, such as Hamming, Euclidean, Cosine,
Mahalanobis, Tanimoto distance, or linear or nonlin-
ear relationships of the features.45,47

There are several advantages of read-across.
Read-across is transparent,16 easy to interpret and
implement.44 Read-across can model quantitative
and qualitative toxicity endpoints, and it allows for a
wide range of types of descriptors and similarity mea-
sures to be used to express similarity between
chemicals.47

Combination
of predictions

• Minimum
• Maximum
• Mode
• Median
• Average
• Linear combination
• Nonlinear combination

• Structure
• Molecular topology
• Functional
• Physiochemical
• Metabolic pathway
• Mechanism of action
• Test species

• Hamming
• Euclidean
• Cosine
• Tanimoto

Quantitative
versus 

qualitative Number and
type of

similarity
properties

Binary versus
holographic
fingerprint

Interpolation
versus

extrapolation

Category
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analogue

Category
boundary

Number and
choice of
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Number and
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FIGURE 3 | Different properties of read-across models.
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Molecular Interaction Approach

• Assumption: toxicity / unwanted side effect is based 
on molecular interactions between drug and target 

• Correlation between interaction pattern and effect 
• Advantage: Bi-directional information flow possible 
• Pharmacophore concept established 



“A pharmacophore is the ensemble of steric and electronic 
features that is necessary to ensure the optimal supra-
molecular interactions with a specific biological target and to 
trigger (or block) its biological response.”    

   

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

The Pharmacophore Concept



Feature-based Pharmacophores
    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 inter-
actions, hydrophobic regions, coordination to metal ions ... 



3D 
Pharmacophore 

as a query

Screen rapidly large  
multi-conformational  
compound databases 

Pharmacophore-based Screening
Structure-Based Pharmacophore Ligand-Based Pharmacophore



Pharmacophore Screening ...

[Mangold 2006]   Martina Mangold. Human Rhinovirus Coat Protein Inhibitors - A Pharmacophore Modeling Approach.  
     Master’s thesis at the University of Innsbruck (2006) 

Catalyst/DS

51 vHits 73 vHits

21 vHits

Phase

MOE

6

3 2
2



Pharmacophore Screening ...

[Mangold 2006]   Martina Mangold. Human Rhinovirus Coat Protein Inhibitors - A Pharmacophore Modeling Approach.  
     Master’s thesis at the University of Innsbruck (2006) 

Catalyst/DS

78 vHits 48 vHits

168 vHits

Phase

MOE

5

10 7
2



There Is A Problem ...

• “Old” 3D pharmacophore methods suffer  
 from severe limitations 

–  different tools return inconsistent results  

–  alignment by graph matching  ---->  slow 

–  low number of features  ---->  inaccurate

What is the solution ?



Pattern Recognition



... Breaking the Code

• Why Yuor Barin Can Raed Tihs

http://www.livescience.com/18392-reading-jumbled-words.html

http://www.livescience.com/18392-reading-jumbled-words.html


... Breaking the Code

• It deson’t mttaer in waht oredr the ltteers in a 
wrod aepapr, the olny iprmoatnt tihng is taht the 
frist and lsat ltteer are in the rghit pcale. The rset 
can be a toatl mses and you can sitll raed it 
wouthit pobelrm.

http://www.livescience.com/18392-reading-jumbled-words.html

http://www.livescience.com/18392-reading-jumbled-words.html


... Breaking the Code

• S1M1L4RLY,  Y0UR  M1ND  15  R34D1NG  
7H15 4U70M471C4LLY  W17H0U7  3V3N  
7H1NK1NG  4B0U7   17

http://www.livescience.com/18392-reading-jumbled-words.html

http://www.livescience.com/18392-reading-jumbled-words.html


What Are We Looking At ?



It’s all about pattern recognition !



We Need Speed & Accuracy

• Redesign the alignment algorithm 

• Avoid computationally inefficient graph matching 

• Create a pattern recognition based approach  

0 | 1 | 1 

0 | 0 | 1 

0 | 1 | 1 Donor

Acceptor

Lipophilic

Typed Distance Shells



LigandScout Design Platform

http://www.inteligand.com

http://www.inteligand.com


LigandScout Scientific Articles
• More than 1500 papers* 

– structure-based modeling 

– ligand-based modeling 

– virtual screening 

• Hit identification 

• Fragment-based design 
• Lead structure optimization 

• Protein-Protein Interactions 
• Drug repurposing 

• Profiling (side-effects) * scholar.google.com, March 2018

http://scholar.google.com


Drug Repurposing

Yinxiang Wei et al., Mol Cancer Ther 2012, 11, 1693-1702.



LigandScout Model of ABCG2-I

Yinxiang Wei et al., Mol Cancer Ther 2012, 11, 1693-1702.



Inhibiting ABCG2 With Sorafenib

… at a concentration up to 2,5µM/L 
no cytotoxic effect was observed ... 

…. led us to conclude that sorafenib 
behaves like ABCG2 degradation-
induced inhibitor. Sorafenib may, 
therefore, be a good candidate for 
MDR chemosensitizing agent …

Yinxiang Wei et al., Mol Cancer Ther 2012, 11, 1693-1702.



One Step Further - Ligand Profiling



Usual Virtual Screening Protocols

10x molecules against one target

results in a hit list



Pharmacophores for Profiling

10x molecules 
against  
10x targets

... needs a large number of models !



Multitarget Activity Profiling
• Make easy-to-use technology available for parallel screening 

• Create multitude of interaction models for interesting targets 

• Our solution: The KNIME Workflow Environment

http://www.knime.org



drag & drop







Toxicity Assessment Models
7 year collaborative EC Project on Toxicity Prediction



KNIME Workflow Tutorials



Another Success Story
• Collaboration with Domain Therapeutics (F) 

- Target: mGluR4 positive allosteric modulators  
- Disease area: Parkinson, Schizophrenia 

• Project Setup 
- 3 years, 2.5 FTEs at Prestwick for med. chem.  

   (hit to lead & and lead optimization) 
• Result 

- Optimized lead family, in vivo proof of concept 
- Patent filed by October 2009



mGluR4 PAMs



mGluR4 PAMs Project

• Starting point: (-)-PHCCC

Flat S
AR

• The result: 



mGluR4 PAMs Patent

WO2011051478A1



mGluR4 PAMs Patent

in total: 
124 examples 

described

WO2011051478A1



Pharmacophore Modeling
For benchmarking against Addex compounds ...



In silico Profiling



Another Success Story
• Collaboration with Domain Therapeutics (F) 

- Target: mGluR-4 positive allosteric modulators  
- Disease area: Parkinson, Schizophrenia 

• Project Setup 
- 3 Years, 2.5 FTEs at Prestwick for med chem (hit to 

lead & and lead optimization) 
• Result 

- Optimized lead family, in vivo proof of concept 
- License agreement signed in Q4 2010



Foliglurax



How did the story continue ?
• Merck Serono closed their site in Geneva in 2012 

and gave up all their neuroscience projects 
• An ex-Merck team started Prexton Therapeutics 

and acquired the mGluR4 PAM project 
• Foliglurax was selected as candidate and was 

developed into the clinics up to Phase II 
• March 2018: Lundbeck acquired Prexton 

Therapeutics (total deal volume 1.12 billion USD)



Foliglurax



Natural Product Target Fishing
• Target identification for leoligin, the  

major lignan from the plant Edelweiss  
(Leontopodium alpinum Cass.), 

• Construction of a 3D multiconformational 
molecular structure of this compound 

• Pharmacophore-based ligand affinity profiling 

• Isolation and biological testing

K. Duwensee, et al.,  Atherosclerosis (2011) 219, 109-115



Leoligin: Pharmacophore Profiling

Leoligin matches the pharmacophore model encoding for the 
interaction site of cholesteryl ester transfer protein (CETP)

K. Duwensee, et al.,  Atherosclerosis (2011) 219, 109-115



Biological Testing

Leoligin activates CETP in vivo 
(7 days test with CETP 
transgenic mice, leoligin  
dosed orally) 

Leoligin enhances the activity of 
human and rabbit CETP in vitro 
when applied in subnanomolar 
concentration (control Probucol)  

K. Duwensee, et al.,  Atherosclerosis (2011) 219, 109-115



Further Analysis: New Target ?

B. Scharinger, et al.,  J Mol Cell Cardiol (2016) 99, 35-46

Leoligin, the major lignan from Edelweiss, inhibits
3-hydroxy-3-methyl-glutaryl-CoA reductase and reduces cholesterol
levels in ApoE−/− mice

Bernhard Scharinger a, Barbara Messner a, Adrian Türkcan a, Daniela Schuster b, Anna Vuorinen b,
Florian Pitterl c, Katharina Heinz d, Kathrin Arnhard c, Günther Laufer e, Michael Grimm d, Hermann Stuppner f,
Herbert Oberacher c, Philipp Eller g, Andreas Ritsch h, David Bernhard d,⁎
a Cardiac Surgery Research Laboratory, Department of Surgery, Medical University of Vienna, Vienna, Austria
b Institute of Pharmacy/Pharmaceutical Chemistry and Centre for Molecular Biosciences Innsbruck – CMBI, University of Innsbruck, Innsbruck, Austria
c Institute of Legal Medicine and Core Facility Metabolomics, Medical University of Innsbruck, Innsbruck, Austria
d Cardiac Surgery Research Laboratory, University Clinic for Cardiac Surgery, Medical University of Innsbruck, Innsbruck, Austria
e Division of Cardiac Surgery, Medical University of Vienna, Vienna, Austria
f Institute of Pharmacy/Pharmacognosy and Centre for Molecular Biosciences Innsbruck – CMBI, University of Innsbruck, Innsbruck, Austria
g Department of Internal Medicine, Intensive Care Unit, Medical University of Graz, Graz, Austria
h Department of Internal Medicine I, Medical University of Innsbruck, Innsbruck, Austria

a b s t r a c ta r t i c l e i n f o
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The health benefit through the control of lipid levels in hyperlipidaemic individuals is evident from a large num-
ber of studies. The pharmacological options to achieve this goal shall be as specific and personalized as the rea-
sons for and co-factors of hyperlipidaemia. It was the goal of this study to reveal the impact of leoligin on
cholesterol levels and to define its mechanism of action.
Oral application of leoligin in ApoE−/−mice led to significantly reduced total serum cholesterol levels and a re-
duction in postprandial blood glucose peak levels. In the absence of biochemical signs of toxicity, leoligin treat-
ment resulted in reduced weight gain in mice. The effects of leoligin on serum cholesterol levels may be due to
a direct inhibition of 3-hydroxy-3-methyl-glutaryl-CoA reductase (HMGCR) by a unique, non-statin-like binding
mode. Postprandial serum glucose peaks may be reduced by a mild peroxisome proliferator-activated receptor-
gamma (PPAR-γ) agonistic activity of leoligin. No effect on atherosclerotic plaque size was observed.
As a non-toxic, cholesterol-, peak glucose-, andweight gain-lowering compound, leoligin continues to fulfil char-
acteristics of a potential agent for the treatment of cardiovascular disease (CVD). The counterregulatory overex-
pression of hepatic HMGCR in leoligin treated animals possibly explains the missing permanent anti-
atherosclerotic effect.

© 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Keywords:
Cholesterol
HMGCR inhibitor
Diabetes
Obesity
Therapy

1. Introduction

In 1913, Anitschkow and Chalatov showed that a cholesterol rich
diet in rabbits produces vascular lesions similar to atherosclerotic lesion
in humans [1]. Consequently, numerous animal, clinical, and epidemio-
logical studies elucidated the association and causality between
dyslipidaemia, the development of atherosclerosis, and coronary artery
disease (CAD) mortality. Important pioneering work which cleared the
way for the lipid-hypothesis of atherosclerosis included i) the identifica-
tion of HMGCR as the rate-limiting enzyme of cholesterol biosynthesis
[2], ii) the discovery of the low-density lipoprotein (LDL) – receptor

[3], iii) the FraminghamHeart study providing evidence for the associa-
tion between hypercholesterolemia and CAD [4,5], iv) the introduction
of HMGCR inhibitors, better known as statins [6], and v) the outcome
of the Coronary Primary Prevention Trail in 1984, showing that a reduc-
tion of total plasma- and LDL-cholesterol results in a lower incidence of
CAD [7,8]. Treatment options for atherosclerosis and CADwhich include
conservative approaches, such as physical exercise, diet, and pharmaco-
therapy [9] as well as interventional options, namely coronary artery
bypass grafting and percutaneous coronary intervention are versatile
and mainly depended on an individual's genetic background, life style,
and the stage of the disease. In the last two decades LDL-cholesterol
lowering statins have been shown to reduce mortality rates in primary
and secondary prevention of CAD [10,11]. Moreover, several studies in-
vestigated the effects of statins on atherosclerotic plaque progression
and demonstrated that an aggressive statin regiment results in a

Journal of Molecular and Cellular Cardiology 99 (2016) 35–46

⁎ Corresponding author at: Cardiac Surgery Research Laboratory, Medical University of
Innsbruck, Innrain 66A, 5th floor, room 15, A-6020 Innsbruck, Austria.

E-mail address: david.bernhard@i-med.ac.at (D. Bernhard).
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0022-2828/© 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Further Analysis: New Target ?

morphology could be observed, we tested for a potential hepatic origin
for the loss of leoligin activity. Accordingly, we first performed HMGCR
staining in mouse liver sections. After two weeks of treatment with
leoligin no differences in hepatic HMGCR expression were observed
compared to the vehicle control group (Fig. 4A and B). However, after
16 weeks of treatment, paralleled by the disappearance of the drug ef-
fect on lipid levels and in the absence of inhibition of plaque formation
by leoligin, we could observe a significant increase in hepatic HMGCR
expression by leoligin (1 μM (p = 0.04) and 50 μM (p= 0.031)) com-
pared to the control (Fig. 4C and D).

Further, we performed an Oil Red O staining to determine hepatic
lipid and cholesterol depositions andmeasured liver andwhole body
weight at the end of the experiment. Compared to the control group,
Oil Red O positive area was significantly increased in the 1 μM
leoligin group (Fig. 5A and B), indicating more lipid/cholesterol de-
position in the liver. In addition, liver weight/body weight ratio
was slightly but significantly increased in this group (Fig. 5C).

However, absolute liver weight did not differ significantly between
the groups, and also relative liver/body weight ratio (apart from
the above exception) was not affected by the treatment. Microscopic
morphologic inspection of the liver parenchyma did not reveal gen-
eral alterations in liver architecture.

3.7. Low concentrations of leoligin may slightly increase LDL-receptor
activity

In order to test for potential alterations in liver cholesterol uptake
and metabolism, Western blot analyses of liver tissue homogenate for
ABCA-1, SR-B1, and LDL-R, as well as in vitro cholesterol uptake and ef-
flux analyses were performed. The increased cholesterol deposition in
the 1 μM leoligin group cannot be explained by increased uptake of
HDL-cholesterol via SR-B1 since expression of this protein was not af-
fected (Fig. 5D and Supplementary Fig. S3). Additionally, HDL function
seemed preserved as shown by measurement of HDL mediated choles-
terol efflux in leoligin treated J774 mouse macrophages (Supplementa-
ry Fig. S2B). This is in line with additional in vitro experiments where
leoligin did not affect HDL-cholesterol uptake in HEK293 cells (Supple-
mentary Fig. S2A). However, the observed increased lipid content in the
livermight be explained by enhanced LDL-R activity.Western blot anal-
ysis of liver specimen showed at least a trend towards an increased LDL-
R expression inmice treatedwith 1 and 10 μMleoligin. (Fig. 5D and Sup-
plementary Fig. S3).

3.8. Leoligin reduces peak blood glucose levels in ApoE−/− mice

Because changes of lipid levels may also be caused by disturbed glu-
cose metabolism, wemeasured fasting glucose levels and glucose toler-
ance after 2 and 16 weeks of treatment with leoligin or vehicle control.
We did not observe any significant differences in basal fasting glucose
values between the different treatment groups at either time point.
However, after 2 weeks of treatment, peak blood glucose levels
60 min after intraperitoneal injection of glucose were significantly
lower in the 10 μM and 50 μM leoligin group compared to the control
(p = 0.009 and p = 0.002, respectively) (Fig. 6A). The intraperitoneal
glucose tolerance test was also performed after 16 weeks of treatment,
showing only a non-significant trend for reduced serum glucose peak
values under leoligin treatment (Fig. 6B).

3.9. Leoligin is a weak PPAR-γ agonist in vitro and interacts with the ligand
binding domain of PPAR-γ in in silico molecular modelling

Since PPAR-γ agonists are known to increase insulin sensitivity
without affecting fasting glucose, we hypothesized that leoligin might
interact with PPAR-γ activity. Based on the results of the IPGTT, where
mice treated with leoligin had significantly lower peak blood glucose
levels after intraperitoneal injection of glucose, we tested leoligin in a
cell-based PPAR-γ activity assay. The cell based assay showed, that
leoligin slightly increases (not statistically significant) PPAR-γ activity
when applied alone (Fig. 7A). In the presence of the PPAR-γ agonist
(rosiglitazone), leoligin decreased rosiglitazone induced PPAR-γ activi-
ty significantly (Fig. 7B). On the contrary, when the PPAR-γ antagonist
(GW9662)was added to the cells leoliginwas, once again, capable of in-
creasing PPAR-γ activity (non-significantly; p = 0.074) (Fig.7C).

To describe the interaction of leoligin with PPAR-γ more precisely,
molecular modelling and docking experiments were performed. Leoligin
was predicted to bind to the PPAR-γ ligand binding domain at a similar
site that is described for pioglitazone (Fig. 7D). Leoligin forms two hydro-
gen bond acceptors with Cys285 and Ser342 (red arrows, Fig. 7E and F).
Additionally, extensive hydrophobic contacts are established between
leoligin and PPAR-γ (yellow spheres, Fig. 7E and F).

Fig. 2. Leoligin inhibits 3-hydroxy-3-methylglutaryl-CoA-reductase and molecular
modelling and docking of leoligin with HMG-CoA-reductase suggests an unconventional
binding mode. (A) HMGCR activity is shown as percent of the activity control (activity
control equals 100%). Leoligin significantly inhibits the activity of HMGCR to a similar
extent as 100 μM pravastatin in vitro. **p b 0.01, ***p b 0.001. n = 4 for each data point.
(B) Alignment of bioactive conformations of statin molecules bound to HMGCR. (C)
Chemical functionalities shared by different statins. (D) Leoligin mapped to the common
feature statin model. All but two chemical features (red spheres) were mapped by the
ligand, suggesting similar protein-ligand interaction profiles compared to the currently
used statins. (E) Simvastatin bound to HMGCR in the PDB entry 1hw9. (F) The statin
forms hydrophobic contacts, hydrogen bond acceptors and donors, and a charged
interaction with Arg590. Suggested binding orientation of leoligin within the HMGCR
active site. Similar to simvastatin, hydrophobic contacts and hydrogen bond networks
also including Arg590 are formed. Interaction types are colour-coded: red – hydrogen
bond acceptor, green – hydrogen bond donor, yellow – hydrophobic, red star – negative
charge.
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New Target Confirmed (1)
• Leoligin is able to form similar protein-ligand interactions with 

HMGCR as statins do: confirmed by docking

Simvastatin in HMGCR Leoligin docked into HMGCR

morphology could be observed, we tested for a potential hepatic origin
for the loss of leoligin activity. Accordingly, we first performed HMGCR
staining in mouse liver sections. After two weeks of treatment with
leoligin no differences in hepatic HMGCR expression were observed
compared to the vehicle control group (Fig. 4A and B). However, after
16 weeks of treatment, paralleled by the disappearance of the drug ef-
fect on lipid levels and in the absence of inhibition of plaque formation
by leoligin, we could observe a significant increase in hepatic HMGCR
expression by leoligin (1 μM (p = 0.04) and 50 μM (p= 0.031)) com-
pared to the control (Fig. 4C and D).

Further, we performed an Oil Red O staining to determine hepatic
lipid and cholesterol depositions andmeasured liver andwhole body
weight at the end of the experiment. Compared to the control group,
Oil Red O positive area was significantly increased in the 1 μM
leoligin group (Fig. 5A and B), indicating more lipid/cholesterol de-
position in the liver. In addition, liver weight/body weight ratio
was slightly but significantly increased in this group (Fig. 5C).

However, absolute liver weight did not differ significantly between
the groups, and also relative liver/body weight ratio (apart from
the above exception) was not affected by the treatment. Microscopic
morphologic inspection of the liver parenchyma did not reveal gen-
eral alterations in liver architecture.

3.7. Low concentrations of leoligin may slightly increase LDL-receptor
activity

In order to test for potential alterations in liver cholesterol uptake
and metabolism, Western blot analyses of liver tissue homogenate for
ABCA-1, SR-B1, and LDL-R, as well as in vitro cholesterol uptake and ef-
flux analyses were performed. The increased cholesterol deposition in
the 1 μM leoligin group cannot be explained by increased uptake of
HDL-cholesterol via SR-B1 since expression of this protein was not af-
fected (Fig. 5D and Supplementary Fig. S3). Additionally, HDL function
seemed preserved as shown by measurement of HDL mediated choles-
terol efflux in leoligin treated J774 mouse macrophages (Supplementa-
ry Fig. S2B). This is in line with additional in vitro experiments where
leoligin did not affect HDL-cholesterol uptake in HEK293 cells (Supple-
mentary Fig. S2A). However, the observed increased lipid content in the
livermight be explained by enhanced LDL-R activity.Western blot anal-
ysis of liver specimen showed at least a trend towards an increased LDL-
R expression inmice treatedwith 1 and 10 μMleoligin. (Fig. 5D and Sup-
plementary Fig. S3).

3.8. Leoligin reduces peak blood glucose levels in ApoE−/− mice

Because changes of lipid levels may also be caused by disturbed glu-
cose metabolism, wemeasured fasting glucose levels and glucose toler-
ance after 2 and 16 weeks of treatment with leoligin or vehicle control.
We did not observe any significant differences in basal fasting glucose
values between the different treatment groups at either time point.
However, after 2 weeks of treatment, peak blood glucose levels
60 min after intraperitoneal injection of glucose were significantly
lower in the 10 μM and 50 μM leoligin group compared to the control
(p = 0.009 and p = 0.002, respectively) (Fig. 6A). The intraperitoneal
glucose tolerance test was also performed after 16 weeks of treatment,
showing only a non-significant trend for reduced serum glucose peak
values under leoligin treatment (Fig. 6B).

3.9. Leoligin is a weak PPAR-γ agonist in vitro and interacts with the ligand
binding domain of PPAR-γ in in silico molecular modelling

Since PPAR-γ agonists are known to increase insulin sensitivity
without affecting fasting glucose, we hypothesized that leoligin might
interact with PPAR-γ activity. Based on the results of the IPGTT, where
mice treated with leoligin had significantly lower peak blood glucose
levels after intraperitoneal injection of glucose, we tested leoligin in a
cell-based PPAR-γ activity assay. The cell based assay showed, that
leoligin slightly increases (not statistically significant) PPAR-γ activity
when applied alone (Fig. 7A). In the presence of the PPAR-γ agonist
(rosiglitazone), leoligin decreased rosiglitazone induced PPAR-γ activi-
ty significantly (Fig. 7B). On the contrary, when the PPAR-γ antagonist
(GW9662)was added to the cells leoliginwas, once again, capable of in-
creasing PPAR-γ activity (non-significantly; p = 0.074) (Fig.7C).

To describe the interaction of leoligin with PPAR-γ more precisely,
molecular modelling and docking experiments were performed. Leoligin
was predicted to bind to the PPAR-γ ligand binding domain at a similar
site that is described for pioglitazone (Fig. 7D). Leoligin forms two hydro-
gen bond acceptors with Cys285 and Ser342 (red arrows, Fig. 7E and F).
Additionally, extensive hydrophobic contacts are established between
leoligin and PPAR-γ (yellow spheres, Fig. 7E and F).

Fig. 2. Leoligin inhibits 3-hydroxy-3-methylglutaryl-CoA-reductase and molecular
modelling and docking of leoligin with HMG-CoA-reductase suggests an unconventional
binding mode. (A) HMGCR activity is shown as percent of the activity control (activity
control equals 100%). Leoligin significantly inhibits the activity of HMGCR to a similar
extent as 100 μM pravastatin in vitro. **p b 0.01, ***p b 0.001. n = 4 for each data point.
(B) Alignment of bioactive conformations of statin molecules bound to HMGCR. (C)
Chemical functionalities shared by different statins. (D) Leoligin mapped to the common
feature statin model. All but two chemical features (red spheres) were mapped by the
ligand, suggesting similar protein-ligand interaction profiles compared to the currently
used statins. (E) Simvastatin bound to HMGCR in the PDB entry 1hw9. (F) The statin
forms hydrophobic contacts, hydrogen bond acceptors and donors, and a charged
interaction with Arg590. Suggested binding orientation of leoligin within the HMGCR
active site. Similar to simvastatin, hydrophobic contacts and hydrogen bond networks
also including Arg590 are formed. Interaction types are colour-coded: red – hydrogen
bond acceptor, green – hydrogen bond donor, yellow – hydrophobic, red star – negative
charge.
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New Target Confirmed (2)

morphology could be observed, we tested for a potential hepatic origin
for the loss of leoligin activity. Accordingly, we first performed HMGCR
staining in mouse liver sections. After two weeks of treatment with
leoligin no differences in hepatic HMGCR expression were observed
compared to the vehicle control group (Fig. 4A and B). However, after
16 weeks of treatment, paralleled by the disappearance of the drug ef-
fect on lipid levels and in the absence of inhibition of plaque formation
by leoligin, we could observe a significant increase in hepatic HMGCR
expression by leoligin (1 μM (p = 0.04) and 50 μM (p= 0.031)) com-
pared to the control (Fig. 4C and D).

Further, we performed an Oil Red O staining to determine hepatic
lipid and cholesterol depositions andmeasured liver andwhole body
weight at the end of the experiment. Compared to the control group,
Oil Red O positive area was significantly increased in the 1 μM
leoligin group (Fig. 5A and B), indicating more lipid/cholesterol de-
position in the liver. In addition, liver weight/body weight ratio
was slightly but significantly increased in this group (Fig. 5C).

However, absolute liver weight did not differ significantly between
the groups, and also relative liver/body weight ratio (apart from
the above exception) was not affected by the treatment. Microscopic
morphologic inspection of the liver parenchyma did not reveal gen-
eral alterations in liver architecture.

3.7. Low concentrations of leoligin may slightly increase LDL-receptor
activity

In order to test for potential alterations in liver cholesterol uptake
and metabolism, Western blot analyses of liver tissue homogenate for
ABCA-1, SR-B1, and LDL-R, as well as in vitro cholesterol uptake and ef-
flux analyses were performed. The increased cholesterol deposition in
the 1 μM leoligin group cannot be explained by increased uptake of
HDL-cholesterol via SR-B1 since expression of this protein was not af-
fected (Fig. 5D and Supplementary Fig. S3). Additionally, HDL function
seemed preserved as shown by measurement of HDL mediated choles-
terol efflux in leoligin treated J774 mouse macrophages (Supplementa-
ry Fig. S2B). This is in line with additional in vitro experiments where
leoligin did not affect HDL-cholesterol uptake in HEK293 cells (Supple-
mentary Fig. S2A). However, the observed increased lipid content in the
livermight be explained by enhanced LDL-R activity.Western blot anal-
ysis of liver specimen showed at least a trend towards an increased LDL-
R expression inmice treatedwith 1 and 10 μMleoligin. (Fig. 5D and Sup-
plementary Fig. S3).

3.8. Leoligin reduces peak blood glucose levels in ApoE−/− mice

Because changes of lipid levels may also be caused by disturbed glu-
cose metabolism, wemeasured fasting glucose levels and glucose toler-
ance after 2 and 16 weeks of treatment with leoligin or vehicle control.
We did not observe any significant differences in basal fasting glucose
values between the different treatment groups at either time point.
However, after 2 weeks of treatment, peak blood glucose levels
60 min after intraperitoneal injection of glucose were significantly
lower in the 10 μM and 50 μM leoligin group compared to the control
(p = 0.009 and p = 0.002, respectively) (Fig. 6A). The intraperitoneal
glucose tolerance test was also performed after 16 weeks of treatment,
showing only a non-significant trend for reduced serum glucose peak
values under leoligin treatment (Fig. 6B).

3.9. Leoligin is a weak PPAR-γ agonist in vitro and interacts with the ligand
binding domain of PPAR-γ in in silico molecular modelling

Since PPAR-γ agonists are known to increase insulin sensitivity
without affecting fasting glucose, we hypothesized that leoligin might
interact with PPAR-γ activity. Based on the results of the IPGTT, where
mice treated with leoligin had significantly lower peak blood glucose
levels after intraperitoneal injection of glucose, we tested leoligin in a
cell-based PPAR-γ activity assay. The cell based assay showed, that
leoligin slightly increases (not statistically significant) PPAR-γ activity
when applied alone (Fig. 7A). In the presence of the PPAR-γ agonist
(rosiglitazone), leoligin decreased rosiglitazone induced PPAR-γ activi-
ty significantly (Fig. 7B). On the contrary, when the PPAR-γ antagonist
(GW9662)was added to the cells leoliginwas, once again, capable of in-
creasing PPAR-γ activity (non-significantly; p = 0.074) (Fig.7C).

To describe the interaction of leoligin with PPAR-γ more precisely,
molecular modelling and docking experiments were performed. Leoligin
was predicted to bind to the PPAR-γ ligand binding domain at a similar
site that is described for pioglitazone (Fig. 7D). Leoligin forms two hydro-
gen bond acceptors with Cys285 and Ser342 (red arrows, Fig. 7E and F).
Additionally, extensive hydrophobic contacts are established between
leoligin and PPAR-γ (yellow spheres, Fig. 7E and F).

Fig. 2. Leoligin inhibits 3-hydroxy-3-methylglutaryl-CoA-reductase and molecular
modelling and docking of leoligin with HMG-CoA-reductase suggests an unconventional
binding mode. (A) HMGCR activity is shown as percent of the activity control (activity
control equals 100%). Leoligin significantly inhibits the activity of HMGCR to a similar
extent as 100 μM pravastatin in vitro. **p b 0.01, ***p b 0.001. n = 4 for each data point.
(B) Alignment of bioactive conformations of statin molecules bound to HMGCR. (C)
Chemical functionalities shared by different statins. (D) Leoligin mapped to the common
feature statin model. All but two chemical features (red spheres) were mapped by the
ligand, suggesting similar protein-ligand interaction profiles compared to the currently
used statins. (E) Simvastatin bound to HMGCR in the PDB entry 1hw9. (F) The statin
forms hydrophobic contacts, hydrogen bond acceptors and donors, and a charged
interaction with Arg590. Suggested binding orientation of leoligin within the HMGCR
active site. Similar to simvastatin, hydrophobic contacts and hydrogen bond networks
also including Arg590 are formed. Interaction types are colour-coded: red – hydrogen
bond acceptor, green – hydrogen bond donor, yellow – hydrophobic, red star – negative
charge.
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however, at  
20-fold lower  
concentration ! 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–  Due to pattern recognition based alignment, LigandScout 
virtual screening is amendable for ligand profiling: 
• no speed limitation by the number of features 
• 10000 models can be aligned per minute (standard CPU) 

– Due to its advanced pharmacophore technology, the 
technique is much more accurate than traditional  
pharmacophore approaches 
• no limits for the number of features 
• several features on one atom possible
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