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CoMSIA, Comparative Molecular Similarity Indices Analysis 

COS-1 and COS-7, CV-1 in origin, with SV40 genetic material 

COSMOS, Integrated In Silico Models for the Prediction of Human Repeated Dose Toxicity of 

COSMetics to Optimise Safety 

cSDEP, the estimated cross-validated standard error at the specified critical point 

CSRML, Chemical Subgraphs and Reactions Markup Language 

CV-1, simian - Cercopithecus aethiops or normal African green monkey kidney Fibroblast 

Cells 

DBD, DNA-binding domain 

DGAT1, diglyceride acyltransferase 1 

DGAT2, diglyceride acyltransferase 2 

Don, donor 

Don2, projected donor 

dq/dr, the slope of qcv
2 at the specified critical point with respect to the correlation of the original 

dependent variables versus the perturbed dependent variables  

DUD-E database, a database of useful decoys: enhanced 

e, efficacy 

EC, environmental contamination 

EC50, effective concentration (the concentration of a drug that gives half-maximal response) 

Emax, maximal efficacy 

ER, estrogen receptor 

EX, exposure 

FA, fatty acids 

FABP4, fatty acid binding protein 4 (synonym of aP2)  

FABPpm, plasma membrane fatty acid binding protein 

FAS, fatty acid synthase 

FASEs. fatty acid synthesising enzymes 

FAT/CD36, fatty acid translocase/cluster determinant 36 

FAT/UPs, fatty acid transport/uptake related proteins 

FDA CFSAN’s CERES, Chemical Evaluation and Risk Estimation System at the U.S. Food 

and Drug Administration, Center for Food Safety and Applied Nutrition 

FN, false negative 

FP, false positive 



 

8 

FSP27/CIDE-C, fat-specific protein 27/cell death-inducing DFF45-like effector 

FXR, farnesoid X receptor  

GR, glucocorticoid receptor 

H, helix  

HB, hydrogen bond 

HCC, hepatocellular carcinoma  

HEK293, human embryonic kidney 293 cell line 

HepG2, human liver hepatocellular carcinoma cell line 

HFD, high-fat diet 

HSCs, hepatic stellate cells 

Huh-7, human liver hepatocellular carcinoma cell line 

Hyd, hydrophobic 

HydA, hydrophobic atom  

I, individual level 

IC50, half maximal inhibitory concentration 

Kd, dissociation constant  

KEs, key events  

Ki, inhibitory constant  

L, ligand 

LBD, ligand-binding domain 

LD, lipid droplet 

LDAPs, lipid droplet associated proteins 

LOO, leave-one-out cross-validation 

LPL, lipoprotein lipase 

LXR, liver X receptor 

M, molecular level 

MGAT1, monoacylglycerol O-acyltransferase 1 

MIE, molecular initiating event 

ML, metal ligator  

ML2, projected metal ligator  

MM, molecular modelling 

MoA, mode of action 

NAFL, non-alcoholic fatty liver 



 

9 

NAFLD, non-alcoholic fatty liver disease  
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NFkB, nuclear factor – kappaB 
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INTRODUCTION 

Since ancient times till nowadays, people’s quests for self-awareness, natural lifestyle and 

combat with the oncoming diseases and epidemics have given impetus to the development of 

many scientific fields related to human health. One of them is biomedical engineering – an 

interdisciplinary field combining medicine, toxicology, pharmacology, biochemistry, 

molecular biology, physics, chemistry, methods of structure analysis, mathematical and 

engineering methods. 

Even Hippocrates used to claim that the human organism is related to the environment, which 

influences its natural life functions. Unfortunately, mankind’s desire for more material wealth, 

comfort and luxury in everyday life has brought about today's over-industrialized world, 

generating a number of adverse effects and influences on living systems. For the last century, 

tons of xenobiotics have flooded the Earth and its biosphere in the form of chemical weapons, 

industrial pollutants, pharmaceuticals and cosmetics, thus posing a serious risk to the stability 

and functioning of biosystems and to human health in particular. Therefore, qualitative and 

quantitative characterizations of potential toxins are crucial moments in health risk analysis and 

assessment. 

The founder of toxicology, Paracelsus, defines very clearly the quantity aspects of the adverse 

effects, postulating that "the dose makes the poison." Establishing quantitative structure-activity 

relationships, molecular modelling, and elucidating the specific mode of action of potential 

toxins are among the modern approaches of computational (predictive) toxicology. 

In line with the 3Rs principles of replacement, reduction and refinement of animal toxicity 

testing, the current PhD thesis is focused on the development of alternative in silico approaches 

supporting hazard identification and characterisation related to repeated dose hepatotoxicity. 

The toxicity-induced liver injury, in particular the non-alcoholic fatty liver disease (NAFLD), 

represents a special interest. NAFLD involves a spectrum of liver pathologies 

(steatosis/steatohepatitis/fibrosis) increasing the incidence of liver cirrhosis and hepatocellular 

carcinoma. Nuclear-receptor disruption has been considered one of the potential mechanisms 

involved in the development of NAFLD. Among the receptors reported to be potentially 

involved in disease development and progression is the peroxisome proliferator-activated 

receptor gamma (PPARγ). PPARγ is a transcriptional regulator from the nuclear receptor 

superfamily which: 
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 is expressed in multiple tissues: mainly in white and brown adipose tissue but also in 

intestines, liver, kidneys, retina, immunologic system (bone marrow, lymphocytes, 

monocytes and macrophages) and muscles (to a lesser extent); 

 regulates crucial cellular pathways, related to: adipogenesis (adipocyte proliferation and 

differentiation), lipid and glucose homeostasis, inflammatory responses, vascular 

biology and placental development; 

 is an attractive therapeutic target for the treatment of a wide spectrum of diseases: 

metabolic diseases, especially hyperglycemia; cardiovascular disorders; inflammatory 

and auto-immune diseases: multiple sclerosis, inflammatory bowel diseases, 

rheumatoid arthritis; cancer; Alzheimer’s disease; age-related macular degeneration; 

skin-related disorders; addiction control – in terms of substances (alcohol, nicotine, 

opioids or cocaine) or addictive behavior (kleptomania and others). 

The potential for an adverse prosteatotic effect of PPARγ full agonists has been explored 

through the Mode of Action/Adverse Outcome Pathway (MoA/AOP) methodology by 

systematisation and analysis of the available scientific knowledge. The study involves the 

development of two AOPs with different molecular initiating events (MIEs): PPARγ inhibition 

in adipocytes and PPARγ full activation in hepatocytes as well as a weight-of-evidence (WoE) 

evaluation of key events with an emphasis on the array of assays supporting the outlined 

biochemical and histological disease markers. The complex nature of the inter-tissue cross-talks 

and their description within the AOP framework is discussed in the light of the link adipose 

tissue-related disorders – NAFLD. 

For the MIE in hepatocytes (PPARγ full activation), a dataset with structural and biological 

(binding affinity, potency, and relative efficacy) data for more than 400 full and partial agonists 

was generated from PDB (http://www.rcsb.org/) and literature sources. It is publicly available 

(http://biomed.bas.bg/qsarmm/) and serves as a source of data for in silico modelling.  

Further, an analysis of the PPARγ-full agonist complexes available in PDB was performed to 

derive a pharmacophore model of PPARγ full agonists. The model was incorporated in a virtual 

screening (VS) procedure to predict PPARγ full agonism of compounds.  

 

 

http://biomed.bas.bg/qsarmm/
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A successful integration of the VS procedure in two battery approaches is discussed as an 

example for the supportive role of the in silico predictive models complementing each other in 

the process of hazard identification.  

A 3D QSAR model to predict the PPARγ full agonists’ potency (transactivation activity EC50) 

was developed as an improvement over previously reported ones, based on the largest and 

structurally diverse training set used so far. Emphasis is given on the mechanistically justified 

selection of the dependent variable.  

The developed AOPs and predictive models provide a mechanistically justified rationale for 

the screening of potential prosteatotic chemicals and their prioritisation for further testing.   

This work is a part of an in silico strategy for predicting potential hepatotoxicity of cosmetic 

ingredients (COSMOS project, http://www.cosmostox.eu). 

http://www.cosmostox.eu/
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CHAPTER 1.  LITERATURE REVIEW 

1.1. Replacement, Reduction and Refinement (3Rs) of animal testing: MoA/AOP 

framework and in silico approaches  

1.1.1. The advent of predictive toxicology 

Modern toxicology is based on the concept of the 3Rs, defined as Replacement, Reduction and 

Refinement of animal testing. Since first proposed by Russel and Burch in 1959 (Russell and 

Burch, 1959), these principles have gained wide acceptance, being embedded in national and 

international legislation regulating the use of animals in scientific procedures and driving 

the establishment of national 3R centres (NC3Rs; Törnqvist et al., 2014) (Figure 1).  

 

Figure 1. Main tasks related to the three Rs principles 

This historical paradigm shift stems from safety, ethical and economic issues and it is expected 

to ensure the robustness and reproducibility of the experiments, increasing the human 

relevance of the model systems in a more humane, time- and cost-saving manner. It is driven 

by the advent of science and technology, and is strongly dependent on data sharing and 

knowledge exchange, which in the ideal scenario delivers high quality experimental data, 

acquired and reported according to unified and commonly accepted protocols and formats 

(NC3Rs; Burden et al, 2014; ENV/JM/MONO(2013)6; Gocht et al., 2015).  
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The establishment of alternatives to animal testing involves: pathways approaches in 

toxicology; systems biology; computational chemistry; bioinformatics and mathematical 

modelling. All of them power the development of and/or benefit from a variety of new 

technologies that could be classified in a different manner. Depending on the considered level 

of biological organisation, there are three main groups of technologies: (i) molecular level 

(“omics”-based technologies generating genomic (genotyping, gene expression, and 

epigenomic), proteomic, and metabolomic/metabonomic biomarkers), (ii) tissue/organ levels 

(3D cell cultures, bioreactors, artificial organs), (iii) organism/multisystem levels (micro-flow 

chips: tissue-on-a-chip / human-on-a-chip) (Burden et al, 2014; Fowler, 2012; Rabinowitz et 

al., 2008; Huh et al., 2011; Altex Proceedings, 2014). Individually or in a combination, they are 

known to support main aspects of risk assessment (Figure 2) such as: 1) hazard identification, 

2) hazard characterisation, 3) exposure assessment and 4) risk characterisation in the light of 

various toxicological endpoints (topical toxicity, repeated dose toxicity, skin sensitisation, 

endocrine disruption, reproductive and developmental toxicology, genotoxicity / 

carcinogenicity, inhalation toxicology) and levels of exposure (bioavailability, 

bioaccumulation, ecotoxicology) ( FAO/WHO, 2008; WHO, 2009a).  

The generation of a wide spectrum of new methods and the growing number of toxicity-related 

databases is a prerequisite for the development of superior approaches based on alternative 

models (in vitro and in silico) that being involved in the so-called intelligent (integrated) testing 

strategies or also expert systems will be able to predict the adverse effects of chemicals, thus 

replacing in vivo toxicity testing (Adler et al., 2011). Such measures are believed to bring 

benefits for human safety assessments like: (i) reduced uncertainty and increased relevance, (ii) 

robustness, (iii) reduced cost and time, (iv) higher humanity, (v) adequacy to the legislative 

requirements within regulations (Burden et al, 2014). Achieving these goals is a continuous and 

dynamic process that is running at the interface of scientific advancement and legislative 

requirements, with all positives and negatives of the collective effort it depends on. 
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Figure 2. The main steps in risk assessment and their definitions by the Food and Agriculture 

Organisation/World Health Organisation (FAO/WHO, 2008).  

Therefore, the role of the large-scale collaborative initiatives in tuning the scientific approach 

according to the regulatory demands has become central. An example of such an initiative is 

SEURAT-1 (Safety Evaluation Ultimately Replacing Animal Testing, http://www.seurat-

1.eu/). Working towards animal free chronic toxicity testing, the European FP7 Research 

Initiative SEURAT-1 adopted a framework focused on better understanding of human adverse 

health effects related to the repeated exposure to chemicals, exploring the precise MoA/AOP 

of the toxicants. SEURAT-1 was launched on 1 January 2011 as a cluster, composed of seven 

projects (http://www.seurat-1.eu/). One of them is the COSMOS Project, focused on the 

development of mechanism-based in silico tools to predict the risk of chronic toxicity induced 
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by cosmetic ingredients, in accordance with the full EU marketing ban of cosmetics tested on 

animals since 2013 (Regulation 1223/2009/EC OJ L 342, 22.12.2009, p. 59; COM(2013) 135 final) 

and other legislation such as the EU REACH and Biocides Regulations and the general 3Rs 

Principles (Richarz et al., 2014). The current PhD thesis includes a case study performed within 

the COSMOS Project. 
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1.1.2. MoA/AOP approach 

Historically, among the earliest published scientific papers dealing with MoA of a given 

compound is “On Digitalis: Its Mode of Action and its Use” by Fothergill JM in 1871 

(Fothergill, 1871). This work includes suggestions for possible initiating mechanisms and 

extensively describes the observed adverse effects related to digitalis administration. This 

exemplifies the general principle “Primum non nocere” (First, do no harm) outlined within the 

Hippocratic Oath, which is implemented in the current drug development strategies. However, 

consumers’ safety issues have gone far beyond the domain of pharmaceuticals, considering the 

continuously increasing spectrum of xenobiotics they are exposed to. This has strengthened the 

role of the mechanism-based understanding of the undesired health effects, making it one of the 

pillars of modern predictive toxicology. 

The work on the MoA in animals of the U.S. Environmental Protection Agency (U.S. EPA, 

1999) and the WHO’s International Programme on Chemical Safety (IPCS) (Sonich-Mullen et 

al., 2001), followed by further initiatives of the International Life Sciences Institute Risk 

Sciences Institute (ILSI RSI) (Meek et al., 2003; Seed et al., 2005) and IPCS (Boobis et al., 

2006; Boobis et al., 2008), grew into a mode of action/human relevance analysis framework, 

whose principles, in combination with multiple existing assays and the systems biology 

approach, became the heart of the AOP concept (ENV/JM/MONO(2013)6). Further, the 

Organisation for Economic Co-operation and Development initiated an AOP development 

programme (OECD, www.oecd.org/chemicalsafety/testing/adverse-outcome-pathways-

molecular-screening-and-toxicogenomics.htm) to support the OECD Test Guidelines 

programme, QSAR (quantitative structure-activity relationship) project and Hazard Assessment 

activities. According to the OECD’s definition, the AOP methodology is “an approach which 

provides a framework to collect, organise and evaluate relevant information on chemical, 

biological and toxicological effect of chemicals”. It integrates a variety of in chemico, in vitro 

and in silico approaches to potentiate the systematisation, analysis and exchange of knowledge 

as well as the establishment of reliable expert systems to support decision making (Figure 3).  
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Figure 3. Integration of the alternative models/methods development within the MoA/AOP 

framework to support decision making in risk assessment: SOP – source to outcome pathway, 

AOP – adverse outcome pathway, MoA – mode of action, ToP – toxicity pathway, EC – 

environmental contamination, EX – exposure, MIE – molecular initiating event, KEs – key 

events at M – molecular level, O – organelle level, C – cellular level, T – tissue level, AO – 

adverse outcome effect at O/S – organ/system level, I – individual level, P – population level, 

CM – community level. Dark grey boxes mean that the corresponding level is by definition 

included in the unit, light boxes are the theoretical extension(s) of the given unit, and white 

boxes mean that the level is not covered by the unit (adapted from ENV/JM/MONO(2013)6). 
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Within this concept, the so-called source to outcome pathway covers all steps from 

environmental contamination to adverse effects at the community level (U.S. EPA, 2005) and 

incorporates three main units: AOP, MoA and toxicity pathway. However, the heart of the AOP 

approach is the comprehensive understanding of the MoA of particular chemical initiator(s) 

triggering a cascade of sequential events: MIE and multiple downstream key events (KEs) 

related to biologically significant perturbations at all levels of organisation and finally ending 

with particular adverse outcome (AO) effect, where compensatory mechanisms and feedback 

loops are overcome. 

In particular, the MIE involves a direct interaction of a chemical with a specific target 

biomolecule (e.g. DNA-binding, protein oxidation, or receptor/ligand interaction) initiating the 

toxicity pathway (Villeneuve and Garcia-Reyero, 2011; Schultz, p. c.; 

ENV/JM/MONO(2011)8). The last is enclosed within the MoA but lacks a direct link to an 

apical effect as it covers the key events to the cellular level (Krewski et al., 2010; Watanabe et 

al., 2011). In fact, the key events, being biological markers by their nature, represent the main 

intermediate elements of the AOP as they are: (i) toxicologically relevant to the AO; (ii) 

experimentally observable and quantifiable; (iii) evolving between the MIE and the AO 

(ENV/JM/MONO(2011)8; U.S. EPA, 2005; Boobis et al., 2008; ENV/JM/MONO(2008)35.). 

Although MoA goes further to the organ response, its cornerstone remains the presence of 

robust experimental observations and mechanistic data supporting the key events (World Health 

Organisation, 2009b). The site of action also represents a key anchor in the MoA/AOP 

development and could be interpreted in view of the different levels of biological organisation 

from the target biological molecule or a more specific site on it (e.g. the ligand binding domain 

of a receptor) to a particular cell or tissue type in which the molecular initiating event takes 

place (Schultz, p. c.). Therefore, an AOP may go beyond the confines of a single organ or a 

system as it represents “a sequence of events from the exposure of an individual or population 

to a chemical substance through a final adverse (toxic) effect at the individual level (for human 

health) or population level (for ecotoxicological endpoints).” (ENV/JM/MONO(2013)6). The 

adverse effect itself represents an impairment of functional/compensatory capacity or an 

increase in susceptibility to other influences. This effect is caused by a change in the 

morphology, physiology, growth, development, reproduction, or lifespan of an organism, 

system, or (sub)population (IPCS, 2004; Keller et al., 2012 ; ENV/JM/MONO(2013)6). Often, 

the terms endpoint and adverse effect are used interchangeably. This stems from some common 
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elements in their definitions. However, the term endpoint includes various in chemico, in vitro 

or in vivo observed chemical or biological properties (hydrophobicity, electrophilicity, lethality, 

carcinogenicity, immunological responses, organ effects, developmental and reproductive 

effects, etc.) used in regulatory assessments of chemicals. A more precise definition within the 

MoA/AOP concept involves two types of endpoints: (i) apical (final) endpoint – directly 

measured whole-organism outcomes (gross changes) of exposure in in vivo tests, generally 

death, reproductive failure, or developmental dysfunction (ENV/JM/MONO(2011)8; 

Villeneuve and Garcia-Reyero, 2011; North American Free Trade Agreement NAFTA, 2011), 

which is closer to if not the same as adverse effect/adverse outcome and (ii) non-apical endpoint 

– occurring at suborganism-level, i.e. at a level of biological organisation below that of the 

apical endpoint related to in vitro responses, biomarkers, genomics (Villeneuve and Garcia-

Reyero, 2011; Schultz, p. c.), which is more likely an intermediate event.  

Currently, within the OECD’s initiative for chemical safety, the ongoing development of AOPs 

is organised in 37 main projects (http://www.oecd.org/chemicalsafety/testing/projects-adverse-

outcome-pathways.htm, last access: 19 August 2015). The statistics clearly demonstrate the 

recent advent of the field, which is obviously progressing at a good pace (Figure 4a, 4b). 

Twenty out of 37 projects have already been included in the Adverse Outcome Pathways 

Knowledge Base (AOP-KB, last access: 19 August 2015) presenting 91 different AOPs, which 

are classified as: (i) AOPs ready for commenting and currently under OECD Extended 

Advisory Group on Molecular Screening and Toxicogenomics review (14); (ii) AOPs ready for 

commenting and open for general comments (3); (iii) AOPs under development (74). The 

majority of them are still under development (Figure 5). The MIEs are related to a variety of 

target biomolecules – proteins (receptors, transporters, enzymes) and DNA, involving a non-

covalent disruption (activation, inhibition) of their function or covalent modifications triggering 

mutagenesis or oxidative stress. The wide range of final endpoints covers organ- and system-

specific adverse effects. Figure 6 summarises the distribution of AOs with respect to the 

affected organs/systems. When the effects are too complex/fuzzy to be related to a particular 

target organ/system or when they are involved in mutagenesis, embryotoxicity or disruption in 

the normal metabolism/energy balance, they are classified as indefinable. 
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Figure 4. Distribution of the AOP-related projects within the OECD initiative (AOP-KB, AOP 

Wiki Knowledge Base) by (a) years and (b) country leaders.  

 

Obviously, hepatotoxicity is among the most frequent adverse effects within the reported AOPs. 

Recently, the dysregulations of several nuclear receptors, including: LXR, PXR, AhR, PPARs 

(subtypes α and γ), ER, FXR, CAR, GR and RAR, have been proposed as possible MIEs leading 

to liver steatosis, which not only underlines the role of this class of transcriptional regulators 

but also raises the question with the AOPs’ networking (Landesmann et al., 2012; Mellor et al., 

2015). The general understanding is that a single AOP may link only one particular MIE with 

a single adverse effect.  
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Figure 5. Distribution of the AOPs in the AOP-KB according to their status (nd – no data) 

 

The evolution of the linear AOPs toward networks of many cross-related pathways is rooted in 

the fact that a particular MIE may lead to several intermediate events and/or final outcomes 

and, conversely, several MIEs may share common downstream events. The networking of the 

AOPs depends on the degree of organisation of the collected knowledge, while their 

quantification – on the extent of evaluation of the quantitative relationships between all events. 

Once a qualitative AOP is established, it may be further evaluated quantitatively.  
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Figure 6. Distribution of the AOPs in the AOP-KB by target organ (nd – no data) 

 

According to the OECD’s Guidance document on developing and assessing adverse outcome 

pathways (or simply OECD’s guideline), the quantitative AOP (qAOP) is one where the 

methods for assessing the key events have been identified and sufficient data generated to 

identify the applicability domain, threshold values and/or the response relationships with other 

key events. 

Thus the more explored, the more complex and quantifiable become the networks established 

to meet the challenges of risk assessment, in particular: (1) priority setting for further testing, 

(2) hazard identification, and (3) classification and labelling. The potential of AOPs to become 

a basis for the development of an integrated approach to testing and assessment or an integrated 

testing strategy for toxicity endpoints is enclosed in their central role in channelling the 

development and/or refinement of chemical categories, in vitro and ex vivo assays for direct 

detection of chemical effects or responses at the cellular or higher levels of biological 

organisation as well as screening assays for targets related to the molecular initiating events 

identified (ENV/JM/MONO(2011)8).  
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1.1.3. In silico approaches in predictive toxicology 

Computational modelling is emerging as an indispensable bridging element in the modern 

science, which links theory and experiment by simulating and predicting the behaviour of real-

world systems, processes and phenomena. It is suggested that methodological advancements 

(i.e. the progress in computer technologies, computational chemistry, cheminformatics, 

statistical and machine-learning approaches) are the main drivers of the rise and development 

of predictive toxicology, which emphasises the strong interdisciplinarity of this modern 

scientific field (Figure 7) (Cronin and Livingstone, 2004; Cherkasov et al., 2014). In view of 

the demands of risk assessment and regarding the complexity of biological systems, exploration 

of the mechanisms of toxicity is a challenging task. Therefore, computational toxicology is 

foreseen as a perspective alternative of the traditional toxicity testing, offering a wide spectrum 

of in silico approaches addressing toxicokinetics or toxicodynamics by various (Q)SARs (SAR 

heuristic, chemotypes alerts, 2D QSAR) and molecular modelling (MM) methods 

(pharmacophore modelling, docking, 3D QSAR) (Figure 8) (Cronin, 2010; Combes, 2012; 

Hartung and Hoffmann, 2009; Patlewicz et al., 2013; Cherkasov et al., 2014; Geenen et al., 

2009; EFSA, 2014; Rabinowitz et al., 2008). Moreover, the in silico tools have been underlined 

as a potential important element of the integrated testing strategies defined by Blaauboer et al. 

as “any approach to the evaluation of the toxicity, which serves to reduce, refine or replace an 

existing animal procedure, and which is based on the use of two or more of the following: 

physicochemical, in vitro, human (e.g. epidemiological, clinical case reports), and animal data 

(where unavoidable), and computational methods, such as (quantitative) structure-activity 

relationships ([Q]SAR) and biokinetic models” (Blaauboer et al., 1999). The role of QSAR in 

safety assessment of food, cosmetics, and industrial chemicals has been established for decades, 

being integrated in multiple areas of environmental research and regulation. There is an 

increasing tendency for application of QSAR methods in screening, testing prioritisation, 

pollution prevention initiatives, green chemistry, hazard identification, and risk assessment. 

(Cronin and Livingstone, 2004; Patlewicz et al., 2013; Cherkasov et al., 2014).  
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 Figure 7. Timeline of key events driving the rise of predictive toxicology (adapted from Cronin 

and Livingstone, Predicting chemical toxicity and fate, 2004)  
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Figure 8. Classification of main computational toxicology methods. 

 

Among the number of endpoints with regulatory importance, modelling repeated–dose toxicity 

(RDT) is a daunting task dealing with the delayed effects of multiple or repeated administration 

of chemicals, their accumulation in tissues or other mechanisms of homeostasis perturbation 

(Krewski et al., 2010). By definition, RDT comprises adverse general toxicological effects 

which occur as a result of repeated daily dosing with or exposure to a substance for a specified 

period up to the expected lifespan of the test species (ECHA, 2013). Although challenged by 

the multi MoA nature of this endpoint and thus represented by limited and mostly local 

(Q)SARs (Patlewicz et al, 2013), the pathway-based alternative approaches are able to 

overcome the limitations of the traditional in vivo repeated dose toxicity tests (Prieto, et al., 

2011; Cronin et al., 2012). Examples of in silico models for RDT were summarised by Adler et 

al., 2011 (Table 1).  
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Table 1. Summary of repeated dose toxicity related in silico methods (adapted from Adler et al., 2012); * R&D, optimisation, prevalidation, 

validation, regulatory acceptance; ** Maximum recommended therapeutic dose 

Alternative tests 

available 

Part of 

mechanism 

covered 

Area(s) of 

application 

Status * Comments Estimated time until entry into 

pre-validation 

TOPKAT  
Predicts LOAEL 

for chronic toxicity 

Prioritisation/ 

screening 
Optimised   

No formal validation necessary, 

methods have to follow the 

OECD principles for the 

validation of QSARs for 

regulatory purposes 

DEREK Hepatotoxicity 
Hazard 

identification 
Optimised 

Not quantitative – predicts potential 

hepatotoxicity (yes/no answer) 
Formal validation not necessary 

DEREK 

DEREK hERG 

channel inhibition – 

cardiotoxicity 

Hazard 

identification 
Optimised 

Not quantitative – predicts potential 

hERG inhibition (yes/no answer) 
Formal validation not necessary 

LAZAR 

(Maunz and Helma 

2008) 

Predicts MRTD for 

chronic 

toxicity ** 

Prioritisation/ 

screening 
Optimised 

Developed using data on 

pharmaceuticals 

from clinical trials 

Formal validation not necessary 

Garcia-Domenech et al. 

(2006) 

Predicts LOAEL 

for chronic toxicity 

Prioritisation/ 

screening Optimised 
Major work needed to develop software 

for wider use  
Formal validation not necessary 

Mazzatorta et al. 

(2008) 

Predicts LOAEL 

for chronic toxicity 

Prioritisation/ 

screening 
Optimised 

Major work needed to develop software 

for wider use  
Formal validation not necessary 

Matthews et al. 

(2004a, b) 

Predicts MRTD for 

chronic 

toxicity ** 

Prioritisation/ 

screening 
Optimised 

Major work needed to develop software 

for wider use 
Formal validation not necessary 
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Cherkasov et al. have summarised the general conditions one or more of which are necessary 

for successful application of QSAR in modelling toxicity: “(i) compounds within the training 

set are structurally similar (i.e. congeneric), implying that a single target-mediated mechanism, 

even if unknown, is more likely; (ii) the toxicity endpoint being modelled is either non-target 

specific (e.g. narcosis in aquatic toxicity due to membrane concentration effects), or a subject 

to relatively well-understood chemical reactivity principles (e.g. electrophilic theory of 

carcinogenicity); (iii) the toxicity endpoint is linked to a well-defined molecular target (e.g. 

estrogen receptor) or phenotype (e.g. cleft palate malformation, or liver tumours in rats); or (iv) 

toxicity data are available for a sufficiently large number of diverse chemicals to capture all or 

most of the possible structure-activity associations, representing multiple possible adverse 

outcome pathways within the same dataset (e.g. genotoxicity)” (Cherkasov et al., 2014). In 

November 2004, the 37th OECD's Joint Meeting of the Chemicals Committee and the Working 

Party on Chemicals, Pesticides and Biotechnology 

(http://www.oecd.org/env/ehs/organisationoftheenvironmenthealthandsafetyprogramme.htm) 

agreed on the OECD Principles for the Validation, for Regulatory Purposes, of (Q)SAR Models. 

These principles are as follows: 

“To facilitate the consideration of a (Q)SAR model for regulatory purposes, it should be 

associated with the following information: 

1. a defined endpoint; 

2. an unambiguous algorithm; 

3. a defined domain of applicability; 

4. appropriate measures of goodness-of-fit, robustness and predictivity; 

5. a mechanistic interpretation, if possible.”  

There are numerous advantages of in silico methods compared with in vitro and especially in 

vivo approaches (Valerio, 2009; Combes, 2012):  

 higher throughput  

 less expensive  

 less time consuming  

 constant optimisation possible 

 higher reproducibility if the same model is used 
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 low compound synthesis, laboratory equipment and facilities requirements  

 potential to reduce the use of animals 

 very useful for compound prioritisation 

 appropriate for being incorporated into decision-trees and expert systems with the 

capability of predicting a wide range of endpoints and properties, including 

bioavailability, biodegradation and toxicity 

 usually based on a mechanism of action related to toxicity endpoint 

 readily amenable to being incorporated into test batteries comprising models with 

complementary and overlapping applicability domains  

However, a range of disadvantages should be also considered toward their full acceptance by 

end-users (toxicologists, regulators, industry): (Weaver and Gleeson, 2008; Valerio, 2009; 

Combes, 2012): 

 quality and transparency of training set experimental data 

 transparency of the program (what is being modelled) 

 descriptors sometimes confusing 

 applicability domain sometimes limited or not clear 

 complex terminology and poorly understood procedures sometimes used  

 ADME features, especially metabolism, not taken into account 

 carcinogenicity prediction does not work on non-genotoxic compounds  

Within the AOP continuum, the level of application of the predictive models is a function of: 

(i) their inherent uncertainties rooted in the quality of the experimental data and the limitations 

of the particular in silico approaches and (ii) the level of the confidence in the AOP – e.g. the 

presence and the relevance of scientific evidence supporting each event (Figure 9) 



 

31 

 

Figure 9. Domains of application of the predictive models according to the matrix 

uncertainty/data requirements in relation to the AOP continuum (adapted from Bal-Price, et al., 

2015). 

 

While the (Q)SAR modelling approaches (Figure 8) are widely used in the field of predictive 

toxicology (ENV/JM/MONO(2007)2; ECHA, 2008), the application of MM techniques for 

such needs is still in its infancy, albeit its well established role in drug design. Computer aided 

drug design has extensively exploited MM for more than three decades, saving resources and 

time by directing the synthesis of highly selective, specific and potent ligands of particular 

therapeutic targets. Such strategy generally involves exploration of key intermolecular 

interactions which are central for both therapeutic and toxic effects. That explains why MM 

approaches have also proved helpful in estimating potential toxicity related to ligand-dependent 

dysregulation of key biomolecules (nucleic acids or proteins) crucial for downstream 

metabolic/signalling pathways. Therefore, at the interface of drug discovery and risk 

assessment, we may find common molecular mechanisms and apply unified in silico 

techniques. However, a number of differences in goals, chemical spaces and tasks have to be 

overcome for the successful transfer of MM approaches toward solving safety issues.  
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While the aim of drug discovery is to screen for a molecule with well characterised target, mode 

of action and desired activity, risk assessment is expected to evaluate more complex, sometimes 

mixed and less well understood toxic outcomes, considering both exposure and various 

interaction mechanisms in the context of possible chemical initiators. Moreover, the span of the 

chemical-activity domain is a function of the mode of action (therapeutic or adverse) to be 

modelled, which means that the complex and often cross-related adverse effects suggest a larger 

spectrum of structures, range of activities and may depend on strong or weak interactions with 

targets in both a specific and a nonspecific manner. The focus of such expertise shifts from 

reducing the number of molecules incorrectly predicted as potential drug candidates (false 

positives) toward narrowing the pool of harmful chemicals that are underestimated (false 

negatives). Yet, the main difference is the ultimate purpose of the screening approaches, e.g. 

lead generation and optimisation in the rational drug design versus mechanism elucidation, 

prioritisation, and safety assessment in the predictive toxicology (Cherkasov et al., 2014; 

Rabinowitz et al., 2008). 
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1.2. Peroxisome proliferator-activated receptor γ (PPARγ) and non-alcoholic fatty 

liver disease (NAFLD)  

1.2.1. Hepatotoxicity and NAFLD 

The better assessment of repeated dose toxicity in hepatic, cardiac, renal, neuronal, muscle and 

skin tissues implies great research efforts (Landesmann et al., 2012; Adler et al., 2010). Among 

them hepatotoxicity is an endpoint that has recently drawn significant interest (Hengstler et al., 

2012; Vinken et al., 2012). 

Liver is a frequent target for toxicity as it is central in the metabolism of the xenobiotics and 

thus is highly exposed to many potentially toxic substances. It is also responsible for the 

maintenance of the whole body lipid homeostasis, meeting the energy demands of the extra-

hepatic tissues. Therefore, it is important to note that its primary function is fat redistribution 

in contrast to the adipose tissue (another key organ related to lipid exchange), which is mainly 

involved in the storage of fatty acids (Figure 10).  

Direct hepatocyte damage, hepatic tumour, and/or accumulation of lipids or phospholipids 

(fatty liver disorder) are common reasons for liver injury and thus important hepatotoxic 

endpoints. The NAFLD is a medical condition which includes non-alcoholic fatty liver (NAFL 

or liver steatosis) and non-alcoholic steatohepatitis (NASH) and may progress to fibrosis, 

cirrhosis and hepatocellular carcinoma (HCC) (Figure 11) (Sass et al., 2005; Bedogni et al., 

2010). As this pathology is a common cause of chronic liver injury, its pathogenesis is of 

particular interest in view of the application of MoA/AOP framework to repeated-dose 

hepatotoxicity endpoints. NAFLD is the most common cause of liver disease worldwide, with 

a prevalence of 20%-40% in Western populations (Bedogni et al., 2004; Rusu et al, 2015) and 

between 20-30% in Europe (World Gastroenterology Organisation Global Guidelines, 2012). 

The prevalence increases to 58% in overweight individuals and can be as high as 98% in non-

diabetic obese individuals (Machado et al., 2006). Generally, some 12-40% of the patients 

diagnosed with NAFL develop NASH and nearly 15% of these demonstrate progression to 

cirrhosis (Bhatia et al., 2012). 

Disruption of the normal functionality of PPARγ by chemical initiators has been recently 

proposed as one of the possible MIEs related to the early manifestation of NAFLD (liver 

steatosis), characterised by excessive hepatic lipid accumulation (Sass et al., 2005; Landesmann 

et al., 2012). 
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Figure 10. Overview on the complementary roles of hepatic and adipose tissues in the context 

of lipid homeostasis: FAT/CD36 – fatty acid translocase/cluster determinant 36; FABPpm – 

plasma membrane fatty acid binding protein; SLC 27A2 and SLC 27A5 – solute carrier family 

27 fatty acid transporters (member 2 and member 5); FA – fatty acids; TG – triglycerides; 

VLDL – very low-density lipoprotein; LPL – lipoprotein lipase; LD – lipid droplet. 
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Figure 11. Progression of NAFLD (NAFL and NASH) to fibrosis, cirrhosis and hepatocellular 

carcinoma (HCC) 



 

36 

1.2.2. PPARγ 

1.2.2.1.Biology of PPARγ 

The PPARγ also known as NR1C3 (nuclear receptor subfamily 1, group C, member 3) is a 

ligand-activated transcription factor from the steroid-thyroid hormone superfamily (Nuclear 

Receptors Nomenclature Committee, 1999). It is a part of the PPAR family (including also the 

PPARα and PPARβ/δ isotypes) and is expressed mainly in white and brown adipose tissue but 

also in intestines, liver, kidneys, retina, immunologic system (bone marrow, lymphocytes, 

monocytes and macrophages) and muscles (to a lesser extent). PPARγ is central in the 

regulation of crucial cellular pathways related to adipogenesis (adipocyte proliferation and 

differentiation), lipid and glucose homeostasis, inflammatory responses, vascular biology and 

placental development (Virtue and Vidal-Puig, 2010; Azhar, 2010; Fournier et al., 2007.; 

Grygiel-Górniak, 2014; Brown and Plutzky, 2007; Ahmadian et al., 2013). While several 

transrepression strategies have been reported for the genomic control of the adaptive 

inflammatory responses (Luconi et al., 2010), the PPARγ-mediated transactivation of genes 

associated with lipid transport, metabolism, storage, and adipogenesis is governed by a well-

defined single mechanism (Costa et al., 2010; Luconi et al., 2010). The latter involves 

heterodimerisation with another nuclear receptor, the retinoid X receptor alpha (RXRα), DNA 

binding at the promoter regions of target genes and stabilisation of the active PPARγ 

conformation by diverse endogenic lipid metabolites, including eicosanoids and fatty acids or 

synthetic agonists like rosiglitazone (Figure 12) (Gampe et al., 2000; Chandra et al., 2008; 

Costa et al., 2010;;). Thus agonist-induced corepressor dissociation, accompanied by the 

permanent exposure of the coactivator binding surface, permits coactivator recruitment 

necessary for transcription initiation (Nolte et al., 1998; Brown and Plutzky, 2007; Batista et 

al., 2015). 

The PPARγ 2 isoform, predominantly expressed in adipocytes, has thirty amino acids more at 

the N-terminus than PPARγ 1, and it is available in multiple tissues, including liver (Ahmadian 

et al., 2013; Chandra et al., 2008). However, the two isoforms bear the common domain 

structure of the nuclear hormone receptors with an N-terminal AF-1 (activation function 1) 

domain, involved in the interaction with cofactors and the ligand-independent transactivation; 

a DBD (DNA binding domain), which is highly conserved among nuclear receptors; a hinge 

region with high flexibility, which guarantees nuclear localisation and cofactor docking; and a 
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C-terminal LBD/AF-2 (ligand binding domain/activation function 2), which participates in the 

ligand-binding, ligand-dependent transactivation, coactivator recruitment and corepressor 

release (Figure 13) (Azhar, 2010; Ahmadian et al., 2013). 

 

 

 

Figure 12. The mechanism of PPARγ-mediated transactivation.  

 

 

 

 

 

 

Figure 13. PPARγ functional domain organisation: AF1 – activation function domain 1, DBD 

– DNA-binding domain, hinge, LBD – ligand-binding domain, AF2 – activation function 

domain 2. 
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1.2.2.2.PPARγ ligands and NAFLD 

The most notable natural PPARγ ligands are eicosanoids and related compounds, including 

lipoxygenase (LOX) products – hydroxyoctadecadienoic acids (9- and 13-HODE) and 15-

hydroxyeicosatetraenoic acid (15-HETE), and cyclooxygenase (COX) products – 

prostaglandins (PG), e.g. PGJ2 and its derivative 15-deoxy-∆12–14-PGJ2 (15d-PGJ2), which is 

involved in adipogenesis, anti-tumororogenesis and modulation of inflammation (Bishop-

Bailey and  Wray, 2003; Nosjean and Boutin, 2002). Anti-cancer effects are reported also for 

PUFAs like mainly docosahexaenoic acid and eicosapentaenoic acid) (Trombetta et al., 2007; 

Edwards et al., 2004; Sun et al., 2005; Sun et al., 2008) while other natural PPARγ ligands are 

claimed to ameliorate obesity-related metabolic dysfunction (long-chain monounsaturated fatty 

acids (LC-MUFAs) like C20:1 and C22:1 isomers) (Yang et al., 2013) and to increase glucose 

uptake and insulin sensitivity (phytanic acid) (Heim et al., 2002). Triterpenoids are also among 

the natural PPARγ ligands. (Weng et al., 2013; Jingbo et al., 2015). 

Because of its wide tissue distribution and important regulatory role, PPARγ is also an attractive 

therapeutic target for multiple synthetic ligands. In a systematic review on patents (2008-2012) 

for therapeutic modulators of PPARs, Lamers et al. proposed an overview over possible future 

indications of PPARγ ligands: metabolic diseases; especially hyperglycemia; cardiovascular 

disorders; inflammatory and auto-immune diseases: multiple sclerosis, inflammatory bowel 

diseases, rheumatoid arthritis; cancer; Alzheimer’s disease; age-related macular degeneration; 

skin related disorders; addiction control (in terms of substances (alcohol, nicotine, opioids or 

cocaine) or addictive behaviour (kleptomania and others)) (Lamers et al., 2012). Altogether, 

these emphasise the increasing actuality of PPARγ ligands’ safety evaluation. 

Troglitazone, rosiglitazone and pioglitazone are among the most studied anti-diabetic PPARγ 

ligands from the thiazolidinediones (TZDs) class and their mechanism of therapeutic action is 

well known (Day, 1997; Grossman and Lessem, 1997). These ligands sharing a common 

scaffold (Figure 14) are known to induce conformational changes involved in the receptor 

activation (Berger et al., 1996). Interestingly, apart from activating PPARγ, troglitazone has 

been shown to induce its expression and nuclear translocation in MCF-7 cells examined by 

confocal microscopy (Weng et al., 2013). 
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Figure 14. Main substructures within the common TZDs’ scaffold (adapted from Guasch et al., 

2012; Lamers et al., 2012; Scheen, 2001) 

 

Studies show that binding to the helix12 (H12) of the receptor involves formation of key 

hydrogen bonds (HBs) with particular residues (Ser289, His323, His449 and Tyr473), thus 

driving the conformational change of H12 required for full agonist activity (Bruning et al., 

2007). This molecular event lies in the PPARγ-mediated: (i) adipocyte differentiation from 

fibroblasts, associated with increased uptake, storage and potentially catabolism of circulating 

lipids and carbohydrates; (ii) production of adipose-derived factors with potential insulin-

sensitising activity; (iii) increased glucose uptake and decreased gluconeogenesis in liver;  

(iv) increase in skeletal muscles’ glucose uptake, oxidation and glycogenesis; and (v) reduction 
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of the circulating levels and/or actions of insulin resistance-causing adipose-derived factors 

(e.g. TNFα); all of which synergistically restore the glycemic balance (Berger and Moller, 2002; 

Grossman and Lessem, 1997; Semple et al., 2006; Chawla et al., 1994; Garg, 2004; Gee et al., 

2014).  

Apart from the therapeutic potential of TZDs, several adverse effects were reported, which led 

to the withdrawal of rosiglitazone (fluid retention/oedema, weight gain, bone loss, adverse 

hepatic effects and increased incidence of cardiovascular events) and troglitazone (hepatoxicity 

due to significant ROS-mediated damage of mitochondrial DNA) from the market (Pan et al., 

2006; Moya et al., 2010; Chigurupati et al., 2015; Viccica et al., 2010; Graham et al., 2010; 

Nissen et al., 2010; Shen et al., 2012; Rachek et al., 2009). Pharmacological treatment of 

NAFLD is still evolving with vitamin E and pioglitazone being the only approved drugs as of 

now (Agrawal and Duseja, 2014). Therefore, the concerns for adversity underlined the necessity 

of additional studies treating the role of PPARγ activation in other tissues, especially in terms 

of the possible risk for their ligand-induced adipogenic transformation and its secondary effects 

at a system level (Teboul et al., 1995).  Some authors report a correlation between this MIE and 

the development of NAFLD (Rull et al., 2014; Kus et al., 2011; Hemmeryckx et al., 2013) while 

others underline the therapeutic potential of receptors’ modulation in reversing the progression 

of this disease (Le and Loomba, 2012; Rogue et al., 2014). Thus, a debate on the impact of 

PPARγ activation on NAFLD still exists and its double-edged role has been extensively 

reviewed (Tailleux et al., 2012; Ables, 2012). However, as synthetic PPARγ ligands are 

primarily categorised based on their transactivation activity into full and partial agonists 

(Kouskoumvekaki et al., 2013), the understanding that PPARγ full agonists hold more negatives 

than positives is out of debate (Merk and Schubert-Zsilavecz, 2012), and there is a firm 

tendency toward development of novel ligands: partial agonists (Chigurupati et al., 2015), 

multitargeted cooperative agonists (dual- and pan-PPAR) (Wang et al., 2014; Fiévet et al., 

2006; Gonzalez et al., 2007), non-agonists (Choi et al., 2014; Kamenecka et al., 2011) and even 

antagonists of the receptor (Marciano et al., 2015). Moreover, partial PPARγ activation, as well 

as dual or pan-PPAR activation, has been shown to be beneficial for liver structure and 

functioning (Souza-Mello, 2015).  

Apart from pharmaceuticals, hormone nuclear receptors are claimed as primary targets of 

various non-drug endocrine disrupting chemicals since their natural ligands are small, lipoidal 
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molecules (i.e. steroid hormones, fatty acids and their derivatives) which can be mimicked by 

many environmental chemicals. Among PPAR activators are xenobiotics such as: industrial and 

consumer chemicals, pesticides, and environmental contaminants (Rogue et al., 2010; 

ENV/JM/MONO(2012)23; Landesmann et al., 2012). Furthermore, PPARs signaling pathways 

have been considered as a separate axis in the context of endocrine disruption by exogenous 

chemicals, and there have been reviewed general aspects of the assessment of such 

dysregulation, including: PPAR transactivation reporter assays, microarray analyses of livers 

of exposed animals, cell-based assays (adipocyte differentiation) and apical endpoints (lipid 

accumulation, weight gain in chronically exposed animals) (ENV/JM/MONO(2012)23). In 

view of the multiple roles of PPARγ in maintaining energy and metabolism homeostasis and 

regarding the potency-related variations in the physiological effects of its activators, in silico 

analysis of the PPARγ full agonistic effect is of specific interest in the field of toxicology. That 

explains the significant efforts which have been made for understanding and predicting the 

binding to and activation of PPARγ.  
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1.2.2.3.Molecular modelling of PPARγ 

In view of the increased therapeutic interest on modulation of PPARγ activity, the prevalence 

of the drug design related studies (Al-Najjar et al., 2011; Carrieri et al., 2013; Dixit et al., 2008; 

Guasch et al., 2012a; Liao et al., 2004; Lu et al., 2006; Rücker et al., 2006; Shah et al., 2008; 

Guasch et al., 2011; Vedani et al., 2007) over those treating predictive toxicology issues 

(Vedani et al., 2007) can be expected. The in silico studies on PPARγ are focused on 2D (Al-

Najjar et al., 2011; Carrieri et al., 2013; Dixit et al., 2008), 3D (Carrieri et al., 2013; Guasch et 

al., 2011; Guasch et al., 2012a; Liao et al., 2004; Lu et al., 2006; Shah et al., 2008; Sundriyal et 

al., 2009) or 6D QSAR (Vedani et al., 2007) analysis and pharmacophore modelling (Al-Najjar 

et al., 2011; Carrieri et al., 2013; Lu et al., 2006; Guasch et al., 2011; Sohn et al., 2013, Sharma 

et al., 2014). The latter has outlined mainly hydrophobic and some hydrogen-bond 

donor/acceptor features, varying in the total number of pharmacophoric points (between 3 and 

7), by means of ligand- and/or structure-based modelling (Markt et al., 2007; Carrieri et al., 

2013; Goebel et al., 2010; Sohn et al.; 2011, Guasch et al., 2012b; Sohn et al., 2013). The 

pharmacophore models have been applied for SAR analysis (Pingali et al., 2008; Goebel et al., 

2010; Xiao et al., 2014) or combined with a separate step of molecular docking within a virtual 

screening (VS) procedure (Guasch et al., 2011; Sohn et al.; 2011, Sohn et al., 2013; Fakhrudin 

et al., 2012). However, most of the PPARγ-related pharmacophore-based studies have been 

particularly applied for design of dual PPARα/γ agonists (Pingali et al., 2008) or 

identification/analysis of partial PPARγ agonists (Goebel et al., 2010; Guasch et al., 2011; 

Fakhrudin et al., 2012). This illustrates the prevailing tendency toward the discovery of novel 

drug-like PPARγ agonists to serve as lead molecules (Markt et al., 2008; Sohn et al. 2011, Sohn 

et al.; 2013, Fakhrudinet al., 2012; Guasch et al., 2012b; Guasch et al., 2013; Lewis et al., 2015). 

The studies targeted toward distinguishing between full and partial agonists are few. Among 

them are the reports of Vidović et al., who identified a partial agonist-like ligand cluster within 

a binding mode similarity dendrogram based on an analysis of co-crystallised PPARγ 

modulators (Vidović et al., 2011), Guash et al., who developed separate pharmacophore models 

for full and partial agonists of PPARγ, applied them for a virtual screening of natural ligands 

with partial agonism (Guasch et al., 2012a) and performed 3D QSAR modelling, particularly 

of PPARγ full agonists (Guasch et al., 2012b), and Lewis et al., who selected criteria for filtering 

the full agonism activity type (Lewis et al., 2015).  
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Therapeutic application has also been the driving stimulus for 3D QSAR modelling studies. 

The developed models have been based on dependent variables such as: potency 

(transactivation activity) – pEC50 (Carrieri et al., 2013; Guasch et al., 2012a; Rücker et al., 

2006; Shah et al., 2008; Sundriyal et al., 2009) or binding affinity – pIC50 (Al-Najjar et al., 

2011; Guasch et al., 2012a; Rücker et al., 2006) or pKi (Liao et al., 2004; Rücker et al., 2006; 

Vedani et al., 2007) values of PPARγ agonists. It should be noted that most of the 3D QSAR 

models are based on pEC50 values. Although considered more interesting from a 

pharmacological point of view, potency data is hard to be modelled due to its complex nature. 

Transactivation activity involves not only receptor binding but also its activation and a sequence 

of downstream molecular events culminating with expression of a target reporter protein 

(Rücker et al., 2006). The last is the quantifiable event within the corresponding assay (usually 

Luciferase transcriptional reporter gene assay) which reflects the variations in the levels of 

protein expression as a function of the structural diversity of the chemical initiators. 

Interestingly, some authors use an additive dependent variable called “sum of biological 

activities” (pEC50) to build 3D QSAR models for dual (γ/δ or α/δ) and pan (α/γ/δ) PPAR 

agonists (Shah et al., 2008; Sundriyal et al., 2009). The number of compounds within the 

training sets varies between 22 and 77 with training to test set (tr/ts) ratio in the range from 5:1 

to 1:1. Briefly, the generalised diapasons of some reported statistical parameters are as follows: 

Nopt = 2 – 10, q2 = 0.549 – 0.744, r2
pred = 0.150 – 0.336. The fields most frequently involved in 

the developed 3D QSAR models are steric and electrostatic. In particular, there is a prevalence 

in the number of the pEC50 based models with 22 to 95 compounds (total set) and 19-28 

(training sets), a tr/ts ratio from 1:1 to 3:1, q2 between 0.549 and 0.744 and   steric and 

electrostatic fields involved–. However, no r2
pred values are reported. Among the pEC50 based 

3D QSAR models possessing the fullest array of statistical parameters the highest q2
cv

 is 0.633 

(SEPcv = 0.017, Nopt = 5, tr/ts = 19/4, steric and electrostatic fields) (Shah et al., 2008). Although 

the current pEC50 based models are statistically poorer compared with those involving pIC50 or 

pKi values, predicting potency is mechanistically justified because the input data is observed in 

the biologically relevant in vitro model system of the MIE (PPARγ activation) and is directly 

related to the earliest downstream key events – increased levels of an array of target proteins, 

outlined in the developed liver AOP and discussed later. 
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Based on the literature review presented above, the following conclusions can be made: 

1. Predictive toxicology is a new promising field that has many advantages. 

2. MoA/AOP framework is a powerful approach that organises the existing knowledge 

and underlines both data gaps to be explored and key events to be comprehensively 

analysed. 

3. NAFLD is a complex pathological condition that is crucial for the chronic liver injury, 

and thus predicting potential prosteatotic activity of chemicals is a key element in the 

strategy for minimising the risk for such adverse effect. 

4. Full PPARγ agonists can be associated with various adverse effects, including liver 

toxicity.  

5. In silico tools for modelling MIEs are pivotal for optimising safety assessment but they 

strongly depend on the available experimental data.  

6. Currently, there is no report on PPARγ-related toxicophore (pharmacophore) model for 

the purposes of predictive toxicology since the focus of the pharmacophore-based 

approaches is the discovery of partial PPARγ or dual PPARα/γ agonists for therapeutic 

applications. 

7. Many of the PPARγ-related 3D QSAR models published in the scientific literature 

address the transactivation activity as a dependent variable, albeit its complexity, and 

thus suffer from poorer statistical performance as compared to the binding affinity-

based models. Among them only one is particularly focused on full agonists. 
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AIM AND TASKS OF THE PhD THESIS 

Based on the conclusions above, the following aim and tasks were outlined. 

AIM 

The aim of this PhD thesis is the application of MoA/AOP concepts and computational 

toxicology methods to understand and predict the role of PPARγ ligand-dependent 

dysregulation in the development of NAFLD. 

TASKS 

1. Development of AOP to connect in a logical sequence of events PPARγ ligand-

dependent dysregulation (MIE) and NAFLD (adverse effect) 

1.1. Collection of the existing knowledge and description of the AOP 

1.2. Evaluation of key events 

2. In silico study of the MIE 

2.1. Data collection, curation and organisation of representative sets of biologically 

active compounds and ligand-receptor complexes for evaluation of toxicity 

pathways and for in silico prediction of biological effects 

2.2. Molecular modelling analysis of the interactions in crystallographic structures of 

protein-ligand complexes  

2.3. Development of an integrated in silico approach for chemical hazard identification 

and prioritisation, combining pharmacophore and 3D QSAR models to screen for 

potentially prosteatotic PPARγ full agonists and to predict their transactivation 

activity  
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CHAPTER 2.  DATA AND METHODS 

2.1. OECD principles for AOP development and evaluation  

AOP development and evaluation is a continuous process which involves not only collection 

and analysis of scientific evidence but also AOP networking and quantification. Regarding the 

starting point for AOP development, two different approaches are available: 

(i) a ‘bottom-up approach’ which uses chemistry and mechanistic information for 

hazard identification;  

(ii) a ‘top-down approach’ which starts with the knowledge about the final adverse 

outcomes produced by well studied substances to develop chemical categories 

with a particular mode-of-action (Sonich-Mullin et al., 2001). 

However, the OECD principles for establishing and assessing such logical sequence of events, 

are common for both approaches and are shown within the general workflow in Figure 15.  

There are 5 categories for the evaluation of the weight-of-evidence (WoE) that OECD proposes 

when assessing the scientific value of the described key events (Table 2). They consider 

estimation of both the extent of development of the assay applied for experimental observation 

of the key event under evaluation and the mechanistical justification for the established causal 

relationship between the event and the adverse effect (ENV/JM/MONO(2013)6). 
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Figure 15. Main stages in developing and assessing AOPs (ENV/JM/MONO(2013)6). 
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Table 2. OECD classification of weight-of-evidence (ENV/JM/MONO(2013)6). 

 

Weight-of-

Evidence 

Extent of Development of Assay for the Key 

Event / Intermediate Effect 

Relationship Between Key 

Event and Apical Endpoint 

Very Strong 

OECD Guideline test or an assay that has 

progressed through a minimum of 

prevalidation. 

A large database of results for relevant 

chemicals supportive of the relationship 

between the key event and the apical endpoint. 

Clear and unequivocal 

relationship and mechanistic 

basis for it. 

Strong 

A well developed assay, available in a form 

that could allow it to be submitted for 

prevalidation. 

A database of results for relevant chemicals 

supportive of the relationship between the key 

event and the apical endpoint. 

General agreement that there 

is a strong relationship and a 

mechanistic basis for it. 

Moderate 

A robust and reliable method published in the 

peer-reviewed literature. 

A database of results for relevant chemicals 

supportive of the relationship between the key 

event and the apical endpoint. 

An understanding that there 

is a relationship and a 

probable mechanistic basis 

for it. 

Weak 

An assay is available but is in the process of 

development. 

A small number of chemicals supportive of the 

relationship between the key event and the 

apical endpoint. 

An understanding that there 

is some evidence of a 

relationship and a plausible 

mechanistic basis for it. 

Very Weak 
The key event is identified but no assay is 

available. 

Hypothetical or literature 

based. 
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2.2. Molecular modelling approaches and QSAR 

2.2.1. Collection and processing of the structural and biological data  

To collect the necessary data for PPARγ ligands, the following sources were used: PDB 

(www.rcsb.org, Berman et al., 2000) and ChEMBL (https://www.ebi.ac.uk/chembl/; Bento et 

al., 2014) databases as well as the NIH PubMed system 

(http://www.ncbi.nlm.nih.gov/pubmed). 

2.2.1.1.Biological data used 

Generally, there are several main criteria in selecting the biological data regarding its quality 

and consistency as well as the performance of the experiment (Höltje at al., 2004): 

(i) preferably identical experimental conditions  

(ii) common mechanism/binding mode of the tested compounds 

(iii) experimentally confirmed lack of activity where suggested 

(iv) in vitro experimental setting only1 

(v) at least 3 orders of magnitude span in the biological activities 

(vi) exact 3D structural data 

(vii) exclusion of stereochemically undefined mixtures (mixtures of enantiomers or 

diastereomers) 

Applying all these rules is quite challenging in predictive toxicology. Often, experimental data 

suffers from intra- and inter-laboratory variations even when a standard protocol has been 

followed. Sometimes, the 3D structure of the ligands is not crystallised although there is at least 

one member of a reported chemical series that is deposited in the Protein Data Bank (PDB) and 

may serve as a template. The stereochemistry issue is also disputable as there are studies that 

involve corrective coefficients or rely on some mechanism-justified criteria for selecting a 

particular isomer instead of excluding data for racemic mixtures.  

                                                           
 

1 Achieving real equilibrium is suggested only for in vitro experiments since all other test systems undergo time-

dependent changes, being cross-related with other biochemical processes (e.g. membrane permeation) and 

affected by transport phenomena and diffusion gradients. 
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In addition, OECD outlined some key principles for endpoint selection in its Guidance 

document on the validation of QSAR models, as follows (ENV/JM/MONO(2007)2): 

1. The endpoint should be defined by providing detailed information on the test protocols 

which were used to generate the training set data, especially with respect to factors 

which impact variability, knowledge of uncertainties, and possible deviations from 

standardised test guidelines.  

2. Differences in the protocols that experimentally measure the described endpoint should 

not lead to markedly different values of the endpoint.   

3. Differences within a protocol (e.g. media, reagents) should not lead to differences that 

cannot be rationalised (e.g. impact of hardness within a fish LC50 study). 

4. The chemical domain of the (Q)SAR should be contained within the chemical domain 

of the test protocol. 

5. The endpoint being predicted by a (Q)SAR should be the same as the endpoint measured 

by a defined test protocol that is relevant for the purposes of the chemical assessment.  

6.  A well-defined endpoint should reflect differences between chemical structures.   

The collected biological data used in the modelling studies (transactivation activity, EC50) was 

additionally processed in two steps for the CoMSIA modelling: 

(i) transformation to pEC50 values; 

(ii) pEC50 values’ selection by favouring human over animal data and calculation of 

the mean pEC50 were necessary for each of the reference compounds (farglitazar, 

rosiglitazone and pioglitazone) that have been tested on human and animal cell 

lines by different research groups. 
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2.2.1.2.Structure preparation 

Depending on the input data, three main procedures were applied in the structures’ generation: 

(i) For ligands with correct IUPAC names available in the literature source, SMILES 

were generated through NCI/CADD SIR (http://cactus.nci.nih.gov) or University 

of Cambridge OPSIN (http://opsin.ch.cam.ac.uk) services. 

(ii) For ligands without IUPAC names available in the source or with 

incorrect/unresolvable IUPAC names, SMILES codes were generated from 

similar structures that were modified accordingly; IUPAC names were obtained 

through ChemAxon's chemicalize.org service (http://www.chemicalize.org). 

(iii) For ligands with the PPARγ complexes deposited in PDB, ligand structures were 

extracted from the complexes, they were neutralised through the Wash procedure 

in MOE platform v. 2014.0901, (CCG Inc., http://www.chemcomp.com), and 

their stereochemistry was fixed where necessary. 

The data processing step involved convertion of all SMILES codes to “inchified” SMILES by 

Openbabel 2.3.2 (http://openbabel.org, CLI parameters: -ismi -osmi -xI), generation of InChi 

keys to be used as connection table names and conversion of the binding affinity and 

transactivation activity data to micromolar concentrations. 

As explained in greater detail in Section 3.3.2., a subset of 170 PPARγ full agonists fitting the 

requirements for modelling purposes was selected from the initial dataset. This structurally 

diverse subset included ligands with relative efficacy ≥ 70% and/or PDB ligands with 

substructures matching the features of the developed PPARγ full agonists’ pharmacophore 

(Tsakovska et al., 2014). Detailed information regarding the ligands retrieved from PDB and 

used for modelling is provided in Table S.1., Appendix A. Supplementary Material.  

The selected modelling subset of 170 ligands encompasses data reported in PDB and in the 

literature. Among the 15 different homologous series collected (Table 3): 

(i) eight contain a PPARγ ligand with a crystal structure deposited in the PDB that 

was used as a template in structure generation; 

(ii) one contains a PPARα ligand used as a template;  

(iii) six do not contain resolved PDB ligands and the corresponding structures were 

built either directly or from structurally similar PDB ligands.  
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The ligands’ stereochemistry was adjusted as reported in the literature sources. Racemic 

mixtures were not excluded from the modelling set, but S stereoisomers were used instead, 

since this is the commonly accepted active form (Rücker et al., 2006; Shah et al., 2008). The 

protonation state of the ligands, if not reported in the PDB complexes, was assigned according 

to the predominant forms of the structures at pH = 7.4, as explored in ACD/Labs Percepta suite 

2015 (ACD Inc.). When for a given compound the calculated proportions of the protonation 

states equaled, the corresponding forms were suggested to coexist and thus considered as 

different ligands. Structure minimisation was further performed with the MMFF94s force field, 

including electrostatics using the MM platform MOE (MOE, v. 2014.0901).  
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Table 3. PPARγ ligands selected for modelling: research group, molecular scaffold, numbers and PDB identifiers. * 1a –  Bènardeau et al., 2009; 

1b – Grether et al., 2009; 1c – Kuhn et al., 2006; 2a – Casimiro-Garcia et al., 2008; 2b – Casimiro-Garcia et al., 2009; 3 – Ohashi et al., 2013; 4a – 

Otake et al., 2011a; 4b – Otake et al., 2011b; 4c – Otake et al., 2012; 5a – Sauerberg et al., 2002; 5b – Sauerberg et al., 2003; 5c – Sauerberg et al., 

2005; 6a – Devasthale et al., 2007, 6b – Zhang et al., 2009 and 6c – Ye et al., 2010., 7 – Cronet et al., 2001; 8 – Gampe et al., 2000; 9 – Xu et al., 

2001; 10a – Mahindroo et al., 2005; 10b – Mahindroo et al., 2006a; 10c – Mahindroo et al., 2006b; 10d –Lin et al., 2009; 11 – DOI: 

10.2210/pdb2xkw/pdb; 12 – Ohashi et al., 2011; 13 – Kuwabara et al., 2012. Indices a, b, and c correspond to different papers of one and the same 

research group designated by a number. 

 

DATA SOURCE 
TEMPLATES FOR STRUCTURE 

GENERATION 

Research 

group * 
Scaffold used in the source paper 

Ligands 

(number) 

PDB 

complex 

code 

PDB 

ligand 

code 

Comment 

1a 

 

10 3G9E RO7  
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1b 

 

12 3FEJ CTM  
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1c 

 

17 2GTK 208  

2a 

 

12 2Q8S L92  
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2b 

 

3 3IA6 UNT  

3 

 

10 3VSO EK1  

4a 

 

10 no no  
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4b 

 

9 no no  

4c 

 

25 no no  

5a 

 

13 1KNU YPA  

5b 2 no no 
1KNU/ YPA used 

as a template 

5c 3 no no 
1KNU/ YPA used 

as a template 
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6a 

 

12 no no 
1FM9/570 used as a 

template  

6b 

 

11 3BC5 ZAA  
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6c 

 

9 3KDU NKS 

NKS used only as a 

template, however, 

not included in the 

modelling dataset 

since 3KDU is a 

complex of PPARα 

7 

 

1 1I7I AZ2  
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8 

 

1 1FM6 BRL  

 

1 1FM9 570  
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9 

 

1 1K74  544 

10a 

 

1 2ATH 3EA  
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10b 

 

1 2F4B EHA  

10c 

 

1 2HWR DRD  
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10d 

 

1 3GBK 2PQ  

11 

 

1 2XKW PIB  
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12 

 

1 3AN3 M7S  

 

1 3AN4 M7R  
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13 

 

1 3VJI J53  
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2.2.1.3.Protein preparation 

The “Protonate 3D” tool within the MM platform of MOE v. 2014.0901 (CCG Inc.) was used 

to prepare the initial structures of PPARγ. That involved assignment of the correct ionisation 

states and addition of the hydrogen atoms in the X-ray protein structures by determining: 

(i) the rotamers of –SH, –OH, –CH3 and –NH3 groups in Cys, Ser, Tyr, Thr, Met, Lys; 

(ii) the ionisation states of acids and bases in Arg, Asp, Glu, Lys, His; 

(iii) the tautomers of imidazoles (His) and carboxylic acids (Asp, Glu); 

(iv) the protonation state of metal ligand atoms in Cys, His, Asp, Glu, etc.; 

(v) the ionisation state of metals; 

(vi) the element identities in His and the terminal amides (Asn, Gln). 

Based on the generalized Born/volume integral electrostatics model within this application, an 

optimisation of the titration free energies of all titratable groups was performed at 

physiologically relevant conditions (temperature: 310 K; pH = 7.4; ion concentration: 0.152 

mol/L). 
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2.2.2. Protein-ligand interactions 

2.2.2.1.General principles  

Molecular interaction and recognition are the primary events governing each biochemical 

process within a cell or an organism. In particular, complex formation between small molecules 

and their macromolecular targets is a frequent initiating event related to chemical-induced organ 

toxicity. The reversibility of receptor-ligand (RL) complex formation is rooted in the non-

covalent nature of the driving interactions and is characterised by the rate constant of the 

forward reaction kforward and the rate constant of the backward reaction kbackward: 

Eq. 1 

 A simplified illustration of such a relationship, disregarding migration of a ligand to the active 

site, activation of second-messenger transduction processes or interaction with the solvent and 

additional molecules, is presented in Figure 16. 

 

Figure 16. Interaction-energy diagram for the reversible receptor-ligand complex formation: 

∆E – overall change in energy for the interaction; ∆Ea and ∆Ed – activation energies for the 

association and dissociation processes, respectively; R – receptor; L – ligand; RL – receptor-

ligand complex. Adapted from Raffa et al., 2003 and Schneider et al., 2008. 

RLLR
forward

backward

k

k


http://eu.wiley.com/WileyCDA/Section/id-302479.html?query=Gisbert+Schneider
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The thermodynamical aspect of the receptor-ligand interactions is centred on the change in the 

free energy formation of the ligand-receptor complex ∆G as defined by Gibbs in 1873 and the 

general principle that a spontaneous occurrence of a receptor-ligand complex is possible if its 

overall energy level is lower than that of the free molecules. The “Gibbs energy” summarises 

the free energy changes associated with the electrostatic, non-polar and hydrophobic 

interactions which occur between the two molecules, and entropy costs associated with the 

interaction and is given by the Gibbs-Helmholtz equation:   

Eq. 2 

with ∆G giving the change in the free energy of binding, T – the temperature in Kelvin and the 

enthalpic and entropic contributions to ∆G designated by ∆H and ∆S, respectively. The change 

in enthalpy (∆H) indicates the molecular forces involved in the receptor-ligand interaction 

characterised by formation and disruption of: hydrogen-bonds; electrostatic (e.g. ionic, polar); 

arene-arene (both electrostatic and hydrophobic) and dispersive (vdW) interactions (Table 4) 

(Schneider et al., 2008; Andrews, 1993). 

 

Table 4. Non-covalent intra- and intermolecular interactions; r – distance separating the 

interacting particles  

Type of the interaction / effect Strength Strength proportional to 

ion – ion Very strong r-1 

ion – dipole Strong r-2 

vdW dipole – dipole Moderately strong r-3 

vdW ion – induced dipole Weak r-4 

vdW dipole – induced dipole Very weak r-6 

vdW London dispersion forces 

(induced dipole – induced dipole) 
Very weak r-6 

hydrogen bond Moderately strong 
the electronegativity of the H-

donor and the H-acceptor 

hydrophobic Moderately strong 

the size of the lipophilic surface 

area shed by the ligand in the 

complex 

 

STHG 

http://eu.wiley.com/WileyCDA/Section/id-302479.html?query=Gisbert+Schneider
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 The electrostatic interactions include ion-ion, ion-dipole and dipole-dipole interactions. 

Although the ion-ion interactions seem to be the most important for the ligands in view 

of the predominantly anionic (carboxylate, phosphate) or cationic (e.g. aliphatic amino) 

forms of their functional groups at physiological pH, the weaker ion-dipole and dipole-

dipole interactions are more prevalent. This is due to the wider occurrence of bond, 

group or molecule dipole moments resulting from electronegativity differences. The 

inductive interactions (ion-induced dipole and dipole-induced dipole) are commonly 

characterised by intra- or intermolecular charge redistribution. While the first can be 

related either to the ligand or the receptor molecule (polarisation), the second reflects 

the charge transfer between the ligand and the receptor. Special cases of electrostatic 

interactions are the cation – π, and π – π (arene – arene) interactions. 

 The dispersive interactions (London forces) occur between non-polar molecules, 

particularly at short intramolecular distances, and are rooted in the dipole moments 

generated from the movement of electrons around the nuclei. The total contribution of 

these interactions can be very significant, albeit their individual weakness, and is 

generally governed by attractive dispersion and short-range repulsive forces. 

 The HB donor/acceptor interactions in most cases are best described as electrostatic 

ones. The most significant biologically relevant hydrogen-bond interactions involve the 

oxygen and nitrogen atoms of the carboxyl, hydroxyl, carbonyl, amino, imino and amido 

groups participating in the establishment of the tertiary structure of proteins and nucleic 

acids as well as in the complex formation with their corresponding ligands. 

Carboxylates are better HB acceptors than amides, ketones or ionised carboxyls, while 

substituted ammonium ions are better HB donors than unsubstituted ammonium ions or 

trigonal donors. This is explained by the fact that the greater is the electrostatic character 

of the groups sharing the hydrogen atom, the stronger is the HB formed (Andrews, 

1993).    

 The hydrophobic effect is a major driving force of receptor-ligand associations. The 

change in entropy (∆S), which reflects the change in the degrees of freedom 

(“uncertainty”) of the molecular system, is governed by this effect. Generally, the loss 

of degrees of freedom of the receptor and the ligand during complex formation is 
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countered by an increase in entropy, resulting from the release of receptor- and ligand-

bound water molecules into the bulk solvent. Since the water molecules cannot form 

polar contacts with the hydrophobic protein surfaces, they are forced to adopt an 

entropically unfavourable ordered structure. The release from these strained structures 

significantly increases their degrees of freedom (∆S, entropic contribution) and 

hydrogen bonding with bulk water molecules (∆H, enthalpic contribution), which 

additionally contributes to an overall negative change in free energy. The contribution 

of the hydrophobic effect in many cases is approximately proportional to the size of the 

lipophilic surface area shed by the ligand in the complex (Schneider et al., 2008). 

∆G is related to the binding constant Ki by the equation: 

Eq. 3 

 

with R being the gas constant. This relation links the free energy change to the aforementioned 

rate constants (kforward and kbackward) since Ki is a synonym of the dissociation constant Kd and is 

inversely related to the equilibrium constant Keq: 

Eq. 4 

 

 

Eq. 5 

 

The biochemical competition assays are among the most frequent experimental approaches for 

estimation of the dissociation constant Kd of a ligand. Generally, this involves measuring the 

displacement of a known reference ligand from the receptor where the stronger displacement is 

related to higher binding affinity of the tested compound (hence the term “inhibition constant”, 

Ki). Typically, radioactive reference ligands are used (e.g. in a scintillation proximity assay), or 

the displacement is coupled to a detectable fluorescence signal (e.g. in a fluorescence 

polarisation binding assay). Several concentrations of the test compound are used to determine 

the one at which the competing ligand displaces 50% of the specific binding of the reference 

ligand (e.g. the IC50 value) (Figure 17).  

 
   LR

RL

k

k
K

backward

forward

eq




   
 RL

LR
KK di




iKRTG ln

http://eu.wiley.com/WileyCDA/Section/id-302479.html?query=Gisbert+Schneider
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Figure 17. Competition curve for a test ligand in a receptor binding assay. The IC50 value is 

obtained from the turning point of the curve. The fraction of the reference ligand that is not 

displaced by the test ligand is designated as non-specific binding (NS). Adapted from Schneider 

et al., 2008. 

 

The Cheng-Prussoff equation is used in the estimation of the Ki of the test compound based on 

the Kd 
reference value for binding of the reference ligand and the IC50 determined in the binding 

assay:  

 

Eq. 6 

 

where [L] is the concentration of the reference ligand used in the assay. However, these apparent 

Ki values may not reflect the “true” Ki values of the tested compounds (Schneider et al., 2008). 

reference

d

i

K

L

IC
K

][
1

50





http://eu.wiley.com/WileyCDA/Section/id-302479.html?query=Gisbert+Schneider
http://eu.wiley.com/WileyCDA/Section/id-302479.html?query=Gisbert+Schneider
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According to the classical receptor theory developed by Clark (1933), it was assumed that the 

effect of a drug was proportional to the fraction of receptors it occupied in such a manner that 

occupation of all receptors was necessary for achieving the maximal effect.  

 

Eq. 7 

 

 

Adopting such understanding for the receptor-ligand interactions would produce the following 

equation: 

Eq. 8 

  

 

where E is the effect, Emax is the maximal effect, [L] is the concentration of the free ligand and 

[L]/(Kd + [L]) is the fraction of the receptors that is occupied by ligand. 

Based on the linear relationship between occupancy and response, three main cases can be 

considered: 

 

(i) [L] << Kd  →  E = Emax * [L] / Kd               Eq. 8.1 

(effect depends on [L] linearly) 

(ii) [L] >> Kd  →  E = Emax                Eq. 8.2 

(effect does not depend on [L]) 

(iii) [L] = Kd  →  E = Emax / 2                Eq. 8.3 

 

According to case (iii), the concentration at which the ligand is half-maximally effective 

(pEC50) is equal to its pKd (Figure 18).  
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For the nuclear receptors that are transcriptional regulators of target genes, the estimation of 

EC50 is often performed by transactivation reporter gene assays (for example, Luciferase assay), 

measuring the transactivation activity of the ligand. The resulting sigmoidal log dose-effect 

curve is the most helpful graphical representation for comparing the relative potencies and 

efficacies of agonists (Figure 19a).  

 In reality, however, the relationship occupancy-response is non-linear since signal 

amplification is triggered in-between as a cascade of intermediate molecular events. As a result, 

the observed EC50 for response is significantly shifted to the left of the Kd for receptor 

occupancy (Figure 19b). 

 

 

 

 

Figure 18. A log[L]-response curve reveals a sigmoidal relationship between occupancy and 

response, such that, in the absence of negative or positive cooperativity, 10% to 90% response 

occurs over approximately a 100-fold range of agonist concentration, “centred” about the EC50 

for the agonist (Ross, 1996). 
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Figure 19. Agonists vary in terms of potency and efficacy. (a) Ligands K and L are equal in 

their potency, which is superior to that of ligands M and N. At the same time, ligands L and N 

are more efficacious than K and M, which are partial agonists. (b) Because occupancy is often 

not directly related to response and signal transduction cascades between receptor binding, 

effector activation, and the observed response amplifies the initial stimulus, dose-response 

curves often fall to the left of the receptor-occupancy profiles. Adapted from Ross (1996).  

 

The nonlinear relationships were addressed first by Ariens (1954), who introduced the term 

“intrinsic activity” to describe the observation that some drugs did not elicit a maximal 

response, albeit the apparently maximal receptor occupancy: 

Eq. 9 

 

where E is the effect, α – the intrinsic activity and DR – the concentration of the drug-receptor 

complexes.  

In order to reflect the property of an agonist, Stephenson (1956) introduced the term efficacy 

and further advanced the concept to the following relationship:  

Eq. 10 

Eq. 11 
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where R' is the response of a tissue to some stimulus (S) which depends on the efficacy (e) and 

the fractional receptor occupancy (y).  

It is postulated that the agonist’s potency is determined by its efficacy, together with the affinity 

for its receptors. Moreover, the drug’s characteristics, the properties of its receptor and of the 

target tissue (e.g. drug’s distribution and metabolism, tissue-specific levels of the receptor, 

coupling the receptor occupancy to the final response) have their contributions to the variations 

in the ligands’ effects in different tissues. The current form of the equation is: 

 

Eq.12 

 

 where intrinsic activity (α) is equal to the relative efficacy of the ligand compared to the 

reference compound, thus being a convenient criterion for classification of full agonists, partial 

agonists and antagonists (Figure 20). 

 

Figure 20. Application of intrinsic activity for discriminating between ligands with different 

types of action. 

However, the relative efficacy calculated in percents (%max) is the most often reported value 

for a series of tested ligands. Since IC50, EC50 and %max values are relatively easy to obtain, 

these are determined in first-pass screening campaigns and Ki values are determined during 

later stages. 
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2.2.2.2.Analysis of the receptor-ligand interactions  

The PPARγ-ligand complexes were analysed using the MOE tool “Ligand Interactions” (MOE, 

v. 2014.0901). This application allows for identification of a number of interactions (hydrogen 

bonds, salt bridges, hydrophobic interactions, cation-π, sulphur-lone pair, halogen bonds and 

solvent exposure) between the ligand and the receptor-interacting entities as HB residues, close, 

but non-bonded residues (approaching the ligand but not having any strong interactions, i.e. 

HBs), solvent molecules and ions. The probability criteria considered in the identification of 

the HB donor-acceptor interactions were based on a large training set. The default HB scores 

(in percentages) and HB directionality were applied. 
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2.2.3. Pharmacophore modelling 

2.2.3.1.Pharmacophore concept – general view 

In 1909 Paul Ehrlich used the term pharmacophore in the sense of "a molecular framework that 

carries (phoros) the essential features responsible for a drug's (pharmacon) biological activity" 

(Ehrlich, 1909). Therefore, the pharmacophore could be considered as a 3D model describing 

the type and location of the binding interactions between a ligand and its target receptor. 

According to the IUPAC definition: "A pharmacophore is an ensemble of steric and electronic 

features that is necessary to ensure the optimal supramolecular interactions with a specific 

biological target and to trigger (or block) its biological response.", where the term 

supramolecular stands for non-covalent (Wermuth et al., 1998). The pharmacophoric features 

characterise the nature of a particular property rather than be associated with a specific chemical 

structure, thus one feature may integrate different chemical groups sharing the same property, 

for example: hydrogen bond donor, hydrogen bond acceptor, hydrophobic, and positively and 

negatively ionised areas.  

 Pharmacophore modelling involves generation of a pharmacophore hypothesis for the binding 

interactions in a particular active site and could be ligand-, target- or complex-based, depending 

on the type of the available data (Figure 21). The computerised representation of a hypothesised 

pharmacophore (pharmacophore query) could be used to screen virtual compound libraries for 

novel ligands, to filter conformer databases, e.g. output from molecular docking runs, for 

biologically active conformations (MOE, v. 2014.0901). 

 

 

Figure 21. Main approaches for generating pharmacophore queries depending on the input data. 
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A toxicophore concept overlaps with the understanding for pharmacophore and is defined as 

the ensemble of steric and electronic features that is necessary to ensure the optimal 

intermolecular interaction with a specific biological target molecule, which results in the 

manifestation of a specific toxic effect (ENV/JM/MONO(2007)2). What is specific here is that 

the substructural features (toxicophores) are particularly associated with toxicity by a specific 

interaction and disruption of one or more subcellular components: (i) receptors; (ii) enzymes; 

or (iii) macromolecules such as proteins and DNA. Moreover, it is accepted that a chemical 

with a toxicophore could possess other toxicophores for the same or different toxicities, and it 

might also contain a region involved in prevention of its toxicity (biophobe) (Combes, 2012).  
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2.2.3.2.Pharmacophore model development and validation 

The pharmacophore was developed using the “Pharmacophore Query Editor” tool in MOE. The 

set of query features was created from three main categories ligand annotation points that are 

automatically detected in MOE (MOE, v. 2014.0901): 

(i) atom annotations, located directly on an atom of a molecule and typically 

indicating a function related to protein-ligand binding: the H-bond donor (Don), 

the H-bond acceptor (Acc), cation (Cat), anion (Ani), metal ligator (ML) and 

hydrophobic atom (HydA); 

(ii) projected annotations, located along an implicit lone pair or implicit hydrogen 

directions and used to annotate the location of possible partners for a hydrogen 

bond or a metal ligation, or a possible R-group atom locations: projected donor 

(Don2), projected acceptor (Acc2), projected metal ligator (ML2) and ring 

projection (PiN); 

(iii) centroid annotations (including bioisosteres), located at the geometric centre of a 

subset of the atoms of a molecule: aromatic (Aro), pi-ring (PiR) and hydrophobic 

(Hyd). 

After selection of the annotation points that were relevant to the pharmacophore, they were 

given a non-zero radius that encoded the permissible variation in the pharmacophore query’s 

geometry. This extra parameter converted these points into query features. 

The predictive power of the developed model was evaluated on the basis of four classes of 

compounds (Table 5) and following the Cooper’s statistics (Table 6) (Gleeson et al., 2012; 

ENV/JM/MONO(2007)2):  

Table 5. Contingency table: TP – true positive, FN – false negative, FP – false positive, TN – 

true negative. Adapted from Gleeson et al., 2012 and ENV/JM/MONO(2007)2. 

  Assigned class 

Toxic Non-toxic Marginal totals 

Observed 

(in vivo) 

class   

Active  TP FN TP + FN 

Non-active  FP TN FP + TN 

Marginal totals  TP + FP FN + TN TP + FP + FN + TN 
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Table 6. Definitions of the Cooper statistics. Adapted from Gleeson et al., 2012 and 

ENV/JM/MONO(2007)2. 

 

 

Statistic Formula Definition 

Sensitivity 

(True Positive rate) 
TP/(TP+FN) 

fraction of active chemicals 

correctly assigned 

Specificity 

(True Negative rate) 
TN/(TN+FP) 

fraction of non-active chemicals 

correctly assigned 

Concordance or 

Accuracy 
(TP+TN)/(TP+FP+TN+FN) 

fraction of chemicals correctly 

assigned 

Positive Predictivity TP/(TP+FP) 

fraction of chemicals correctly 

assigned as active out of the active 

assigned chemicals 

Negative Predictivty TN/(TN+FN) 

fraction of chemicals correctly 

assigned as non-active out of the 

non-active assigned chemicals 

False Positive 

(over-classification) 

rate 

FP/FP + TN 

1-specificity 

fraction of non-active chemicals 

that are falsely assigned to be 

active 

False Negative 

(under-classification) 

rate 

FN/TP + FN 

1-sensitivity 

fraction of active chemicals that 

are falsely assigned to be non-

active 
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2.2.4. 3D QSAR (CoMSIA) modelling 

2.2.4.1.CoMFA and CoMSIA approaches 

 The three-dimetional quantitative structure-activity relationship approach (3D QSAR) aims at 

establishing a correlation between the variations in the biological activity and the 3D properties 

of a series of structurally and biologically characterised molecules (Figure 22).  

 

Figure 22. The spatial fingerprints of numerous field properties can be calculated at a lattice as 

in the approaches related to CoMFA which use the changes in the shapes and strengths of the 

non-covalent interaction fields (steric – S, electrostatic – E, etc.) surrounding the ligands (L1, 

L2, etc.) to explain the differences in their biological activity (BA). 

 

Preliminary pharmacophore modelling is a reasonable first step in such a study since generation 

and alignment of bioactive molecular conformations is a prerequisite for robust and reliable 

analysis. The aligned molecules are located in a cubic grid simulating the active site. There, the 

gradual changes of the ligands’ interaction properties are mapped by evaluating the potential 

energy at regularly spaced grid points surrounding the structures.  
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In the standard application of CoMFA, two potentials, namely, the steric potential as a Lennard-

Jones function and the electrostatic potential as a simple Coulomb function are used, providing 

only the enthalpic contributions of the free energy (Höltje at al., 2004). Therefore, the CoMFA 

approach bears several limitations: 

(i) Entropic influences seem to be neglected or insufficiently covered as their 

contributions to the binding affinity are more difficult to describe.  

(ii) The steepness of Lennard-Jones potential close to the van der Waals surface 

results in a dramatic change of the potential energy at the vicinal grid points. 

(iii) The singularities at the atomic positions that the Lennard-Jones and Coulomb 

potentials produce unacceptably large values. To overcome this problem, the 

potential evaluations are performed within regions that are outside the molecules 

and are restricted by arbitrarily fixed cutoff values. Since the two potentials (e.g. 

Lennard-Jones and Coulomb) differ in their slopes, these cutoff values are 

exceeded for the different terms at different distances from the molecules. Thus 

the loss of information for one of the fields is inevitable during their additional 

arbitrary adjustment for simultaneous evaluation (Figure 23). 

(iv) The graphical representation is difficult to interpret since the resulting contour 

maps are discontinuous due to the cutoff settings and the steepness of the 

potentials close to the molecular surfaces.  

A CoMSIA approach has been proposed to overcome these problems by: 

(i) including entropic influences through a field, considering the differences in 

hydrophobic surface contributions; 

(ii) replacement of the Lennard-Jones and Coulomb potentials by a Gaussian-type 

function (no singularities) so that no arbitrary definition of cutoff limits is required 

and the indices can be calculated at all grid points (Figure 23). 

In CoMSIA analysis, the comparison between all mutual pairs of molecules is indirectly 

evaluated via the similarity of each molecule j of the data set with a common probe atom which 

is systematically placed at the intersections (grid point q) of a regularly spaced surrounding 

lattice (usually a grid spacing of 1 Å): 
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Eq. 13 

 

where the similarity indices AF,k between the compounds of interest and the probe atom are 

calculated on the basis of the summation index (i) over all atoms of the molecule j under 

investigation; the actual value of the physicochemical property k of atom i (Wi,k); the probe 

atom with charge +1, radius 1 Å, and hydrophobicity +1 (Wprohe,k); the attenuation factor (α); 

and the mutual distance between the probe atom at grid point q and the atom i of the test 

molecule (riq). Large values of α will result in a strong attenuation of the distance-dependent 

consideration of molecular similarity. 

 The steric, electrostatic, hydrophobic, and hydrogen-bond donor and acceptor properties, 

which are supposed to contribute mostly to the binding affinity, are used to calculate the fields 

of similarity indices. For these properties, distance dependence, described by the significantly 

smoothened Gaussian-type functional form, is equivalently handled. By analogy with the 

CoMFA approach, the numerical data tables are subjected to a subsequent PLS analysis (Klebe, 

1994; Klebe, 1998).  

 

 

Figure 23.  Comparison between the steeper slopes of the Lennard-Jones and Coulomb 

potentials (CoMFA) and the smoother Gaussian function (CoMSIA), avoiding any singularities 

and cutoff values. Adapted from Klebe (1998). 
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2.2.4.2.PLS analysis to build 3D QSAR model – general considerations 

 PLS analysis is a multivariate statistical technique that is able to extract a weak signal dispersed 

over many variables even when the number of similarity indices’ values exceeds the number of 

compounds. This is possible because the various similarity indices are intercorrelated and many 

are unrelated to biological activity (Figure 24) (Höltje at al., 2004). 

 

Figure 24. Scheme of the PLS analysis principle: t – latent variables for the X block (Sij, Eij, 

Hij, Aij, Dij – steric, electrostatic, hydrophobic, HB acceptor and HB donor field variables of 

molecule i in the grid point j); u – latent variables for the Y block (BAi - logarithms of relative 

affinities or other biological activities). The solid lines in X- and Y-space (the 3D plots) are the 

principle components, and the dashed lines represent the PLS vectors. These are slightly skewed 

to account for the correlation between the two data blocks. Adapted from Kubinyi, 1993, 1998. 
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Because of the multiple variables on which PLS operates, data over-fitting is expected. This 

implies PLS models’ validation, which is performed by a “leave-one-out” (LOO) 

crossvalidation (Figure 25). 

 

 

 

Figure 25. Cross-validation procedure; PRESS =  (yexp i – y pred i)
2, where yexp i is the 

experimental (observed) value of the dependent variable, and ypred i – the predicted value of the 

dependent variable. Adapted from Kubinyi, 1993.  
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The procedure is also used to determine the optimal number of components. The latter suggests 

that for each model, one of the compounds, in turn, is excluded from the modelling set and its 

activity is predicted from the model developed without it. When each compound has been 

predicted once, the observed and predicted potencies are used for the calculation of the qcv
2 

value (square of the cross-validated correlation coefficient) and the standard deviation of error 

prediction value (SDEP, or SEP) according to the following equations: 

Eq. 14 

 

Eq. 15 

 

where N = number of compounds, A = number of components, (Kubinyi, 1993; Höltje at al., 

2004). 

The optimal number of components Nopt is determined by selecting the smallest SEP and the 

biggest q2
cv and is subsequently used to derive the final regression 3D QSAR model, 

characterised by r2
pred (Kubinyi, 1993): 

Eq. 16 

 

where 

 

= experimental (observed) biological activity of the test set 

= predicted biological activity of the test set 

= mean value of the experimental (observed) biological activity in the training set 

 

The sensitivity of the model to chance correlations can be additionally investigated by a Y-

randomisation test and by progressive scrambling. In Y-randomisation the best QSAR model 

is derived on the basis of randomly permuted target activity values, leaving the X-space 

untouched and preserving the original descriptor selection procedure. 
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By repeatedly performing this procedure, an array of models is generated with a lower quality 

standing from the deliberately destroyed structure-activity relationship (Wold and Eriksson, 

1995; Baumann et al., 2004). In the progressive scrambling, however, a range of small 

perturbations is introduced into the Y-space of the model by the scrambling of the responses 

only within quantiles rather than across the full range (Clark et al., 2001). The statistical 

parameter used for evaluating the robustness and the predictivity of the PLS model are 

summarised in Table 7:  

 

Table 7. General statistical parameters related to progressive scrambling analysis 

 

Parameter Description 

Q2 

The predictivity of the model after potential effects of redundancy have been 

removed, i.e. the expected value of q2 at the specified critical point for r2
yy' (the 

correlation of the scrambled responses with the unperturbed data) 

cSDEP The estimated cross-validated standard error at the specified critical point  

dq/dr 

The slope of q2 – the cross-validated correlation coefficient evaluated at the 

specified critical point with respect to the correlation of the original dependent 

variables versus the perturbed dependent variables 
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2.2.4.3.CoMSIA model development  

2.2.4.3.1. Alignment of structures and calculation of fields  

The spatial alignment of the structures (170 compounds as described in Section 2.2.1.2.) was 

performed using their docking poses in the PPARγ ligand binding domain that were obtained 

in a VS procedure developed within this study (Section 4.3.4.2.) and the experimental bioactive 

conformers for the ligands extracted from the PDB complexes. Visual inspection against the 

template structure and consideration of the docking score (the smallest negative scores 

preferred) were the criteria driving the final conformer selection for each ligand out of 10 best 

poses selected after its docking. The template was either the corresponding PDB ligand used as 

a scaffold in the structure generation or the ligand UNT from 3IA6 PDB complex. The latter 

was considered appropriate, in view of its high potency (pEC50 = 7.886) and relative efficacy 

(103%), as well as its representativeness with respect to the typical for the full agonists 

structural features (Casimiro-Garcia et al, 2009; Mahindroo et al., 2005). The alignment of the 

whole set against the ligand UNT (3IA6 PDB complex) was performed based on substructures 

that fit to the 4 feature PPAR pharmacophore model described in Section 3.3.4.1. (Tsakovska 

et al., 2014) and using the “Fit Atoms” procedure in MM software suite SYBYL-X v. 2.1 

(Certara USA, Inc.) The aligned structures were subjected to 3D QSAR modelling, using the 

CoMSIA (Comparative Molecular Similarity Indices Analysis) approach within SYBYL. The 

electrostatic, steric, hydrogen bond donor, hydrogen bond acceptor, and hydrophobic fields 

were calculated using the default CoMSIA settings.   
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2.2.4.3.2. Model development and validation  

In order to establish a correlation between the ligands’ potency (pEC50) and the similarity 

indices for the calculated fields, structures were split into a training set used to build multiple 

CoMSIA models and a test set to externally validate the best one. The PLS was used in the 

CoMSIA modelling and a Leave-One-Out (LOO) cross-validation analysis was performed for 

evaluating the models’ robustness. The best model was selected based on the following 

statistical characteristics: cross-validated correlation coefficient, q2
cv; optimal number of PLS 

components, Nopt; and cross-validated standard error of prediction, SEPcv. The non-cross-

validated model (characterised by the correlation coefficient, r2, standard error of estimate, SEE, 

and the F-value) was obtained for the best cross-validated model with Nopt, followed by external 

validation by prediction of the pEC50 values of a predefined test set of full agonists and 

calculation of the predictive r2 (r2
pr). Two categories of compounds were excluded from the set 

of 170 agonists: (i) applicability domain outliers, identified with the "extent of extrapolation" 

approach (Tropsha et al., 2003; Netzeva et al., 2005) as implemented in Enalos domain leverage 

node (Melagraki et al., 2009) in the KNIME analytics platform (Berthold et al., 2007) and (ii) 

response outliers, identified in the analysis of residuals.   
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2.2.5. Docking procedure 

2.2.5.1.Docking – general view 

 Docking is a structure-based method that allows for a precise calculation of the position and 

orientation of a potential ligand in a receptor-binding site and for prediction of the free energy 

of binding. The docking algorithm within MOE (MOE, v. 2014.0901) involves several stages, 

as shown in Figure 26. 

 

 

Figure 26. Stages in the docking algorithm (adapted from MOE, v. 2014.0901) 
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First, an array of conformations is generated by applying a collection of preferred torsion angles 

to the rotatable bonds. No alternation is induced regarding either the bonds’ lengths and angles, 

or the geometry of the rings. Then, a placement of the generated conformers is performed, 

which results in a collection of poses with characteristic scores, assigned by the applied 

placement method. Several methods can be used for pose rescoring with the general 

understanding that the good poses are supposed to receive low scores. The refinement of the 

poses follows two possible methods based on either an explicit molecular mechanics force field 

or a grid-based energetics. A pharmacophore constrain may be applied to the final poses, which 

requires the selection of the pharmacophore placement method. When the ligand is placed using 

pharmacophore’s features, volume constraints are applied as a final filter but are ignored during 

the placement stage. The latter is characterised by the following assumptions:   

(i) If there are more than two pharmacophore features and they do not lie on or close 

to a straight line, the pharmacophore search engine is used to orient the ligand.  

(ii) If the pharmacophore features lie on or very close to a line, the ligand is anchored 

by the pharmacophore features and rotated in such a way that a third atom matches 

an alpha site point.  

(iii) If all pharmacophore features lie at a point or very close to one point, the ligand is 

first anchored at that point. Then, two more atoms on the ligand are matched to 

two alpha site points to orient the ligand. 

(iv) Since the ligand pose changes upon refinement, if there is a refinement stage, the 

pharmacophore constraints are loosened for placement.  

(v) If a pharmacophore search returns too few hits, the pharmacophore constraints are 

further loosened so that more hits are obtained. 

Finally, several alternative scoring schemes are provided to rescore the resulted poses. The 

assignment of reliable docking scores is crucial for the overall docking algorithm (MOE, v. 

2014.0901). The scoring functions are expected to reflect the binding free energies driving the 

complex formation in order to guarantee the correct prediction of the biological activity. 

Generally, there are three main groups of scoring functions: empirical scoring functions, force 

field based functions and knowledge-based potential of mean force. 
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In VS the scoring functions are used: (i) as a fitness function in the optimisation placement of 

the ligand during the docking process; (ii) as criteria for ranking the output poses after docking 

is completed. Different functions could be applied for the two purposes, although one and the 

same is usually utilised (Höltje at al., 2004). One example is the London dG scoring function, 

which estimates the free energy of binding of the ligand from a given pose by summing several 

terms: 

 

Eq. 17 

 

 

where c represents the average gain/loss of rotational and translational entropy; Eflex is the 

energy due to the loss of flexibility of the ligand (calculated from ligand topology only); fHB 

measures geometric imperfections of hydrogen bonds and takes a value in [0,1]; cHB is the 

energy of an ideal hydrogen bond; fM measures geometric imperfections of metal ligations and 

takes a value in [0,1]; cM is the energy of an ideal metal ligation; and Di is the desolvation energy 

of atom i. The difference in desolvation energies is calculated according to the formula: 

 

Eq. 18 

 

 

where A and B are the protein and/or ligand volumes with atom i belonging to volume B; Ri is 

the solvation radius of atom i (taken as the OPLS-AA van der Waals sigma parameter plus 0.5 

Å); and ci is the desolvation coefficient of atom i. The coefficients {c,cHB,cM,ci} are fitted from 

~400 x-ray crystal structures of protein-ligand complexes with available experimental pKi data. 

Atoms are categorised into about a dozen atom types for the assignment of the ci coefficients. 

The triple integrals are approximated using Generalized Born integral formulas (MOE, v. 

2014.0901). 
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2.2.5.2.Docking in the ligand-binding domain of PPARγ 

The ligands (structures prepared according Section 2.2.1.2.) were docked into the binding site 

of the prepared protein structure. The binding pocket of the receptor was specified by using the 

atoms of the co-crystallised ligand (BRL, or rosiglitazone) of the used PDB complex (PDB ID 

1FM6). The virtual screening protocol was applied with a placement method based on a 

pharmacophore. Then, a rescoring with London dG scoring function was applied to score the 

poses of the docked ligands (MOE, v. 2014.0901) without subsequent refinement and second 

rescoring. The highly scored poses of each ligand with a negative value of the scoring function 

only were kept (Figure 27).  

 

 

 

Figure 27. Settings for the docking procedure 
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CHAPTER 3.  RESULTS AND DISCUSSION 

3.1. Prosteatotic AOPs 

3.1.1. Data harvesting and analysis 

Experimental data from studies on hepatocytes and adipocytes were collected and analysed to 

investigate the possible relationship between PPARγ ligand binding and the development of 

NAFLD. This involved screening and ranking of more than 300 papers retrieved from NIH 

PubMed system (http://www.ncbi.nlm.nih.gov/pubmed) according to the following criteria:  

(i) completeness in the description of the model system: type of experiment (in vivo 

or in vitro), species or cell line used, and genetic properties of the studied subjects 

which could support a causal link between the MIE and the adverse outcome; 

(ii) relevance of the presented experimental evidence to the link KE-AO: availability 

of qualitative/quantitative data underlining biochemical and histological markers 

of NAFLD; 

(iii) relevance of the presented experimental evidence to the link MIE-KE: availability 

of qualitative/quantitative data related to the PPARγ-dependent changes in the 

levels of already identified biochemical and/or histological NAFLD markers; 

(iv) availability of appropriate experimental systems approximating the chemical 

initiation step: experimentally-induced (by diet, pharmacological treatment, or 

genetic techniques) changes in PPARγ activity and/or expression. 

The core set of literature sources was selected based on the availability of information for at 

least two of the pillars within an AOP, e.g. MIE, intermediate KE and AO, and experimental 

evidence for their relationship, qualitative or quantitative. This initial pool was further extended 

by an additional more specific literature search on the causal link between PPARγ 

dysregulation, the levels of its target proteins, and their corresponding toxicity pathways. The 

final set of 72 papers, among which 26 are reviews, is organised in several categories (Table 

S.2.,  Appendix A. Supplementary Material) in relation to the studied subjects (human 

patients, human cell cultures, animals in vivo, and animal cell cultures) and the experimental 

approaches (PPARγ overexpression, PPARγ overexpression and pharmacological treatment; 

PPARγ knockout/knockdown; PPARγ knockout/knockdown and pharmacological treatment; 
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pharmacological treatment; diet manipulation; gene manipulation of PPARγ upstream proteins; 

gene manipulation of PPARγ upstream proteins and pharmacological treatment). The papers 

dealing with the AOP methodology, reviews, and research articles containing background 

information (receptor structure, up- and downstream proteins’ functions, etc.) are given in the 

last two columns of the table. Figure 28 summarises the data in Supplementary table S.3. The 

analysis of the selected papers served as a basis for building the blocks in the  proposed AOPs.  

 

 

 

 

Figure 28. Major categories of (a) subjects and (b) experimental approaches in the selected 

papers. 
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3.1.2. Description of the AOPs  

Collecting scientific evidence for the relationship between PPARγ signaling and NAFLD was 

the first step in the development of AOP. The involvement of the receptor in this pathology has 

been well studied (Lee et al., 2012; He et al., 2011; Videla and Pettinelli, 2012; Nagasaka et al., 

2012; Matsusue, 2012; Okumura, 2011). In vitro and in vivo animal data supporting the role of 

hepatic PPARγ in the regulation of target lipogenic genes and triglycerides’ levels was collected 

from different experimental settings: receptor overexpression and/or activation, liver-specific 

knockout/knockdown of the PPARγ gene. While receptor suppression in liver had been shown 

to correlate with reduced target genes’ expression and lowered levels of NAFLD biomarkers, 

severe liver steatosis and hepatocyte proliferation had been linked to PPARγ upregulation (Lee 

et al., 2012; Morán-Salvador et al., 2011; Satoh et al., 2013; Yamazaki et al., 2011; Panasyuk 

et al., 2012). In the present study, data on PPARγ gene nucleotide variations affecting hepatic 

steatosis, and causing partial lipodystrophy was also considered as strong evidence for the 

relevance of the receptor to the considered adverse effect (Costa et al., 2010; Semple et al., 

2006). AOP development implied analysis of three domains of knowledge by:  

(i) identification of the chemical space – known chemical initiators or chemical 

classes reported as prosteatotic;  

(ii) analysis of the MIE: qualitative – by defining the mechanism, the site of action at 

molecular and higher levels, the key interactions involved; and quantitative – 

through establishing relationship between the structures of the chemical initiators 

and the experimental data from in vitro model system of the MIE; 

(iii) characterisation of the AO, e.g. biomarkers at molecular, cellular, tissue, organ 

and system levels that are relevant to the MIE and the pathology.   

On the basis of the collected evidence, the group of the PPARγ full agonists was outlined as 

prosteatotic and represents the applicability domain of the in silico studies discussed later. 

Further, two sites of action were considered with different MIEs, respectively – PPARγ 

inhibition in adipocytes and activation in hepatocytes (Al Sharif et al., 2014). Therefore, the 

two described AOPs include tissue-specific key events related to pathology-relevant 

biomarkers (Figure 29).  
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Figure 29. Proposed AOPs from tissue-specific ligand-dependent PPARγ dysregulation to 

NAFLD: LDAPs – lipid droplet associated proteins; FAT/UPs – fatty acid transport/uptake 

related proteins; TGSEs – triglyceride synthesising enzymes; FASEs – fatty acid synthesising 

enzymes; FSP27/CIDE-C – fat-specific protein 27/cell death-inducing DFF45-like effector; 

Plin 1, 2, 4 – Perilipins 1, 2, and 4; ApoCIV – apolipoprotein C IV; aP2 – adipose fatty acid 

binding protein; FAT/CD36 (or just CD36) – fatty acid translocase/cluster determinant 36; FAS 

– fatty acid synthase; ACC – acetyl-CoA carboxylase; SCD1 – stearoyl-CoA desaturase1; 

MGAT1 – monoacylglycerol O-acyltransferase 1; DGAT1 – diglyceride acyltransferase 1; 

DGAT2 – diglyceride acyltransferase 2; ADIPOQ – adiponectin; HCC – hepatocellular 

carcinoma. 
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3.1.2.1.PPARγ Ligand-Dependent Activation in Hepatocytes 

For the proposed AOP initiating with PPARγ activation, the rationale behind the selection of 

the corresponding MIE lies on the reports of prosteatotic effects of PPARγ agonists (synthetic: 

rosiglitazone and pioglitazone; endogenous: palmitate, oleate, eicosanoids) and/or liver PPARγ 

overexpression models (Lee et al., 2012; Morán-Salvador et al., 2011; Videla and Pettinelli, 

2012; Okumura, 2011; Maciejewska et al., 2015) as well as the anti-steatotic effects of PPARγ 

antagonists (BADGE, GW9662), hepatocyte-specific PPARγ knockout/knockdown (Sos et al., 

2011; Okumura, 2011), or PPARγ downregulation (He et al., 2015). Although small molecules 

are the principle initiators of the AOP, studies on PPARγ expression levels were considered as 

appropriate as the ligand-induced activation of the receptor correlates with qualitative 

estimations of NAFLD biomarkers. This is justified by the fact that PPARγ is subjected to 

positive feed-back regulation (Ratushny et al., 2012; Wakabayashi et al., 2009), thus agonist-

triggered induction of its own expression is an expected element of the effectuation chain and 

causes signal amplification. 

The toxicity pathways identified within this AOP involve increased synthesis of proteins, 

responsible for fatty acids’:  

(i) uptake – lipid transport/binding proteins ApoCIV, aP2, Caveolin 1, FAT/CD36 

(Zhu  et al., 2011; Lee et al., 2012; Morán-Salvador et al., 2011; Satoh et al., 2013; 

Yamazaki et al., 2011; Sos et al., 2011; Li et al., 2013; Kumadaki et al., 2011; 

Gaemers et al., 2011; Larter et al., 2009; Bai et al., 2011; Kim et al., 2008; Larter 

et al., 2008); 

(ii) de novo synthesis – the enzymes FAS, ACC, SCD1; 

(iii) esterification – the enzymes MGAT1, DGAT1, DGAT2 (Lee et al., 2012; Morán-

Salvador et al., 2011; Li et al., 2013; Kumadaki et al., 2011; Larter et al., 2009); 

(iv) storage – the lipid droplet associated proteins FSP27/ CIDE-C, Plins (1, 2, 4), 

Caveolin 1 (Li et al., 2013; He at al., 2011; Matsusue, 2012;  Flach  et al., 2011; 

Matsusue, 2010; Bai et al., 2011). 

Among the target proteins whose upregulation is relevant to the liver AOP, the most completely 

characterised were selected for further data summation and analysis. Thus quantitative data was 

collected for one lipid droplet associated protein (FSP27) and two proteins related to fatty acid 

uptake and intracellular transport (CD36 and aP2), regarding their expression levels in different 
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experimental conditions supporting the MIE (Section 3.1.3.). Further, the relevance of CD36 

to the AOP was placed in the focus of a detailed analysis. 

The FA translocase/cluster determinant 36 (FAT/CD36) protein, from the class B scavenger 

receptor family, is involved in the uptake of oxidised low-density lipoproteins (in macrophages) 

and fatty acids (in adipocytes, skeletal and heart myocytes). It is well known that the three main 

membrane structures where CD36 is incorporated are the cell surface caveolae, the intracellular 

vesicles and the mitochondria. The last is the place of interaction between CD36 and carnitine 

palmitoyl transferase 1, the key enzyme regulating mitochondrial fatty acids transport and 

oxidation. Mitochondrial CD36 content has been shown to correlate with mitochondrial fatty 

acids oxidation in human muscle and to increase upon rosiglitazone treatment (Ring et al., 2006; 

Ehehalt et al., 2008; Su and Abumrad, 2009). On the other hand, the relocalisation of CD36 

from mitochondria to the cellular membrane is among the mechanisms driving the shift from 

normal to insulin resistant myocytes through excessive fatty acids uptake (Glatz, 2015). It is 

possible, therefore, for PPARγ full agonists to affect the prosteatotic CD36 localisation in, or 

redirection toward the cell membrane by elevating its expression levels in hepatocytes.  

Furthermore, possible implication of plasma soluble CD36 as a new biomarker of insulin 

resistance, carotid atherosclerosis, and fatty liver has been suggested (Handberg et al., 2012). 

A study involving two hundred and twenty-seven NAFLD and eighty-five patients with a 

histologically normal liver supported the increased serum sCD36 as an independent factor 

associated with advanced steatosis in NAFLD with a significant correlation between hepatic 

CD36 and serum sCD36 levels (García-Monzón et al., 2014). The relevance of CD36 is further 

increased in view of the multiple transcriptional regulators of the translocase, such as cytosolic 

aryl hydrocarbon receptor (AhR), pregnane X receptor (PXR), liver X receptor (LXR), and 

PPARγ (He et al., 2011).  

Although PPARγ-mediated elevation of CD36 mRNA and protein levels has been clearly 

related to the adipogenic transformation of liver and exacerbation of steatosis (Zhu et al., 2011; 

Yamazaki et al., 2011; Larter et al., 2008), consideration of the alternative mechanisms and the 

extent to which they may distract from the postulated AOP is required for the complete AOP 

assessment (ENV/JM/MONO(2013)6). Generally, the dysregulation of each of the outlined 

nuclear receptors can affect the CD36 expression. Moreover, PXR is known as a transcriptional 

regulator of PPARγ, while PPARγ and LXR regulate their expressions reciprocally (Chawla et 

al., 2001; Geng et al., 2015).  
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While AOP networking could reflect such cross-relations, the asymmetric positive feed-back 

activation that is characteristic for each one of these receptors is neglected by definition. The 

role of CD36 hepatic overexpression in linking the AOP anchors – PPARγ dysregulation and 

NAFLD is justified by the growing scientific evidence for these relationships (Table 8).  
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Table 8. Main findings extracted from selected scientific papers supporting the prosteatogenic role of FAT/CD36 in the AOP from PPARγ 

dysregulation to NAFLD. Legend: Bold, in vitro experiments; CD, control diet; HFD, high-fat diet; endpoints: empty cells, endpoint not 

determined; +, increase; −, decrease; 0, no effect; 1, controls taken for 100%; 0/+ and 0/− are used in cases where a clear-cut decision about the 

reported effects could not be made 

 

Species 
PPARγ related strain 

characteristics 
Diet 

Experiment 

type 

Gene 

manipulation 

Pharmacological treatment Endpoints 

Ref 
agent type PPARγ CD36 

NAFLD 

biomarkers 

human NASH patients       + + 
Zhu et 

al., 2011 

mouse 

wild type HFD     +  + 

Le et al., 

2012 

liver PPARγ deficient line HFD     0  0 

wild type CD  
PPARγ 

transfected 
  + + + 

liver PPARγ deficient line CD  
PPARγ 

transfected 
  + + + 

mouse 

  

hepatocytes 
PPARγ 

transfected 

  + + + 

  rosiglitazone synthetic agonist + ++ ++ 

 

 

 

 

 palmitate 
endogenous 

metabolite 
+ ++ ++ 
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mouse 

functional PPARγ HFD     + + + 

Morán-

Salvador 

et al., 

2011 

 

PPARγ knockout HFD     0/+ 0/+ 0/+ 

mouse 

functional PPARγ  

tissue slices 

 oleic acid endogenous agonist   + 

functional PPARγ   rosiglitazone synthetic agonist   + 

PPARγ knockout   oleic acid endogenous agonist   0 

PPARγ knockout   rosiglitazone synthetic agonist   0 

functional PPARγ  

hepatocytes 

 BADGE synthetic antagonist   – 

functional PPARγ   
oleic acid + 

BADGE 

endogenous agonist 

+  

synthetic antagonist 

  0/+ 

mouse 

Insulin-resistant mice CD     + + + 
Satoh et 

al., 2013 
control mice CD   pioglitazone synthetic agonist   0 

Insulin-resistant mice CD   pioglitazone synthetic agonist 0 + ++ 

mouse 

wild type 
HFD - 

safflower oil 
    0/+ 0 0/+ 

Yamazaki 

et al., 

2011 

 

wild type HFD - butter     + + + 

wild type 
HFD - 

safflower oil 
 

PPARγ2 

knockdown 
  + 0/+ 0/+ 

wild type HFD - butter  
PPARγ2 

knockdown 
  + 0/+ 0/+ 

wild type CD  
PPARγ 

transfected 
  + + + 
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mouse 

JAK2L-thyrosine kinase 

deficient 
CD     + ++ ++ 

Sos et al., 

2011 
wild type CD   GW9662 synthetic antagonist 0 0 0 

JAK2L-thyrosine kinase 

deficient 
CD   GW9662 synthetic antagonist + + + 

mouse 

liver SMS2-

overexpressing  

transgenic line 

CD      + 0/+ 

Li et al., 

2013 

 

lSMS2-deficient  

knockout line 
CD      – 0/– 

wild type HFD     1 1 + 

liver SMS2-

overexpressing  

transgenic line 

HFD     + + ++ 

lSMS2-deficient  

knockout line 
HFD     – – – 

liver SMS2-

overexpressing  

transgenic line 

HFD   GW9662 synthetic antagonist   – 

human 

 

 

 

 

 

huh7 

hepatoma 

cells 

 ceramide 
endogenous 

suppressor 
– –  
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mouse 

wild type CD 
 

Fbw7 

knockdown   
+ + ++ 

Kumadak

i et al, 

2011 

wild type CD 

 

Fbw7/PPARγ

2 double 

knockdown   

0/– 0/+ + 

wild type CD 
 

Fbw7 

transfected   
– – 0/– 

mouse wild type  hepatocytes  
Fbw7 

knockdown 
  + + + 

mouse 

wild type HFD     + + + Gaemers 

et al., 

2011 
wild type 

HFD, liquid, 

overfeeding     
++ ++ ++ 

mouse 

wild type HFD     0/+ 0/+ 0/+ 

Larter et 

al., 2009 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

CD  

   

+ + 0/+ 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

HFD     + ++ + 
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The proposed mechanism of the CD36 mediated toxicity pathway is illustrated in Figure 30 

and involves the following steps: gene transcription is suppressed by corepressor binding to the 

PPARγ-RXRα heterodimer in the absence of PPARγ agonists (1); ligand-induced 

conformational changes lead to receptor activation, corepressor release and coactivator 

recruitment necessary for transcription initiation (2); CD36 overexpression and translocation to 

the plasma membrane markedly increase the hepatic uptake and esterification of free fatty acids 

(3–6), resulting in excessive and ectopic TG storage in lipid droplets (7). 

 

Figure 30. Model of ligand-dependent PPARγ activation as a potential MIE for liver steatosis 

through CD36 mediated excessive FA uptake and consequent hepatic TG accumulation.  

(1) PPARγ-RXRα heterodimer interacting with the PPARγ response elements (PPRE-N-PPRE) 

and transcriptional corepressor complex; (2) ligand-activated PPARγ-RXRα heterodimer with 

a transcriptional coactivator complex and RNA polymerase II; (3) rough endoplasmic 

reticulum; (4) Golgi complex; (5) FAT/CD36; (6) plasma fatty acid binding protein (in blue) 

carrying fatty acid (in orange); (7) growing lipid droplet storing triglycerides and coated with 

LD associated proteins; (8) mitochondria; (9) bile canaliculus. 
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Defining uncertainties, inconsistencies and data gaps is another criterion for evaluating the 

confidence in AOP, in particular for the assessment of key events. In the case with the long-

chain FAs transmembrane passage, the earlier hypothesis suggested the cooperative action of 

two proteins: FABPpm (plasma membrane fatty acid binding protein) – the receptor that 

facilitates the diffusion of the fatty acid-albumin complex through the unstirred fluid layer, and 

FAT/CD36 – mediating the fatty acids flip-flop across the bilayer (Chabowski et al., 2007). 

Later, real-time fluorescence measurements questioned the classification of CD36 as a simple 

transporter since a mechanism based on rate increase of fatty acids incorporation intoTGs 

instead of catalysing their translocation across the plasma membrane was proposed. However, 

the relevance of CD36 for TG accumulation is out of debate, since a study on HEK293 cells 

overexpressing CD36 has shown the uptake-mediated accumulation of more and larger LDs 

(Xu et al., 2013).  

One of the central elements in the AOP concept is directing the design of alternative risk 

assessment strategy by suggesting reliable in vitro and/or in silico predictive models for each 

key event along the pathway. On the basis of the collected scientific evidence for the CD36-

mediated fatty acids uptake, measuring the chemical-induced changes in the levels of CD36 

(mRNA and/or protein) in cultured hepatocytes can be used in in vitro screening for prosteatotic 

compounds. However, AOP quantification is necessary in order to estimate the dose-response 

cutoffs relevant to a real exposure scenario.  

Cumulatively, the toxicity pathways involving increased fatty acids’ uptake, synthesis, 

esterification, and storage in lipid droplets lead to an increased number or size of the lipid 

droplets, e.g. microvesicular or macrovesicular steatosis (Lee et al., 2012; Satoh et al., 2013; 

Yamazaki et al., 2011; Sos et al., 2011). Among the organ responses of the excessive fat 

deposition is the significant hepatomegaly (Sos et al., 2011; Li et al., 2013; Kumadaki et al., 

2011). The lipid droplets, which are central histological markers of the disease, are 

metabolically active organelles involved in the cellular homeostasis, rather than only lipid 

storage depots in the state of hyperlipidemic stress (Manteiga et al., 2013; Guo et al., 2009). A 

shift toward lipolysis of the content of overloaded lipid droplets induces lipotoxicity which is a 

prerequisite for the inflammation characteristic for NASH (Sos et al., 2011; Gaemers et al., 

2011). Predicting the progression from NAFLD to NASH is another key aspect of 

understanding the severity of the pathology and its driving molecular mechanisms.  
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Recently, Yamada et al. (2015) have examined one hundred and three patients diagnosed with 

NAFLD (simple steatosis: 63, NASH: 40) and reported differential gene expression when 

comparing the two groups of patients, outlining the progression from simple steatosis to NASH. 

In particular, increased expression of PPARγ and its target proteins – SCD1 and FAS correlated 

significantly with the hepatocellular ballooning score. The correlation between the lobular 

inflammation score and SCD1 levels has also been shown to be significant with a rise in the 

gene expression during the progress of inflammation in the liver tissue. 

Such studies underline the necessity of further monitoring and evaluation of the individual 

levels of multiple target proteins in pursuit of the biomarkers that are specific to separate stages 

of the disease development. 
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3.1.2.2.PPARγ Ligand-Dependent Inhibition in Adipocytes  

The developed adipose tissue AOP initiated with PPARγ inhibition is supported by a growing 

body of evidence that points toward the relevance of this MIE to the considered adverse effect 

(Figure 29). The receptor, whose isoform 2 is predominantly expressed in the adipocytes, is 

claimed to be a master regulator of adipogenesis (at the stage of terminal differentiation) as it 

is necessary (Barak et al., 1999; Kubota et al., 1999; Rosen et al., 1999) and sufficient 

(Tontonoz et al., 1994; Hu et al., 1995; Shao and Lazar, 1997) for establishing the adipocyte 

phenotype, by regulating the levels of particular metabolic genes and adipokines (Hwang et al., 

1997; Rosen and MacDougald, 2006; Lefterova and Lazar, 2009). The role of PPARγ ligands 

in the regulation of fatty acid uptake into adipocytes and adipocyte differentiation has been 

shown for thiazolidinediones and other insulin-sensitising agents that are potent receptor’s 

agonists (Grossman and Lessem, 1997). Such lipid sequestration into the adipose tissue lowers 

the circulating levels of triglycerides and free fatty acids, thus preventing the excessive hepatic 

lipid uptake and the secondary lipotoxicity in the liver (Rogue et al., 2010; Musso et al., 2009; 

Park CY and Park SW, 2012). Ligand-induced reduction in adipogenesis and lipid accumulation 

has been observed in experiments on 3T3-L1 preadipocytes involving cyclic phosphatidic acid, 

a highly specific endogenous PPARγ antagonist (Tsukahara et al., 2010), and scoparone – a 

PPARγ inhibitor that has been reported to suppress the rosiglitazone-mediated overexpression 

of its target genes to a level near the one observed in cells treated with GW9662 (Noh et al., 

2013).  

The effects observed upon PPARγ loss of function strongly support the relevance of the tissue-

specific receptor’s suppression for the selected adverse outcome since naturally occurring 

mutations in human PPARγ-coding sequence have been found to cause lipodystrophy. 

Cumulating data have been reviewed, supporting the axis PPARγ-deficiency/knockout – 

impaired adipogenesis as well as its significance for the subsequent elevated levels of plasma 

free FAs and TGs, and decreased plasma leptin and adiponectin levels, leading to lipodystrophy, 

insulin resistance and hypotension (Azhar, 2010). The lowered lipid storage capacity due to 

underdevelopment of adipose tissue has been shown to induce deposition of TG and acyl-CoA 

in insulin-sensitive tissues, causing not only insulin resistance but often hepatosteatosis (Virtue 

et al., 2010; Semple et al., 2006). The prosteatotic impairment of the normal function of the 

adipose tissue has been evidenced by experiments involving adipose tissue loss in JAK2L mice 

(Sos et al., 2011) and in mouse models of severe lipodystrophy (He at al., 2013; Chen et al., 
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2012). On the contrary, the application of antisense oligonucleotide targeting a suppressor of 

the PPARγ activation (drosophila tribbles homologue 3) has been reported as a PPARγ-

dependent mechanism for improving insulin sensitivity through increasing the white adipose 

tissue mass by 70%. The primary role of PPARγ has been additionally verified by cotreatment 

with its antagonist (BADGE), reversing the observed effects (Weismann et al., 2011). 

The decreased expression of adiponectin is among the key events outlined within this AOP, 

based on findings that hypoadiponectinemia is strongly associated with a decreased PPARγ 

expression in adipocytes, development of hepatic steatosis and insulin resistance in obese 

adolescents. In particular, adiponectin and PPARγ2 expressions have been reported to correlate 

positively and an inverse relationship has been shown between the adiponectin plasma levels 

and the hepatic fat content (Kursawe et al., 2010). The massive fat redistribution toward liver 

due to reduced adiponectin secretion has been confirmed by experiments with foz/foz mice 

(Larter et al., 2009). As for the strength of the relationship between the MIE and the adiponectin 

downregulation – the link is supported by studies on the 4-hydroxynonenal-induced activation 

and upregulation of PPARγ in parallel with the increased adiponectin gene expression both 

suppressed by T0070907 treatment (PPARγ antagonist) (Wang et al., 2012) as well as the 

stimulating effects of the eicosapentaenoic acid and its metabolite 15d-PGJ3 on the 

adiponectin’s secretion in 3T3-L1 adipocytes, claimed to be partially mediated by PPARγ 

(Lefils-Lacourtablaise et al., 2013). 

These effects find their mechanistical explanation in the fact that adiponectin is a hormone 

known to be exclusively expressed in adipocytes and to influence liver lipid metabolism 

through its hepatic adiponectin receptors 1 and 2 (also PPARγ-regulated proteins). Upon lack 

of adiponectin, an impaired hepatic β-oxidation of fatty acids is expected by lowered activation 

of PPARα and AMPK (5'-adenosine monophosphate-activated protein kinase). Normally, 

adiponectin regulates the AMPK phosphorylation, necessary for the reduction of malonyl-CoA-

mediated inhibition of β-oxidation and for lowering the triglyceride synthesis via suppression 

of SREBP-1 (Sterol regulatory element-binding protein-1) (Anderson and Borlak, 2008). 

Decreased PPARγ transactivation activity is also the mechanism involved in the reduced 

expression of lipid-droplet associated proteins as well as of important transporters in the 

adipocytes. The remodeling of the lipid droplets (fragmentation, shrinkage, expansion, and/or 

fusion) is governed by their protein composition. The same holds true for the metabolism of 
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their lipid contents since lowered levels of some PPARγ targets (FSP27/CIDEC and Plin1) are 

known to drive the increased lipolysis and release of free fatty acids from the adipocytes to the 

circulation – a prerequisite for insulin resistance and abnormal hepatic lipid deposition 

(Manteiga et al., 2013; Lefils-Lacourtablaise et al., 2013).  

The role of the fatty acids’ uptake/transport is outlined by several studies on compounds 

(scoparone and extracts from Zanthoxylum piperitum DC and Petalonia binghamiae thalli) and 

microorganisms (lactic acid bacteria isolated from Korean pickled fish) suppressing in vitro 

adipocytes differentiation and accumulation of triglycerides by lowering the expression of 

PPARγ (Gwon et al., 2012; Patk et al., 2013) and its target proteins aP2 and CD36/FAT (Noh 

et al., 2013; Kang et al., 2010; Patk et al., 2013). Nuclear factor erythroid 2-related factor 2 has 

been shown to suppress lipid accumulation in white adipose tissue and adipogenesis as well as 

to induce insulin resistance and hepatic steatosis in Lep (ob/ob) mice. It has been related to the 

downregulation of PPARγ and aP2 in mouse embryonic fibroblasts (Xu et al., 2012).  

Inflammatory and immune responses, in particular NFkB-mediated ones, are among the cellular 

processes under the transrepressive PPARγ control by: (i) direct interaction with NFkB, 

preventing its binding to specific responsive elements on target genes; (ii) competing for 

common coactivators; or (iii) blocking the pro-inflammatory stimulus-induced clearance of 

corepressor complexes on target genes (Luconi et al., 2010; Rogue et al., 2010; Liao et al., 

2012). PPARγ activation by resolvin D1 in lung and by bezafibrate in white adipose tissue has 

been shown to mediate their anti-inflammatory effects (Liao et al., 2012; Magliano et al., 2013). 

The transition from steatosis to NASH is claimed to coincide with major changes in adipose 

tissue. A relationship between its metabolic function and inflammatory state has been shown in 

overfeeding mouse models of NAFLD. The increased expression of inflammation markers and 

the lowered PPARγ, adiponectin, CD36 and aP2 expression in white adipose tissue have been 

reported as strong evidence supporting the understanding that chronic inflammation, increased 

cytokine production and altered adipokine secretion of white adipose tissue as well as its 

decreased lipid storage capacity and increased lipid outflow are the driving mechanism behind 

the metabolic changes and the lipotoxicity in peripheral tissues/organs (Gaemers et al., 2011). 

Decreased adiponectin secretion and increased free fatty acids’ redistribution toward the liver 

have been outlined as key events bridging the possible toxicity pathways in the adipocytes and 

the final outcome in the liver. The elevated hepatic lipid uptake, impaired mitochondrial 

oxidation and increased synthesis of fatty acids cumulatively leads to excessive triglyceride 



 

111 

accumulation and is a prerequisite for hepatocellular injury associated with hepatic lipotoxicity 

(Anderson and Borlak, 2008; Neuschwander-Tetri, 2010), oxidative stress and inflammation 

observed in NASH (Serviddio et al., 2013).  
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3.1.3. Evaluation of the hepatic AOP  

A weight-of-evidence was performed for the hepatic AOP, based on two main criteria: (i) the 

extent of development of the assay supporting a given event and (ii) the relationship between 

the AOP anchor points MIE-KEs-AO. The following key events within the hepatic AOP were 

analysed (Appendix B.AOP evaluation table): 

(i) MIE 

(ii) LD associated proteins 

(iii) FA transport proteins 

(iv) increased FA uptake 

(v) increased TG storage 

(vi) increased number or size of LD 

(vii) NAFLD at tissue and organ level 

According to the performed analysis, the most applied assays reflect mRNA and protein levels 

of PPARγ and its targets, histological markers of NAFLD, hepatic TG content, organ effects 

and serum levels of markers for liver injury. It is important to note that variations in gene 

expression are often supported by biochemical or histological confirmation of their relevance 

to the apical endpoint. Most of the assays (Figure 31) are not only robust and reliable methods 

published in the peer-reviewed literature but also in a form that could allow them to be 

submitted for prevalidation. However, we did not score the corresponding events as “Strong” 

but as “Moderate”, because the relationships between them and the apical endpoint were not 

strong and the mechanistic basis was rather probable (Appendix B. AOP evaluation table). 

The involvement of FSP27 and CD36 in the regulation of fatty acids metabolism and fate has 

already been discussed (Sections 3.1.2.1. and 3.1.2.2.). The other outlined transporter – the 

fatty acid binding protein 4 (FABP4, aP2) is known to bind specific ligands in the cytosol and 

to be engaged with their delivery to PPARγ in the nucleus, thus facilitating the ligand-dependent 

enhancement of the receptor’s transcriptional activity (Ayers et al., 2007). 
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Figure 31. Distribution of the scientific evidence by type of assays. 

 

 In Figure 32, data for high-fat diet induced changes in the expression are summarised. The 

colour code corresponds to different literature sources and experimental settings. However, a 

mixed etiology of the observed effect could be expected since the inductive role of dietary fatty 

acids could simultaneously act on PPARγ and other nuclear receptors. 

 

Figure 32. Effect of natural ligands (mainly from diet) on the mRNA levels of PPARγ and 

some of its targets. General experiment type: wild type + high-fat diet (variants) + quantitative 

RT-PCR analysis. Exceptions: a – in vitro treatment with ceramide (endogenous suppressor);  

b – PPRAγ deficient line; c – microarray analysis; d – semiquantitative RT-PCR; e – obese, 

hypercholesterolemic, diabetic line (Supplementary table S.3.). 
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Additionally, data for genetic manipulations or cell lines with specific genetic background that 

are related to PPARγ overexpression, knockdown, positive or negative regulation by upstream 

acting proteins was collected (Figure 33). 

 

 

 

Figure 33. Effect of genetic manipulation and/or genetic background on the mRNA and protein 

levels of PPARγ and some of its targets. General experiment type: PPARγ up- or 

downregulation + normal chow diet + quantitative RT-PCR analysis. Exceptions: a – high-fat 

diet; b – microarray analysis; c – Western blot; d – semiquantitative RT-PCR (Supplementary 

table S.4.). 

 

At a molecular level we can clearly see the correlation between the availability of PPARγ and 

its targets. The bars that go outside the plot area stand for knockdown or overexpression data 

where the normalisation versus zero level produced infinite number. The effects illustrated in 

Figure 32 and Figure 33 support the local interconnections between the MIE and the respective 

molecular intermediate events, although some of them are associated with the apical endpoint 

within the source literature by additional histological observations. 
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3.1.4. The developed AOPs – general analysis and comparison with the AOPs published 

in the AOP-KB  

The complexity of the NAFLD, considered as a spectrum of pathological phenotypes, makes 

the precise definition of the apical endpoint a challenging task. Studies on the interaction of 

miRNAs and PPARγ supported the involvement of the receptor in the regulation of triglyceride 

homeostasis and in the development of hepatic steatosis as a mechanism protecting the 

extrahepatic tissues from triglyceride accumulation and insulin resistance (Kurtz et al., 2014; 

Albert et al., 2014). Moreover, there is a general understanding that steatosis can be reversible 

(Vanni  et al., 2010; Tailleux et al., 2012). From that point of view, it can be assumed that 

steatosis is more likely an adaptive response which by definition is not supposed to be outlined 

within an AOP neither as a key event nor as an adverse effect. However, fatty liver is both 

among the prerequisites for disease aggravation and a part of the NASH phenotype, 

histologically characterised by steatosis, lobular inflammation, hepatocellular ballooning and 

fibrosis (Takahashi and Fukusato, 2014). If we choose NASH to be the adverse effect in the 

AOP and consider liver steatosis as one of the histological manifestations of the pathology, then 

we could represent it as a key event or a non-apical endpoint, preceding the adverse effect. This 

issue raises the question of the integration of other progressive stages like cirrhosis and 

hepatocellular carcinoma and their place in a possible AOP network since patients suffering 

from NASH are particularly predisposed to such outcomes (Wang et al, 2015).  

Another inherent limitation of the AOPs is the fact that feedback loops are ignored. This means 

that the well known positive feedback regulation of PPARγ is not considered. However, as 

already discussed in the section for protein-ligand interactions, the shifting of the observed 

ligand’s potency toward a lower EC50 value as compared to its expected magnitude is rooted in 

signal amplification. Thus, if ligand-indiced activation of the receptor is involved in its own 

overexpression, it would result in a different dose-response profile. Another phenomenon that 

is expected to power the signal amplification is the synergistic action of PPARγ, LXR and PXR, 

which share common target proteins and/or metabolic pathways involved in the pathogenesis 

of the selected AO. Moreover, as already discussed, PPARγ and LXR are shown to be targets 

of PXR as well as to upregulate each other reciprocally (Chawla et al., 2001; Geng et al., 2015).  
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While AOP networking may solve problems like multi-stage disease representation and cross-

relation between parallel signaling pathways, another problem stemming from the complex 

tissue composition of liver has to be overcome. Since PPARγ-mediated events take place in 

each of the cell types presented in this organ – hepatocytes, macrophages, hepatic stellate cells 

(HSCs), defining the individual cell type specific pathways’ contributions would bring us a step 

closer to a more reliable, cumulative predictive model of the organ effect. It is well known that 

in macrovesicular steatosis the abnormally large LDs, the cellular stress and the morphological 

changes in the hepatocytes are prerequisites for congestion of the sinusoids, thereby impairing 

the sinusoidal blood flow. This triggers a pro-inflammatory cascade, which is further enhanced 

by the complex cross-talk of the sinusoidal epithelial cells, HSCs and activated Kupffer cells, 

causing congestion, infiltration of lymphocytes and local release of pro-inflammatory cytokines 

(Sahini and Borlak, 2014). Further, when the lipid storage capacity of the hepatocytes is 

exceeded, an elevated cytoplasmic lipid oxidation additionally aggravates the inflammatory 

state of the organ (Alkhouri and McCullough, 2012; Povero and Feldstein, 2016). 

On the contrary, PPARγ activation in macrophages is more likely related to the suppression of 

inflammatory responses while its downregulation in HSCs is considered pro-fibrotic. Whether 

the anti-inflammatory (in macrophages) and anti-fibrotic (in HSCs) effects of PPARγ activation 

would be able to compensate the prosteatotic hepatocyte-related events depends on the time of 

exposure to the chemical initiator, its bioavailability, the feedback/feedforeward regulatory 

mechanisms, the parallel metabolic pathways regulated by other steatosis-relevant nuclear 

receptors and the inter-cellular signaling. Therefore, consideration of the individual 

contributions and cross-talks of the events in different cell types within the same organ could 

adequately reflect the dynamics and the magnitude of liver toxicity. At the current state of 

development of the two AOPs, the principles for AOP simplification and the unfilled data-gaps 

on synergic/interfering mechanism involved in the total individual response suggest 

quantitative deviations from the real pathway dynamics. 

Among the 91 AOPs proposed in the AOP-KB, 12 have a common intercept with key elements 

of the AOPs reported in the current PhD thesis (Figure 34).  
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Figure 34. Distribution of the AOPs reported in AOP-KB by key anchors related to the 

prosteatotic AOPs discussed in the PhD thesis. 

 

None of these except one, namely “LXR Activation to Liver Steatosis”, matches both the 

studied here MIE (PPARγ activation/inhibition) and AO (liver steatosis). However, the 

mentioned AOP is focused on LXR, while the PPARγ activation was wrongly classified as 

MIE, since by definition an AOP consists of only one MIE and one adverse outcome (AO) 

connected by a sequence of key intermediate events. Although the activation of LXR and 

PPARγ trigger pathways with several common intermediate events and a shared AO, noa direct 

relation between these MIEs,outlined in the graphical representation of the AOP 

(https://aopkb.org/aopwiki/index.php/Aop:34). On the other hand, we proposed a complete 

sequence of events for two PPARγ related AOPs, with weight-of-evidence (WoE) evaluation 

of key events within the liver-initiated AOP and in silico modelling of its MIE. Moreover, the 

proposed by us AOP triggered by PPARγ activation is one of the few pathways supported by 

such in silico models. 

In summary, it has been proposed that the ligand-induced disruption of the PPARγ activity may 

lead to NAFLD. The toxicity pathways related to this AO are tissue and cell type specific, thus 

two different AOP have been developed for the PPARγ inhibition in adipocytes and its 

activation in hepatocytes. Among the evaluated key events, lipid uptake/transport was 

underlined as the most significant toxicity pathway within the hepatic AOP. 
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3.2. PPARγ ligands’ dataset 

A dataset of PPARγ ligands was collected for the modelling purposes. Totally, data for 452 

structures was harvested from the Protein Data Bank (PDB) (www.rcsb.org, Berman et al., 

2000) and from 32 literature sources, 18 of which deposited a single structure in Protein Data 

Bank (PDB), 2 – two structures, 1 – three structures, and 11 – no structure. These structures 

represent 439 different PPARγ ligands. Among them, 5 are standards for PPARγ full agonists, 

and there is more than one reported experimental measurement (rosiglitazone – 8; pioglitazone 

– 4; farglitazar – 2; ragaglitazar – 2; tesaglitazar – 2). The structures were generated as described 

in Section 2.2.1.2. The dataset is publicly available at http://biomed.bas.bg/qsarmm/ and 

includes information about: 

1. 2D connection table of the ligand named by its InChi key. 

2. SMILES code of the ligands (Open Babel v. 2.3.2 generated "inchified" SMILES). 

3. IUPAC names of the ligands. 

4. Trivial name of the ligand (where present in the sources). 

5. PDB complex and ligand codes (for the complexes deposited in Protein Data Bank by 

the cited authors). 

6. PDB code of the ligand found in Protein Data Bank (even if no complex(es) are 

deposited in Protein Data Bank by the cited authors). 

7. Ligand name / notation in the data source. 

8. Data source. 

9. Binding affinity data (IC50), error, comments. 

10. Transactivation activity data (EC50), error, comments. 

11. Relative transactivation efficacy (% max), error, comments. 

12. Reference compound used in the relative transactivation efficacy calculation. 

13. Species and cell line used in the activity/efficacy determination. 

14. Assay names of: (i) in vitro binding assays – radioligand binding assay or fluorescence 

polarisation binding assay for measuring ligands’ binding affinity; (ii) cell-based 

luciferase transcriptional reporter gene assay – used for evaluating the effect of the 

ligand-dependent PPARγ activation on the expression of a target reporter protein 

(transactivation activity, potency) and for establishing the percent response in relation 

to the maximum response of a reference compound (relative transactivation efficacy). 
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15. Training/test set assignment for the compounds used in 3D QSAR modelling: since the 

protonation states of the modelled ligands differ from those of the neutral forms 

presented in this dataset, for some structures two protonation states were shown to 

coexist and were considered as different ligands in the modelling study (Al Sharif et al., 

2016) 

The distribution of the collected ligands according to the different human/animal cell lines used 

for measuring potency and the relative efficacy toward PPARγ is shown in Figure 35 and 

summarised in Table S.5., Appendix A. Supplementary Material. 

 

Figure 35. PPARγ agonists’ dataset: distribution of the ligands according to the cell line and 

their relative efficacy toward PPAR. Numbers 1-7 indicate the different species and cell lines: 

1 – hamster/kidney (BHK21 ATCC CCL10), 2-4 – monkey/kidney (COS-1, COS-7, CV-1, 

respectively), 5 – human/kidney (HEK293), 6 and 7 – human/liver (HepG2, Huh-7, 

respectively) 

In summary, the PPARγ agonists’ dataset that has been collected and curated was based on the 

precise reflection of reported experimental settings. The constructed high quality dataset is 

suitable for modelling purposes and as a source for building a well organised information pool 

available on-line. 
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3.3. Molecular modelling studies 

Based on the established causal relationship within the proposed AOPs, the study was logically 

directed toward molecular modelling of the MIE to develop a mechanistically justified 

predictive in silico approach. Taking into consideration that the prosteatotic genomic activity 

of PPARγ is specifically triggered by full agonists but not by partial agonists (Chigurupati et 

al., 2015), and in view of the prevalence of PPARγ-agonist crystallographic complexes over 

such with antagonists, the modelling strategy was focused on an in silico study of the hepatic 

MIE (PPARγ full activation) as a reliable early signal for hazard identification. This required 

an analysis of the available data for full agonists (e.g. binding mode, efficacy range) and 

determined the choice of molecular modelling approaches to be applied for development of a 

pharmacophore-based virtual screening (VS) procedure and 3D QSAR models (Figure 36). 

 

 

 

 

 

 

 

Figure 36. Molecular modelling workflow to study PPARγ full activation: step 1 – VS to 

predict full agonists and step 2 – 3D QSAR modelling to predict their potency.  
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3.3.1. Analysis of the deposited PPARγ-ligand complexes  

A set of PPARγ-ligand complexes with biological data for the ligands (Table S.6., Appendix 

A.Supplementary material) was constructed, based on data extracted from the PDB and 

ChEMBL databases (last access: 15 February 2014) (Gaulton et al., 2012). It included 120 

complexes of the human PPARγ receptor with binding affinity (Ki, Kd, IC50) and transactivation 

activity (EC50) data for the corresponding ligands. Complexes differed in terms of the type 

and/or the number of the bound ligand(s), in case there were any (Figure 37a). Some of the 

complexes had two ligands simultaneously occupying the LBD (Waku et al., 2010; Itoh et al., 

2008; Li et al., 2008). Variations also occurred in the type of the non-ligand component, 

depending on the presence of additional protein subunit(s) or a cofactor as well as the absence 

of a ligand (apoform) (Figure 37b). Only the complexes of PPARγ agonists were selected for 

subsequent processing and analysis.  

 

Figure 37. Distribution of the structures according to the type of: (a) the bound ligands; (b) the 

non-ligand component. 
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3.3.2. Processing of the PPARγ-ligands’dataset  

Selection of a modelling set of 170 ligands out of 439 PPARγ full and partial agonists was 

performed by:  

(i) data gaps removal; 

(ii) selection of the full agonists, avoiding duplicates and data uncertainties; 

(iii) stereochemical adjustment (S stereoisomers were preferred when potency of 

racemic mixtures was reported). 

A cornerstone in the data processing was the ligands’ filtering by type of agonism. Therefore, 

one of the three proposed thresholds for PPARγ full agonists’ relative efficacy had to be 

selected: 

(i) According to Henke et al. (1998), full agonists are those compounds that elicit in 

average at least 70% activation of PPARγ as compared to rosiglitazone. 

(ii) According to Acton et al. (2005), ligands reaching 20–60% of rosiglitazone’s 

maximal activation are deemed partial agonists; therefore %max > 60 could be 

associated with full agonism. 

(iii) According to Bruning et al. (2007), transactivation which is more than 80% as 

compared to rosiglitazone should be considered full, less than 50% – partial, and 

between 50% and 80% – intermediate.  

Relative efficacy of 70% was considered as a reasonable cutoff for selecting only the full 

agonists as it is less restrictive toward marginal efficacy and still relevant to the chemical 

domain of interests. 



 

123 

3.3.3. Analysis of the PPARγ LBD and the ligand-receptor interactions  

The PPARγ LBDs were subjected to 3D-protonation at appropriate physiological conditions to 

assign the correct ionisation state and positions of the missing H-atoms. Then the LBDs were 

superposed by the C-alpha atoms on a template structure using the “Protein superpose” tool in 

MOE, and the root-mean-square deviation (RMSD) values were recorded. The X-ray structure 

of the PPARγ-rosiglitazone complex (PDB ligand ID BRL; complex ID 1FM6; Gampe et al., 

2000) was selected for a template since:  

(i) the complex represents a physiologically relevant arrangement of agonist-bond 

LBDs of human RXRα and PPARγ as a heterodimer interacting with coactivator 

peptides;  

(ii) the PPARγ ligand (rosiglitazone) is among the most potent PPARγ full agonists 

(Supplementary table S.6.), thus bearing structural determinants appropriate for 

the pharmacophore modelling;  

(iii) the residue span of the crystallised PPARγ subunit encloses the full length of the 

LBD (Pro206-Tyr477); 

(iv) the complex has the lowest resolution (2.1 Å) compared to the rest of the other 

PPARγ-rosiglitazone complexes – 4EMA, 3DZY, 2PRG, 3CS8, (Liberato et al., 

2012; Chandra at al., 2008; Nolte at al., 1998; Li et al., 2008a), excluding the 

complex with PDB ID 1ZGY (resolution 1.80 Å; Li et al., 2005) , which lacks the 

RXRα LBD and, thus, is not a comprehensive representation of the physiological 

conditions of interest.  

Altogether, these considerations make the selected PDB complex a mechanistically justified 

template for superposition. Since the preliminary superposition on the D-chain produced better 

RMSDs than the X-chain of the the 1FM6 complex, the latter was used for the final overlay of 

all bioactive conformations of the PPARγ full agonists. In order to estimate the possible impact 

of the crystal packing forces on the X-ray ligand conformation, the last was relaxed using the 

MMFF94s force field and compared with the original structure as extracted from the 1FM6 

complex. The superposition on all heavy atoms and on the heteroatoms only (Figure 38) 

revealed just slight deviations with RMSDs of 0.388 Å and 0.377 Å, respectively.  



 

124 

 

Figure 38. Superposed conformers of rosiglitazone: the X-ray structure as extracted from the 

complex 1FM6 (in atom type colour) and after optimisation by the MMFF94s force field 

(carbon atoms are coloured in green). The structures are superposed on the heteroatoms, and 

the distances between the oxygen atoms in the thiazolidine ring are shown in Å. 

 

As for the heteroatoms relevant to the specific receptor-ligand interactions, albeit the distances 

between the oxygen atoms (0.34 and 0.45 Å), the nitrogen atoms in the thiazolidine rings were 

fully overlaid. These results suggested a lack of any significant “tension” in the X-ray 

conformation, which was further supported by the results of a heavy atoms’ superposition, 

comparing the rosiglitazone’s structures extracted from all available complexes (range of the 

RMSDs: 0.18–0.58 Å; template: rosiglitazone structure from 1FM6 complex, D chain) 

(Supplementary table S.6.). The ligand X-ray structures represent stable bioactive 

conformations as had been previously underlined upon optimisation of X-ray complexes of 

another nuclear receptor (human estrogen receptor α) at different levels of protein flexibility 

(Pencheva et al., 2012). The superposition of 58 full and partial agonists on the PPARγ LBD is 

shown in Figure 39a. Figure 39b illustrates the large (~1300 Å3; Nolte et al., 1998), ligand-

occupied binding pocket outlined by its surface (within 4.5 Å of the ligand atoms). 

The binding pocket has a complex Y-like shape with the so called arms I, II and III, thus 

allowing for various binding modes and multiple ligands’ accommodation. The ligand entry, 

located between H3 and the β-sheet region, does not coincide with either of the arms but is 

directed toward their anchor point. Within Arm I, the polar parts of the ligands are directed to 

H12, which has proved to be crucial for coactivators binding. The analysis of the protein-ligand 

interactions within the complexes of the nine most active agonists has outlined the amino acid 

residues forming the receptor-binding pocket (Figure 40). 
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Figure 39. (a) 58 PPARγ agonists superposed in the ligand binding pocket of the receptor on 

the template complex PDB ID 1FM6 with rosiglitazone (in space-filled rendering and C-atoms 

coloured in magenta); the other ligands are rendered in lines and coloured according to the atom 

type; (b) surface map of the binding site (in constant grey colouring) of all agonists and 

rosiglitazone (in magenta); the different residue colouring designates participation in one of the 

three “arms” within the binding site: Arm I – green; Arm II – cyan; Arm III – yellow; the 

entrance to the pocket (outlined with a black dotted line) is located between the arms; the protein 

backbone is rendered in a ribbon and coloured according to the secondary structure: helix – red; 

strand – yellow; turn – blue; loop – white; H1–H12 assign the order of the helices in the PPARγ 

LBD structure. 

 

Indicators for the ligand-driven flexibility of the binding pocket are the sixteen residues 

detected to participate in protein-ligand interactions in only one or two complexes. Among the 

48 residues, 19 are common for the binding sites of all agonists, with Ser289, His323, His449 

and Tyr473 (shown in red) involved in hydrogen bond formation. These interactions are 

illustrated in Figure 41 of rosiglitazone in the PPARγ complex 1FM6 and GW409544 (PDB 

ligand ID 544) in complex 1K74 (Xu et al., 2001).  

a b 
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Figure 40. The protein-ligand interaction fingerprints of the nine most active (according to the 

EC50 values in Supplementary table S.6.) agonists evinces the number of occurrences of the 

amino acids involved in the agonists’ contacts with the receptor binding pocket; in red – the 

amino acids that were identified to form hydrogen bonds (HBs) with the most active agonists.  

 

 

Figure 41. Ligand-interaction diagrams of (a) rosiglitazone and (b) GW409544 within the 

binding pocket of PPARγ. 

a b 
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Different binding modes were suggested for the full and partial agonists (Bruning et al, 2007) 

and our inspection of the binding pocket of all complexes has confirmed this observation, 

emphasising the H12 independent activation of PPARγ by the partial agonists (Figure 42).   

 

 

 

Figure 42. Binding poses of three full agonists (BRL – rosiglitazone; 544 – GW409544 and 

570 – farglitazar; in magenta) and three partial agonists (MRL24, SR145, SR147; in green) 

within the PPARγ binding pocket (template complex 1FM6). 



 

128 

3.3.4. Pharmacophore-based Virtual Screening to predict PPARγ full agonists 

3.3.4.1.Pharmacophore model development 

The full agonists’ complexes selected for pharmacophore modelling were superposed on the 

template structure 1FM6. Within the range of the calculated RMSD values (0.44 – 1.58 Å; 

Supplementary table S.6.), the complexes were distributed in such a manner that the majority 

of them shared the interval 0.8–1.2 Å as shown in Figure 43.  

 

 

Figure 43. Histogram of the RMSD values (X-axis) of superposed PPARγ-full agonist 

complexes (Y-axis). 

 

In view of the well aligned helices that enclose the binding site, the observed deviations are to 

a greatest extent due to the flexibility of the loop between H2' and H3 (Figure 39a). This could 

be rooted in the possible adaptive function of the loop that assists the accommodation of 

differentially shaped and/or sized ligands, thus maintaining unchanged the positions of the 

helices in the PPARγ binding site. The stability of the pocket upon ligand binding guaranteed 

the reliable alignment of the superposed ligands involved in pharmacophore generation. Seven 

important pharmacophore features were outlined, based on the three most active agonists – 

rosiglitazone (PDB ID 1FM6), compound 544 (PDB ID 1K74) and compound 570 (PDB ID 

1FM9) (Figure 44).  
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Figure 44. Pharmacophore model of PPARγ full agonists. The features that describe the less 

restrictive 4/5 point pharmacophore model are surrounded by a dotted line. 

 

They represent two main types of interactions: HB and ionic interactions associated with four 

polar atoms and functional groups (F1, F2, F4 and F6); and hydrophobic and/or aromatic effects 

characteristic for three structural elements (F3, F5 and F7). The relative spatial localisation of 

the latter is crucial for the overall topology of the ligand, which remains anchored within Arms 

I and II through the terminal features F5 and F7 and is stabilised by the bridging F3. The explicit 

contribution of the HB and ionic interactions is indirectly mediated by the 

hydrophobic/aromatic ones which enable the optimal ligand pose into the pocket to ensure 

protein-ligand interactions that are direct (F1, F2, and F4) or mediated by a water molecule 

(F6). Details on the mechanistical interpretation of the pharmacophore features are summarised 

in Table 9. 
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Table 9. Description of the pharmacophore features in the pharmacophore model of the full 

PPARγ agonists: Don – donor; Acc – acceptor; Hyd – hydrophobic; Aro – aromatic. 

 

Pharmacophore 

feature 
Location Interactions 

F1: Don/Acc Arm I 

Participates in HB interactions (donor and acceptor) with 

residues His449 (H11) and Tyr473 (H12); responsible for 

the direct interaction with H12 and stabilises its active 

position  

F2: Acc Arm I 

Participates in HB interactions (acceptor) with Ser289 (H3), 

His323(H5), Tyr 327 (H5); responsible for the stabilisation 

of H12 in an active position 

F3: Hyd/Aro Arm I 
Fits to the hydrophobic environment; stabilises the positions 

of F1 and F2 features  

F4: Don/Acc Arm II 

Can participate in HB interactions directly or mediated by 

water molecules with Ser342 (H5), Cys285 (H3) and Arg 

288 (H3); stabilises the pose of the ligand into the pocket 

F5: Hyd/Aro Arm II 
Fits to the hydrophobic environment; stabilises the pose of 

the ligand into the pocket 

F6: Don/Acc Arm I 
Can participate in HB interactions mediated by water;  

stabilises the pose of the ligand into the pocket 

F7: Hyd/Aro Arm I 
Fits to the hydrophobic environment; stabilises the pose of 

the ligand into the pocket 

 

For this restrictive pharmacophore model based on the most potent full agonists of PPARγ, 

further evaluation was performed. A set of 20 full agonists was carefully selected from PDB 

along with the corresponding potency data (EC50 values), based on experimental evidence for 

full agonistic activity.  
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A visual inspection of the full agonists as superposed on the 7 pharmacophore features resulted 

in the generation of substructure-based fingerprints (Table 10) and led to the following 

assumptions:  

(i) features F1 or/and F2 and F3 could be outlined as mandatory for full agonism; 
 

(ii) at least one of the features that stabilise the position of the ligand in the pocket (in 

Arm II – F4 and/or F5 or in Arm I – F6 or/and F7) is necessary for the full agonism. 

Since the level of correspondence of the 20 agonists to the 7 feature pharmacophore was related 

to their activity, the less restrictive 4/5-point pharmacophore model that was built is expected 

to cover a larger applicability domain (Figure 44). Among the previously outlined structural 

features related to HB and ionic interactions, F1 and F2 were selected as essential within the 

full agonists’ set and F4 – as optional, while the pool of the hydrophobic and aromatic 

substructures was represented by F3 and F5 only. 

A detailed investigation of the 20 full agonists’ complexes and the apo-form (1PRG; Nolte et 

al., 1998) was performed, regarding the HB interactions between H12 and its vicinity, including 

protein-protein and protein-ligand ones (Supplementary table S.7.), leading to the following 

conclusions: 

(i) a number of ligands interact directly with H12 through HBs (e.g. 544, 570, BRL, 

ZAA), thus fitting with the F1 feature;  
 

(ii) for ligands like M7R, M7S, S44, J53 no interactions are identified with H12; 

instead, they interact with H3 and/or H5, fitting in this way with the F2 feature;  
 

(iii) unique HBs that take place in complexes only and are not observed in the apo-forms 

have been found to connect H12 to H3, H4, and H5, thus stabilising its active 

position (e.g. Ile472 (H12) with Lys319 (H4), Lys474 (after H12) with Lys319 

(H4), Tyr477 (after H12) with Glu324 (H5), Hys466 (between H10/11 and H12) 

with Gln 286 (H3); Supplementary table S.7., highlighted lines); 
 

(iv) for the most active agonists, the H12 stabilising ligand-induced interactions that 

possibly facilitate coactivator recruitment include: the HB contacts between H12 

and H4 as well as those between H12 and H3, which prevail in ligands without F1. 
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Table 10. Evaluation of the pharmacophore model on a dataset of full agonists: 

F1–F7, pharmacophore features; +/−, the presence or absence of the particular pharmacophore 

feature in the particular chemical structure; EC50, transactivation activity; the complexes are 

ordered according to their EC50 values (the lowest value considered when the interval data are 

reported). 

 

 

Complex  

PDB ID  

Ligand 

PDB ID 

Pharmacophore features 
EC50 

(nM) F1  F2 F3 F4 F5 F6 F7 

1K74  544 + + + + + + + 0.2–2.7 

1FM9 570 + + + + + + + 0.339–6 

1FM6 BRL + + + + + − − 2.4–2880 

3AN4 M7R − + + + + − − 3.6 

3BC5 ZAA + − + + + + − 4 

3IA6 UNT + + + + + − − 13 

1I7I AZ2 + + + − − − + 13–3528 

3G9E RO7 + + + + + − − 21 

3AN3 M7S − + + + + − − 22 

2ZNO S44 − + + + + − − 41–70 

3GBK 2PQ + + + + + − − 50 

3VJI J53 − + + − + − − 58 

2F4B EHA + − + − + − − 70 

2Q8S L92 + + + + + − − 140 

1KNU  YPA + + + + + − + 170 

3FEJ CTM + + + − + − + 210 

2HWR  DRD + + + − + − − 210 

2ATH  3EA + + + − + − − 230 

1NYX  DRF + + + − + − − 570–600 

2GTK  208 + + + + + − + 760 

2XKW  P1B + + + + + − − 1125 
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3.3.4.2.VS protocol development and validation 

Further, a predictive model for PPARγ full agonists was developed as a MOE-based (MOE, v. 

2014.0901) VS protocol of three steps: (i) protein preparation (Section 2.2.1.3.), (ii) docking 

of the ligands into the PPARγ binding site (Section 2.2.5.2.) and (iii) pharmacophore-based 

generation and filtering of the full agonists’ poses (Tsakovska et al., 2014). 

VS protocol validation was performed by the docking of structures from different datasets, 

using the 5-point pharmacophore model to establish: 

(i) Model sensitivity of 85%, where 144 out of 170 PPARγ full agonists selected from the 

previously collected dataset were correctly predicted as full agonists. 

(ii) Model specificity of 44% in relation to the partial agonists, where 38 out of 87 PPARγ 

partial agonists retrieved from the initial dataset of PPARγ ligands did not pass the filter 

and were correctly classified as not being full agonists. 

(iii) Model specificity of 77% in relation to decoys, where 1949 out of 2527 randomly 

selected decoys were correctly classified as not being full agonists. Decoys are 

compounds resembling the receptor binders’ physicochemical properties but at the same 

time topologically dissimilar to minimise the likelihood of actual binding. The random 

selection of the subset involved extraction of each 10th structure after removal of 

duplicates from the full set of 25867 PPARγ decoys in DUD-E database (Directory of 

Useful Decoys – Enhanced, http://dude.docking.org, Mysinger et al., 2012). 

While the prediction model for PPARγ full agonists has high sensitivity when discriminating 

binders from non-binders, discrimination between full and partial agonists is relatively low. The 

last could be explained by the poorly defined structural differentiation between the two types 

of agonists sharing the same PPARγ ligand binding pocket. However, for the purposes of the 

screening, the relatively high number of false positive hits is an acceptable limitation of the 

approach since its priority is the successful restriction of potentially hepatotoxic PPARγ full 

agonists.  

In summary, the developed pharmacophore model outlines important structural features that are 

characteristic for PPARγ full agonists. The developed VS protocol is based on a docking 

algorithm with a pharmacophore filter which involves 5 essential features, thus allowing the 

identification of the PPARγ full agonists. It is the first step of a combined in silico approach for 

prediction of potential chemical initiators of NAFLD, presented schematically in Figure 36. 

The second step of this alternative approach is discussed in detail in the next section. 



 

134 

3.3.5. 3D QSAR modelling to predict pEC50 of PPARγ full agonists 

The development of a scientifically sound 3D QSAR model based on the AOP with hepatic 

MIE implied a careful selection of the dependent variable in order to be: 

(i) interpretable in view of the theoretical basis and the inherent limitations of the 

selected 3D QSAR approach, namely CoMSIA;  

(ii) well established, regarding previous modelling attempts;  

(iii) biologically relevant to the outlined within the AOP qualitative relationship 

between PPARγ activation/upregulation and the transcription of its target 

prosteatotic proteins; 

(iv) publicly accepted as a toxicological endpoint. 

Although the ligand-induced in vitro transactivation (expressed as potency, EC50) covers a 

series of events, from receptor activation to multiple downstream molecular events triggering 

gene expression, it starts with receptor binding and thus is expected to be related to the change 

in the free energy of ligand-receptor complex formation, which is necessary for the CoMSIA 

modelling. Moreover, the involvement of transactivation activity in computational models has 

been underlined as both challenging in view of its complex nature and biologically relevant as 

this endpoint may reflect, in a more complete manner, the molecular determinants of a given 

pathology (Rücker et al., 2006; Sundriyal et al., 2009). In particular, the toxicity pathways 

related to the overexpressed PPARγ target proteins are suggested to synergistically drive the 

NAFLD development and progression as described in the AOP (Section 3.1.2.1.). Therefore, 

in silico prediction of PPARγ ligands’ transactivation activity is a mechanistically justified 

rationale for the screening and prioritisation for further testing of potential prosteatotic 

chemicals. The latter is also supported by the OECD conceptual framework, which includes 

PPAR transactivation reporter assays among the most promising assays to detect and 

characterise the chemical effects on the PPAR signaling pathway. These assays are going to be 

considered for incorporation into new or existing Test Guidelines for the detection of endocrine 

disrupting chemicals after their refinement and validation (ENV/JM/MONO(2012)23).  

A multistep workflow (Figure 45) presents the whole 3D QSAR modelling process described 

below. 
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Figure 45. The 3D QSAR modelling workflow to predict the potency of PPARγ full agonists. 
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3.3.5.1.Dataset processing and structure alignment 

The 1st step of the full agonists’ selection was performed (Figure 45) according to the criteria 

in Section 3.3.2. The modelling set of 170 ligands from 6 research groups’ publications 

included structures and potency data measured in human (77 ligands) or animal (93 ligands) 

cell lines. At the 2nd step of the modelling workflow, a structure alignment was performed 

according to the procedures described in Section 2.2.4.3.1. with a 4-feature pharmacophore 

used as a filter of the generated docking poses. This approach was expected to reproduce the 

most probable bioactive conformers as well. Based on a preliminary 3D QSAR analysis on the 

whole dataset and following the criteria defined in Section 2.2.4.3.2., 48 outliers were excluded. 

 

3.3.5.2.Model generation and validation  

Since the general performance measures of the preliminary CoMSIA analyses on separated 

human and animal data were similar, the final analysis covered a combined data set in which 

nearly 40% of the structures had been tested on human cell lines. 

After the outliers’ removal, the 3rd step, outlined in Figure 45, was splitting the remaining 

structures into a training set (n=83) assembled to include structures from all selected research 

groups with a broad structural variety and a wide range of activities (pEC50 = 5.4 – 9.1) and a 

test set (n=39) with the remaining compounds of similar structural variability and pEC50 range 

(pEC50 = 5.5 – 8.1). The robust external validation of the developed model is guaranteed by the 

relatively high number of the test compounds (about half of the training set). Detailed structural 

and experimental data regarding the modelled compounds can be found at 

http://biomed.bas.bg/qsarmm/. 

The best CoMSIA model included electrostatic, hydrogen bond acceptor and hydrophobic 

fields. Its robustness was evaluated through LOO cross-validation procedure based on the cross-

validated coefficient qcv
2 = 0.610, the optimal number of principle components Nopt = 7, and 

the cross-validated standard error of prediction, SEPCV = 0.505. 
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While the statistical parameters are comparable with other pEC50-based models for PPARγ full 

agonists, the training set considered in this study is the largest of any published. Therefore, a 

broader applicability domain is achieved by the structural diversity of the modelled compounds, 

covering as much as possible the available structural data in PDB and the literature. 

Ten Y-randomisations were performed to further evaluate the probability of generating a good 

model by chance. The resulting low average q2
cv = -0.114 and high SEPcv = 0.824 underlined 

the acceptability of the proposed CoMSIA model. For large redundant datasets the q2
cv obtained 

from LOO cross-validation may give a false sense of confidence, because a “near-by” molecule 

with very similar descriptor values to those of each of the omitted molecules is likely to remain 

in the training data (SYBYL-X, 2013). Therefore, the model’s sensitivity to small systemic 

perturbations of the response variable was assessed by progressive scrambling (maximum: 20 

bins, minimum: two bins and critical point: 0.85). The main indications for the robustness of 

the original unperturbed model are the Q2 and the dq/dr. Since the introduced noise makes the 

parameter Q2 quite conservative, a value of Q2 above 0.35 is an indication for the robustness of 

the model. As for the dq/dr – stable models have slopes near unity (SYBYL-X, 2013). Thus, 

the resulting statistical parameters (Q2 = 0.437, cSDEP = 0.598, dq/dr = 1.06) further confirmed 

the stability of the developed CoMSIA model. 

At the 4th step, the predictive power of the obtained model was evaluated by external validation 

and was estimated by the predictive correlation coefficient rpred
2 = 0.552 with training (83) to 

test set (39) ratio approx. 2:1. 

The obtained rpred
2 of the model is comparable to q2

cv and demonstrates a good stability of the 

predictions in the context of the intra- and inter-laboratory variations in the methodology for 

measuring the biological data as well as the complex nature of the dependent variable.  

Figure 46 presents a plot of the predicted pEC50 values obtained by the optimal non-cross-

validation 3D QSAR model versus the experimentally observed pEC50 values for the training 

and the test set compounds. 
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Figure 46. Predicted (pEC50 predicted) vs. observed pEC50 (pEC50 observed) values for training 

(83) and test (39) set compounds. Regression statistics: r2 – determination coefficient; SEE – 

standard error of estimate, F (1, 120) – F-ratio between explained and unexplained variance for 

the given number of degrees of freedom at 95% level of significance. 

 

 

The similar fractional contributions of the CoMSIA fields to the differences in the 

transactivation activity (electrostatic – 0.293, hydrogen bond acceptor – 0.346, hydrophobic – 

0.360) indicate that the model is not dominated by any of the three fields. The role of the 

electrostatic effects has been already emphasised by other authors (Shah et al., 2008; Sundriyal 

et al., 2009). As for the hydrogen bond acceptor and hydrophobic fields, this is the first pEC50-

based 3D QSAR model to explicitly outline their involvement in the pEC50 data variations. 
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The parity between the three types of interactions is not a simple function of their individual 

contributions but also reflects their synergistic influence on receptor activation. The ligand-

receptor interactions are mainly governed by the hydrogen bond acceptor and the electrostatic 

fields. However, the stabilising role of the hydrophobic effects for the occupancy of the ligand 

binding domain of PPARγ in terms of optimal orientation and distances of the ligand to key 

amino acid residues remains significant. These effects have their indirect contribution in driving 

the electrostatic interactions over the whole interface area and in particular for establishing 

specific donor-acceptor interactions between the receptor activation helix H12 and the 

electronegative substructures of the full agonists. Thus, not the simple additivity but the 

complex interplay between multiple molecular interactions lies in the full agonist-induced 

stabilisation of the active receptor conformation.  

We further analysed the contour maps of our 3D QSAR model and traced out the 

correspondence between the most contributing CoMSIA molecular fields and the identified 

pharmacophore features. The contours were estimated by the actual values of the model 

StDev*Coeff (the standard deviation of the 3D field at each grid point multiplied by the 3D 

QSAR coefficient) and the contour levels were defined based on the analysis of the field 

distribution histograms (SYBYL-X, 2013). These maps allow for recognition of regions within 

the area occupied by the ligands that suggest a particular property field important for the 

modelled activity. 

The analysis of the field contributions allows the characterisation of those spacial features that 

are mostly responsible for the differences in the observed transactivation activity within the 

studied series of compounds. This is a good basis for their comparison to the pharmacophore 

model (Figure 47). As seen in the figure, there is a good correspondence between the 

encapsulated regions of the properties (Figure 47 a, b and c) and the pharmacophore features 

(Figure 47d). The relevance of the features F5 and F7 is supported by the corresponding 

favoured areas (Figure 47a; in orange) in the hydrophobic field contour map. The absence of a 

contour in the area of the pharmacophore feature F3 can be explained by the broad presence of 

a hydrophobic ring substructure in the compounds within the training set. Further, the 

appearance of an additional favoured hydrophobic contour in the region between features F1 

and F2 outlines the role of a cyclic substructure common for the most active ligands that 

stabilises the position of the functional groups corresponding to F1 and F2 and thus leads to 

increased transactivation activity.  
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The favoured electrostatic field contour (Figure 47c; in pink) defines a region where the 

increased positive charge will result in increased activity, while the disfavoured cyan area 

suggests that a more negative charge is related to higher activity, instead. These regions 

perfectly match the donor or/and acceptor features (F1, F2) outlined in the pharmacophore 

model. In addition, the favoured acceptor contours (Figure 47b; in blue) underline the 

relevance of features F1, F2 and F4. 

 

 

Figure 47. Contour maps (StDev*Coeff) of the favoured/disfavoured CoMSIA fields: (a) 

hydrophobic (orange/violet at 0.0175/-0.0220 kcal/mol), (b) hydrogen bond acceptor (blue/red 

at 0.0365/-0.0542 kcal/mol) and (c) electrostatic (pink/cyan at 0.0338/-0.0706 kcal/mol);  

(d) 7-feature pharmacophore of PPARγ full agonists (shown for comparison). Superimposed 

onto the maps is the structure of the most active compound (farglitazar, 

http://biomed.bas.bg/qsarmm/), rendered in sticks and coloured according to the atom type. 
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3.3.6. Integration of the developed pharmacophore-based VS protocol in battery 

approaches supporting risk assessment   

The developed VS protocol was successfully combined with in silico strategies developed in 

different research groups (Tsakovska et al, 2015; Fioravanzo et al., 2015; Vitcheva et al., 2015) 

that were focused on: 

(i) Consensus molecular modelling of LXRα receptor: Ensemble docking,  

e-Pharmacophore, fingerprints-based similarity; 

(ii) SAR analysis: KNIME workflow (WF) for nuclear receptors (NRs)-mediated liver 

steatosis alerts (http://knimewebportal.cosmostox.eu/) and ToxPrint Chemotypes 

Analysis, identifying chemotypes for liver steatosis (Chemotyper, 

https://chemotyper.org, Yang et al., 2015).  

They aimed to identify dual PPARγ/LXR binders and/or to propose an integrated approach to 

evaluate the prosteatotic potential of predicted PPARγ full agonist. The study showed that 

molecular modelling and pathology-relevant mining of in vivo toxicity data combined with 

substructure analysis succesfully complement each other within the AOP framework (steps 1 

to 4, Figure 48). 

 

Figure 48. General scheme of the AOP-driven development, validation and integration of in 

silico approaches in expert systems. Modified from Fioravanzo et al. (2015). 

Screening of liver toxicity databases was performed to identify potential dual PPARγ/LXRα 

binders (JRC dataset) or PPARγ full agonists (COSMOS DB). The final aim was to prioritise 

compounds of potential concern for liver toxicity. 

https://chemotyper.org/
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3.3.6.1.Prediction of Dual PPARγ/LXR binders 

The JRC case-study dataset included 97 compounds selected for the JRC SEURAT-1 level 2 

case study. Among them, 75% were positive (POS) reference chemicals (e.g. experimentally 

proven to be hepatotoxic). The shaded compounds (Table 11) were the hits from the combined 

application of the rules for structural features and physico-chemical ranges within the KNIME 

NRs WF with the VS protocol for PPARγ full agonists and the LXR consensus model. 

Interestingly, sulindac, methotrexate and amodiaquine were classified as dual PPARγ/LXR 

binders, increasing further their priority for ultimate testing as potential prosteatogenes. Thus, 

in addition to the already suggested cross-relations between the PPARγ and LXR liver steatosis 

AOPs (e.g. shared intermediate key events and adverse outcome as well as reciprocal 

transcriptional regulation), common chemical initiators of the MIEs were identified.  

 

Table 11. JRC case-study dataset chemicals predicted as potential PPARγ full agonists by the 

VS protocol. The shaded compounds are hits from a battery approach including the VS 

protocol; the underlined hits are identified as dual PPARγ/LXR binders; NEG – not hepatotoxic 

compounds; POS – hepatotoxic compounds.  

 

CAS Name Hepatotoxicity 

111025-46-8 Pioglitazone NEG 

16110-51-3 Cromolyn NEG 

33369-31-2 Zomepirac NEG 

36505-84-7 Buspirone NEG 

38194-50-2 Sulindac POS 

51-03-6 Piperonyl butoxide POS 

59-05-2 Methotrexate POS 

7261-97-4 Dantrolene POS 

86-42-0 Amodiaquine POS 
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3.3.6.2.Prediction of piperonyl butoxide 

The VS protocol was further combined with the independently performed mechanistic mining 

of available in vivo toxicity data followed by an analysis based on ToxPrint chemotypes 

(developed by Altamira LLC for FDA CFSAN’s CERES). By definition, chemotype is a 

structural fragment encoded for connectivity and, where required, for physicochemical and 

electronic properties of atoms, bonds, fragments, and even a whole molecule (Yang et al., 

2015). Therefore, the chemotype approach represents a ligand-based screening, driven by 

empirical prediction of the pathological condition, based on the identification of particular 

substructures. The procedure was applied to the oRepeatTox DB, part of the COSMOS database 

(publicly available at: http://cosmosdb.cosmostox.eu) developed within the COSMOS Project. 

The chemotype analysis matched the substructural fragments present in the chemicals 

associated with liver steatosis/steatohepatitis/fibrosis with the predefined library of ToxPrint 

chemotypes. At the same time, the chemicals associated with liver 

steatosis/steatohepatitis/fibrosis were run through the VS protocol developed. Piperonyl 

butoxide was identified as a hit through both analyses. Thus it was predicted as a potential 

prosteatotic PPARγ full agonist (Al Sharif et al., 2016). 

This result is a trigger for the development of a next generation in silico predictor – the 3D 

chemotypes for liver steatosis. That involves: (i) coding the essential pharmacophore points as 

particular substructures extracted from the PPARγ full agonists dataset; (ii) determining the 

distances between the essential pharmacophoric points; (iii) based on (i) and (ii), coding the 

disconnected graphs with the spatial distances. At this stage the steps (i) and (ii) have been 

covered (Table 12). 

 

Table 12. Distances (Å) between the essential pharmacophoric points within the PPAR full 

agonists 

 

Feature F1-F2 F1-F3 F1-F5 F2-F3 F2-F5 F3-F5 

Average, Å 2.76 6.4 13.1 5.8 13.1 9.3 

minmax, Å 1.93.4 4.99.2 11.215.5 4.47.3 10.815.4 7.111.7 
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The results above demonstrate that the mechanistically justified integration of multiple 

approaches (AOPs, molecular modelling, pharmacophore, docking, 3D QSAR and 

chemotypes) could explain and predict in a more complete manner the complex biological 

responses characterising the repeated dose toxicity, thus reducing the information gaps and 

uncertainties that would result from their individual application.  
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SUMMARY 

In summary, the work presented in this thesis has exploited a variety of predictive toxicology 

methods (pharmacophore modelling, docking, and 3D QSAR analysis) in combination with 

AOP development in order to investigate the PPARγ-mediated hepatotoxicity and to develop 

an integrated in silico approach supporting hazard identification and characterisation. 

On the basis of the collected and systemised experimental evidence, two AOPs focused on the 

relationship PPARγ dysregulation – NAFLD have been developed, outlining tissue-specific 

cascades of events initiated by a ligand-induced receptor activation (in liver) or inhibition (in 

adipose tissue). Moreover, quantitative data have been collected, regarding key events in the 

liver AOP. The causal relationships within the proposed AOPs underline the relevance of the 

selected MIEs and emphasise the anchor points for further in vitro/in silico exploration. The 

hepatic AOP, addressing a particular domain of chemical initiators (PPARγ full agonists), 

became a solid mechanistical basis for the development of predictive models of the MIE as well 

as their integration in combined approaches. 

The structural and biological data for PPARγ full and partial agonists harvested from PDB, 

ChEMBL and literature sources have resulted in the largest publicly available PPARγ ligands 

dataset (http://biomed.bas.bg/qsarmm/). It offers high quality data, organised for modelling 

purposes. 

The comprehensive analysis of the key PPARγ-ligand interactions has been performed within 

the purposefully selected crystallographic complexes, affirming the molecular determinants for 

the studied MIE and allowing for the development of a pharmacophore model of PPARγ full 

agonists. Its use within an algorithm for docking into the PPARγ binding pocket produced the 

core element of a thoroughly validated virtual screening (VS) procedure for identification of 

full agonists. The successful application of the proposed VS protocol in combination with LXR-

based models and chemotype-based read across procedure allowed for the prioritisation of 

potential prosteatotic chemicals acting as dual PPARγ/LXR binders and for the prediction of 

the possible mode of action (PPARγ full agonism) of the hepatotoxic piperonyl butoxide. 

Using the developed pharmacophore-based docking and the collected full agonists data, a 3D 

QSAR model has been derived. The CoMSIA approach has been used to correlate the changes 

in the structures to the variations in their transactivation activities.  

http://biomed.bas.bg/qsarmm/
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The reported goodness-of-fit, robustness and predictivity of the established quantitative 

structure-activity relationship evidenced the reliability of the model necessary for its regulatory 

acceptance, while the size and the structural diversity of the training set characterised the 

superiority of the model’s applicability domain compared to previously reported ones. 

On the basis of the developed hepatic AOP and predictive molecular models, a mechanistically 

justified combined in silico approach has been proposed to screen for potential prosteatotic 

chemicals acting through PPARγ full activation (pharmacophore-based VS) and to predict their 

potency based on characteristic hydrophobic, HB acceptor and electrostatic CoMSIA fields (3D 

QSAR model). 

The developed pathways, dataset and combined in silico approach constitute a solid 

fundamental for further exploration, knowledge transfer and applicability by:  

(i) AOP refinement and introduction to OECD; (ii) generation of proposals for regulatory 

assays, which is based on the outlined key events; (iii) development of an enriched PPARγ 

ligands’ database; (iv) further toxicological validation of the developed models against 

experimentally observed prosteatotic compounds and (v) 3D chemotypes development and 

validation. 
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CONTRIBUTIONS 

1. Two tissue-specific AOPs (in liver and in adipose tissue) were developed to link the 

PPARγ ligand-dependent dysregulation with NAFLD.  

 Key events within the liver AOP were quantitatively evaluated and the data gaps for 

further in vitro exploration were outlined. 

 The proposed AOPs are a basis for the development of in silico models to predict 

PPARγ ligand-dependent dysregulation and key events in the AOPs. 

2. A dataset with structural and biological data for PPARγ agonists was harvested, 

curated and released. It is the most complete and largest publicly available dataset of 

PPARγ agonists (freely available at http://biomed.bas.bg/qsarmm/).  

3. A pharmacophore model of PPARγ full agonists was build and used for the 

development of VS protocol.  

 The developed VS protocol was successfully applied for the prediction of PPARγ full 

agonistic activity of compounds.   

 The VS protocol was combined with molecular modelling approaches to predict 

potential dual PPARγ/LXR binders for prioritisation of chemicals of higher concern in 

view of the expected synergy in their prosteatotic effects.  

 The VS protocol was combined with a chemotype-based read across procedure within 

an integrated battery approach to predict prosteatotic effects of chemicals and to get an 

insight into the possible mechanism of the toxic effect (PPARγ full agonism). 

4. A 3D QSAR (CoMSIA) model was developed to predict the transactivation activity of 

PPARγ full agonists. The model is a good improvement over the previously published 

ones as it is based on the largest and most structurally diverse dataset, ensuring 

enlargement of the addressed applicability domain. The statistical parameters 

resulting from the comprehensive validation performed qualify it as reliable for 

predictive purposes. 

5. A two-step in silico approach combining the developed VS protocol and 3D QSAR 

model is proposed for screening and prioritisation of potential prosteatotic ligands. 
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APPENDIX A. SUPPLEMENTARY MATERIAL 

Table S.1. PPARγ ligands retrieved from PDB (nd % max – no data for relative efficacy) 

Complex 

PDB ID 

Ligand 

PDB ID 

In the 

dataset 
Scaffold Comment Ref. 

3BC5 ZAA no yes nd % max Zhang et al., 2009 

3G9E RO7 no yes 67 % max Bénardeau et al., 2009 

3KDU NKS no yes PPARα ligand Li et al., 2010 

3VSO EK1 no yes nd %max Ohashi et al., 2013 

1FM9 570 yes yes  Gampe et al., 2000 

1KNU YPA yes yes  Sauerberg et al., 2002 

2GTK 208 yes yes  Kuhn et al., 2006 

2Q8S L92 yes yes  Casimiro-Garcia et al., 2008 

3FEJ CTM yes yes  Grether et al., 2009 

3IA6 UNT yes yes  Casimiro-Garcia et al., 2009 

1FM6 BRL yes no  Gampe et al., 2000 

1NYX DRF yes no  Ebdrup et al., 2003. 

2XKW P1B yes yes  
Mueller et al., 

DOI:10.2210/pdb2xkw/pdb 

1I7I AZ2 yes no nd %max Cronet et al., 2001 

1K74 544 yes no nd %max Xu et al., 2001 

2ATH 3EA yes no nd %max Mahindroo et al., 2005 

2F4B EHA yes no nd %max Mahindroo et al., 2006a 

2HWR DRD yes no nd %max Mahindroo et al., 2006b 

3AN3 M7S yes no nd %max Ohashi et al., 2011 

3AN4 M7R yes no nd %max Ohashi et al., 2011 

3GBK 2PQ yes no nd %max Lin et al., 2009 

3VJI J53 yes no nd %max Kuwabara et al., 2012 
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Table S.2. Classification of the selected papers according to the experimental subjects and approaches: HP – human patients; HC – human cell 

culture; Aiv – animal in vivo; AC – animal cell culture; PPARγ↑ – PPARγ overexpression; PPARγ↑ + PT – PPARγ overexpression and 

pharmacological treatment; PPARγ↓ – PPARγ knockout / knockdown; PPARγ↓ + PT – PPARγ knockout / knockdown and pharmacological 

treatment; PT – pharmacological treatment; DM – diet manipulation; GMup – gene manipulation of PPARγ upstream proteins; GMup + PT –  gene 

manipulation of PPARγ upstream proteins and pharmacological treatment; AOPP – AOP-related papers; BP – Background-related papers 

Experimental subject Experimental approach 

AOPP BP Ref 
HP HC Aiv AC PPARγ↑  

PPARγ↑  

+ PT 

PPARγ↓  
PPARγ↓  

+ PT 

PT DM GMup 
GMup  

+ PT 
              Krewski et al., 2010 

              ECHA, 2013 

              Prieto et al., 2011 

              Cronin and Richarz, 2012 

              ENV/JM/MONO(2013)6 

              Sass et al., 2005 

              Landesmann et al., 2012 

              Virtue and Vidal-Puig, 2010 

              Azhar, 2010 

              Fournier et al., 2007 

              Costa et al., 2010 

              Luconi et al., 2010 

              Ahmadian et al., 2013 

              Chandra et al., 2008 

              Zhu et al., 2011 

              Lee et al., 2012 

              Morán-Salvador et al., 2011 

              Satoh et al., 2013 

              Yamazaki et al., 2011 

               Sos et al., 2011 

              Li et al., 2013  

              Kumadaki et al., 2011 
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Experimental subject Experimental approach 

AOPP BP Ref 
HP HC Aiv AC PPARγ↑  

PPARγ↑  

+ PT 

PPARγ↓  
PPARγ↓  

+ PT 

PT DM GMup 
GMup  

+ PT 
              Gaemers et al., 2011 

              Larter et al., 2009 

              He et al., 2011 

              Kawano and Cohen, 2013 

              Videla and Pettinelli, 2012 

              Nagasaka et al., 2012 

              Matsusue, 2012 

              Okumura, 2011 

              Panasyuk et al., 2012 

              Semple et al., 2012 

              Flach et al., 2011 

              Matsusue, 2010 

              Bai et al., 2011 

              Kim et al., 2008 

              Larter et al., 2008 

              Handberg et al., 2012 

              Ring et al., 2006 

              Ehehalt et al., 2008 

              Su and Abumrad, 2009 

              Chabowski et al., 2007 

              Xu et al., 2013 

              Manteiga et al., 2013 

              Guo et al., 2009 

              Rogue et al., 2010 

              Musso et al., 2009 

              Park and Park, 2012 

              He et al., 2013 
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Experimental subject Experimental approach 

AOPP BP Ref 
HP HC Aiv AC PPARγ↑  

PPARγ↑  

+ PT 

PPARγ↓  
PPARγ↓  

+ PT 

PT DM GMup 
GMup  

+ PT 
              Chen et al., 2012 

              Weismann et al., 2011 

              Tsukahara et al., 2010 

              Noh et al., 2013 

              Anderson and Borlak, 2008 

              Chen et al., 2013 

              Kursawe et al., 2010 

              Wang et al., 2012 

              Lefils-Lacourtablaise et al., 2013 

              Greenberg et al., 2011 

              Gwon et al., 2012 

              Kang et al., 2010 

              Park et al., 2013 

              Xu et al., 2012 

              Liao et al., 2012 

              Magliano et al., 2013 

              Neuschwander-Tetri, 2010 

              Serviddio et al., 2013 

              Polvani et al., 2012 

              Bugge and Mandrup, 2010 

              Schupp and Lazar, 2010 

              Burgermeister and Seger, 2007 

              Houck et al., 2013 

3 5 25 15 4 1 5 2 14 17 9 4 7 32 Total 
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Table S.3. Effect of natural ligands (mainly from diet) on the mRNA levels of PPARγ and some of its targets: WT – wild type; HFD – high-fat 

diet; CD – normal chow diet; qRT-PCR – quantitative reverse transcription polymerase chain reaction; sRT-PCR – semiquantitative RT-PCR; wks 

– weeks; * – endogenous suppressor. 

PPARγ-related genetic 

background 

Diet / 

Pharmacological 

treatment* 

Assay 

Fold change 

Normalisation 
Ref 

  PPARγ FSP27 CD36 aP2 

huh7 hepatoma cells ceramide*  qRT-PCR -2.32 -1.93 -2.21   vs vehicle 
Li et al., 

2013 

WT HFD qRT-PCR 4.30 5.00 5.42 3.00 

normalised expression - 

represent the mean ± SD diet 

effect 

Lee et al., 

2012 

liver PPARγ-deficient line HFD qRT-PCR -2.00 1.24 8.19 1.92 

normalised expression - 

represent the mean ± SD diet 

effect 

Lee et al., 

2012 

WT HFD Microarray   13.00 2.71 2.36 HFD vs CD 
Lee et al., 

2012 

liver PPARγ-deficient line HFD Microarray   13.00 -1.02 3.38 HFD vs CD 
Lee et al., 

2012 

WT 
HFD (safflower oil); 

10 wks 
qRT-PCR 1.84   1.22   HFD vs CD; 10 wks 

Yamazaki et 

al., 2011 

WT 
HFD (butter);  

10 wks 
qRT-PCR 10.00   6.57   HFD vs CD; 10 wks 

Yamazaki et 

al., 2011 

WT HFD (safflower oil) qRT-PCR 2.39   1.91   
HFD butter vs CD; knockdown 

5 days  

Yamazaki et 

al., 2011 
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PPARγ-related genetic 

background 

Diet / 

Pharmacological 

treatment* 

Assay 

Fold change 

Normalisation 
Ref 

  PPARγ FSP27 CD36 aP2 

WT HFD (butter) qRT-PCR 2.98   1.38   
HFD butter vs CD); knockdown 

5 days  

Yamazaki et 

al., 2011 

WT HFD, 3 wks qRT-PCR 2.09   1.52   
vs CD WT; PPARγ/18S – 

normalisation 

Gaemers et 

al., 2011 

WT 

HFD (liquid, 

overfed);  

3 wks 

qRT-PCR 3.34   18.44   
vs CD WT; PPARγ/18S – 

normalisation 

Gaemers et 

al., 2011 

WT HFD sRT-PCR 1.81       vs WT CD 
Larter et al., 

2009 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

HFD sRT-PCR 1.25       vs foz CD 
Larter et al., 

2009 

WT HFD Microarray     1.48   vs WT CD 
Larter et al., 

2009 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

HFD Microarray     1.70    vs foz CD 
Larter et al., 

2009 
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Table S.4. Effect of genetic manipulation and/or genetic background on the mRNA and protein levels of PPARγ and some of its targets: Ad-

PPARγ2 – adenovirus-mediated transfection of PPARγ2; GFP – adenovirus-mediated transfection of green fluorescent protein. 

PPARγ-related genetic 

background 

PPARγ-related 

genetic 

manipulation 

Diet Assay 

Fold change 
Normalisation 

  

Ref 

  PPARγ FSP27 CD36 aP2 

liver SMS2-

overexpressing 

transgenic line 

PPARγ 

upregulation  
HFD qRT-PCR 2.09 5.82 3.70   vs HFD WT 

Li et al., 

2013 

lSMS2-deficient 

knockout line 

PPARγ 

downregulation  
HFD qRT-PCR -3.23 -2.56 -1.92   vs HFD WT 

Li et al., 

2013 

liver PPARγ-deficient 

line 
  CD qRT-PCR 

-

1000.00 
  7.00     

Lee et al., 

2012 

wild type 
PPARγ-

transfected 
CD qRT-PCR 60.83   7.14 1000.00   

Lee et al., 

2012 

liver PPARγ-deficient 

line 

PPARγ-

transfected 
CD qRT-PCR 1000.00   24.00 1000.00   

Lee et al., 

2012 

liver PPARγ-deficient 

line 
  CD qRT-PCR -40.19 -3.21 -5.02 -1.67 

normalised expression - 

represent the mean ± SD 

gene effect 

Lee et al., 

2012 

liver PPARγ-deficient 

line 
  HFD qRT-PCR -346.00 -12.97 -3.33 -2.62 

normalised expression - 

represent the mean ± SD 

gene effect 

Lee et al., 

2012 

wild type 
PPARγ-

transfected 
CD Microarray   19.15 2.57 20.48 Ad-PPARγ2 vs Ad-GFP 

Lee et al., 

2012 

liver PPARγ-deficient 

line 

PPARγ-

transfected 
CD Microarray   12.16 7.97 26.37 Ad-PPARγ2 vs Ad-GFP 

Lee et al., 

2012 
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PPARγ-related genetic 

background 

PPARγ-related 

genetic 

manipulation 

Diet Assay 

Fold change 
Normalisation 

  

Ref 

  PPARγ FSP27 CD36 aP2 

liver PPARγ-deficient 

line 
  CD 

Western 

blot 
1.00     -2.00   

Lee et al., 

2012 

liver PPARγ-deficient 

line 

PPARγ-

transfected 
CD 

Western 

blot 
-2.73     -1.86   

Lee et al., 

2012 

wild type 

PPARγ2 

knockdown;  

5 days 

CD qRT-PCR -2.17   -1.45   

CD 

(knockdown/functional); 

5 days 

Yamazaki 

et al., 2011 

wild type 

PPARγ2 

knockdown;  

5 days 

HFD 

(safflower 

oil) 

qRT-PCR -1.46   -1.13   

HFD saf 

(knockdown/functional); 

5 days 

Yamazaki 

et al., 2011 

wild type 

PPARγ2 

knockdown;  

5 days 

HFD 

(butter) 
qRT-PCR -1.89   -1.77   

HFD butt 

(knockdown/functional); 

5 days 

Yamazaki 

et al., 2011 

wild type 
PPARγ2-

transfected 
CD qRT-PCR 85.30   17.30   

CD (WT/PPARγ2-

transfected) 

Yamazaki 

et al., 2011 

Lit-con   CD qRT-PCR 5.54   8.81     
Sos et al., 

2011 

Con-JAK2L   CD qRT-PCR 6.06   15.73     
Sos et al., 

2011 

Lit-JAK2L   CD qRT-PCR 6.17   9.00     
Sos et al., 

2011 

wild type 
Fbw7 

knockdown 
CD qRT-PCR 4.32 2.58 3.72 2.05 vs CD WT 

Kumadaki 

et al., 2011 

wild type 

Fbw7 

knockdown in 

litteramates 

CD qRT-PCR 12.30 4.43     vs CD WT 
Kumadaki 

et al., 2011 
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PPARγ-related genetic 

background 

PPARγ-related 

genetic 

manipulation 

Diet Assay 

Fold change 
Normalisation 

  

Ref 

  PPARγ FSP27 CD36 aP2 

wild type 
Fbw7 

knockdown 
CD qRT-PCR 2.36 5.24 2.15   vs CD WT 

Kumadaki 

et al., 2011 

wild type 

Fbw7/PPARγ2 - 

double 

knockdown 

CD qRT-PCR -1.24 -1.11 1.34   vs CD WT 
Kumadaki 

et al., 2011 

wild type 
Fbw7 

transfected 
CD qRT-PCR -1.14 -2.56 -1.51   vs CD WT 

Kumadaki 

et al., 2011 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

  CD sRT-PCR 2.51       vs WT CD 
Larter et 

al., 2009 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

  HFD sRT-PCR 1.73       vs WT HFD 
Larter et 

al., 2009 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

  CD Microarray     1.99   vs WT CD 
Larter et 

al., 2009 

obese, 

hypercholesterolemic, 

diabetic foz/foz mice 

  HFD Microarray     2.27   vs WT HFD 
Larter et 

al., 2009 

PPARα -/- 
PPARγ1-

transfected 
CD Microarray 22.70 11.50 6.80 66.50   

Yu et al., 

2003 
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Table S.5. PPARγ ligands dataset: distribution of the ligands according to the experimental 

subject and the relative efficacy toward PPARγ (nd – no data). 

 

Range of 

the %max 

Hamster

/ kidney 

Monkey  

/ kidney 

Human  

/ kidney 

Human  

/ liver 
№ of 

ligands 

pEC50 

data 
BHK21 

ATCC 

CCL10 

COS-1 COS-7 CV-1 HEK293 HepG2 Huh-7 

≥ 70% max 51 42 13 10 48 20 0 184 184 

< 70% max 27 1 2 2 34 87 0 153 153 

nd 5 1 1 2 13 7 64 95 93 

total 

by cell line 
83 44 16 14 95 114 64 

432 430 

total 

by species 
83 74 273 

total 

human and 

animal 

data 

157 273 
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Table S.6. Information about PPARγ-full agonist complexes extracted from PDB: complex ID, 

ligand (agonist) ID, activity data of the PPARγ agonists extracted from PDB and CheMBL 

databases; RMSD values are recorded after the superposition of all extracted agonist-PPARγ 

complexes on the template structure from the 1FM6 complex. 

 

Complex 

PDB ID 

Ligand 

PDB ID 

Biological activity  

RMSD EC50  

(nM) 

Ki  

(nM) 

Kd  

(nM) 

IC50  

(nM) 

1K74 544 0.2–2.7 1   1.07 

1FM9 570 0.339–6 1–1.1 25–217  0.44 

1FM6 BRL 2.4–2880 8–440 7–4980 30–2000 
0 

(template) 

3AN4 M7R 3.6    1.20 

3BC5 ZAA 4  5  1.51 

3IA6 UNT 13   3 0.85 

1I7I AZ2 13–3528 18–200 200–350  1.01 

3G9E RO7 21  19  0.63 

3AN3 M7S 22    1.06 

2ZNO S44 41–70    1.15 

3GBK 2PQ 50    1.03 

3VJI J53 58    1.04 

2F4B EHA 70   50 1.01 

2Q8S L92 140 140   0.85 

1KNU YPA 170   170 1.58 

3FEJ CTM 210 740 740  0.62 

2HWR DRD 210    0.79 

2ATH 3EA 230  
152–

152.05 
 0.90 

2XKW P1B 1125    1.03 

1NYX DRF 570–600 90 92  1.15 

2GTK 208 760  250  0.67 
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Table S.7. Analysis of the HB contacts between amino acids in H12 and in other helices and 

between full agonists and the receptor in the LBD of the 21 PPAR complexes extracted from 

PDB; 1PRG, apo-form. 

 

Complex 

PDB ID 

Ligand 

PDB ID 

HBs between amino acids in the vicinity of H12 
HBs between ligand  

and receptor 

AA1 AA2 
PHF AA SE 

AA SE AA SE 

1K74 544 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Ile472 H12 Lys319 H4 F1 His449 H10/11 

Lys474 H12_ Lys319 H4 F2 His323 H5 

Tyr477 H12_ Glu324 H5 F2 Ser289 H3 

1FM9 570 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Ile472 H12 Lys319 H4 F1 His449 H10/11 

Lys474 H12_ Lys319 H4 F2 His323 H5 

Tyr477 H12_ Glu324 H5 F2 Ser289 H3 

His449 H10/11 Lys367 H7    

Lys367 H7 Phe363 loop in H7    

1FM6 BRL 

Glu460 H10/11_H12 Arg357 H6_H7 F1 His449 H10/11 

Arg357 H6_H7 Glu276 H2'_H3 F2 His323 H5 

Ile472 H12 Lys319 H4 F2 Ser289 H3 

Lys474 H12_ Lys319 H4    

Tyr477 H12_ Glu324 H5    

3AN4 M7R 

Glu460 H10/11_H12 Arg357 H6_H7 F2 His323 H5 

Arg357 H6_H7 Glu276 H2'_H3 F2 Tyr327 H5 

Ser464 H10/11_H12 Gln286 H3 F4 Cys285 H3 

Leu465 H10/11_H12 Gln286 H3    

His466 H10/11_H12 Gln286 H3    

Ile472 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    

His449 H10/11 Lys367 H7    

Lys367 H7 Phe363 loop in H7    

3BC5 ZAA 

Ser464 H10/11_H12 Gln283 H3 F1 Tyr473 H12 

His466 H10/11_H12 Gln286 H3 F1 His449 H10/11 

Asp475 H12 Lys319 H4    
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Complex 

PDB ID 

Ligand 

PDB ID 

HBs between amino acids in the vicinity of H12 
HBs between ligand  

and receptor 

AA1 AA2 
PHF AA SE 

AA SE AA SE 

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

turn in H7 

   

3IA6 UNT 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12_ 

Arg357 H6_H7 Glu276 H2'_H3 F1 His449 H10/11 

His466 H10/11_H12 Gln286 H3 F2 His323 H5 

Ile472 H12 Lys319 H4 F2 Ser289 H3 

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7 

   

1I7I AZ2 

His466 H10/11_H12 Gln286 H3 F1 Tyr473 H12 

Gln470 H12 Lys474 H12_ F1 His449 H10/11 

Ile472 H12 Lys319 H4 F2 His323 H5 

Lys474 H12_ Lys319 H4 F2 Ser289 H3 

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7  

   

3G9E RO7 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Arg357 H6_H7 Lys358 H6_H7 F1 His449 H10/11 

Arg357 H6_H7 Glu276 H2'_H3 F2 His323 H5 

Met463 H10/11_H12 Lys275 H2'_H3 F2 Ser289 H3 

His466 H10/11_H12 Gln286 H3    

Ile472 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    

His449 H10/11 Lys367 H7    

Lys367 H7 Phe363 H7    

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    

3AN3 M7S 

Glu460 H10/11_H12 Arg357 H6_H7 F2 Tyr327 H5 

Ser464 H10/11_H12 Gln286 H3 F4 Cys285 H3 

Leu465 H10/11_H12 Gln286 H3 F4 Ser342 H5_H6 

His466 H10/11_H12 Gln286 H3    

Ile472 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    
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Complex 

PDB ID 

Ligand 

PDB ID 

HBs between amino acids in the vicinity of H12 
HBs between ligand  

and receptor 

AA1 AA2 
PHF AA SE 

AA SE AA SE 

Leu476 H12_ Tyr320 H4    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7 

   

2ZNO S44 

Glu460 H10/11_H12 Thr459 H10/11 F4 Cys285 H3 

Arg357 H6_H7 Glu276 H2'_H3    

Ile472 H12 Lys319 H4    

Glu471 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    

His449 H10/11 Lys367 H7    

Lys367 H7 Phe363 turn in H7    

3GBK 2PQ 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Arg357 H6_H7 Glu276 H2'_H3 F1 His449 H10/11 

His466 H10/11_H12 Gln286 H3 F2 His323 H5 

Ile472 H12 Lys319 H4 F2 Ser289 H3 

Tyr477 H12_ Glu324 H5    

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

H7 

   

3VJI J53 

Glu460 H10/11_H12 Arg357 H6_H7 F2 Tyr327 H5 

Ser464 H10/11_H12 Gln286 H3 F4 Cys285 H3 

Leu465 H10/11_H12 Gln286 H3    

Ile472 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7 

   

Arg397 H8_H9 Glu324 H5    

Arg443 H10/11 Glu324 H5    

2F4B EHA 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Glu460 H10/11_H12 Thr459 H10/11 F1 His449 H10/11 

Arg357 H6_H7 Glu276 H2'_H3    
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Complex 

PDB ID 

Ligand 

PDB ID 

HBs between amino acids in the vicinity of H12 
HBs between ligand  

and receptor 

AA1 AA2 
PHF AA SE 

AA SE AA SE 

Ile472 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    

Tyr477 H12_ Glu324 H5    

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

turn in H7 
   

2Q8S L92 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Ser464 H10/11_H12 Gln283 H3 F2 His323 H5 

Ile472 H12 Lys319 H4 F4 Tyr327 H5 

Glu471 H12 Lys319 H4    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

turn in H7 
   

Arg397 H8_H9 Glu324 H5    

1KNU YPA 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Arg357 H6_H7 Glu276 H2'_H3 F1 His449 H10/11 

Met463 H10/11_H12 Gln283 H3 F2 His323 H5 

Leu465 H10/11_H12 Gln286 H3 F2 Ser289 H3 

His466 H10/11_H12 Gln286 H3    

Asp475 H12_ Lys319 H4    

Ile472 H12 Lys319 H4    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7 
   

Arg397 H8_H9 Glu324 H5    

3FEJ CTM 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Asp462 H10/11_H12 Lys275 H2'_H3 F1 His449 H10/11 

Arg357 H6_H7 Glu276 H2'_H3 F2 His323 H5 

His466 H10/11_H12 Gln286 H3 F2 Ser289 H3 

Ile472 H12 Lys319 H4 F4 Arg288 H3 

Lys474 H12_ Lys319 H4    
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Complex 

PDB ID 

Ligand 

PDB ID 

HBs between amino acids in the vicinity of H12 
HBs between ligand  

and receptor 

AA1 AA2 
PHF AA SE 

AA SE AA SE 

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7 
   

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    

2HWR DRD 

Glu460 H10/11_H12 Arg357 H6_H7 F2 His323 H5 

Arg357 H6_H7 Glu276 H2'_H3 F2 Ser289 H3 

His466 H10/11_H12 Gln286 H3    

Ile472 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    

2ATH 3EA 

Thr459 H10/11_H12 Val455 H10/11 F1 Tyr473 H12_ 

Glu460 H10/11_H12 Arg357 H6_H7    

Arg357 H6_H7 Glu276 H2'_H3    

Asp462 H10/11_H12 Gln286 H3    

His466 H10/11_H12 Phe287 H3    

Lys474 H12_ Tyr320 H4    

His449 H10/11 Lys367 H7    

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    

2XKW P1B 

Glu460 H10/11_H12 Arg357 H6_H7    

Arg357 H6_H7 Glu276 H2'_H3    

Ser464 H10/11_H12 Gln286 H3    

His466 H10/11_H12 Gln286 H3    

Ile472 H12 Lys319 H4    

Lys474 H12_ Lys319 H4    

Leu476 H12_ Tyr320 H4    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7 
   

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    
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Complex 

PDB ID 

Ligand 

PDB ID 

HBs between amino acids in the vicinity of H12 
HBs between ligand  

and receptor 

AA1 AA2 
PHF AA SE 

AA SE AA SE 

Arg443 H10/11 Glu324 H5    

1NYX DRF 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12_ 

Ser464 H10/11_H12 Gln286 H3 F2 His323 H5 

Asp475 H12_ Tyr320 turn in H4    

His449 H10/11 Lys367 H7    

Met364 H6_H7 Lys367 H7    

Arg 397 H8_H9 Glu324 H5    

2GTK 208 

Glu460 H10/11_H12 Arg357 H6_H7 F1 Tyr473 H12 

Arg357 H6_H7 Glu276 H2'_H3 F1 His449 H10/11 

His466 H10/11_H12 Gln286 H3 F2 His323 H5 

Ile472 H12 Lys319 H4 F2 Ser289 H3 

Lys474 H12_ Lys319 H4    

His449 

Lys367 

H10/11 

H7 

Lys367 

Phe363 

H7 

loop in H7 
   

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Arg443 H10/11    

1PRG 

chain A 

Glu460 H10/11_H12 Arg357 H6_H7    

Arg357 H6_H7 Glu276 H2'_H3    

Leu468 H12 His466 H10/11_H12    

Asp475 H12_ Gln454 H10/11    

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Lys438 
turn in 

H10/11 
   

Met364 loop in H7 Lys367 H7    

Lys367 H7 Phe363 loop in H7    

Ser289 H3 Cys285 H3    

1PRG 

chain B 

Glu471 

His449 

H12 

H10/11 

Lys474 

Lys367 

H12_ 

H7 
   

Arg397 H8_H9 Glu324 H5    

Asp396 H8_H9 Lys438 H10/11    
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APPENDIX B. AOP EVALUATION TABLE 

The table, containing the data for the AOP evaluation, is available in electronic format onto 

the CD attached to the inside cover (Appendix_B_AOP_evaluation_table.xls). 

 

 



 

 

 

 

 

 

 


