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Abstract  

In the recent past, there has been a tremendous increase in the kind of data being generated by 

high-throughput analysis (OMICS) for endocrine disruptors (EDs). In parallel, several in silico tools 

(PBPK, PD, Systems biology and AOPs) offer an opportunity to understand the biological complexity 

of EDs and environmental risk assessment. Along with the development of new tools and techniques 

in toxicological research, it is also necessary to have a continuous re-evaluation of existing data, 

data integration, and knowledge-based translation that might enable to assess the human health 

risk of EDs. There is a need for a platform that integrates in vitro, in vivo, and several in silico models 

into one framework to directly tie the results to a predictive adverse outcomes model. The objective 

of this chapter is to introduce in silico framework that integrates several models at the organ, 

molecular, cellular and genetic scale, we hereby called it as integrative systems toxicology 

approaches that could be used in the human health risk assessment for EDs. This integrative 

systems toxicology will offer a quantitative understanding of the EDs adverse effects on a biological 

system, through the integration of exposome-internal exposure-molecular/cellular response to the 

adverse stimulus. Such in silico platform will be a dynamic tool to efficiently reduce the risk of EDs 

for public health. 

 

Abbreviations 
AMP Adenosine Monophosphate  KER Key event Relationship 

AO Adverse Outcome  LPS Lipopolysaccharide 

AOP Adverse Outcome Pathways    

BPA Bisphenol A  MCA Metabolic Control Analysis 

BPAF Bisphenol AF  MEHP Monoethylhexyl phthalate 

BPF Bisphenol F  MFA Metabolic Flux Analysis 

BPR Biocidal Product Regulation  MIE Molecular initiating events 

BPS Bisphenol S  NCA Non-compartment Analysis 

DDD Dichlorodiphenyldichloroethane  NRC National Research Council 

DDE Dichlorodiphenyldichloroethylene  ODE Ordinary Differential Equation 
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DDT Dichlorodiphenyltrichloroethane  ODN Oligodeoxynucleotides 

DEHP Diethylhexyl phthalate  OECD Organisation for Economic Co-
operation and Development 
 

DNA Deoxyribonucleic acid  PBK Physiologically Based Kinetic Model 

DR Dose-response  PBPK Physiologically Based 
Pharmacokinetics Model 
 

ECF Extracellular fluid  PBTK Physiologically based 
Toxicokinetic Model 

EDs Endocrine Disruptors  PCBs Polychlorinated biphenyls 

EDSP Endocrine Disruptor Screening 
Program 

 PD Pharmacodynamics 

EEE Electroencephalogram  PFOA Perfluorooctanoic acid 

EFSA European Food Safety Authority  PFOS Perfluorooctane sulfonic acid 

EMA Elementary model analysis  PK Pharmacokinetics 

EU European Union  P-PBPK Pregnancy-Physiologically Based 
Pharmacokinetics Model 

FBA Flux Balance Analysis  PPPR Plant Protection Products 
Regulation 

FCC Flux control coefficient  QIVIVE Quantitative in vitro‐to‐in vivo 
extrapolation 

IATA Integrated assessment and testing 
approaches 

 QSPR Quantitative Structural-Property- 
Relationship 

HCA Hierarchical Regulation analysis  QSAR Quantitative Structure 
-Activity Relationships 

IVIVE In vitro‐to‐in vivo extrapolation  QSP Quantitative Systems 
Pharmacology Model  

KE Key events  REACH Registration, Evaluation, 
Authorisation and Restriction of 
Chemicals  

ROS Reactive Oxygen Species  TD Toxicodynamic 

SAR Structural-Activity Relationship  USEPA United States Environmental 
Protection Agency 

SB Systems biology  VPH Virtual Physiological Human 

SBW Systems biology workbench  WHO World Health Organization 

ST Systems Toxicology    

 

1. Endocrine disruptors (EDs) and Human Health 
Endocrine disruptors (EDs) are natural or anthropogenic substances in the environment, food, or 
consumer products that can disrupt hormonal balances in humans and wildlife, causing adverse 
health effects even at low dosage. USEPA defined EDs as exogenous agents that interfere with the 
synthesis, secretion, transport, metabolism, binding action, or elimination of natural blood-borne 
hormones that are present in the body and are responsible for homeostasis, reproduction, and 
developmental process 1. Some of these compounds are stable and difficult to eliminate from the 
environment.  These agents may disturb the hormone signalling networks depending on gender, 
genome sequence, or lifestyle of each individual.  
To date, many test methods have been developed under EU and OECD guidance with the vision 
that Quantitative Risk Assessments for these chemicals should enable the definition of acceptable 
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environmental levels and drive policies, which provide that these levels are not exceeded. In the 
regulation on industrial chemicals (Registration, Evaluation, Authorisation, and restriction of 
Chemicals, EC 1907/2006, REACH), a chemical identified as an EDs could be subject to 
authorisation based on risk assessment and socio-economic analysis. The current version of the 
EDs criteria for both the Biocidal Product Regulation (No 528/2012) (BPR) and the Plant Protection 
Products Regulation (No 1107/2009) (PPPR) is based on the WHO definition from 2002. The 
European Commission and its working group have discussed the criteria for EDs since the 
implementation of the PPPR in 2007.   
Quantitative prediction of EDs adverse effect on human health poses a large number of challenges 
particularly due to involvement of hundreds of chemicals and their metabolites, as well as their 
associated pattern of exposure, retention time in the body, generation of toxic metabolites and their 
wide range action via multiple mechanisms 2–4. In vitro, in vivo and epidemiological studies have 
been performed for a better understanding of EDs mechanism, toxicity and health risk (Figure 1). 
The advancement in current analytical methods of in vitro, high throughput screening, genomics, 
proteomics, and metabolomics have generated a huge amount of data on toxicological profiles. With 
a lot of information available in public database, in silico prediction tools for determining toxicity risk 
are of great significance and potency.  
Nevertheless, many EDs are produced every year and it is not possible to test all of them for risk 
assessment. Current approaches are time- money- and effort-consuming. There is a need for cost-
effective and efficient tools to meet regulatory toxicology needs. One way for this is a hypothesis-
driven integrated approach, which includes testing by in silico tools and further validation of research 
based on experimental data. EPA's Toxicity Forecaster (ToxCast) is one of the in silico tool for 
screening thousands of chemicals and today have data for 1800 chemicals from industry to 
consumer products 5 (https://www.epa.gov/chemical-research/toxicity-forecasting). Now, the Tox 21 
focuses on developing methods to efficiently analyse the toxicity of chemicals and integration of in 
silico tools 6. Integrated assessment and testing approaches (IATAs) focus on an integrated 
approach for chemical hazard characterization based on existing methods and new information. 
This integrated approach includes different models such as cheminformatics models, in silico, in 
vitro, in vivo models, etc. AOP is one of the frameworks for developing IATA 7.  
Recent, EFSA projects on in silico for dermal absorption of pesticides and protein toxicity confirmed 
that the computational approach has been widely accepted 8.  In parallel to this, the recent 
development of systems biology and multiscale modelling has increased the understanding of the 
physiological endogenous pathway and impacts of toxicant on the temporal behaviour of the cell, 
tissue, and whole organ system. 
 
 

2. From classical Dose-response to Integrative Translational toxicology  
The study of toxicology has been focused on quantifying/predicting chemical-induced adverse 
effects to the biological system. The major challenges in predicting adverse effects of chemicals on 
human health are; the inheritance complexity within the biological system, the chemical’s complex 
mechanism(s), and the complex responses of organisms over different life stages or time scales. 
Translational Toxicology is an area, which integrates classic toxicology (empirical fitting of the dose-
response curve) with the quantitative analysis of molecular and functional changes that occurs 
across multiple levels of biological organization 9. The fact that adverse effects cannot be predicted 
individually by animal testing or in vitro testing or existing modelling methodologies was the first step 
on the road of the concept of integrative translational toxicology. An integrative translational 
approach to predict the adverse effects on human health can be described as “viewing the problem 
in its entirety as an interconnected system of component operations and functions” and therefore 
recognizing the full complexity of predicting adverse effects on human health. A Systems Biology is 
aimed at a mechanistic understanding of chemical interaction with living systems versus 
conventional empirical endpoints and animal-based testing. Several Systems biology modelling 

https://www.epa.gov/chemical-research/toxicity-forecasting
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approaches have been developed to predict the adverse effects of drugs/chemicals on human 
health 10. Information regarding the body physiology, pharmacokinetics, pharmacodynamics, 
chemical exposures, inter-individual variability and covariates relating to toxicity are an integral part 
of translational toxicology. 
The classical toxicology involves empirical fitting of external dose (not internal dose) and response 
(endpoints) as the basis for the dose-response assessment. This approach lacks the mechanistic 
understanding of the influence of body physiology onto the chemical’s fate and the biological 
changes at the molecular and functional levels due to chemical interaction with a biological target. 
These processes are described as Pharmacokinetics (PK) i.e. “what body does to the 
drug/chemical” and Pharmacodynamics (PD) “what drug/chemical does to the body” respectively. 
Pharmacokinetics encompasses the four elements absorption, distribution,; metabolism and 
elimination (ADME) that describes the fate of the chemical inside the body. Pharmacodynamics 
describes the interactions of drugs with biological targets and consequently observed effects.  
There have been successive developments of several PK models describing ADMEs of 
drugs/chemicals. Major types of PK models are Non-compartment Analysis (NCA) and compartment 
physiological analysis 11. NCA empirically fits experimental data on the time course of plasma drug 
concentrations. This allows measuring the elimination and volume of the distribution of chemicals 
inside the body 12. Compartment models can be semi-mechanistic adding improved insights into the 
distribution properties of drugs and physiological properties of organisms. Physiologically based 
Pharmacokinetics (PBPK) models are systems models where the body is divided into several 
compartments corresponding to each organ. Organs are connected with each other via the blood 
circulatory system. The parameters in the model are assigned using physiological measurements 
(blood flow, organ sizes) and resolved by direct analysis of plasma concentrations and tissue 
transport, binding, and metabolic properties 11. The integration of a dynamic change in physiological 
states related to age, disease, and pregnancy into the PBPK leads to the development of 
person/population-specific PBPK models.  
Pharmacodynamic (PD) models are empirically fitting dose and response relationships at the tissue 
level. PD models are categorized into five types but mainly they are two types; one is direct effect 
model that assumes chemical effects are directly proportional to receptor occupancy (i.e. linear 
transduction), and the other is the indirect effect model in which response is due to chemicals indirect 
effect to the synthesis or degradation of a response variable 13.  
Both PK and PD can be developed individually and linked together which often referred to as 
PBPK/PD models for chemicals like EDs 14,15. PBPK describes the internal concentrations rather 
than external exposure; the key metabolites and their linkage to PD provide a more accurate dose-
response relationship. Such integrated PBPK/PD can be able to simultaneously describe chemical 
ADME at the whole‐body level and the resulting EDs effect at the cellular or tissue scale 16.  
PBPK/PD has long been used for route‐to‐route and species‐to‐species extrapolations and in vitro‐
to‐in vivo extrapolation (IVIVE) 17. QIVIVE (quantitative in vitro in vivo extrapolation) along with 
PBPK/PD is used to predict the in vivo adverse effects based on in vitro dose-response data 18,19. 
However, this model has the limitation of not taking into account the process of molecular initiating 
events (MIEs) to adverse effects and, very often, the endpoints are single biomarkers at cell/tissue 
level with no clear link to downstream adverse effect(s). To address these challenges the concept 
of adverse outcomes pathways (AOPs) and systems biology have been developed. Recently, the 
concept of AOP has been drawn upon a systems biology approach. AOP is defined as “A linear 
sequence of events commencing with initial interaction(s) of a stressor with a biomolecule within an 
organism that causes a perturbation in its biology (i.e., molecular initiating event, MIE), which can 
progress through a dependent series of intermediate key events (KEs) and culminate in an adverse 
outcome (AO) considered relevant to risk assessment or regulatory decision-making” 20.  AOPs do 
not, however, address the question of what dose of a chemical will cause sufficient perturbation to 
drive the pathways to the adverse outcomes 20. In contrast, Systems biology quantifies the effect of 
chemical interaction on biological systems across the cellular and multi-tissue level and the 
observed toxicological effects in relation to the exposure to the chemical under investigation 9. These 
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biological model systems could be comprised of linear signalling pathways such as AOPs to detailed 
complex biological pathways (Systems biology) leading to an integrated approach. Systems biology 
comprises genomics, metabolomics, and proteomics rationalizing the functional interaction of 
biological components in a time-dependent fashion 21,22. Coupling a PBPK/PD model and Systems 
biology together can form a mechanistic framework that enhances the understanding both of biology 
and of adverse effects due to chemically induced perturbation to the biological systems (Figure 1) 
23,24. 
 
 

 
Figure 1: Integrated translational framework for chemical induced toxicity. Modified Adapted from original sourcefrom original 

image 2525  

 

3. PBPK (Physiologically Based Pharmacokinetics) Model 

3.1 Introduction 
 
Physiologically based pharmacokinetic (PBPK) models consist of a series of mathematical 
representations of biological tissues and physiological processes in the body of target species aimed 
at describing the absorption, distribution, metabolism, and excretion of chemicals (Figure 2) 26. 
When a chemical substance enters the organism, it is usually distributed to various tissues and 
organs by blood flow 27. Following its distribution in tissues, the substance can bind to various 
proteins and receptors, undergo metabolism, or can be eliminated unchanged. The concentration 
vs. time profiles of the xenobiotic in different tissues, or the number of metabolites, is often used as 
surrogate markers of its internal dose or biological activity 28. In a sense, PBPK modelling is an 
integrated systems approach to both understanding the PK behaviour of compounds and predicting 
concentration vs time profiles in plasma and tissues 29.  
The biological response results from the interaction between the toxicant and the target tissue. For 
this reason, models that can predict the target tissue concentration of the toxicologically-active 
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chemical species (parent compound or metabolite) are especially useful and have been applied in 
the “exposure–dose–response” paradigm. The internal dose metrics (sometimes also referred to as 
biological effective dose) replaces the external exposure dose in the derivation of the quantitative 
dose-response relationship, with the intent of reducing the uncertainty inherent in human health risk 
assessments based on external exposure dose estimation. With the advancements in modelling, 
now PBPK is extended to species-specific, age-specific, population-specific and organ-specific 
models. Age kinetics is being included in the PBPK for assessing risk through lifetime exposure. It 
includes age-dependent changes in absorption, distribution, metabolism, and excretion of different 
chemicals from the body. For instance, IVIVE along with the PBPK model approach was used to 
simulate age-related pyrethroid kinetic differences in rats 30.  PBPK models are available for different 
EDs like Bisphenol A, PFOS, PFOA, and PCBs. Several examples are discussed in the following 
pages. They include both perfusion-limited and permeability-limited model. Now, QSAR, IVIVE, and 
other models are being integrated to better predict risks from exposure to EDs. 
 

 
 
 

Figure 2: General structure of PBPK model representing different compartments 
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3.2 Approaches to building PBPK models 
Building a PBPK model requires gathering a considerable amount of data which can be categorised 
in three groups, namely: the model structure, which refers to the arrangement of tissues and organs 
included in the model; the system's data (physiological, anatomical, biochemical data) and chemical-
specific data (physicochemical) (Figure 3). The transport of xenobiotics in several tissues is 
determined by two different approaches: (i) permeability limited (also called as flow limited), and (ii) 
perfusion limited (also called as diffusion-limited) 31,32.  
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human etc.  
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Figure 3: PBPK model structure and approach: representing the model developmental approach 
and the required parameters input. BM: Body mass; BSA: Body surface area; MW: Molecular 
weight; Ko/w : octanol: water partition coefficient; Fu: Fractional unbound concentrations 
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Permeability-rate –limited Model: This model is also called diffusion-limited and could be applied 
when the distribution of the substance to tissue is rate-limited by the drug's permeability across the 
tissue membrane. That condition is more common with polar compounds and large molecular 
structures. Consequently, the related PBPK models may exhibit different degrees of complexity. 
Below are some examples of EDs and other chemicals where researchers have used permeability 
limited PBPK models for quantitative assessment of the time course of chemicals. 
A permeability limited PBPK model has been used to predict PK and tissue distribution of PFOA. 
The model performance has been assessed through seven experimental data sets. Cellular uptake 
of PFOA was considered to occur both through passive diffusion and active transport by membrane 
transporters and serum albumin 33. Lactational transfer of PCB 153 with or without PCB126 in mice 
was simulated through the PBPK model. For the fat tissue compartment, chemical uptake was 
defined by the diffusion-limited model. Simulation results were compared and validated with 
experimental data for PCB.  Such a model provides a mechanistic tool for estimating PCB 
disposition 34. A PBPK model for the mixture effect of PCB153 and PCB 126 was developed for 
explaining PK interaction within PCB congeners. The fat compartment was defined as diffusion-
limited and added in the PBPK model to describe lactational transfer 35. 
The model is applied to many problems, other than EDs. Plasma and pulmonary concentration of 
seven anti-tuberculosis drugs were simulated by multicompartment permeability limited lung PBPK 
model.  IVIVE approach was used to predict the passive permeability of drugs within the lung. This 
PBPK IVIVE model predicted the concertation which was in agreement with the experimental clinical 
data 36. 
 
Perfusion-rate-limited Model: This model is also called flow limited kinetics and could be applied 
when the tissue membrane presents no barrier to distribution. Here, each tissue is considered a 
well-stirred compartment in which the substance distribution is simply limited by blood flow. Thus, 
the chemical will be delivered to the tissue via the blood and is assumed to mix throughout the 
volume of that compartment immediately and completely and normally partition coefficient is used 
for the distribution of the chemical. Concentrations in the flow limited compartments generally 
estimated by applying the following equation: 

               
DdCi

dt
=

QIi ∗(Ca−
Ci

Ki:p 
)

𝑉𝑖VI
                                                                                            (1) 

Where Ci is the concentration in the tissue i (nM), Qi is the blood flow in the tissue i (L/h), Ca is the 
arterial concentration (nM), Ki:p is the partition coefficient of tissue i, and Vi is the volume of the tissue 
i (L). 
 
These are a few examples of perfusion rate-limitedrate limited PBPK model in the case of EDs and 
other chemicals. A PBPK model for lifetime accumulation of p,p′-DDT, p,p′-DDE, and p,p′-DDD in 
harbor porpoises was developed to define the kinetics and metabolism of these chemicals. Bayesian 
approach with Markov chain Monte Carlo simulations was used to take into account uncertainty and 
estimate species-specific parameters. Such an approach can provide confidence and integrated 
approach Bayesian population PBPK and Monte Carlo simulation can lead to reliable species-
specific modelling 37.  Pharmacokinetic behaviour of different bisphenols (BPA, BPS, BPF and 
BPAF) was simulated through PBPK in different age groups. It also included oral and dermal 
exposure along with Monte Carlo uncertainty analysis 38.  DEHP and its metabolite MEHP was 
estimated in human plasma and urine using chimeric mice and through a simplified PBPK model. 
Animal biomonitoring equivalents from mice were scaled to human biomonitoring equivalents trough 
allometric scaling factor and in vitro metabolic clearance data. This biomonitoring strategy is also 
capable of reverse dosimetry 39. Bisphenol A concentration in the fetus during gestation time was 
estimated by pregnancy PBPK (P-PBPK) model and the developed model was validated using 
biomonitoring data from different pregnancy cohort studies. Oral and dermal exposure was included 
in the model to simulate total internal exposure 40.  
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3.3 Model Parameterization 
There are two approaches of PBPK model building or parameterization: bottom-up and top-
down. In a bottom-up approach, model parameterization is done based on in silico prediction or in 
vitro understanding of chemical-related ADME mechanisms. It mainly depends on tools for 
translation of in-vitro data to in-vivo such as IVIVE (in vitro- in vivo extrapolation) and several in silico 
tools such as QSAR, which is in a sense purely predictive model. In contrast, top-down approaches 
rely on the estimation of model parameters by fitting to the observed experimental data. Model 
parameterization requires two specific parameters namely; System’s and Chemical’s specific input 
parameters.  
System-specific parameters: This comprises of both physiological parameters and biochemical 
parameters.  
Physiological parameters:   These parameters are species-specific constants. These includes 
tissues/organs volume (or weight) and tissues blood flow rate which are specific to the species of 
interest. The parameters are used to develop species-specific PBPK models, the most common 
being rat, mouse, dog, and human.  Physiological parameters for developing such models are 
routinely available in the literature 41–44. 
Biochemical parameters  
Biochemical parameters are the hybrid parameters that depend on both chemical and physiology. 
Among biochemical parameters, chemical metabolism is considered to be a very important 
parameter, which generally derived from in vitro data using IVIVE methodology. The schema of 
IVIVE has been provided in figure 4. 
IVIVE generally involves the scaling of in vitro Vmax parameter based on the microsomal protein 
content per gram of tissue and weight of tissue per kg body weight. Vmax is scaled to in vivo per kg 
BW from in vitro cell line studies by using the following equation: 

𝑉𝑚𝑎𝑥𝑖𝑛𝑣𝑖𝑣𝑜 =
𝑉𝑚𝑎𝑥𝑖𝑛𝑣𝑖𝑡𝑟𝑜∗𝑀𝑃𝑃𝐺𝑇∗𝑉𝑡𝑖𝑠𝑠𝑢𝑒

𝐵𝑊.75
                        (2)        

Where, 𝑉𝑚𝑎𝑥 = Maximum metabolic capacity in per gram of microsomal protein, 𝑀𝑃𝑃𝐺𝑇 = the 
microsomal protein per gram of tissue, Vtissue = the total tissue weight in gram, and BW =is the whole-
body weight in kg. 
Chemical-specific parameters 
These parameters can be derived by in vivo or in vitro experiment. However, in certain cases when 
we lack these data, various in silico approaches can be useful. Among physicochemical parameters, 
the partition coefficient is considered one of the most important parameters. It describes the 
distribution of the chemical between plasma and different organs. There are various tissue 
composition based algorithms methods to generate partition coefficient data 45–49. 
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Figure 4: Illustration of Hierarchical structure model approach for metabolic uncertainty and variability in IVIVE scaling. 

 
 

3.4 Cheminformatics and toxicokinetic models for chemical assessment 
PBPK models generally require many inputs like physiological parameters, biochemical and 
chemical-specific parameters. With many new chemicals arising in the market, it is not feasible to 
rely only on in vitro and in vivo data for the PBPK parameters. Value of some parameters is derived 
through cheminformatics models like SAR, QSAR, and QSPR 50,51. These models can be used to 
predict the value of certain chemical parameters like Vmax, Km, partition coefficients, etc. based on 
the molecular structure for data-poor chemicals 52. Additionally, it is also of great help for predicting 
the value of some virtual compounds in the early drug discovery phase 53. However, these 
predictions may not be accurately correct, but they provide a framework for the classification of 
chemicals and the results can be further validated by experimental data. QSAR can predict partition 
coefficient and metabolic constants for chemical and the estimation of pharmacokinetic parameters 
and internal dose can be done by PBPK modelling. Price et al. conducted a study for predicting the 
inhalational toxicokinetics of chemicals in a mixture using the QSAR-PBPK model. It involved the 
determination of partition coefficient, Vmax and Km for volatile organic compounds by QSAR. These 
predictions were used as input for PBPK model to predict pharmacokinetics of chemicals mixture. 
The study provides an initial evaluation of kinetics of chemicals in mixture of increasing complexity 
based on structure and toxicity 54. Karrer et al. readjusted developed PBPK model for one of the 
endocrine disruptors - bisphenol A analogs (BPS, BPF, BPAF) for peroral and dermal exposure. 
PBPK model was parametrized by QSAR model for calculating partition coefficient for several BPA 
analogs 38. QSAR model was developed for calculating adipose/blood partition coefficient of 67 
environmental contaminants including endocrine disruptors and others (alcohols, polybrominated 
diphenyl ethers, PCBs etc) 55. These chemical-specific parameters are of immense importance for 
developing a PBPK model 55. In another example, the human PBPK model of DEHP with its major 
metabolites was developed using a bottom up modelling approach to predict the time course of 
chemical concentration for different exposure in various compartments. For parameterisation of the 
model, IVIVE and QSAR were applied. PBPK model was validated with the human kinetic study 
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having different dosing scenarios 56. Integration of models like QSAR, PBPK, and IVIVE for 
emerging or known chemicals provides a framework that relies on less use of experimental data 
and can be helpful for risk assessment. Also, the emerging mechanistic based framework offers the 
potential of being applicable to multiple chemical exposure equivalents to the real exposure 
scenario. However, such a framework needs further improvement to account for uncertainties and 
variabilities at different exposure levels and organisms. But, with an increase in our level of 
understanding, we can be optimistic about developing mechanistic QSAR to predict different 
parameters and PBPK model for pharmacokinetics of different chemicals reducing the usage of in 
vivo studies.   
 
 

4. Pharmacodynamics Model/Dynamic System analysis 

4.1 Introduction 
Pharmacodynamic (PD) has evolved from an empirical to quantitative outputs that characterize the 
effect of drug/chemical on response inside the body 57. The interaction of a drug/chemical molecule 
with a receptor causes the initiation of a sequence of molecular events resulting in a pharmacologic 
response. The term PD refers to the relationship between drug/chemical concentrations at the site 
of action (receptor) and pharmacologic response, including the biochemical and physiologic effects 
that influence the interaction of drug/chemical with the receptor. 

[𝐶ℎ𝑒𝑚𝑖𝑐𝑎𝑙] + [𝑇𝑎𝑟𝑔𝑒𝑡 ] ⟺ [𝐷𝑟𝑢𝑔 − 𝑇𝑎𝑟𝑔𝑒𝑡 𝑐𝑜𝑚𝑝𝑙𝑒𝑥] ⟶ 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 
 
There are five types of PD models: direct response model, biophase distribution indirect response, 
signal transduction and irreversible effect model (Figure 5). The first three types are extensively 
used while others have more limited applications. This part of the chapter focuses on all five-
pharmacodynamics model. The choice of model for any drug/chemical depends on the action. For 
example, if PD response changes with concentration, then a direct response model is the preferred 
one. However, if there is a time delay between concentration and the response, an indirect model 
is used because of receptor-mediated effect or signalling cascades. 
 

 
 

Figure 5: Types of Pharmacodynamic Model 

4.2 Types of Pharmacodynamic Model 
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4.2.1 Direct Response Model 
In the direct response model, drug/chemical directly induces the change in the PD response (Figure 
6).  
 
 

 
Figure 6: Direct Pharmacodynamic Model 

The well-known modified Hill equations are used to describe the drug-receptor interactions 
empirically as follows:  
 
a) Simple Emax model 
This model was originally derived from the classical theory of drug-receptor interaction. It is based 
on the Hill equation which assumes that the effect of any chemical/drug is directly proportional to 
the receptor, also called linear transduction 58.  

       𝐸 = 𝐸0 +  
𝐸𝑚𝑎𝑥 ∗ 𝐶(𝑡)

𝐸𝐶50 + 𝐶(𝑡)
 

Where Emax is the maximum response, EC50 is the concentration at which 50% of Emax occurs and 
E0 is the baseline response. C (t) is the effective chemical concentration i.e. concentration at the 
target site. 
 
b) Sigmoid Emax model: 
This model is a generalization of Emax model.  It contains a curve fitting parameter γ also known as 
Hill factor describing the steepness of concentration and effect relationship.  

𝐸 =
𝐸𝑚𝑎𝑥𝐶(𝑡)𝛾

𝐸𝐶50 + 𝐶(𝑡)𝛾
 

Emax, EC50 and E0 and γ represent the sigmodicity factor or Hill factor, γ=1 for simple Emax model 
and if γ>1 for a steeper curve, γ<1 for a smoother curve. 
 
These models have been used to characterize the effect of a number of drugs/chemicals. For 
example, a pharmacodynamic estrus cycle model (PD-EC) has been developed for endocrine 
modulators that are weak E2 antagonists or weak E2 agonists. This PD-EC model of the 
hypothalamus-pituitary ovarian axis was used to examine quantitatively the response of endocrine 
modulators on reproduction, ovulation and tumour formation in rats  59.  
 
4.2.2 Biophase distribution model 
 
Biophase distribution model comes into picture when there is a delay in the effect after 
chemical/drug exposure. Sometimes, it led to the formation of hysteresis or a gap in response 
versus concentration plot. This model is extensively used for explaining the time lag in the 
response period. There are two types of biphase distribution models, one is the effect 
compartment, and another is extended catenary biophase model 60. 
 

𝐸 =  
 𝐸𝑚𝑎𝑥. 𝐶𝑒

𝑛𝐻

𝐸𝐶50 − 𝐶𝑒
𝑛𝐻

  

The extended catenary biophase distribution model is most widely used and consists of two 
compartments, transfer effect and effect compartment (Equation). Here, Emax is the intrinsic 
activity, EC50 is the potency and nH is the slope factor and Ce represent effect-site concentration. 
Brain extracellular fluid (ECF) concentration and time course of predicted effect-site concentration 
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of morphine was very well described by extended catenary biophase distribution 60. They studied 
biophase distribution and P-glycoprotein interaction by morphine through electroencephalogram 
(EEG) using PK-PD modelling. The saturable biophase distribution model along with a three-
compartment PK model was used to understand the respiratory depressant effect of 
norbuprenorphine in rats. The PK-PD simulation showed that IV administration of buprenorphine 
leads to concentration values well below the values that affect respiration due to the conversion of 
buprenorphine into norbuprenorphine 61.  
 
4.2.3 Indirect response model 
 
Drug/chemical does not directly affect the response. The indirect response models basically assume 
that the biological response is due to either inhibition or stimulation of the production or degradation 
(precursor) as a function of target chemical concentration (Figure 7).  

𝑑𝑅

𝑑𝑡
= 𝑘𝑖𝑛 

0 ∗ 𝑓(𝑡) − 𝑘𝑜𝑢𝑡 ∗ 𝑓(𝑡) ∗ 𝑅 

Where, kin
0
 zero-order constant for production of response, kout first-order constant for loss of 

response, R0 is the basal physiological concentration of response variable. 
𝑓(𝑡) is the function that describes the inhibition or stimulation of response variable synthesis or 
degradation.  
 

𝑓(𝑡) =  𝑆(𝑡) = 1 +
𝑆𝑚𝑎𝑥𝐶𝑡

𝑆𝐶50+𝐶𝑡
  ; Stimulatory function  

𝑓(𝑡) =  𝐼(𝑡) =  1 −
𝐼𝑚𝑎𝑥𝐶𝑖

𝐼𝐶50+𝐶𝑖
  ; Inhibitory function  

Smax/ Imax is the maximum Stimulatory/inhibitory response, Ci is the concentration at the target site, 
SC50/IC50 is the stimulatory/inhibitory concentration required to produce half-maximum response. 
There are four basic indirect response models that can be read in detail by going through reference 
62. 
 

 
 

Figure 7: Indirect Pharmacodynamic Model 

4.2.4 Signal Transduction model 
 
The signal transduction process comes into the picture for defining pharmacological effects of 
endogenous and exogenous compounds like hormones, drugs and certain chemicals. In this 
process, secondary messengers like cyclic AMP, phospholipases or receptors like cell-membrane 
receptors and nuclear receptors are involved to regulate the series of events leading to 
pharmacological end-pointsendpoints. It leads to multiple processes in signal transduction, causing 
a delayed effect. It often involves action at the molecular or cellular level, where PD models face 
challenges for predicting response- and time-profiles of the intermediate steps. The development of 
this model has been possible with the advancement in molecular biology with which we can analyse 
the receptors-mediated effect and gene expression. Detailed signal transduction models, such as 
transit compartment, gamma distribution or stochastic model, can be applied to simulate and predict 
delayed effects. In this section, we will discuss the transit compartment and more details about other 
models can be understood by going through the following reference 63. Transit compartment models 
mostly involve a series of differential equations for describing the events between activated receptor 
(Mi) and response (R).  
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𝑑𝑅

𝑑𝑡
=

(𝑀𝑖
γ

− 𝑅)

τ
 

 

Here, τ is transit time and γ is the power coefficient which increases or decreases the transduced 
signal. As per the receptor occupancy theory, the drug-receptor complex is directly proportional to 
the biological effector signal (E). Assuming receptor binding, the equation can be described as, 
 

𝑑𝐸

𝑑𝑡
=  

1

τ
(

𝐸𝑚𝑎𝑥𝐶

𝐸𝐶50 + 𝐶
− 𝐸) 

 
Where Emax is a maximum induced signal, C is free chemical/drug concentration and EC50 is the 
concentration at which 50% of Emax occurs. This approach is often used for simulation and 
prediction of receptor and gene-mediated effect in corticosteroids and other chemicals 64. For 
instance, the PD model was developed for systemic corticosteroids to analyse the effect on immune 
cells and the respective response. During ex vivo studies, linear transduction delay of drug activity 
was seen on immune cell proliferation and the same was modelled using signal transduction delay 
65. In general, corticosteroids mostly act on signal transduction pathways by acting on nuclear 
receptors (NF-Kb, nuclear factor-AT). Therefore, many PD models on corticosteroids consider the 
signal transduction model for explaining the effect.  
 
4.2.5 Irreversible Effect model 
 
Theoretically, the mathematical relationship between concentration and response assumes that 
increased occupancy of receptors leads to increased response, but this is not the case in all realistic 
scenarios. In certain cases, tolerance of the chemical/drug may occur eliciting irreversible effects. 
For example, antimicrobial drugs, anticancer, enzyme inhibitor chemicals often show such kind of 
effects and thus to explain their irreversible effect, the PD model was developed. The equation for 
the irreversible model is as follows: 
 

𝑑𝑅

𝑑𝑡
= −𝑘*C*R 

 
Where dR/dt is the irreversible response with time, R is for cell or receptor, k is second-order cell 
killing rate constant and C is the concentration of a chemical. This model is generally used to 
describe the cell-killing effect especially in the case of highly toxic chemicals or drugs 58.  
 

4.3 Translation through PK/PD model 
PD modelling alone is not enough to predict the response or effect of drug/chemicals in the human 
body. Different types of physiological processes like slow receptor binding, chemical-chemical 
interactions, disease progression, aging and enzyme kinetics add to the complexities of the PD 
prediction. Further, it is difficult to predict the response without knowing the concentration of 
chemicals in a particular site. Integrated Physiologically Based Pharmacokinetics 
(PBPK)/Pharmacodynamics (PD) modelling connects two different entities to provide a time course 
of response for a particular chemical (Figure 8). In this approach, the PK component allows for 
concentration vs time course of chemical in a different body organ and the PD component predicts 
the intensity of effect based on the concentration of the chemical at that site 66. 
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Figure 8: PBPK/PD model. PBPK model predicts the concentration in different compartments over time whereas PD model 
predicts effct of concentration on different organs which leads to response. PBPK/PD together predicts effect of particular 

chemicals inside living being with the time. 

 
The mechanism-based PBPK/PD modelling helps in the prediction of dose-response relationship 
taking into account both intra- and inter-individual variability. It considers target site distribution of 
chemicals, binding and activation at site depending on various factors like physiochemical properties 
and biological properties 67.  There are cases when there is an all-or-none type of effect as 
sometimes interaction of drugs with competitive mechanisms may produce an additive response (all 
effect) and response for non-competitive mechanisms may be antagonistic (none effect).  In such 
situations, we use mechanistic pharmacodynamic models with PK models to explain this effect. 
Now, we are going to discuss some examples of the use of PK/PD models. An indirect response 
model was used to describe the action of coptisine and LPS on inflammatory factors; namely, a 2-
compartment PK model was used for understanding kinetics of the chemical followed by the PD 
model 68. In another case, the immunity response for the B cell population was characterised by a 
monoclonal antibody through an integrated model. The B cell population recovery during a chronic 
toxicology study was estimated by PK/PD. In vivo studies were done in cynomolgus monkey to 
further verify and observe PK and PD responses. Results showed that the PK and PD model for 
monoclonal antibodies were in line with experimental data 69.  Pharmacokinetics and toxicodynamic 
(PKTD) model was used for studying pralidoxime (drug) effects on paraxon-induced respiratory 
toxicity. The TD model was developed for describing enzymatic (cholinesterase) inhibition through 
diethylparaoxon and reactivation by pralidoxime. Further, in vitro model was used to estimate EC50 
and in vivo for estimating other parameters. PK/TD model was further validated using in vitro and in 
vivo data 70. Such models provided insights about the effects and also the concentration inside the 
body with time. The integration of the PK/PD model can be widely used for understanding the time-
course and intensity of drug/chemical on the body. They are a one-step forward towards translation 
for better prediction inside the human body and further risk assessment. Some examples of EDs 
are mentioned. Sharma et al. developed a conceptual model for PBPK/PD for EDs mixture in order 
to integrate exposome-internal exposure-biological effect to the adverse outcome. The PK-PD 
interaction was pointed out as very important in the risk assessment process (Figure 9) 71. Lohinavy 
et al. conducted a combined PK/PD study in male rats for studying mechanisms responsible for the 
high liver concentration of PCB 126 in humans. Using experimental data, they built a PBPK/PD 
model for understanding binding between PCB 126 and hepatic proteins and excretion of these 
proteins which cause the multi-drug resistance in humans. This study demonstrated the role of 
hepatic transporters for drugs in the disposition of EDs 72.   
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Figure 9: Conceptual model of PBPK/PD in assessing risk for chemical mixture (ED-endocrine 
disruptor exposure, C-concentration of ED in systemic circulation, I-concentration of ED in target 
organ or tissue, DI-dynamic interaction) [35] 71. 

 

5. Quantitative in-vitro to in-vivo extrapolation (QIVIVE) 
Advancement in the in vitro methodology and changes in OECD guidelines for reducing the usage 
of animals has led to an improvement in in silico techniques. There is also scientific evidence that 
animal models do not completely correlate with complex human anatomy and physiology.  
 
QIVIVE is an approach used for the translation of an in vitro dose-response (DR) to in-vivo dose-
response (DR). The reconstruction of in-vivo DR from the in-vitro studies involves the linear 
interpolation of transduction kinetics of the signaling pathway. It assumes that the in-vitro data 
reflecting DR after target cell exposure and the in-vitro derived dose-response model must have 
target cell exposure in input to be consistent. Such in vivo target cell (or by extension target organ) 
exposure, if not measured, is obtained by PBPK modelling (Figure 10. This can be done for animals 
or for humans, or both to help inter-species extrapolation.  
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Figure 10: Describe the scheme for the QIVIVE approach where double lines represent equality 

assumptions and arrow represents the flow of information. 
 

 
A PBPK model along with the QIVIVE has been used to determine the oral equivalent doses 
corresponding to in-vitro doses. If the determined oral equivalent doses are relevant to the 
environmental exposure levels, then the response was classified as an adverse effect 73.  DR curves 
obtained through QIVIVE are helpful in toxicological risk assessment and often needed to get point 
of departure for predicting safe exposure limits for humans. For instance, the PBPK model was used 
for estimating the time-concentration effect of different BPA isomers by utilizing in vitro data for 
validation. The human oral equivalent dose was estimated from EC50/IC50 values using QIVIVE and 
in vivo relevant prioritization of chemicals 74. In another example, the plasma concentration of three 
groups of toxicants -triazoles, glycol ethers, and phthalates- was predicted by incorporating PBK 
Indus chem fate QSAR model to QIVIVE. Such models are a key step towards correlating the toxic 
potency of compounds in vitro and in vivo 75. Incorporation of QIVIVE to estimate in vivo parameters 
based on in vitro data is rapidly recognized as a critical component for risk with context to high 
throughput screening data 76.   
  

6. Systems biology 

6.1 Introduction 
The term Systems Biology (SBs) is nearly 15 years old and it consists of different disciplines like 
engineering, biochemistry, genetics, pharmacology, bioinformatics, molecular biology, cell biology 
and other basic science disciplines 77. Modern Systems biology provides a platform for integrating 
multiple components and interactions underlying cell, organ, and organism processes in health and 
disease 78. It describes the functional interaction of biological components in a time-dependent 
fashion that uses genomics, metabolomics, and proteomics data 21,22. Understanding the 
biomolecular mechanisms is of great interest to identify the toxicological effects at the advanced 
stage. Systems biology has long been of great interest in studying the adverse effects on human 
health, which basically involves linking perturbation (the result of chemical interactions with a 
biological target) on the normal biological network to adverse outcome response. In this part of the 
chapter, we focus on describing systems biology, different approaches of systems biology, models, 
examples and its context with EDSs. 
Systems Biology includes a holistic approach for studying the biological system through 
computational and mathematical modelling 79. Advancement in computational, genome sequencing 
and high throughput analysis (OMICS) has led to increased awareness among the scientific 
community. It is a missing link between genotype and phenotype taking into account multi-scale 
biological networks. Toxicogenomics is considered as a part of SBs that include molecular 
approaches to analyze genes and proteins for understanding toxicological patterns: proteomics, 
metabolomics, transcriptomics, genomics, and epigenomics, which are interconnected to different 
gene functions and expression. But, SBs are not just about genome scaling predictions, it is also 
about hypothesis-driven approaches which lead to experimental research for proving the hypothesis 
80. System-Level analysis of biological networks and dynamic properties is needed for an 
understanding of the properties of biological networks like adaptation, robustness which makes the 
biological cell to act in a controlled fashion 81. Computational models play an important role in 
quantitative predictions, which can describe the perturbations in the biological systems. However, 
still, there is a lot more to explore and utilize the prediction power of these computational models for 
understanding the design principle of biological networks. There are three different approaches for 
systems biology: 1) Top-down systems biology, 2) Bottom-up systems biology and 3) the Middle-
out approach. 
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6.2 Models for Systems Biology research 
Systems biology involves extensive use of mathematical modelling for assessing the complex 
interaction of biological networks in a holistic approach. These models involve quantitative 
predictions and hypothesis-driven research, leading to the exploration of new biological behaviors 
and further experimental work to support hypotheses. Experimental data is used to develop and 
validate the SBs models. Chemicals/drugs affect human health in various ways like alteration in 
cellular uptake and efflux controlled by membrane transport proteins, the interaction of chemicals 
and metabolites with tissue macromolecules, immune response activation, metabolic transformation 
and much more 82. Firstly, to understand these interactions at different levels of biological 
organization, molecular and cellular targets, different SBs models are required. In silico SBs involves 
gathering the experimental data for different parameters included in the mathematical model; it 
includes tools like metabolic control analysis (MCA), flux balance analysis (FBA), and elementary 
model analysis (EMA) to understand network-associated toxicity pathways and much more. These 
tools through different ordinary differential equations (ODEs) help in predicting and understanding 
how chemicals perturb the biological networks leading to risk for human health.  
 
For in silico SBs models, different steps are involved. 
The first step is constructing the model, which can be done by using different online software. ODEs 
are included and different kinetic parameters are used in the model. These parameters should define 
biological interactions and other biological behaviors.  
The second step involves a steady-state analysis.  Steady-state is reached when no changes occur 
in concentration or flux of chemical with time. This steady-state defines functions of modelled 
biological systems and is highly useful. The next step is MCA, which is often useful for understanding 
different processes in the biological network that determine the potential of toxicity of any chemical. 
MCA includes different coefficients like flux control coefficient (FCC) and elasticity coefficient.  In 
simple terms, flux control coefficient (Ci

J) can be defined as a percentage change in steady-state 
metabolic flux (J) caused by a one percent change in enzyme activity (v). 
 

𝐶𝐽
𝑣𝑖= 

(
∂ In J

∂p
)systems steady state

(
∂ In 𝑣𝑖

∂p
)metabolite,concnetration/all

 

Here, p is specific for any enzyme which is i and ∂ In J is an effect on flux in the intact system; ∂ Invi 
is an inhibitory effect on flux by the enzyme. For instance, if an inhibitor decreases the pathway flux 
by 30% at a concentration at which it inhibits the particular enzyme by 60% then the flux control 
coefficient would be 30/60 = 0.5. Through this equation, we can understand whether the enzyme is 
rate-limiting step if C=1 or not if C=0 and also other cases where enzyme may be controlling partial 
flux. When FCC is very low, in some cases it implies that a single enzyme will not have an effect 
oninfluence the flux in a pathway. But it needs to be considered because the significance of FCC 
may vary based on the situation. More detail about FCC can be understood by going through the 
following reference 83. The summation theorem is considered as the sum of metabolite concentration 
and flux control coefficient.  

∑ 𝐶𝑖
𝐽  = 1

𝑛

𝑖=1

  

The sum has to be one for the flux control coefficient which means if the control coefficient of all the 
enzymes affecting metabolism in the cell is added it is equal to one 84. If we raise the amount of any 
particular enzyme, flux control coefficient will decrease, as per the summation theorem, then FCC 
of some other enzymes will increase to keep the sum equal to 1. 
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There is another parameter called elasticity coefficient which is a local parameter of the enzyme 
measured by isolated substrate and enzyme. It is the measure of enzyme metabolite effect. It can 
be calculated by the following equation 
 

€i
p= (

𝜕 𝐼𝑛 𝑣𝑖

𝜕 𝐼𝑛 𝑝
) 𝑜𝑡ℎ𝑒𝑟 𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑐 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 

 
 Where vi is the enzyme rate and p is parameter perturbing. A particular enzyme can have more 
than one elasticity.  Metabolites which increase the reaction rate of an enzyme have positive value 
and metabolites which decrease the reaction rate of enzymes (inhibitors) have negative values for 
elasticity. There is no summation theory for elasticity. 
Taken together, MCA can give a framework for quantifying the control coefficient to understand 
system functioning and can relate reaction kinetic properties (local) to other general properties of 
the whole intact pathway 85.  
   
The next approach is Hierarchical Regulation analysis (HCA) which analyses that flux is getting 
controlled by metabolic activities or the gene expression 86. Enzymes can increase the flux by either 
of these methods, gene expression, signal transduction and metabolically. The first two methods 
are quantified using the hierarchical regulation coefficient (ϼh) and the third method is quantified by 
a metabolic regulation coefficient (ϼm). At the steady-state sum of all three is equal to 1. 
 

ϼℎ +  ϼ𝑚 = 1 
 
ϼh can be computed as a ratio of the percentage change in enzyme concentration by the flux 
change. 
 

ϼℎ =
log 𝑉max 𝑥1  – log 𝑉max 𝑥 2

log 𝐽𝑥1 – log 𝐽𝑥2
 

 
Here Vmax is the change in enzyme concertation at two respective conditions (x1 and x2), J is the 
flux flowing in the enzyme at two conditions (x1 and x2). The flux can be controlled by genetic 
change or the metabolite change. As per the above equation, the metabolic coefficient can be 
calculated using the regulation coefficient 87. 
 

ϼ𝑚 = 1 − ϼℎ 
 
Metabolic Control Analysis (MCA) considers the dynamical representation of metabolism whereas, 
other approaches like Flux Balance Analysis (FBA), Metabolic Flux Analysis (MFA) and Elementary 
Flux Analysis (EFA) use steady-state stoichiometric models to analyze flux distribution. More 
information about the models available for flux analysis and equations can be understood by going 
through the reference 88,89. 
 
After developing the model considering all the above approaches, the next step is model 
parametrization. This step includes setting the parametric values for simulation. Parameter values 
can be obtained through in vitro, in vivo, epidemiological or the cheminformatics model. This step 
also involves adjusting some of the parametric values so that a biologically meaningful steady state 
can be obtained. Uncertainties are also considered while model parameterization.  
 
As mentioned above, we have considered all the steps needed to construct a systems biology model 
for studying toxicological pathways or analyzing toxicological risk. Here are some other examples 
of the SB model developed to understand how they can be used to evaluate toxicity 90. For instance, 
an oxidative stress SBs model has been designed with the objective of understanding the complexity 
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of reactive oxygen species (ROS) management in the context of various aging-related disorders.  
Five designed principles for managing ROS networks integrating several biological components 
such as genes, mRNA, protein and metabolite cellular; and biological processes at the level of 
molecular, cellular and organism level. The detail of this model is available publicly at FAIRDOM 
Hub 91(http://doi.org/10.15490/fairdomhub.1.model.571.1). Another example is NF-κB on which 
different researchers have developed SBs models. The transcription factor nuclear factor kappa B 
(NF-κB) is required for many gene induction events with regard to inflammatory cytokines and 
pathogen driven substances 92. Recently, a systems pharmacology model of NF-κB regulatory 
networks has been developed to evaluate quantitatively the therapeutic efficacy of NF-κB synthetic 
decoy oligodeoxynucleotides (ODN) on the dose and degradation rate. The kinetic model was based 
on ordinary differential equations for assessing population-level dynamics of a particular species in 
the network, and the stochastic model was based on master equations evaluating changes in the 
microstate of the NF-κB regulatory network. ODE in the kinetic model was solved by ODE solver in 
python. Transcriptor factor binding to DNA was considered diffusion-limited assuming uniform 
binding of NF-κB to all binding sites. Stochastic dynamics of NF-κB are considered by a master 
equation in the well-stirred limit. Kinetic Monte Carlo scheme was employed for solving these master 
equations for the NF-κB regulatory network to assess changes in genome binding sites and 
quantified temporal oscillation dynamics. Such a systems biology model provides a quantitative 
framework for translational research to find the therapeutic window of NF-κB ODN and overall risk 
assessment 93.   
 

6.3 Systems Biology Model and Endocrine Disruptors 
Not much research has been done on studying the effect of endocrine disruptors at the molecular 
level by building systems biology models. Recently, some limited examples of systems biology 
models to model the effect of EDs have been started developed94,95. One notable example is the 
effort by USEPA for evaluating the potential of thousands of EDs include integration of QSAR in 
silico methods and computational systems biology model approach using carbamate pesticide 
carbaryl as a case study 94. It included in silico metabolite generation and biological pathway 
enrichment analysis. MetadrugTm was used for the qualitative prediction of the first pass and 
sequential metabolites. Canonical pathway map was built for predicted targets of carbaryl and 
estradiol metabolism for elucidating different molecular mechanisms. This study integrates QSAR, 
docking, and systems biology approach for risk assessment and screening of endocrine disruptor 
chemicals 94. Dynamic systems biology model was developed for predicting ovarian sex steroid 
concentrations in female rats under normal estrous cycle and estradiol concentration for adult rats 
exposed to chemicals (BPA, Atrazine, etc.) by Quingot et al. 95. The development of systems biology 
models for understanding mechanistic relationships and developing AOPs is highly helpful for 
improving knowledge about the mechanism of action and toxicity pathways.    

6.4 The Future of Systems Biology 
 
In earlier times, biologists faced many problems due to a lack of either mathematical or programming 
knowledge. However, now software packages are available to do mathematical tasks and 
programming. Different repositories and software are available through which research groups can 
exchange their models. The CellML project (https://www.cellml.org/), The Systems Biology Markup 
Language (http://sbml.org/Main_Page), Biomodel Database (http://www.ebi.ac.uk/biomodels-
main/), JWS Online, PathCase-SB and many other open software platforms for modeling and 
analysis of data 96. For instance, Systems biology workbench (SBW) is built on SBML and provides 
open-source software for systems biology research 96. Such initiatives surely increase the 
knowledge of database available with us and provide a platform for further research. The transition 
from a molecular level to the systems level provides a path for understanding the complex biological 
pathways 97. Now, SBs are moving forward to create the Virtual Physiological Human (VPH) for 
developing patient-specific models and apply them in personalized and predictive healthcare 98. 

http://doi.org/10.15490/fairdomhub.1.model.571.1)40
https://www.cellml.org/
http://sbml.org/Main_Page
http://www.ebi.ac.uk/biomodels-main/
http://www.ebi.ac.uk/biomodels-main/
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There are already some SBs models of separate organs like the cardiac structure model which is 
widely used by the pharmaceutical industries to understand the disease and drug-receptor 
interactions 99. Extensive brain-related research and projects like ALLEN (https://portal.brain-
map.org/), Human Brain Project (https://www.humanbrainproject.eu/en/), BRAIN Initiative 
(https://braininitiative.nih.gov/), MINDS (https://brainminds.jp/en/) all over the world will enable 
understanding about different neurons and synapses of the brain. Now, biology is going towards 
creating more models of the organs and toward modelling the complete human body. Readers can 
go through these links to find more details about such models like PHYSIOME project 
(http://physiomeproject.org/) and VPH project (http://www.vph-noe.eu/). Over the next 10 years, 
research will move forward to create predictive, personalized models for the diseases and chemical 
induced toxicity. Advanced technology allows the individuals to get their genome analysed and many 
parameters can be understood simply through blood analysis. Systems biology models will be able 
to simulate research and understanding about different pathological conditions in humans based on 
their specific genomic sequences and may be able to determine the future health of the individual. 
There are projects and different funding to explore the human genome at experimental and 
computational level by many organizations like “The National Human Genome Research Institute” 
(https://www.genome.gov/) and “Genomics England” (https://www.genomicsengland.co.uk/). 
 

7. Adverse Outcome Pathways (AOPs) 

7.1 Introduction 
There has been a huge debate about AOPs and different researchers define it in their own terms. 
The main challenge lies in defining AOPs because some consider it as a part of systems biology 
while other researchers consider AOP as a separate entity. As per systems biology, AOPs are used 
for a detailed understanding of molecular interactions which causes toxicity 100. In this Chapter, we 
are considering AOP as a separate entity. In general terms, an AOP describes a sequence of events 
commencing with initial interaction(s) of a stressor with a biomolecule within an organism that 
causes a perturbation in its biology (i.e., molecular initiating event, MIE), which can progress through 
a dependent series of intermediate key events (KEs) and culminate in an adverse outcome (AO), 
considered relevant to risk assessment or regulatory decision-making (Figure 11) 20,101,102. An MIE 
is “a specialised type of key event that represents the initial point of chemical/stressor interaction at 
the molecular level within the organism that results in a perturbation that starts the AOP” 101,102. A 
KE is “a change in a biological or physiological state that is both measurable and essential to the 
progression of a defined biological perturbation leading to a specific adverse outcome” 101,102. A KE 
relationship is “A scientifically-based relationship that connects one key event to another, defines a 
causal and predictive relationship between the upstream and downstream event, and thereby 
facilitates inference or extrapolation of the state of the downstream key event from the known, 
measured, or predicted state of the upstream key event” 101,102. 
 
 

https://portal.brain-map.org/
https://portal.brain-map.org/
https://www.humanbrainproject.eu/en/
https://braininitiative.nih.gov/
https://brainminds.jp/en/
http://physiomeproject.org/
http://www.vph-noe.eu/
https://www.genome.gov/
https://www.genomicsengland.co.uk/
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Figure 11: Figure 11: Schematics of AOP network describing series of key events linked to 
toxicants (endocrine disruptors) induced activation or inhibition of various biological targets (MIEs) 
to adverse outcome.  
 
Schematics of AOP network describing the dose-response linking the signal transduction pathway, 
as a series of key events due to chemically induced activation or inhibition of biological target (MIEs), 
to the adverse effects (https://aopwiki.org/). 
 

7.2 AOPs Development Principle 
OECD guideline103 was published in 2013 for developing and assessing AOPs. The second edition 
was published in 2016. It describes all the steps involved to develop and register an AOPs on the 
international repertory AOP wiki (see below) 104. There are four steps involved in the AOPs 
structure, which includes AOP description, KE description, KER description and assessment of 
AOP (Figure 7).  AOP description is the initial steps for creating an AOP which is followed by 
different levels of biological organization in the KE and KER description 104.  Then, the last step 
involves assessment of the AOPs, which includes biological plausibility, evidence for KE and KER 
and quantitative understanding about KER (Figure 12) 105 
(https://aopwiki.org/info_pages/2/info_linked_pages/1#J%20Overall%20Assessment%20of%20the
%20AOP). 
   

https://aopwiki.org/info_pages/2/info_linked_pages/1#J%20Overall%20Assessment%20of%20the%20AOP
https://aopwiki.org/info_pages/2/info_linked_pages/1#J%20Overall%20Assessment%20of%20the%20AOP
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Figure 11: It describes the overall procedure for AOP development. 

 

7.3 AOPs Knowledge and Models 
There are different initiative by regulatory bodies and government authorities for developing AOPs. 
AOPs development program was started by OECD in 2012 103 (https://www.oecd.org). It also 
includes the Extended Advisory Group on Molecular Screening and Toxicogenomic members 
(EAGMST) for AOPs development and internal reviews. There are several AOPs knowledge bases 
and tools available online to guide users about the mechanism and pathways by which chemicals 
induce adverse effects (Figure 13). The eAOP portal is the main AOP knowledge base. It is available 
publicly and easy to use. Search engine can be used by adding search keywords of AOP titles and 
it is easy to filter it based on creation date, update date, status and title in both ascending and 
descending order. This portal contains around 282 adverse outcome pathways and 2070 key events 
as per Nov 2019. More information about this portal can be seen online 106 
(https://aopkb.oecd.org/search.ashx?qry=&sort=2). AOP-KB also called as Adverse Outcome 
Pathway Knowledge base projects contains different elements together in one platform like 
effectopedia, AOP wiki, AOP xplorer and intermediate effects DB (Figure 8). The first tool is AOP 
wiki which provides all the knowledge and research in a user friendly wiki interface. It is a 
collaborative effort by Society for the Advancement of Adverse Outcome Pathway (SAAOP) and 
OECD. It includes all the key events for AOPs and some online training courses are also available 
for increasing knowledge and participation in AOP process 105(https://aopwiki.org/). Online training 
course is available from different programs like national toxicology program (NTP) Human 
Toxicology Project Consortium for dissemination of AOP development and applications  
(https://humantoxicologyproject.org/about-pathways-2/aop-online-course/) 107. Second tool is 

https://aopkb.oecd.org/search.ashx?qry=&sort=2
https://aopwiki.org/
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Effectopedia, which is an open platform for knowing about AOPs. It is a modelling platform for 
development and utilization of AOPs. Trainings and videos are available online for learning. Through 
this engine, user can learn how to create visual AOP diagram, key events and key events 
relationship using OECD handbook, publishing AOP on Effectopedia database, making quantitative 
models for prediction through R or MATLAB 108(http://training.effectopedia.org/). Third tool is AOP 
xplorer through which users can visualize AOPs from AOP ontology. It is also possible to do data 
analysis using R workflow and packages and it is free software 109 
(http://datasciburgoon.github.io/aopxplorer). Fourth tool is Intermediate effect DB contains 
chemicals related data obtained using no traditional methods and tell how the chemical cause MIEs 
and KEs. It is currently under development. All these tools are under AOP-KB project including third 
party software developers and this project is a collaborative effort from JRC, EPA and ERDC. Such 
kind of initiatives all over the globe are a good step for dissemination of knowledge and creating 
pathways for further improving the AOPs database and assessing human risk.  

 
Figure 12: Main Components in AOP-KB. These four main components of AOP-KB include the available models for AOP, courses 

for guiding researchers towards AOP understanding and computational models for AOP prediction and simulation   

 
 

7.4 AOPs and Endocrine Disruptors 
 
Effects of ED on hormone nuclear receptors have been studied for decades 110.  These nuclear 
receptors if activated by some ligands control the transcription of genes which lead to cascade of 
events causing effects in the living beings 111. OECD has provided a conceptual framework for 
testing and assessment of EDs (revised in 2012) 112 (http://www.oecd.org 
/env/ehs/testing/oecdworkrelatedtoendocrinedisrupters.htm).  It is a detailed framework consisting 
of different levels which includes in silico predictions, in vitro and in vivo assays for specific endocrine 
mechanisms and pathways and data about adverse effects on endocrine relevant endpoints. For 
instance, the in vivo results for endocrine disruption from OECD testing can be compared and an 

http://training.effectopedia.org/
http://datasciburgoon.github.io/aopxplorer
http://www.oecd.org.sabidi.urv.cat/env/ehs/testing/oecdworkrelatedtoendocrinedisrupters.htm
http://www.oecd.org.sabidi.urv.cat/env/ehs/testing/oecdworkrelatedtoendocrinedisrupters.htm
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AOP conceptual framework for EDs can be further provided 113.  United States Environmental 
Protection Agency (USEPA) has the Endocrine Disruptor Screening Program (EDSP) for testing the 
different environmental chemicals for their effect on three hormonal pathways: androgen, estrogen 
and thyroid. The framework has been designed around modes of action and provides understanding 
about use of AOP concept in regulatory 114. A number of the AOPs registered under AOP-KB are 
ED-relevant: there are around 40 AOPs for EDsS. including 6 estrogen AOPs, 9 thyroid AOPs, 4 
androgen AOPs and 21 other endocrine AOPs 115.  
 

8. Integrative Translational toxicology  
Currently, there is a paucity of research that integrates all these above described methods and 
directly ties the results to a predictive adverse outcomes model (Figure 14).  With advancement in 
computational toxicology, research is moving forward for translation of risk from exposure scenario 
to health risk assessment through in silico models. In this part of the chapter, we will review about 
combined approaches involving PK, PD, SBs, AOPs and much more. Right from screening of 
chemical parameters to impact on genetic changes inside human can be simulated through in silico 
tools. Now, translational toxicology involves integration of pharmacokinetic, pharmacodynamics, 
systems biology and AOPs. This integrative approach considers interaction with chemical and living 
beings at different levels of biological organization and computational simulation and modelling of 
the complete toxicological pathways for human risk assessment 100. Compared to the traditional 
dose-response model integrative translational toxicology model implements a more complex 
structure, as shown in figure 14. In figure 14, Module 1 focuses on the pharmacokinetics describing 
relationship between the chemical exposures to the plasma concentrations. And this also includes 
the distribution of chemical to the target tissues (Plasma tissue kinetics; PTK) also called biological 
effective dose; Module 2 captures the interactions of this biological effective dose with a target 
receptor (proteins, genes or metabolites) and their intrinsic activity. Module 3 links this perturbation 
(intrinsic activity) to the signal transduction pathway linking whole biological network (in case of 
Systems biology models) or simple linear pathway model (in case of AOPs). It includes all in silico 
models right from screening of chemicals to impact on genetic changes inside human till risk 
assessment. 
 
Different researchers all over the world are trying to link in silico models for prediction of the risk. 
Firstly, PBPK model when coupled with PD called as PK/PD model aim to link chemical 
concentration at the specific site to toxicological response 116. This approach provides understanding 
about dose-toxicity profile. Integrative translational toxicology is like a hybrid in which models from 
PBPK, PD, systems biology, AOPs will be merged together to have quantitative understanding about 
how chemical affect human systems at cellular, molecular and organ level. For this, a platform for 
biological multiscale modelling and simulation is required for supporting integration at different 
physiological levels 117. This extensive modelling framework will help in predicting toxicity of different 
chemicals for human risk assessment. 
 
From a long time, authors have done integration of different computational tools. For instance, a 
framework for QSAR along with PBPK/PD has been developed to predict multiple chemicals and 
multiple route of exposure  118,119. It provides an integrative translational framework for risk 
assessment of chemicals through exposure by computational modelling. Linking of PBPK and SBs 
modelling can be explained by two examples: one is chemotactic signalling in E. coli and another 
one is enzymatic activation by nerve growth factor and extracellular growth factor receptor 
pathways. From this a simplified quantitative systems pharmacology model (QSP) has been 
developed to provide insight into drugs mechanism of action 120. Now, with innovation in science 
and computational fields, scientists all over the world are trying to make an integrative platform 
which combines all the models from dose to risk. Multiscale modelling and simulation can make use 
of integrative translational integration of different software; PK-Sim was used for whole body 
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physiology and population variability and MoBi for cellular and molecular level. Multiscale model is 
constructed for pancreatic tumor and drug response is also modelled. Constructing a, virtual patient 
it is possible to investigate a prodrug, which undergoes activation through for example hepatic 
metabolization. In this approach, whole body PBPK model of the virtual prodrug and its metabolite 
is considered and coupled with the PD model and cellular model for signal transduction. It is a step 
forward towards replicative complete biological phenomenon for the drugs and endocrine disruptor 
chemicals (bisphenol A (BPA), phthalates and flame retardants). This model can be validated by 
the experimental data to provide further confidence 117. Such integration of different models is highly 
helpful, less time consuming and cost effective. 
 
 

 

Figure 13: Schematic of integration of several approaches leading to the integrative systems 
toxicology model. PBPK comprising of both the PK (pharmacokinetics) and PTK (plasma-tissue 
kinetics) describing the time course of chemical concentration at plasma and tissue. PD is the 
pharmacodynamics describing the interaction of target tissue dose and biological ligand. Systems 
toxicology (ST) links the downstream pathway of biological network as a result of perturbed 
endogenous molecule.  
 

8.1 Future of Integrative Translational Toxicology approach 
 

In-silico techniques have been receiving an important attention as alternative methods to classical 
approach. NRC vision of toxicity testing in the 21st century is analysing biological responses through 
high throughput tests and modern methods. This vision proposes two main things: 1) Toxicity 
pathways through dose-response modelling and understanding of perturbations in pathway 
functions through computational systems biology model, 2) Extrapolation modelling from in vitro to 
in vivo and in vivo to human through pharmacokinetic models to predict concentration in different 
organs and under different conditions in humans 121. Emerging high-throughput analysis, OMICS 
and tools such as PBPK, PD, SBs and AOPs offer an opportunity to understand the chemical fate 
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inside the body, the biological complexity and their multilevel connectivity. The successive use of 
the PBPK model in the field of toxicology is commendable since it has great advantage of predicting 
internal tissue dose of compounds or metabolites by utilizing the data derived from the in-vitro and 
in-silico tools such as QSAR, without any animal experiments. The PBPK also allows cross species 
extrapolation, cross-route, the dose interpolation, age and population specific without the need of 
experimental analysis. This brings a great advantage in the field of the environmental toxicology, 
by reducing the cost and the time of analysis to test a large amount of chemicals. Many biological 
adverse effects are the result of multiple signalling pathways. These signalling pathways involve 
nonlinear interactions consisting of many components, which requires more information for their 
specification than linear interactions do; thus, it may be hard to foresee what comes from nonlinear 
interactions. Systems biology suggests a solution to this problem – to reconstruct the biological 
behaviour in an in silico replica of the system. It is possible to reconstruct the biological emergence 
by translating the information about how components communicate into mathematical equations. 
By integrating the resulting system of mathematical equations in a computer, one should be able 
to simulate the biological system’s behaviour. Basically, with the use of SBs modelling we could be 
able to solve the problems posed by complex biological systems. In parallel, AOPs has been 
developed as an approach to predict the adverse effects of chemicals. AOP approach presumes 
that the biological system’s behaviours result from a linear sequence of biological interactions. This 
approach was developed to reduce the inherent biological complexity where the knowledge/data 
is lacking. Integration of wide range of in silico tools (QSAR, PBPK/PD, AOP, systems biology, 
etc.), and databases (OMICS, epidemiological and exposure data) can directly tie the results into 
a predictive adverse outcomes model. This integrative approach would lead to mechanistic 
understanding of adverse effects vs conventional empirical end points and animal-based testing. 
There are complex interaction going on inside human body and to analyse those interactions 
integrative approach is required 122. The advancement in this approach also provides a framework 
for initiating personalized, preventive and precise healthcare system. These models can be further 
extended to assess the risks in population groups, based on genetic changes, age, race and sex. 
Such initiation will be helpful in future to explain why certain populations have more adverse effects 
upon exposure to certain toxicants 123.  
Overall, collaboration among different fields right from biologist to mathematician, researcher to 
regulatory authorities is required to work for integrative translational approach. This approach will 
be a platform for toxicity testing and risk assessment. It will help in exploring mechanistic toxicity 
pathways for chemicals together with physiological perturbations in humans as well as in gathering 
data for personalized risk assessment. Also, in future it may be possible to predict the lifetime risk 
based on early exposure. Advancements in integrative translational toxicology is therefore 
expected bring a significant contribution to the future of risk assessment. 
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