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General introduction



1. Pesticide use and pollution 

In the last decades, the world has seen a significant increase in population growth. Currently in 

2025, the world population is estimated at about 8 billion and surpassing 10 billion within in 40 

years (1). At the same time, human pollution causes climate change, putting strain on populations 

worldwide, not only because of natural disasters, but also by limiting agricultural efficiency and 

therefore crop yield and food availability. Various methods are used to maintain adequate yields and 

protect local and global food chains. While earlier methods focused on planning and optimization, 

half way through the 20th century the use of pesticides took over. Initially organochlorines were 

popular insecticides. Later, organochlorines were replaced by organophosphate and carbamate 

pesticides, since these are less persistent in the environment (2). Studies have estimated crop loss 

due to pests was reduced by 35-42% due to pesticide use (Pimentel D. 1997, via (3)). Pesticides 

can be subdivided in rodenticides, insecticides, fungicides, bactericides and herbicides, which are 

compounds that protect crops from rodents, insects, fungi, bacteria and weeds respectively. While 

pesticide use increased until, and stagnated after, 2007, overall insecticide use has declined. 

Between 2010 and 2014, the global average of pesticide use was 2.78 kg per hectare. While Japan, 

China and Mexico had the highest pesticide use in the same period, using between 8-19 kg per 

hectare (3). In current day agriculture, an estimated 1/3 of crops are treated with pesticides. To 

prevent excessive application of pesticides, these compounds are heavily regulated in some parts 

of the world. Meanwhile, excessive use in other, less regulated parts of the world results in 

environmental pollution, poisoning local flora and fauna, and potentially humans. To minimize 

environmental pollution and effects in/on non-target species, it is advised to limit the use of 

chemical pesticides and increase the use of bio-pesticides, use pesticide mixtures to lower resistance 

and apply precision pesticide use methods to lower pesticide use and limit off-target effects (3). 

Biopesticides are either chemicals with pesticidal activity derived from plants, or microbial, viral, 

biochemical entities used to deter or kill pests. While these methods are being developed and their 

adoption is limited for now, chemical pesticides are still very popular up to this day. 

Organophosphate pesticides remained the most used type of chemical insecticides used in 1995 and 

2014 (3,4) and are still extensively used today. 

 

2. Organophosphate pesticides 

2.1 Compound and chemistry 

Organophosphate (OP) pesticides are a subgroup of organophosphorus compounds and contain a 

central phosphorus atom, which is usually bound by four oxygen atoms, but for some OP pesticides, 

one or two of these oxygens are substituted by sulfur atoms; this is different from 

organophosphorus compounds, which can be bound to other types of atoms as well, like carbon or 

nitrogen (5). One of these oxygen or sulfur atoms shares a double bond with the central phosphor 

atom, while the other three are also bound to other atoms. In case the phosphate has a double 

bond with a sulfur atom, it is called a(n organo-) phosphorothioate or thiophosphate, subsequently 

referred to as an OTP. If the central phosphorus atom has a double bond to an oxygen, the compound 

is called a phosphate or (organophosphate-) oxon (OPO). The other three oxygen or sulfur atoms 

8

Chapter 1



are usually also bound to alkyl or aryl carbon structures (5). Classical OP pesticides contain one aryl 

(rest) structure and two ethyl or methyl groups (see figure 1). The rest structure is designed to be 

a good leaving group, optimizing it’s reaction with various esterases. 

 

Figure 1: Chemical structures of organothiophosphate (OTP; left) and organophosphate oxon (OPO; 

right) pesticides. Usually these compounds have two or less sulfur atoms bound to the phosphor atom. Alkyl groups 

(ALK) are often methyl or ethyl groups, however other alkyl groups are possible as well. The rest group (R1) often 

has a group containing a resonance structure, like phenols or amides. Structures were visualized with Ketcher 3.4. 

 

2.2 Toxicity 

The toxicological effects of organophosphates are mostly caused by OPOs. OPOs are known to 

interact with acetylcholinesterase (AChE), buturylcholinesterase (BuChE), neuropathy target 

esterase (NTE) and carboxylesterases (CES). Of these enzymes, the inhibition of AChE is most 

studied and is considered to be the primary mechanism of action of organophosphate pesticides. 

AChE is a naturally occurring enzyme in nearly all tissues of most animals, ranging from insects to 

fishes and from birds to mammals (6–11). It is highly concentrated in neuronal and muscle tissue, 

where it breaks down the neurotransmitter acetylcholine. As a neurotransmitter, acetylcholine is 

mostly present in synapses in the central nervous system, as well as in neuromuscular junctions. 

However, it can also be found on the membranes of red blood cells (12). Controlled release and 

breakdown of acetylcholine is essential for normal functioning of the body. Acetylcholine is released 

by presynaptic neurons, after which it activates the postsynaptic structure, being another neuron 

or a muscle fibre. AChE then breaks down acetylcholine to prevent overstimulation of this 

postsynaptic structure. The oxon (OPO) subtype of organophosphate pesticides is able to bind 

efficiently to AChE in the same binding pocket as acetylcholine (13,14). Here, the OPO can 

phosphorylate the enzyme by binding covalently to a serine residue of the enzyme (reaction 1 in 

figure 2), replacing and releasing the rest group (R1 in figure 1). Having a rest group that is easily 

released will therefore increase the potency of the organophosphate pesticide. The covalent bond 

between the enzyme and the OPO results in inhibition of the enzyme. However, the enzyme-OPO 

complex can undergo further hydrolysis. Depending on where in the molecule the hydrolysis reaction 

occurs, the enzyme can either be reactivated or it can become permanently inactivated. (13,14). If 

the OPO-enzyme bond is cleaved, the enzyme is reactivated (reaction 2 in figure 2) (15,16). If one 

of the rest or alkyl groups (ALK in figure 1) of the OPO part of the OPO-enzyme complex is cleaved, 

the enzyme is permanently inactivated (reaction 3 in figure 2) (17–19). This process is called 
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‘aging’. This means that to regain the function lost from AChE inhibition, the aged enzyme needs to 

be replaced by a new AChE molecule. Similar mechanisms are thought to affect BuChE, NTE and 

CES inhibition, (20–23) where initial inhibition can be reversed or made permanent by further 

hydrolysis of the OPO moiety in the OPO-enzyme complex. 

Figure 2: Binding, reactivation and aging of 

acetylcholinesterase (AChE) by the 

organophosphate methyl-paraoxon. Reaction 

1: Covalent binding of organophosphate pesticide 

(methylparaoxon) to AChE. In this reaction, the 

rest group (ring structure; R1 in figure 1) is 

released. Reaction 2: Regenerated/reactivated of 

the enzyme by breaking the covalent bond between 

the phosphate and AChE. Hydroxyl anions, formed 

from normal temporary dissociation of water 

molecules, can bind to the phosphate, releasing it 

from the enzyme. Reaction 3: Irriversible binding 

of the organophosphate pesticide to AChE (aging). 

Alternatively to reaction 2, one of the alkyl groups 

(ALK in figure 1) is broken instead of the bond 

between the organophosphate pesticide and AChE. 

Figure taken from Eddleston et al. (24). 

 

 

 

 

 

 

Butyrylcholinesterase is located in nearly all tissues in the body. However, the most prevalent 

locations are the liver, intestine and the plasma. (10,25) BuChE is produced in the liver and released 

into plasma, where, according to a limited amount of data, it might be associated with lipoprotein 

particles (26,27). The endogenous biological function of BuChE is not clear, however studies show 

relations between BuChE function and lipid metabolism and obesity (25,26,28,29). Inhibition of 

BuChE by OP pesticides has not been directly associated with any direct implications. 

Neuropathy target esterase has mostly been found in the nervous system, placenta, kidney and the 

testes, where it is localized in the endoplasmic reticulum and lipid droplets (30). Here it acts as a 

phospholipase with high affinity for (lyso)phosphatidylcholine  (31,32). NTE is important for proper 

neuronal development, axonal and myelin maintenance and membrane homeostasis. Inhibition or 

loss of function mutations of the enzyme are associated with neurodegenerative diseases (33). 

Carboxylesterases can be found in most tissues, but are highly expressed in the liver (CES1) and 

intestine (CES2) (34). In some species, but not in humans, CES can also be found in plasma (35,36). 

The enzyme is strongly associated with lipid metabolism, and has endogenous ligands such as 
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cholesterol esters, triglycerides and other glycerides. Inhibition of CES by OP pesticides (37–39) 

was indirectly associated with atherosclerosis (40).  

The physiological symptoms of organophosphate intoxication are summarized in table 1, along with 

their associated references. Most of the physiological symptoms are associated with AChE inhibition, 

which leads to cholinergic syndrome and potentially intermediate syndrome. Organophosphate 

induced delayed neuropathy (OPIDN) is thought to be caused by inhibition of NTE, while the 

mechanism of organophosphate-induced chronic neurotoxicity (OPICN), a collection of various long 

term behavioral changes, is poorly understood. Lastly, some neurodegenerative diseases have been 

associated with organophosphate exposure. One study showed 53% higher Alzheimer’s disease 

incidence in individuals occupationally exposed to OP pesticides (41). A limited number of studies, 

found a consistent association of increased risk of Parkinson’s disease in OP pesticide exposed 

individuals (42–46). While associations with neurodegenerative diseases have been found, their 

mechanism of action is currently not understood. Organophosphate pesticides can cause many 

symptoms and types of neurotoxicities. However, which specific pesticides causes what toxicity can 

depend on how the compound is absorbed, distributed and cleared by the body (i.e. its kinetics), 

and how it reacts with its target enzymes (i.e. its dynamics). 

 

2.3 Exposure and toxicokinetics 

Exposure to organophosphate pesticides can be subdivided into four exposure scenarios: passive 

exposure of the general population, occupational exposures, environmental exposures, and high 

dose exposures. Since organophosphate pesticides are often used in agricultural setting, the general 

public is mainly exposed to these compounds via foods, such as vegetables and fruits. While most 

foods are washed thoroughly before they end up in the supermarket, pesticide residues will always 

be present to some extent (72). Therefore, passive exposure of the general population to 

organophosphate pesticides mainly occurs via the oral route. Other routes of exposure that are of 

concern are respiratory (inhalation) and dermal exposures. These routes of exposure are of interest 

occupational and environmental exposures (73). Occupational exposures generally occur when 

people synthesize or apply the pesticides. Such exposures would result in comparatively high dose 

exposures when pesticides come into contact with the skin or are inhaled. Meanwhile, environmental 

exposures occur when people live or get close to areas where pesticides are used or produced. In 

these areas pesticides can become airborne, in the form of (spraying) droplets or gasses, and/or 

can be deposited on foliage nearby. Furthermore, wind and rain can carry the pesticide away from 

the field and into it’s surroundings. Living or getting close to these areas can result in medium to 

low dose exposure via skin or inhalation routes. Lastly, high dose exposure can occur, for example, 

when a person accidentally ingest pure pesticide formulation, resulting in very high oral exposure. 
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Figure 3: Metabolic scheme of organothiophosphate (OTP) and organophosphate-oxon (OPO) pesticides. In the 

structures, X can be a sulfur or an oxygen atom, and, usually, no more than two sulfur atoms are bound to the 

phosphor atom. OTPs and OPOs contain a sulfur or an oxygen atom, respectively, which is connected via a double 

bond to the central phosphate. ALK are alkyl groups, typically methyl or ethyl, and sometimes propyl groups. R1 

can be aromatic or aliphatic. In the liver, OTPs can be detoxified to urinary metabolites by CYP450-mediated 

oxidative cleavage of the ring structure, or they can be bioactivated to OPOs by CYP450-mediated oxidative 

desulfuration. OPOs can be detoxified to urinary metabolites by CYP450-mediated oxidative cleavage of the ring 

structure in the liver or hydrolysis by paraoxonase 1 (PON1) enzymes in the plasma and liver. Glutathione-

mediated (GSH/GST) detoxification only takes place if at least one of the alkyl groups (A1 or A2) is a methyl 

group.  

Once exposed, absorption of organophosphate pesticides via the oral route occurs rapidly and, 

based on their lipophilicity and charge (74,75), are distributed throughout organs and tissues. 

In the liver OTPs and OPOs rapidly metabolized (see figure 3). OTPs are bioactivated to OPOs 

as well as detoxified by cleavage of the rest group (R1 in figure 3). For OTPs, both these 

reactions are performed by cytochrome P450 (CYP450) enzymes (76–81). OPOs can also be 

detoxified by cleavage of the rest group. This reaction can be performed by CYP450 enzymes 

and paraoxanase-1 (PON1) in the liver, as well as PON1 associated with high density lipoprotein 

particles in plasma (82–84). Furthermore, for di-methyl-organophosphates, a subclass of 

organophosphate pesticides, the methyl-moieties attached to the phosphate are also able to 

react with glutathione. In this detoxification reaction, glutathione-S-methyl as well as the de-

methylated organophosphate are formed and glutathione-S-transferase (GST) might be required 

for this reaction to occur (85–97). 

Renal excretion of organophosphates and their metabolites is largely dependent on their ability 

to bind plasma proteins, where higher plasma protein binding is correlated to lower renal 

excretion. Most organophosphate pesticides, with some exceptions, bind extensively to plasma 

proteins and are therefore mostly cleared via metabolic processes as opposed to excretion via 

the kidneys. However, detoxification products (cleaved rest group and de-methylated 

organophosphate) of organophosphate pesticides are usually extensively cleared via the kidney, 

either as glucuronidated or sulfonidated conjugates or in unconjugated form. 

 

3. Chemical risk assessment 

Up until the current day, traditional chemical risk assessment relies largely on animal toxicity 

studies. Data from these animal experiments often consist of doses at which no or low adverse 
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effects are detected in animals and are appropriately named the no- and low-observed-adverse-

effect-levels (NOAEL and LOAEL, respectively). The NOAEL and LOAEL are often used to 

determine the highest safe dose, which is often termed as the point of departure (PoD). Any 

exposure to a dose higher than the point of departure is assumed to possibly cause adverse 

effects. Another method to derive the point of departure is by fitting statistical models to dose-

effect data, which is known as benchmark dose modelling (BMD). BMD modelling is preferred 

for point of departure determination in risk assessment since it is able to incorporate data 

variation, does not depend on the specific doses tested, and can be adjusted based on how 

strong of an effect is considered to be adverse. (98) The point of departure is used to determine 

the dose that does not cause adverse effects during a lifetime in a species for a specific route of 

exposure. This is called the reference dose (RfD). The reference dose in humans is derived from 

the point of departure determined in animal experiments. The animal point of departure is 

divided by an uncertainty factor of 10 for differences in physiology between humans and 

experimental animals (species differences) and divided by an uncertainty factor of 10 again for 

differences between the average and most sensitive humans in a population (interindividual 

differences) (99). Other uncertainty factors can be applied as well, for example, when translating 

points of departure from acute exposure studies to chronic exposure situations (100,101). 

For traditional risk assessment, large numbers of animals are exposed to increasing doses of a 

chemical, after which the animals are killed and studied for any adverse effects (102). While for 

a long time, this was the best available method and golden standard for risk assessment, this 

approach has been scrutinized in the past years based on both ethical, scientific and economic 

grounds. The scientific reasoning being that various lab animal species do not properly represent 

the human physiology and therefore toxicity measured in those animals does not properly 

translate to humans (103). Furthermore, the uncertainty factors used to translate points of 

departure from animal studies to humans lack a scientific basis. Economic reasoning is based on 

the high costs in both time and money to perform animal testing, limiting companies in both the 

ability and the speed of developing new drugs and chemicals. 

The first initiative to step away from animal testing was started by Russel and Birch, who 

published their  famous book about the replacement, reduction and refinement (3Rs) of animal 

testing and proposed an initial framework to minimize and steer away from animal testing (104). 

In the current day, this framework has been refined under next generation risk assessment 

(NGRA). NGRA focusses on the use of novel assessment methodologies (NAMs), which are in 

vitro, in silico or in chemico methods and tools to derive human centric toxicity and risk 

assessment data (105–107). Physiologically based kinetic modelling and in vitro toxicity testing 

are essential tools in next generation risk assessment. 

 

4. Physiologically based kinetic modelling 

Physiologically based kinetic (PBK) modelling is a mathematical modelling approach that enables 

predictions of concentrations in specific tissues and organs in the body (108). This allows for the 

estimation of internal exposure at target tissues for a specific external exposure. This approach 

initially evolved from compartmental modelling, in which the body was described in one to three 

compartments for which simple equations were fitted to in vivo data. Meanwhile, PBK modelling 

uses differential equations to describe the change in a variable (for example the amount of moles 

of compound present in the liver) over time. While this approach has the potential to more 
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mechanistically predict exposures in an organism, it requires thorough knowledge of what 

physiological and kinetic processes are at play to accurately predict internal exposures (109). 

Examples of such processes are transport and absorption of the compound through the 

gastrointestinal tract; metabolism in the liver, or active transport by transporter proteins in the 

blood-brain-barrier, kidneys or other tissues; specific binding to cell/tissue components (DNA, 

proteins). In most cases, much of this information is lacking, which often leads to parameter 

fitting. While this introduces significant uncertainty in the predictions of internal concentrations 

at other exposure levels/scenarios than for which the model was optimized, it will usually allow 

for reliable predictions for similar exposures. 

Since PBK modelling provides a mechanistic and modular platform for internal exposure 

prediction, it can be expanded upon to allow for different situations or outcomes. Different types 

of PBK models include: deterministic, population and probability models. While deterministic 

models are specifically for one individual and one chemical (with it’s metabolites), population 

models use distributions to describe the variation in each physiological or physicochemical 

parameter. This way the model is parameterized for a population of individuals. Probability 

models are similar to population models in terms of including variation of parameters, however 

these models also include parameter variation for or uncertainty in chemical parameters; like 

the octanol:water partition coefficient (logP or logKo/w). These three types of PBK models can be 

adapted for many different situations, like pregnancy, life-stage or disease models, and can be 

adapted for specific organisms. While all these kinds of models are theoretically possible, they 

strongly depend on the availability of the required parameters. 

The main parameters required for PBK models are physiological, chemical and kinetic (or 

physicochemical) parameters. Physiological parameters mainly consist of weights and blood 

flows of organs and tissues (110) and describe those organs and tissues in a mathematical way. 

Meanwhile kinetic parameters describe the interaction between physiology and a compound. 

Many of the essential kinetic parameters can be estimated in silico using algorithms or 

quantitative structure property relationships (QSPRs), for which chemical parameters, like the 

logP and pKa are required. Kinetic parameters that can be estimated using in silico methods are 

intestinal absorption rate constants (111–114), tissue:plasma or tissue:blood partition 

coefficients (75,115–118), the unbound fraction in plasma (119) and the blood:plasma ratio 

(120). Some of these parameters can also be determined in vitro. For example, intestinal 

absorption rate constants can be derived from apparent permeability (Papp) values measured in 

vitro in the caco-2 permeability assay (121) or the parallel artificial membrane permeability 

assay (PAMPA) (122). Furthermore, the unbound fraction in plasma (fup) can be determined 

using in vitro assays like the rapid equilibrium dialysis (RED) (123) and solid phase 

microextraction (SPME) (124). Other kinetic parameters can only be predicted using in vitro 

experiments. This is especially true for processes like metabolism or active transport, which are 

essential for modelling most compounds. Metabolism is usually quantified using in vitro 

experiments using (liver) subcellular fractions, namely: microsomes, cytosol, S9; which contain 

phase I, phase II and both phase I and II enzymes, respectively (125,126). Other approaches 

include the use of recombinant enzymes and hepatocytes, of which the latter also includes the 

effects of transport into or out of the cell. These assays provide clearance rates or Michaelis-

Menten parameters (Vmax and Km) (127), which can be scaled to the in vivo situation (128,129). 

Meanwhile, active transport is not yet easy to incorporate, since transporter specific parameters 

are hard to determine reliably in vitro, and scaling to the in vivo situation is currently not 

possible. Therefore, active transport parameters are often fitted. While the physiological and 
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kinetic parameters describe a relatively simple PBK model, it can be expanded upon by including 

submodels for specific exposure routes, like inhalation, dermal or oral exposures. Furthermore, 

dynamic (effect) interactions, like activating or inhibiting a specific enzyme, can be included as 

well. For example, for organophosphates specifically, parameters describing the binding 

interactions with AChE and BuChE can be determined in the lab and used to model their binding, 

aging and reactivation as well (130,131).  

While PBK models have been around for more than 65 years (132), there is still not enough trust 

in initial PBK model predictions to allow them to replace animal testing for regulation purposes. 

This is mainly due to the lack of compound specific parameter data and proper understanding of 

all significant kinetic processes, like metabolic and/or active transport reactions. Therefore, it is 

important to validate the model against in vivo data. While thorough validation compares 

predicted to in vivo measured concentration-time profiles of an exposure, it is also possible to 

validate against pharmacokinetic or toxicokinetic parameters like Cmax, Tmax and the area under 

the curve (AUC). For compound specific models, predictions are considered accurate if they are 

within a 2-fold difference from in vivo data (133). For generic models, which are PBK models 

that can be used to model internal concentrations of a group or spectrum of compounds, 

currently no criterion is generally accepted, however a criterion of a 5-fold difference has been 

proposed (112). These criteria are based on variation due to interindividual differences and 

differences in study design and compound quantification. 

 

5. Translating in vitro toxicity data to in vivo situations 

In vitro experiments are performed using cells or proteins, and have the benefit of using species 

specific material to test on. This removes the need for interspecies extrapolation and gives a 

quantitative indication of species differences. In vitro experiments for investigation of kinetic 

processes have been discussed in the section above. However, in vitro experiments can also be 

used for toxicity testing.  

There is a multitude of in vitro assays that can be performed to asses various kinds of toxicity 

endpoints. Toxicity testing can be performed for very general endpoints, or for functional 

(specific) endpoints. Cell death/viability can be considered a general endpoint and is often 

measured by LDH, CFDA, Alamar blue or MTT assays (134). There are many more cell viability 

assays that give specific information in the mechanism of cell death (134) of which apoptosis, 

autophagy, necrosis, are most well known, but various other mechanisms exist (135). Other 

general effects can be investigated using any kinds of omics approach (proteomics, 

transcriptomics, genomics, metabolomics, lipidomics and epigenomics), which gain insight into 

changes in gene transcription and translation, and cellular metabolites and lipids (136). More 

functional assays associated with receptor/enzyme binding or inhibition. Reporter gene assays 

give quantitative information on receptor activation and subsequent gene activation. An example 

of a reporter gene assay is the Chemically Activated LUciferase eXpression (CALUX) assay. This 

is a cell-based assay which enables quantitative correlation between receptor activation and 

gene expression, as was done for the estrogen receptor for example (137). Other functional 

assays rely on measuring enzyme activity, providing information about the stimulatory or 

inhibitory effect of a compound on the enzyme. For example, the Ellman assay (138) can be 

used for investigating the inhibition of AChE by organophosphate pesticides for example (12). 

All of these in vitro assays, for general and functional endpoints, provide data in the form of a 
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concentration-effect relation, which needs to be translated to the in vivo situation in order to be 

useful for chemical risk assessment. 

While PBK modelling can be used to gain more insight into how a compound is absorbed, 

distributed, metabolized and excreted, it can also be used for translating concentration-effect 

data from in vitro experiments to the in vivo situation. This approach is called quantitative in 

vitro to in vivo extrapolation (QIVIVE) and combines in vitro experiments with PBK modelling by 

translating in vitro determined concentration-effect curves to in vivo dose-response curves. The 

PBK model can be used to investigate what dose is needed to reach the concentrations at which 

these effects, measured in vitro, occur in the target organ in vivo. Once a QIVIVE based dose-

response curve has been obtained for the in vivo situation, benchmark dose modelling can be 

used to define a point of departure (139,140). Alternatively, the dietary comparator ratio (DCR) 

approach could be used to determine a dose at which no adverse effects are expected (141). In 

this approach, a ratio is calculated between the in vitro derived 50% effect concentration (EC50) 

and lower limit of the 5% effect concentration of a well researched compound. This ratio is 

considered safe. For other exposures and compounds (within the same class as the well 

researched compound) a ratio is calculated between the compound specific in vitro determined 

EC50 and PBK-predicted internal concentration. This ratio is compared to the safe ratio of the well 

researched compound. Ratios higher than the safe ratio are considered dangerous, likely 

resulting in toxic effects (141). The QIVIVE and DCR approaches could be used to determine 

from what dose a chemical can be toxic. This in turn can be used to guide regulatory safe values 

and therefore legislation.  

 

6. Thesis aim and outline 

In this thesis we aim to evaluate the QIVIVE and DCR approaches for application in chemical 

class specific next generation risk assessment, based on new assessment methodologies, using 

organophosphate pesticides as a model compound class. In the next chapters it is shown how 

these methods can be implemented for use in next generation risk assessment. 

In chapter 2 the development and evaluation of a physiologically based kinetic model is 

described in detail. This model can be used to predict blood and plasma concentrations of eight 

organophosphate pesticides and their metabolites after oral exposure.  

Safety evaluation of organophosphate pesticides was performed using the Dietary Comparator 

Ratio method in chapter 3. Here the developed physiologically based kinetic model is used to 

determine blood concentrations of reported in vivo exposures to organophosphate pesticides. 

These concentrations are used in the DCR method to predict if exposures to organophosphate 

pesticides will result in adverse effects or not.  

Findings in chapter 2 and 3 showed that predicted blood concentrations and safety evaluations 

were less accurate for dimethyl-organophosphate pesticides compared to other 

organophosphate pesticides. In chapter 4 glutathione dependent metabolism of dimethyl-

organophosphate pesticides was characterized using in vitro metabolism experiments. 

Glutathione dependent metabolism was implemented in the physiologically based kinetic model 

developed in chapter 2 to improve blood concentration predictions for dimethyl-organophosphate 

pesticide exposures. 
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In chapter 5 hazard characterization was performed for eight organophosphate pesticides. 

Concentration dependent AChE inhibition data was derived using in vitro experiments for each 

pesticides and active metabolite. Quantitative in vitro to in vivo extrapolation (QIVIVE) and 

benchmark dose modelling was then used to predict in vivo AChE inhibition in blood. 

Lastly, in chapter 6 all results are summarized, and suggestions and recommendations for 

future organophosphate pesticide research and physiologically based kinetic modelling efforts 

are discussed.  
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Abstract 

Since their introduction in agriculture, the toxicity of organophosphate (OP) pesticides has been 

widely studied in animal models. However, next generation risk assessment (NGRA) intends to 

maximize the use of novel approach methodologies (NAMs), based on in vitro and in silico 

methods. Therefore, this study describes the development and evaluation of a generic 

physiologically based kinetic (PBK) model for organophosphate pesticides in rats and humans 

using quantitative structure property relationships (QSPRs) and data from published in vitro-

studies. The models were evaluated using in vivo studies from literature for chlorpyrifos, 

diazinon, fenitrothion, methyl-parathion, ethyl-parathion, dimethoate, chlorfenvinphos and 

profenofos. Model evaluation was performed by comparing simulated and in vivo observed time 

profiles for blood, plasma or urinary concentrations, and other toxicokinetic parameters. Of 

simulated concentration-time profiles, 87% and 91% were within a 5-fold difference from 

observed toxicokinetic data from rat and human studies, respectively. Only for di-methyl-

organophosphates further refinement of the model is required. It is concluded that the developed 

generic PBK model provides a new tool to assess species differences in rat and human kinetics 

of organophosphate pesticides. This approach provides a means to perform NGRA for these 

compounds and could be adopted for other classes of compounds as well.  
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1. Introduction 

Although numerous organophosphate (OP) pesticides have been banned in various countries 

(142), OPs are still a widely used class of pesticides (143). Two major classes of OP pesticides 

can be distinguished: organothiophosphates (OTPs) and organophosphate-oxons (OPOs; figure 

1). Many OP pesticides are OTPs, which can be bioactivated to OPOs by oxidative desulfuration. 

Both OTPs and OPOs can also be detoxified by cytochromes P450 (CYP450)-mediated oxidative 

cleavage to hydrophilic metabolites (figure 1) that are excreted in urine. The mechanism of 

action of OP pesticides is based on inhibition of the enzyme acetylcholinesterase (AChE) by OPOs 

(13,14). AChE normally hydrolyses the neurotransmitter acetylcholine in the synaptic cleft. 

Inhibition of this enzyme results in an accumulation of acetylcholine in the synapse and 

subsequent overactivation of the cholinergic nervous system. While blocking of AChE in pest 

animals is very effective, and therefore works well for crop protection, concern has been raised 

with regards to exposure in non-target species, including humans. OPs and their metabolites 

have been repeatedly found in human blood, milk and urine (144–148). In addition, recent 

studies suggest a correlation between chronic exposure to OP pesticides and neurological 

complications in the form of neurodegenerative diseases like Parkinson’s and Alzheimer’s 

disease, possibly mediated by inhibition of AChE (149,150). Together, these studies raise 

questions about the adequacy of current pesticide regulations and the general safety of these 

compounds.  

In the field of chemical risk assessment, there is a push towards developing and implementing 

non-animal test methods or so-called novel approach methodologies (NAMs). The use of these 

NAMs in risk assessments is termed Next Generation Risk Assessment (NGRA) (105,107,151). 

NAMs include in silico and in vitro approaches aimed at providing a molecular understanding of 

the kinetics, toxic mode of action and potency of chemicals. Last decades, NAMs, have also been 

used for risk assessment of individual OPs (131,152–158). These models were specifically 

designed for individual OPs, they have been helpful, not only in risk assessment for these specific 

compounds, but also in gaining general understanding of kinetic processes, in pushing for in 
silico modelling as an alternative to animal experiments and in elucidating interspecies 

differences in toxicity. However, to compare kinetics and predict (neuro)toxic potencies of 

different OPs in humans from in vitro data, a more generic approach would be of great value.  

In the present study, we aim to develop a generic PBK model for OP pesticide exposure in rats 

and humans to predict tissue concentrations of OTPs and OPOs, the latter representing either 

the parent compound or the active metabolite of an OTP. To ensure adequate accuracy in the 

prediction of blood concentrations, the model was evaluated using in vivo experimentally 

obtained rat and human concentration-time profiles in blood and plasma or urinary excretion 

profiles found in literature for six OTPs (chlorpyrifos, diazinon, dimethoate, fenitrothion, methyl-

parathion and ethyl-parathion) and two OPOs (chlorfenvinphos and profenofos) (figure 1) and 

their metabolites.  
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Figure 1: Structures and generalized metabolic pathway of organophosphate pesticides considered in 

this study. A: The central structure represents the general structure for organophosphate pesticides, where X 

can be a sulfur or an oxygen atom and usually no more than two sulfur atoms are bound to the phosphor atom. 

Organothiophosphates (OTP) and organophosphate-oxons (OPO) contain a sulfur or an oxygen atom, respectively, 

which is connected via a double bond to the central phosphate. R1 and R2 are alkyl groups, typically  methyl or 

ethyl, and sometimes propyl groups. R3 can be aromatic or aliphatic (SI table S1). B: Metabolic scheme of OTP 

and OPO pesticides. In the liver, OTPs can be detoxified to urinary metabolites by CYP450-mediated oxidative 

cleavage, or they can be bioactivated to OPOs by CYP450-mediated oxidative desulfuration. OPOs can be 

detoxified to urinary metabolites by CYP450-mediated oxidative cleavage in the liver, or hydrolysis by 

paraoxonase 1 (PON1) enzymes in the plasma and liver. 

 

2. Materials and methods 

2.1 PBK model development 

The PBK models were developed for the simulation of blood and plasma concentrations as well 

as urinary excretion of OPs and their metabolites in rats and humans after a single intravenous 

(IV) and oral dose. The rat and human models were evaluated by comparing model simulations 

with observed in vivo concentration-time profiles in blood, plasma and urine of rats and humans. 

2.1.1 PBK model structure 

The generic PBK models were developed based on literature describing PBK models for individual 

OPs (131,153–155,157,158) and contain a gastrointestinal absorption model and three 

submodels (figure 2; SI PBK model).  

Absorption 

For the general public, oral exposure via food is considered the main route of exposure to OP 

pesticides. Therefore, OP oral absorption was modelled using a compartmentalized stomach and 

intestinal model (114,159), since it more accurately predicts the temporal absorption profile 

compared to a mixed-tank model (114,159). The model consists of a stomach compartment, 

seven small intestine (SI) compartments, one large intestine compartment and a fecal 

compartment (114). Since most OPs are highly lipophilic, it was assumed that these compounds 

need bile acids to be dissolved and absorbed. Therefore OPs were assumed to only be absorbed 

in the small intestine, where bile acids are active (160). All orally absorbed OTP or OPO was 

assumed to enter the liver, where it can be metabolized or partition into the blood. Meanwhile 

unabsorbed OPs enter the colon and are excreted in the feces. 
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Figure 2: Schematic representation of the PBK model structure. Compounds are absorbed in the small 

intestine (bottom) and subsequently enter the liver of either the OTP or OPO sub-model. Metabolism by CYP450 

is incorporated in the liver compartment of both the OTP and OPO submodels. For the OPO submodel, PON1 

metabolism is also incorporated in the liver and blood compartments. Urinary excretion by glomerular filtration is 

incorporated in all sub-models. Metabolites from liver and blood are transferred to their respective submodels. 

This is represented by orange arrows, while distribution is represented by blue arrows. GER is the gastric emptying 

rate, kt-SI is the transit rate in the small intestine, ka is the absorption rate constant, and kt-col is the transit time 

from colon to feces. 

Distribution 

Tissue distribution of OTPs, OPOs and urinary metabolites was described by their respective 

submodels, each containing eight compartments representing bodily tissues and urine. 

Distribution was assumed to be blood flow limited. Liver and kidney tissues are parametrized as 

individual compartments, since they are clearing organs. The brain is a target organ for OP 

pesticide toxicity and fat tissues act as reservoir for lipophilic OTP and OPO compounds. 

Therefore, these tissues modelled separately as well. Skin, muscle and bone tissues are lumped 

together in a slowly perfused compartment and the remaining tissues (lungs, heart, 

gastrointestinal, rest) are lumped together in a rapidly perfused compartment. All tissue 

compartments are connected by a single blood compartment. Distribution between blood and 

plasma is determined using the blood plasma ratio. Urinary metabolites were included in the 

model, since most of the available in vivo data consists of urinary excretion-time data and blood 

concentration-time profiles for OP urinary metabolites, which were used for model evaluation. 
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Metabolism and excretion 

In the generic PBK model, the main metabolic reactions for OTPs and OPOs (figure 1B) are 

included. For OTPs, these consist of CYP450-mediated oxidative cleavage to the urinary 

metabolites, and oxidative desulfuration to the bioactive OPOs, both taking place in the liver. 

PON1 metabolism of OTPs has not been reported (or negligible) (161) and was therefore not 

included in the model. For OPOs, hepatic CYP450-mediated oxidative cleavage, as well as hepatic 

and plasma PON1-mediated hydrolysis are included (162). Passive renal excretion into the urine 

was described using a species-specific glomerular filtration rate. 

 

2.1.2 PBK model parameterization 

The averages of male and female physiological parameters for adult rats and humans were taken 

from literature (110) and scaled to body weight. For rats, the data are expected to have a 

tendency towards male physiology, since they are based on data from control animals in 

experimental studies, for which mostly male rats are used (110). For human parameters, a 

tendency towards Caucasian physiology is expected for similar reasons. Passage through the gut 

model is described by the gastric emptying rate, and the small intestinal and colonic transfer 

rates, respectively (114,163). Body weight corrected cardiac output and glomerular filtration 

rates were taken from literature (164). Scaling factors for liver and plasma metabolism were 

obtained from various sources and are reported in SI table S2, together with all physiological 

parameters. 

Compound speciƱc parameters 

In this study, eight OP pesticides were used to evaluate the model: six OTPs chlorpyrifos, 

diazinon, fenitrothion, methyl-parathion, ethyl-parathion and dimethoate, and two OPOs 

chlorfenvinphos and profenofos. For these compounds and their metabolites, physicochemical 

parameters (log P and pKa) and their sources are shown in SI table S3. 

For the determination of tissue:plasma partition coefficients, several QSPRs reported in literature 

(74,75,165,166) were considered. For OTPs and OPOs, the QSPR reported by Berezhhovsky 

(165) was used. The QSPR by De Jongh et al. was excluded since it inadequately predicted 

partition coefficients for ethyl-parathion (166). The QSPR by Rodgers and Roland (75) was only 

used for urinary metabolites, since it was the only QSPR including the charge of a molecule, 

while the predictive power of this QSPR diminishes for lipophilic compounds with a log P > 3 

(167,168). All tissue:plasma partition coefficients were calculated using R code published 

previously (169). In an effort to keep the model as simple as possible, an ‘average 

physicochemical entity’ was created to represent both unconjugated and conjugated urinary 

metabolites together. This was done by taking the weighted average of the calculated fraction 

unbound in plasma (fup) and tissue:plasma partition coefficients for each derivative, based on 

the reported fraction of the respective chemical derivative found in urine (SI table S4). This 

enabled the simulation of distribution and excretion of all the derivatives at once. It must be 

noted that the current implementation assumes the ratios of different chemical derivatives to be 

independent of species and dose, and that all derivatives are produced in the liver. 

Since previous studies showed that microsomal and blood metabolism of OP pesticides followed 

Michaelis-Menten kinetics (154,157,158), the maximum reaction rate (Vmax) and the Michaelis-

Menten constant (Km) were used to describe CYP450- and PON1-mediated metabolism in the 

liver and plasma. These parameters were derived from in vitro experiments performed in the 
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present study (chlorfenvinphos), used from a similar compound (read-across from fenitrothion 

to methyl-parathion) or from literature (all other OPs; SI table S5). The data from literature 

were derived using pooled male rat, or pooled mixed gender human plasma, microsomal 

fractions and, in case of profenofos, cytosolic fractions (see references in SI table S5). For 

chlorfenvinphos, microsomal incubations were performed to determine the Michaelis-Menten 

parameters for CYP450-mediated dealkylation. No plasma incubations were performed, since 

multiple studies show minimal PON1-mediated metabolism of chlorfenvinphos in rats and 

humans (170,171). Since the primary metabolite des-ethyl-chlorfenvinphos was not 

commercially available, an analytical method for its identification and quantification was 

developed without the reference compound. Materials and methods for this experiment are 

described in the supporting information. When implementing metabolism in the model, the Vmax 

was scaled by tissue weight using scaling factors (SI table S2 and SI PBK model), while Km 

was assumed to be similar in vitro and in vivo. 

For the parent compounds (chlorpyrifos, diazinon, fenitrothion methyl-parathion, ethyl-

parathion, chlorfenvinphos, dimethoate and profenofos), the absorption rate constant (ka) was 

calculated for rats based on the method proposed in literature (112) and corrected using ex vivo 
absorption data for chlorpyrifos (172). The calculated values can be found in the supporting 

information (SI: Calculation of absorption rate constant). For humans, predicted ka values 

resulted in significant overpredictions of internal concentrations. Therefore, a ka value was 

derived from fitting the parameter to the urinary excretion of 3,5,6-trichloropyridinol (TCP) in 

human exposure studies to chlorpyrifos of Timchalk et al. 2002 and Brzak et al. 2000 (131,173). 

This resulted in a ka of 0.1, which was also used for other OPs in the human model. With this, 

minimal interindividual differences are assumed. This fixed ka approach was used because 

incorporating the effects of food, formulation and interindividual differences on absorption into 

the current model fell outside the scope of this study. 

 

2.1.3 PBK model corrections 

During development, the model showed some deviations when comparing model simulations 

with reported in vivo profiles. Some of these deviations could be explained and corrected for. 

This was done for chlorpyrifos, diazinon, chlorfenvinphos, and the urinary metabolites of 

fenitrothion and profenofos:  3-methyl-4-nitrophenol (MNP) and 4-bromo-2-chlorophenol (BCP), 

respectively.  

For chlorpyrifos and diazinon, some of the rat oral exposure studies showed a delay in absorption 

(131,174). Therefore, for these simulations, absorption was delayed by the same amount of 

time as the in vivo data indicated (1-2.5 hours; SI figures S3, S5 and S10). Furthermore, 

model simulations of the oral chlorpyrifos exposure studies in humans by Nolan et al. (175) (SI 

figure S6) were corrected by fitting the ka as described above (see section 2.1.2).  

Differences between simulated and in vivo profiles of chlorfenvinphos in rat (SI figure S16) 

were attributed to low recovery of the analytical method used in the exposure studies of Ikeda 

et al. (176,177). However, results from another study (178) showed that a similar analytical 

method, had low recovery (13%) at 1 µM, but less so at higher concentrations. Moreover, Boyer 

mentioned very strong plasma protein binding for the di-methyl-derivative of chlorfenvinphos 

(179). Since protein was not denatured in the analytical method, this explains the low recovery 

in the aforementioned in vivo studies. Therefore, in vivo blood and plasma concentrations after 
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oral exposure (all below 1µM), but not following IV exposure (all below 6 µM) were compared to 

the simulated unbound concentrations instead.  

For MNP and BCP, active renal excretion was used, since literature suggests that phenol 

glucuronide- and sulfate-phenol conjugates are excreted actively at about 1.6 and 5.5 times the 

glomerular filtration rate in rainbow trout (180), and these compounds are extensively 

conjugated (SI table S4). Using cross-species extrapolation, these values were used to simulate 

the active excretion of the respective conjugates in rats and humans as well (adjusted for the 

ratio of conjugate present).  

Lastly, in vivo data for 2-isopropyl-4-methyl-6-hydroxypyrimidine (IMHP) excretion in urine after 

exposure to diazinon was assumed to be only free, unconjugated IMHP, since another study 

reported IMHP being unstable during the acidic hydrolysis step to release IMHP from its conjugate 

molecule during sample preparation (174). Since the human in vivo IMHP data used here were 

taken from a risk assessment report, and the original study was not available in the literature, 

there was no information available on the specific analytical methods, thus the assumption could 

not be checked.  The data used for evaluation of the model, reported in the results section, 

include the discussed corrections. 

 

2.2 PBK model evaluation 

Model performance was evaluated using available in vivo blood and plasma concentration-time 

and urinary excretion-time profiles after intravenous and oral OP exposure of rats and humans. 

Importantly, data of intravenous exposures allowed for evaluation of the distribution and 

clearance predictions, without being affected by variation in the absorption process or 

inaccuracies in the used in vivo studies. Only studies mentioning the route of exposure, the dose 

and the (average) bodyweight of the animals/volunteers were considered for evaluation (SI 

table S6). Blood and plasma concentration and urine excretion-time profiles for rats and humans 

were simulated and were compared to observed in vivo profiles. This was done qualitatively, by 

visually inspecting the overall fit and shape of the simulated concentration-time profile against 

in vivo profiles, and quantitatively, based on observed vs predicted plots and comparison of 

simulated and in vivo Tmax, Cmax and area under the concentration time curve (AUC) values. 

Predictions were considered adequate when simulated blood and plasma concentration-time or 

urinary excretion-time profiles were within a 5-fold difference from the respective in vivo profiles 

and the overall shape was visually similar. While the WHO states that model predictions of 2-fold 

difference from in vivo data are considered good predictions (181), high variability in observed 

studies with small sample sizes, combined with the development of a generic instead of a 

compound-specific PBK model, allows for acceptance of a larger difference (182). Therefore, 

predictions within a 5-fold difference from in vivo data, were considered adequate in this work. 

 

2.3 Sensitivity analysis 

Using the FME R package (183), a local sensitivity analysis was performed to determine the 

impact of individual parameters on the simulated maximum free concentration of OPO in blood. 

Sensitivity coefficients (SC) were calculated following the formula: 끫뢌ܥ = ∆஼∆P ∗ ௉஼ (183). Where C is 

the maximum free concentration of OPO in blood and P is the model parameter value. Input 

parameters were changed by 1% and the relative effect on the maximum free concentration of 
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OPO in blood was reported. Sensitivity analysis was performed at a dose of 1 mg/kg bodyweight 

for both rats and humans. This dose was selected to represent a dose that is close to the doses 

used in both rat and human in vivo studies. Using the same dose also allows for better 

comparison between the two species. 

 

2.4 Software and data analysis 

The R programming language (version 4.1.0) and R studio (version 1.4.1717) were used to 

develop the model. Several packages were used for modelling and data analysis. The RxODE2 

package (184) was used to solve the ordinary differential equations of the model. Tidyverse and 

dplyr were used to for data handling and Readxl and xlsx were used to read and write Excel files 

for in- and output, respectively. The FME package was used for sensitivity analysis. Microsoft 

Excel (version 16.0.14931.20764) and GraphPad Prism (version 5.04) and the R packages 

ggplot2 and patchwork were used to analyse and visualize the data. GraphPad Prism was also 

used to derive the Michaelis-Menten parameters from data from incubation studies. 

WebPlotDigitizer (https://automeris.io/WebPlotDigitizer/) was used to extract in vivo 

concentration-time data from graphs in literature. 

 

3. Results 

To develop the PBK model, physiological, chemical and metabolic data are required. Physiological 

and chemical data were retrieved from literature or predicted using QSPRs (SI tables S2 and 

S3). Metabolic parameters were available in literature for all OPs (SI table S5) except for 

chlorfenvinphos, for which the metabolic parameters were determined experimentally in the 

present study. 

3.1 Chlorfenvinphos metabolic incubation experiments 

Microsomal incubations were performed with both rat and human liver microsomes to define the 

PBK model parameters for hepatic clearance of chlorfenvinphos. Des-ethyl-chlorfenvinphos was 

the only metabolite detected in the incubations. It was not produced if the incubations were 

performed without NADPH. Parameters describing the Michaelis-Menten kinetics of 

chlorfenvinphos metabolism were 0.46 and 0.57 nmol/min/mg microsomal protein for Vmax, and 

5.91 and 6.36 µM for the Km for rat and human liver microsomes, respectively (SI figure S1). 

The catalytic efficiencies (calculated as Vmax/Km) were 78.0 and 88.9 µL/min/mg microsomal 

protein for rat and human liver microsomes respectively. The Vmax and Km were used to describe 

the metabolism of chlorfenvinphos in the human and rat models. 

 

3.2 PBK model evaluation  

Once all parameters for all eight OP pesticides (chlorpyrifos, diazinon, fenitrothion, methyl-

parathion, ethyl-parathion, dimethoate, chlorfenvinphos, profenofos and metabolites) were 

collected, the generic model was developed (SI PBK model) and evaluated. The model was 

found to have an adequate mass balance, with the mass error of around 1e-12 µmol for runs 

using doses of 1 to 100 mg/kg body weight. Very low doses of 0.001 mg/kg bodyweight gave 

mass errors of 1e-9 µmol (data not shown), which are considered acceptable.  

29

Generic PBK model for organophosphate pesticides

2



The studies considered for model evaluation are listed in SI table S6. The PBK model was 

evaluated by means of comparison of concentration-time plots (figure 3A-C), by plotting 

observed versus predicted concentrations (figures 3D-F, 4, and 5) and by comparison of 

predicted and in vivo observed toxicokinetic parameters (Tmax, Cmax, AUC; SI table S7). Data 

used for these comparisons included literature reported in vivo rat and human blood and plasma 

concentration-time profiles and urinary excretion profiles after intravenous and oral exposures. 

Toxicokinetic parameters were calculated for model simulations, as well as in vivo data that 

consisted of four or more datapoints. All simulated exposures are graphed separately in SI 

figures S2-S19. 

 

Figure 3: Simulated blood concentration- and urinary excretion-time profiles (A-C), and predicted 

versus observed data plots (D-F) for chlorpyrifos exposures in rats. Blue and red dots represent means 

of observed in vivo values after intravenous or oral doses, respectively, and similarly coloured solid and dotted 

lines represent simulated profiles (at different doses) of the total and unconjugated blood concentration, 

respectively. Unconjugated concentrations were based on conjugate ratios reported in SI table S5. In predicted 

versus observed data plots  (D. E and F), lines representing perfect prediction (solid line), 2-fold difference 

(dashed lines) and 5-fold difference (dotted lines) are shown in black. See materials and methods for included 

corrections. Abbreviations: CPF: chlorpyrifos; TCP: 3,5,6-trichloropyridinol. 

 

3.2.1 Simulations for OP exposures in rats 

Simulations of OP exposures in rats were evaluated using predicted versus observed plots 

(figures 3D-F and Figure 4). In vivo data were well predicted by the rat model, with the 

exception of fenitro-oxon and methyl-paraoxon. For all simulations combined, 88% and 57% of 

simulated concentrations fell within 5-fold and 2-fold difference from in vivo data, respectively. 

These percentages were higher for IV (91.1% and 64.2%) than for oral exposures (85% and 

46%). For each compound individually, excluding fenitro-oxon and methyl-paraoxon, at least 

60% of predicted in vivo blood and plasma concentrations fell within a 5-fold difference for IV 

exposures. This was 40% for oral exposures. For fenitro-oxon and methyl-paraoxon all 

predictions fell outside the 5-fold difference from in vivo data. 

Next, simulated and in vivo observed toxicokinetic parameters (Tmax, Cmax and AUC) were 

compared (SI table S7). All but one of the predicted Tmax values, were predicted within a 5-fold 
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difference. Furthermore, for 37 out of 40 data sets, in vivo Cmax and AUC values were predicted 

within a 5-fold difference from in vivo data. The three data sets for which the predicted Cmax and 

AUC fell outside a 5-fold difference were for chlorpyrifos, diazinon and methyl-parathion. 

Predictions with a large fold difference compared to in vivo data were often explained by the low 

number of in vivo data points in the experimental concentration time curve. 

 

3.2.2 Simulations for OP exposures in humans 

The rat model was adjusted using human parameters and used to simulate human blood and 

plasma concentration-time profiles and urinary excretion-time profiles after oral exposures. 

Human in vivo exposure data were only available for oral exposures to chlorpyrifos, diazinon and 

fenitrothion. Therefore, these compounds were used for evaluation of the human model.  

Figure 5 shows that human data were well predicted, with 91% and 43% of simulated 

concentrations being predicted within 5- and 2-fold difference from in vivo data, respectively. 

For chlorpyrifos, TCP, diazinon, IMHP and fenitrothion individually, each was predicted with more 

than 80% of the predicted blood and plasma concentrations and urinary excretion within 5-fold 

difference from in vivo data. Meanwhile, 60% of the predicted amounts of MNP excreted in urine 

fell within the 5-fold difference limit. 

Predicted toxicokinetic parameters could only be compared to those of TCP and fenitrothion due 

to data availability. For TCP, the Tmax was well predicted with 1.1-fold difference compared to in 
vivo data. Meanwhile, the predicted Cmax and AUC were 3.19- and 2.45-fold different from in 
vivo data, respectively. Similar accuracy was found for fenitrothion: the Tmax, Cmax and AUC were 

predicted with 1.1-, 2.3- and 3.3-fold difference from in vivo data respectively. 

 

3.3 Sensitivity analysis 

Sensitivity coefficients were calculated to quantify the effect of individual parameters on the 

predicted maximum free blood concentration of OPOs. Besides body weight, the most sensitive 

parameters were related to metabolism, absorption or blood flow and blood partitioning (SI 

figures S20-27). Overall, for the generic human model, the predictions for diazinon, ethyl-

parathion and chlorpyrifos show the highest number of sensitive parameters, with 17, 13 and 

11 input parameters with a sensitivity coefficient of 0.5 or higher, respectively. Furthermore, 

when comparing the sensitivity coefficients of rats and humans, diazinon showed the least, and 

fenitrothion the most interspecies differences in the sensitivity analysis. 
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Figure 5: Predicted versus observed data plots for oral exposure to OPs in humans. Humans were exposed 

to chlorpyrifos (CPF; A, B), diazinon (DZN; C, D) and fenitrothion (FNT; E, F). Lines for perfect prediction (solid line), 

2-fold difference (dashed lines) and 5-fold difference (dotted lines) are shown in black. See materials and methods 

for included corrections. Metabolite abbreviations: TCP: 3,5,6-trichloropyridinol; IMHP: 2-isopropyl-4-methyl-6-

hydroxypyrimidine; MNP: 3-methyl-4-nitrophenol. 

 

4. Discussion 

The aim of this study was to develop a generic PBK model for OP pesticides which can be used to 

predict and compare blood concentrations of OPs and their bioactive metabolites after acute 

exposures in rats and humans. The model was evaluated for rats and humans using the respective 

available in vivo data for eight OP pesticides. When considering all simulations, the rat model was 

shown to predict 88% and 57% of the simulated blood and plasma concentrations within a 5- and 

2-fold difference from in vivo data respectively. For humans these values were 91% and 43%, 

respectively, when considering only simulations for chlorpyrifos, diazinon and fenitrothion. Similar 

trends were seen for the predicted toxicokinetic parameters. With these results, the model was 

considered to adequately predict blood and plasma concentrations of OP pesticides and their 

metabolites, with the exception of predictions for the di-methyl-organophosphates methyl-parathion 

and fenitrothion. Looking at individual pesticides, the blood and plasma concentration-time and 

urinary excretion-time profiles, and toxicokinetic parameters were well predicted for chlorpyrifos, 

diazinon, dimethoate, ethyl-parathion, chlorfenvinphos, profenofos, and their metabolites. While for 

fenitrothion and methyl-parathion rat blood and plasma concentration-time and urinary excretion-

time profiles, and toxicokinetic parameters were well predicted, simulated blood and plasma 

concentrations of their oxon metabolites differed by more than 10-fold from in vivo data. In humans, 

however, the fenitrothion exposures were well predicted within a 5-fold difference compared to 

available in vivo data. While almost all of the compounds were predicted well by the final model, 

initial simulations revealed that some corrections were needed. 
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Some of the corrections were needed due to errors in the analytical methods used in the in vivo 

studies, like those mentioned earlier for chlorfenvinphos (see section 2.1.3). The quality of reporting 

of in vivo data affected the reliability of some specific datasets. Namely, plotting concentration-time 

profiles non-logarithmically hampered accurate extraction of data for timepoints that are close to 

the x-axis, as was the case for methyl-parathion and dimethoate (figure 4C, D and G). Since this 

could not be corrected for, low concentrations of in vivo data for these compounds are less reliable. 

Further corrections were related to physiological aspects and were especially relevant for predicting 

data upon oral exposure, since there was some odd trends in in vivo oral exposure data, especially 

in rats. Firstly, in some studies a delay in oral absorption was visible (SI figures S3, S5 and S10), 

while in default simulations absorption starts immediately after exposure. Predictions were improved 

when incorporating a 1 to 2.5 hour delay in absorption. In rats, such a delay in absorption might be 

explained by the presence of a forestomach, which is able to store food for up to three hours (185). 

Secondly, while the current model accounts for a temporal aspect of absorption by simulating transit 

through the intestine, differences are found in the ka between in vivo studies. In this study, the ka 

was predicted using a set of QSPRs (112), in combination with intestinal permeability data (172) 

(SI: Calculation of absorption rate constant). For rats, these predictions worked very well for 

those studies that used oil as the dosing vehicle, while for humans the predicted ka’s resulted in 

overpredictions of blood and plasma concentration-time profiles. It is often quite clear that, when 

the pesticides were dosed with food or oils from biological origin, a high ka was found, while 

absorption seems to be lower and slower when synthetic oils were used. For human studies, this is 

apparent when comparing the studies of Nolan et al. (175), Timchalk et al.  (131) and Brzak et al. 

2000 (via EPA, 2009). In the study of Nolan et al., dosing was accompanied by a meal and a ka of 

0.6 was found after fitting to in vivo urinary excretion of TCP, while in the study of Timchalk et al. 

there was no mentioning of food or fasting state and the ka was found to be around 0.1. If these 

volunteers in the latter study indeed did not eat when ingesting chlorpyrifos, food effects facilitating 

the oral absorption of these lipophilic compounds may explain the difference between these studies. 

In the current study, it is hypothesized that the higher bioavailability of OPs, when ingested with 

food, is mediated by bile acids. Due to their lipophilicity, OP pesticides easily pass the membranes 

of the intestinal wall. However, these compounds are poorly soluble in intestinal fluids, making 

dissolution the rate limiting step in intestinal absorption. Bile acids significantly increase the 

solubility of lipophilic compounds and therefore increase the rate at which they are absorbed. Bile 

acids are released when free fatty acids are detected in duodenal fluids, which is induced by the 

presence of food or oils of biological origin in the intestinal lumen. While humans have a gallbladder 

that releases bile when needed, rats do not have this organ and continuously secrete bile (186). 

This in itself might, in part, explain why the ka for intestinal absorption of OPs in rats is generally 

higher compared to that in humans. However, according to Vonk et al. (187), when rats are fasted, 

bile secretion rates are about half of those in a fed state, potentially affecting the ka for intestinal 

uptake. Implementing bile mediated intestinal dissolution is therefore expected to improve 

predictions, especially in humans.  

While the ka is the main absorption parameter in the model, if it is derived from in vivo data, it 

represents various physiological and kinetic processes that take place in the intestine. Not all of 

these processes might be captured using in vitro or QSPR models. This includes distribution by 

chylomicrons through the lymphatic system. Once absorbed, lipophilic compounds might be 
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distributed via the lymphatic system, packaged in chylomicrons and lipoproteins, since these 

particles have a lipid core (188). While fatty acids will be extracted from these particles by various 

tissues, the particle itself, its lipophilic core and potentially OP pesticides, will almost completely be 

taken up by the liver and the spleen as a chylomicron remnant particle (189,190). This is different 

from more hydrophilic compounds, which are usually distributed via the portal vein after absorption 

and for which passive diffusion into the liver is generally quite low due to their hydrophilicity. 

Currently, to our knowledge, there is no reported in vitro or in silico method to quantitatively predict 

to what extend a compound is distributed via chylomicrons after oral absorption. Such a method 

could potentially improve PBK predictions for lipophilic compounds, since these differences in 

distribution after absorption influence the concentration in the liver, and therefore the extend of 

metabolism. 

Metabolic clearance was predicted well for six of eight of the modelled compounds. Only fenitro-

oxon and methyl-paraoxon blood concentrations were predicted with over a 10-fold difference from 

in vivo data. This difference might be explained by an additional metabolic process for di-methyl-

OPs that is not included in the model: glutathione transferase mediated O-dealkylation. Several 

studies suggest that glutathione transferases, located in the soluble fraction of the liver, are able to 

extensively cleave the alkyl groups (usually R1 and R2 in figure 1 and SI table S1) of di-methyl-

organophosphates (90,91,97). This might explain the overpredictions of the oxon metabolites and 

urinary metabolites of di-methyl-organophosphates like fenitrothion and methyl-parathion. Addition 

of metabolism and sub-models for dealkylated metabolites would likely make the model more 

accurate for dimethoate, fenitrothion and methyl-parathion, but also increases model complexity. 

Overall, the presented generic PBK models for rat and human were shown to predict OP pesticide 

and metabolite concentrations in blood, plasma and urine within generally a 5-fold and often even 

2-fold difference from in vivo data. Deviations could be explained by lack of dealkylation metabolism 

in the models, and food/oil effects on absorption. The evaluated model can be used to simulate 

blood and plasma concentrations for OP pesticides that are metabolized via CYP450-mediated 

desulfuration and oxidative cleavage, and PON1-mediated hydrolysis. With regard to NGRA, to 

remove all reliance on animal experiments, the model could be further combined with in vitro or in 
silico absorption models to determine the ka for a specific OP formulation. The general approach 

described in this study could also be applied to other classes of compounds, providing further 

insights into their toxicokinetics and aiding in NGRA. In a future study the model will be used for 

quantitative-in-vitro-to-in-vivo-extrapolation (QIVIVE) to determine PODs for acute neurotoxicity 

after exposure to OP pesticides, supporting animal alternative risk assessment and providing tools 

for elucidating the association of OP exposure and neurodegenerative diseases. 
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Abstract 

Organophosphate (OP) pesticides are common environmental contaminants, of which the resulting 

acetylcholinesterase (AChE) inhibition and concomitant neurotoxic effects following exposure 

remain a global concern. To evaluate the safety upon acute exposure to OP pesticides, the Dietary 

Comparator Ratio (DCR) approach was used for the first time for this class of chemicals. Six OPs 

including chlorpyrifos, diazinon, fenitrothion, methyl parathion, profenofos, and chlorfenvinphos 

were selected as model compounds. Seventy-four reports of human exposures were collected, and 

a DCR value at each defined exposure level was calculated with in vitro determined AChE inhibition 

potency and in silico simulated internal exposures. Results indicate that the DCR outcomes are 

comparable to the actual knowledge on the presence or absence of in vivo AChE inhibition and 

adverse effects for the respective exposure scenarios. Of all collected scenarios, only four false 

positives but no false negatives were obtained. No safety concern on acute neurotoxicity appears 

to be raised for the evaluated environmental exposure scenarios to OPs. To conclude, the described 

DCR approach provides an adequate evaluation of the OP-induced adverse outcomes for humans, 

shedding light on its utility for 3Rs-compliant safety assessment of chemicals with different toxicity 

mechanisms especially for which in vitro bioassays are available. 

  

40

Chapter 3



1. Introduction  

Organophosphate (OP) pesticides have been used for pest control since the 1940s. (73,191) In spite 

of the ban on several OP pesticides in various countries and regions, extensive application of OP 

pesticides results in residues being continuously found in food products and the environment. (192–

194) In addition, OP pesticides and related metabolites have also been detected in human urine 

and breast milk as reported in biomonitoring investigations. (195–197) Dietary ingestion of OP 

pesticides via food and drinking water, along with accidental and intentional OP exposures among 

the general population remain a global public health issue, (198,199) demanding a risk evaluation 

for such exposure scenarios. OP pesticides can be broadly categorized into two groups as 

organothiophosphates and organophosphate-oxons, containing a phosphoryl-sulfur double bond 

(P=S) or a phosphoryl-oxygen double bond (P=O), respectively (Figure 1). With an oxidative 

desulfuration of the thiophosphate group mediated primarily by hepatic cytochromes P450 

(CYP450), an organothiophosphate can be bioactivated to the corresponding organophosphate-oxon 

analogue. (200) Different from organophosphate-oxons, organothiophosphates themselves exert 

limited inhibition towards acetylcholinesterase (AChE) in humans. (12,200) Therefore, the OP-

induced acute neurotoxicity is mainly attributed to the irreversible binding between neuronal AChE 

and the organophosphate-oxon, hindering the breakdown of acetylcholine at the synaptic cleft and 

causing cholinergic toxidrome in mammals. (201) 

 

Figure 1: Chemical structures of organophosphate pesticides. The generic structure of organothiophosphates 

and organophosphate-oxons are shown in panel a, and the structures of OP pesticides selected as model compounds 

in this work are shown in panel b.  

For chemical risk assessment, large strides have been made in the past decades in developing in 
vitro toxicity testing to accelerate the transformation from the conventional means that depend 

heavily on animals to Next Generation Risk Assessment minimizing reliance on in vivo testing. 

(202,203) While in vitro toxicity assays, such as the in vitro AChE inhibition assay, are powerful 

tools to develop mechanistic insights into the chemical potency, (204) implementation of these 

assays in risk assessment still remains elusive due to a gap between in vitro toxicity datasets and 

in vivo adverse outcomes. To bridge the gap, the Dietary Comparator Ratio (DCR) approach has 

been proposed for chemical risk assessment, considering mode of action, toxicity potency, and 

exposure context. (141) This approach is based on the use of a dietary compound with a history of 

safe consumption as a point of reference (the comparator). However, in essence every compound 

can serve as a comparator compound as long as a safe in vivo exposure level can be defined.  
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The DCR approach works for chemicals with the same mode of action, and evaluates the Exposure 

Activity Ratio (EAR) of an exposure scenario for a test substance (EARtest) along with the EAR of a 

safe human exposure to a comparator compound (EARcomparator). Calculated as the ratio of the EARtest 

against the EARcomparator, the resultant DCR is then used to evaluate the safety of the exposure 

scenario for the test compound, where a DCR value below 1 indicates a safe exposure scenario. 

(205–207) The EARs can be defined with in vitro derived toxicity information and in silico simulated 

internal exposure data, (141) hence no animal testing is required when employing the DCR approach 

for chemical risk evaluation. This approach has been proved as adequate for safety assessment of 

chemically-induced anti-androgenicity and estrogenicity, (205–207) and it is of interest to explore 

its utility for chemicals with other modes of action.  

The aim of the current study is to investigate the feasibility of applying the DCR approach for safety 

evaluation of acute human exposure to OP pesticides. Six OPs including four organothiophosphates 

(chlorpyrifos, diazinon, fenitrothion, and methyl parathion) and two organophosphate-oxons 

(profenofos and chlorfenvinphos) (Figure 1b) were selected as model compounds. For the model 

OPs, relevant data on available human exposures and the resulting effects were collected from 

literature. Because of the high sensitivity and accessibility, erythrocyte AChE inhibition was used as 

a surrogate endpoint to the inhibition of neuronal AChE, (208) and an in vitro assay with human 

blood samples was performed to assess the inhibitory potential of the selected compounds and/or 

the active oxon metabolites. Together with the scenario-specific internal oxon levels predicted by a 

recently developed generic human physiologically based kinetic (PBK) model, (209) the EARtest and 

EARcomparator were defined and used for DCR calculations at the defined exposure levels. The obtained 

DCR outcomes were compared to the actual knowledge on health outcomes (AChE inhibition and 

adverse health effects) reported for the respective exposure scenarios, enabling the evaluation of 

the DCR approach and providing insights into its utility for predicting safe thresholds of human 

exposure to OP pesticides. 

 

2. Materials and Methods  

2.1. Chemical and biological materials  

Methyl paraoxon, profenofos, chlorfenvinphos, acetylthiocholine iodide (ATC), 5,5’-dithiobis (2-

nitrobenzoic acid) (DTNB), ethopropazine, NaH2PO4, Na2HPO4, and Triton-X 100 were purchased 

from Sigma-Aldrich (Amsterdam, The Netherlands). Chlorpyrifos-oxon and diazoxon were ordered 

from TRC-Canada (Toronto, Ontario, Canada). Ethanol (UPLC/MS grade) was ordered from Biosolve 

(Valkenswaard, The Netherlands). Ultrapure water used for experiments was prepared with a 

Sartorius Arium® Pro ultrapure water system (Göttingen, Germany). Human whole peripheral blood 

with K2EDTA as an anticoagulant was used for the in vitro erythrocyte AChE inhibition assay. K2EDTA 

acts as an inhibitor to the paraoxonase 1 (PON1) enzyme,23 preventing the underestimation of the 

inhibition potential of organophosphate-oxons due to the nontarget clearance by PON1 present in 

the blood samples.  
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2.2. Preparation and application of the DCR approach   

The workflow of the DCR approach employed in the present study for risk assessment of acute 

exposure to OP pesticides was modified based on the previous applications for anti-androgens and 

estrogens, (205–207) and is described step by step in the following sections.  

2.2.1. Step 1: Selection of model compounds  

OP pesticides, including both organothiophosphates and organophosphate-oxons, were selected as 

model compounds, based on the availability of literature data on human exposure and of a generic 

human PBK model for predicting internal concentrations following exposure, (209) as these are 

necessary for the application of the DCR approach. (205–207)  

2.2.2. Step 2: Collection of in vitro concentration-response data using the AChE inhibition assay 

Inhibition of erythrocyte AChE by the organophosphate-oxon or the corresponding oxon metabolite 

of an organothiophosphate was measured in vitro using the method previously described. (12) The 

ethanolic stock solution of the test oxon was first diluted 100 times with sodium phosphate buffer 

(100 mM, pH 7.4), and 10 µL of the diluted solution was added to 90 µL human whole blood sample 

in a 48-wells flat-bottom transparent plate (Greiner Bio-One, The Netherlands). After a 30-min 

incubation at room temperature, the blood samples were then diluted 20 times with ultrapure water 

containing 0.03% Triton-X 100 (v/v), and 20 µL of the Triton-diluted blood was incubated for 20 

min following the addition of 460 µL DTNB and 20 µL ethopropazine (an inhibitor to plasma 

butyrylcholinesterase (BuChE)). After that, 100 µL ATC was added (final concentrations of 

ethopropazine, DTNB, and ATC were 20 µM, 1 mM, and 1 mM, respectively), and the absorbance at 

436 nm was measured continuously to detect the remaining AChE activity. Controls were carried 

out by replacing the test compound with sodium phosphate buffer to correct for any background 

absorbance. Assays were conducted in triplicate, and the obtained data were analyzed using a 

nonlinear regression of Log(inhibitor) vs. response – variable slope (four parameters) model in 

GraphPad Prism (version 5.04, San Diego, CA, USA) to define the concentration resulting in 50% 

erythrocyte AChE inhibition (IC50).  

Additionally, for the comparator compound, the lower 95% confidence limit of the benchmark 

concentration associated with a 5% erythrocyte AChE inhibition (BMCL05) was determined by 

performing a benchmark concentration (BMC) analysis on the obtained in vitro AChE inhibition data. 

The benchmark response (BMR) of 5% for erythrocyte AChE inhibition is a conservative endpoint 

for deriving an effect level, since regulatory bodies usually use a higher BMR (i.e. 10% or 20%) for 

risk assessment of acute OP pesticide exposure. (210,211) The European Food Safety Authority 

(EFSA) web-tool (https://efsa.openanalytics.eu/) integrated with the R package PROAST (version 

70.0) was employed for the BMC analysis (see Supporting Information).  

2.2.3. Step 3: Collection of available exposure scenarios and relevant adverse health eƯects  

Acute exposure scenarios where human individuals were orally exposed to one of the model OPs 

were gathered from literature. The collected scenarios could be broadly classified into two 

categories: human volunteer studies at relatively low dose levels, where adverse effects might not 

be observed; and intentional and/or accidental exposures, for which usually a relatively high OP 

pesticide dose was ingested and the resulting AChE inhibition and/or adverse health effects were 

reported. Data on the first oral administration in repeated dose studies were also collected and 
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considered to represent an acute exposure scenario. Based on the information on erythrocyte AChE 

inhibition and the resultant adverse health effects at respective exposure scenarios, it could be 

concluded whether the respective dose levels induced a positive, negative, or unknown (unreported) 

adverse effect in humans. This enabled the evaluation of the obtained DCR outcomes in Step 7 (see 

section 2.2.7).  

2.2.4. Step 4: Prediction of internal concentrations for collected exposure scenarios 

A newly developed generic human PBK model for OP pesticides was used to predict the maximum 

blood oxon concentration (CBmaxoxon) for the collected exposure scenarios, (209) considering that 

this value is relevant to the erythrocyte AChE inhibition induced by acute exposure to an OP 

pesticide. (152,212) No corrections for differences in in vivo and in vitro protein binding are 

necessary, since the in vitro AChE inhibition assay was performed with human blood samples (see 

section 2.2.2).  

When predicting CBmaxoxon with the generic PBK model, (209) dose levels and oral absorption rate 

constants were needed as model inputs. Generally, in volunteer studies the tested dose levels (in 

mg/kg BW) are explicitly reported, while this information is unclear for most accidental and 

intentional exposures. For such scenarios, the exposure level was estimated with the ingested 

amount (in mg) assuming a body weight of 70 kg regardless of age, sex and ethnicity, unless a 

specific body weight was reported. With regard to the oral absorption rate constant (in hr-1), OP-

specific values calculated based on quantitative structure−activity relationships (QSARs) are 
available, (112,209) and are summarized in Table S1 (see Supporting Information). For CBmaxoxon 

prediction, both the established rat and human generic PBK models have been reported to 

adequately predict internal exposure of OP pesticides, while it is important to note that the rat model 

has been reported to overpredict the blood oxon concentration for dimethyl-organothiophosphates 

including fenitrothion and methyl parathion by about one order of magnitude. (209) Since no 

relevant data on the blood oxon profile following exposure to fenitrothion or methyl parathion are 

available to evaluate the human model, the assumption of the same overprediction magnitude (10-

fold) was made in this work. Therefore, the CBmaxoxon predictions from the generic human PBK 

model for fenitrothion and methyl parathion were divided by 10 to correct for the probable 

overestimation.  

2.2.5. Step 5: Selection of a comparator compound 

Single oral chlorpyrifos exposure scenarios that did not result in notable adverse health effects in 

humans are available and well-described, (208) making this organothiophosphate an adequate 

comparator. The generic human PBK model was used to predict the CBmaxoxon under a safe 

chlorpyrifos dose level, and the in vitro derived BMCL05 was compared with this predicted value to 

determine if the BMCL05 could indeed represent a safe scenario to define the EARcomparator.  

2.2.6. Step 6: DCR calculation for collected exposure scenarios 

The DCR value for an exposure scenario was calculated as the ratio of EARtest and EARcomparator (Eq 

1). The EARtest is scenario-specific, and was defined with the IC50 of the tested organophosphate-

oxon for in vitro erythrocyte AChE inhibition and the PBK model-simulated CBmaxoxon at the defined 

exposure level (Eq 2). Chlorpyrifos was selected as the comparator compound, and the EARcomparator 

was calculated using the BMCL05 and IC50 derived from in vitro AChE inhibition assay for chlorpyrifos-

oxon (Eq 3).   
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끫롮ܴܥ = ா஺ோ೟೐ೞ೟ா஺ோ೎೚೘೛ೌೝೌ𝑐𝑐೚ೝ  (Eq 1) 

𝐸𝐸௧௘௦௧ܣܧ = ௉௥𝑃𝑃ௗ௜௖𝑃𝑃𝑃𝑃ௗ ஼஻𝑚𝑚𝑚𝑚ೣ ௢௫௢௡ ௔𝑎𝑎 ௔ 𝑑𝑑𝑑𝑑௙𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑒𝑒𝑒𝑒௣𝑒𝑒𝑒𝑒௨𝑒𝑒𝑒𝑒 ௟𝑙𝑙௩𝑙𝑙௟ (௧௘௦௧ 𝑠𝑠𝑠𝑠௕𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)ூ𝐼𝐼50 (௧௘௦௧ 𝑠𝑠𝑠𝑠௕𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)   (Eq 2) 

𝐸𝐸𝑐𝑐𝑐𝑐௠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐ܣܧ =  𝐵𝐵ெ𝐵𝐵௅05 (𝑐𝑐𝑐𝑐௠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)ூ𝐼𝐼50 (𝑐𝑐𝑐𝑐௠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)   (Eq 3) 

2.2.7. Step 7: Evaluation and application of the DCR approach  

The DCR-based predictions were evaluated by comparing the obtained DCR results with the actual 

knowledge on the adverse health effects reported for the respective exposure scenarios. Adverse 

effects cannot be ruled out for human exposure scenarios with a DCR result greater than 1, while 

exposure scenarios with a DCR result less than or equal to 1 are considered to raise no safety 

concern. (205–207) Once validated as an adequate predicting tool, the DCR approach was applied 

for evaluating the safety of exposure scenarios for which no information on the resulting toxic 

outcomes was reported at the defined dose levels for humans.   

 

3. Results 

3.1. Step 1: Selection of model compounds  

Six OP pesticides were selected as model compounds, including two diethyl-organothiophosphates 

(chlorpyrifos and diazinon), two dimethyl-organothiophosphates (fenitrothion and methyl 

parathion), and two organophosphate-oxons (profenofos and chlorfenvinphos) (Figure 1b).  

3.2. Step 2: Collection of in vitro concentration-response data using the AChE 

inhibition assay 

In vitro concentration-based erythrocyte AChE inhibition was determined for the relevant 

organophosphate-oxons (Figure 2). The derived IC50 values are 0.14, 0.38, 0.84, 1.82, 27.7, and 

94.5 µM for methyl paraoxon, chlorpyrifos-oxon, fenitrooxon, diazoxon, chlorfenvinphos, and 

profenofos, respectively. Additionally, for the comparator compound chlorpyrifos, the derived 

BMCL05 value for its oxon metabolite (chlorpyrifos-oxon) is 0.015 µM (detailed results of the BMC 

analysis are provided in Supporting Information). 

3.3. Step 3: Collection of available exposure scenarios and relevant adverse health 

eƯects 

Seventy-four human cases reporting single oral exposure to one of the selected OP pesticides were 

collected, with the corresponding information on the occurrence or absence of adverse health effects 

(Table S2). Toxic signs and symptoms like weakness, vomiting, headache, dizziness, coma, and 

even death have been observed in accidental and/or intentional exposure scenarios, where the 

erythrocyte AChE was substantially inactivated due to the ingestion of large amounts of an OP 

pesticide. (213–215) In volunteer studies, abnormal signs and symptoms were usually absent at 

the relatively low test doses, and erythrocyte AChE activity was monitored as a surrogate endpoint. 

(216) Because of the high sensitivity of erythrocyte AChE, dose levels that resulted in erythrocyte 
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AChE inhibition without concomitant signs and symptoms in the respective participants, as observed 

for example upon a dose of 2 mg/kg BW chlorpyrifos or 1 mg/kg BW chlorfenvinphos, (208,217) 

were still considered safe. 

 

Figure 2: Erythrocyte AChE inhibition determined via in vitro incubations with human blood. AChE inhibition 

was determined for six organophosphate pesticides: fenitrooxon, (152) diazoxon, chlorpyrifos-oxon, methyl 

paraoxon, profenofos, and chlorfenvinphos. Results are presented as means ± SEM from three independent 

experiments.  

Of the collected cases, there were eleven, thirteen, twenty-two, nine, one, and three different dose 

levels collected for chlorpyrifos, diazinon, fenitrothion, methyl parathion, profenofos, and 

chlorfenvinphos, respectively (Table 1). Analysis of these datasets indicated that toxic effects were 

present (positive outcome) for twenty-nine, and absent (negative outcome) for twenty-seven of 

them (Table 1). Meanwhile, three dose levels that had unreported (unknown) health outcomes in 

humans were also found. Specifically, no information on AChE inhibition and concomitant adverse 

effects was provided for chlorfenvinphos at 0.18 mg/kg BW; while for diazinon, conflicting opinions 

on erythrocyte AChE inhibition were reported by the Australian Pesticides and Veterinary Medicines 

Authority (218) and the US Environmental Protection Agency (219) after reviewing the human 

volunteer study (220), of which the description on toxic signs following a single oral DZN 

administration was also equivocal at dose levels of 0.21 and 0.30 mg/kg BW.  

Table 1: CBmaxoxon predictions and EARtest and DCR calculations. Calculations were performed for the 

respective exposure levels collected for chlorpyrifos, diazinon, fenitrothion, methyl parathion, profenofos and 

chlorfenvinphos.  

Exposure 
level 
(mg/kg BW) 
a 

Predicted 
CBmaxoxon (µM) b 

Calculated 
EARtest value 

Calculated 
DCR value  

Reported or expected 
adverse health outcome 
a 

Chlorpyrifos  
0.01 6.8×10-5 1.8×10-4 4.6×10-3 Negative  
0.012 8.2×10-5 2.2×10-4 5.0×10-3 Negative 
0.014 9.6×10-5 2.5×10-4 6.4×10-3 Negative 
0.03 2.1×10-4 5.4×10-4 0.014 Negative 
0.1 6.9×10-4 1.8×10-3 0.046 Negative 

0.5 3.5×10-3 9.2×10-3 0.23 Negative 
1 7.2×10-3 0.019 0.48 Negative 
2 0.015 0.040 1.0 Negative 
214 0.57 1.50 38 Positive  
286 0.60 1.57 40 Positive 
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Exposure 
level 
(mg/kg BW) 
a 

Predicted 
CBmaxoxon (µM) b 

Calculated 
EARtest value 

Calculated 
DCR value  

Reported or expected 
adverse health outcome 
a 

300 0.60 1.58 40 Positive 
Diazinon  
0.011 1.5×10-5 8.3×10-6 2.1×10-4 Negative  
0.03 4.1×10-5 2.3×10-5 5.7×10-4 Negative  
0.12 1.6×10-4 9.1×10-5 2.3×10-3 Negative  
0.20 2.8×10-4 1.5×10-4 3.8×10-3 Negative  

0.21 2.9×10-4 1.6×10-4 4.0×10-3 Unknown 
0.30 4.1×10-4 2.3×10-4 5.8×10-3 Unknown 
200 0.15 0.084 2.1 Positive  
214 0.15 0.085 2.2 Positive  
293 0.16 0.089 2.3 Positive  
323 0.16 0.090 2.3 Positive  
357 0.17 0.091 2.3 Positive  
429 0.17 0.093 2.3 Positive  
643 0.17 0.095 2.4 Positive  

Fenitrothion  
0.042 5.7×10-3 6.8×10-3 0.17 Negative  
0.06 8.2×10-3 9.7×10-3 0.25 Negative  

0.083 0.011 0.013 0.34 Negative  
0.09 0.012 0.015 0.37 Negative  
0.17 0.023 0.028 0.70 Negative  

0.18 0.025 0.029 0.74 Negative  
0.25 0.034 0.041 1.0 Negative  
0.33 0.045 0.054 1.4 Negative  
0.36 0.049 0.059 1.5 Negative 
36 5.79 6.89 174 Positive  
71 11.47 13.66 346 Positive  
143 20.24 24.10 610 Positive  
214 26.90 32.03 811 Positive  

286 33.34 39.69 1005 Positive  
357 39.42 46.93 1189 Positive  
429 45.24 53.86 1364 Positive  

500 50.60 60.24 1526 Positive  
536 53.18 63.31 1604 Positive  
571 55.60 66.18 1677 Positive  
714 64.64 76.95 1949 Positive  
1714 100.71 119.90 3037 Positive  
1786 102.06 121.49 3078 Positive  
Methyl parathion  
0.003 5.1×10-4 3.6×10-3 0.092 Negative 

0.029 4.9×10-3 0.035 0.89 Negative 
0.057 9.7×10-3 0.069 1.8 Negative 
0.30 0.051 0.36 9.2 Negative 
26 5.12 36.59 927 Positive 
171 28.50 203.58 5157 Positive 
286 40.69 290.61 7362 Positive 
714 71.03 507.39 12854 Positive 
1143 84.26 601.86 15247 Positive 

Profenofos  
1600 1015.56 10.75 272 Positive 
Chlorfenvinphos  
0.04 4.1×10-3 1.5×10-4 3.8×10-3 Negative  

0.18 0.019 6.8×10-4 0.017 Unknown 
1 0.11 3.9×10-3 0.098 Negative  

a: See Table S2 for more details and references of original studies; b: Predicted with a generic human PBK model. 

(209) The values for fenitrothion and methyl parathion were corrected by dividing the original model predictions by 

10 (see section 2.2.4 for more details). 
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3.4. Step 4: Prediction of internal concentrations for collected exposure scenarios 

The CBmaxoxon for the collected exposure scenarios was predicted for all selected model compounds 

with a generic human PBK model (209) and is presented in Table 1. For acute exposure to an 

organothiophosphate like chlorpyrifos, diazinon, fenitrothion, and methyl parathion, the CBmaxoxon 

was simulated for the corresponding oxon analogue, namely chlorpyrifos-oxon, diazoxon, 

fenitrooxon and methyl paraoxon. The original CBmaxoxon simulations from the model for dimethyl-

organothiophosphates (fenitrothion and methyl parathion) was corrected for the overprediction (see 

section 2.2.4), and for the purpose of comparison, the results without correction are presented in 

Table S3. For single exposure to an organophosphate-oxon (profenofos or chlorfenvinphos), the 

CBmaxoxon was simulated for the parent compound itself.  

 

3.5. Step 5: Selection of a comparator compound 

Chlorpyrifos was chosen as the comparator compound. Toxicity testing following single exposure to 

this organothiophosphate was investigated with human volunteers, who were fasted overnight and 

given an oral dose next morning. (208,221) It was found that 1 mg/kg BW was a dose level where 

no erythrocyte AChE inhibition took place, and that 2 mg/kg BW was the no-observed-adverse-

effect level (NOAEL) for toxic signs and symptoms, with a 28% inhibition of erythrocyte AChE 

reported at this level in one of the participants causing no abnormalities. (208,221) At the NOAEL 

of 2 mg/kg BW, the CBmaxoxon predicted by the generic human PBK model was 0.015 µM, which 

was equal to the in vitro derived BMCL05 for chlorpyrifos-oxon. This indicates that the BMCL05 can 

indeed be considered to represent a safe concentration where no adverse effects occur and hence 

can be used to define the EARcomparator.  

 

3.6. Step 6: DCR calculation for collected exposure scenarios 

With the predicted CBmaxoxon of the test substances (Table 1) and the in vitro derived IC50 values 

(see section 3.2), the EARtest values for the collected exposure scenarios were calculated and are 

listed in Table 1. The EARcomparator was defined with the in vitro derived BMCL05 and IC50 values for 

chlorpyrifos-oxon, and the resulting value was 0.039. By dividing the EARtest by the EARcomparator, a 

DCR for each exposure scenario was obtained (Table 1). 

 

3.7. Step 7: Evaluation and application of the DCR approach  

To evaluate the performance of the obtained DCR-based predictions, a comparison was made 

between the DCR outcomes and the reported or expected health outcomes for each exposure 

scenario. Dose levels causing toxic signs and symptoms due to a substantial erythrocyte AChE 

inactivation are considered to result in positive outcomes, and the DCR approach well predicted the 

occurrence of the adverse effects for these exposure scenarios with no false negatives (Figure 3). 

Also, safe (negative) exposure scenarios inducing no adverse health effects were adequately 

predicted, except for the false positive results obtained for fenitrothion at 0.33 and 0.36 mg/kg BW, 
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and for methyl parathion at 0.057 and 0.30 mg/kg BW, respectively (Figure 3b). These scenarios 

were considered as safe (negative), because no significant erythrocyte AChE inhibition and/or no 

abnormal signs and symptoms were observed (Table S2). A DCR result close to 1 has been obtained 

for these false positive exposure scenarios (Figure 3b). With a less conservative EARcomparator than 

the one currently defined based on the BMCL05 for erythrocyte AChE inhibition, these false positive 

scenarios would have been correctly predicted to be negative (DCR ≤ 1), however this is not 
preferred, because by doing so the chance of false negative predictions also increases.  

 

Figure 3: The DCR outcomes of collected human cases upon a single oral administration to the selected 

OP pesticides. Collected OP pesticides include (a) chlorpyrifos (CPF), diazinon (DZN), profenofos (PFS) and 

chlorfenvinphos (CVP), and (b) fenitrothion (FNT) and methyl parathion (MPT). The dotted horizontal lines display 

the DCR of 1 (LogDCR = 0). Calculated DCR results are shown in Table 1. Details on the evaluation of an exposure 

scenario as positive, negative, or unknown with respect to the occurrence of erythrocyte AChE inhibition and/or 

adverse effects are summarized in Table S2.   

Given that no false negatives were obtained, it was concluded that the DCR approach can provide 

adequate safety evaluation for the acute OP pesticide exposure scenarios by incorporating in vitro 

derived AChE inhibition potentials with relevant exposure data. The DCR approach was then applied 

for three exposure scenarios, of which the occurrence of toxic outcomes was unreported (unknown) 

upon acute exposure to diazinon at 0.21 or 0.30 mg/kg BW, or to chlorfenvinphos at 0.18 mg/kg 

BW. The obtained DCR values for these exposure scenarios are all below 1 (Figure 3a), indicating 

that these scenarios are predicted to be safe.  
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4. Discussion 

In the present study, the use of the DCR approach was evaluated as an alternative to animal testing 

for human health risk assessment of acute OP pesticide exposure. To this end, the EARtest of OP 

exposure scenarios of interest and the EARcomparator of chlorpyrifos were defined based on toxicity 

data derived from the in vitro AChE inhibition assay, along with internal exposure data predicted 

using a newly developed generic human PBK model for OP pesticides (209). With the EAR values, 

the DCR was calculated for the respective exposure scenarios, and was then compared with the 

actual knowledge on the occurrence or absence of in vivo AChE inhibition and adverse effects, 

enabling the evaluation of the DCR-based predictions.  

Four organothiophosphates (chlorpyrifos, diazinon, fenitrothion and methyl parathion) and two 

organophosphate-oxons (profenofos and chlorfenvinphos) were chosen as model compounds in this 

work (Figure 1b). All these selected pesticides act as AChE inhibitors after absorption (and metabolic 

activation to the corresponding oxon analogue) in humans. The inhibition potential of these 

substances on AChE was determined in vitro with human blood samples (Figure 2), and the 

erythrocyte AChE inhibition was considered as an adequate surrogate endpoint for the neuronal 

AChE inactivation. This surrogate endpoint is widely adopted in scientific studies (152,158) and also 

by regulatory bodies, (222) given that erythrocyte AChE is more sensitive and easy to sample as 

compared to the neuronal AChE. (208) Though the physiological function of erythrocyte AChE is 

currently unclear, a good correlation has been noted between the severity of clinical signs and 

symptoms and the degree of erythrocyte AChE inhibition, where approximately 40% remaining 

erythrocyte AChE activity has been linked with only mild symptoms. (73,215) For the risk 

assessment of acute OP pesticide exposure, both 10% and 20% inhibition levels in erythrocyte AChE 

have been employed by regulatory bodies to define points of departure for setting health-based 

guidance values. (210,211,223) In this work, a 5% in vitro erythrocyte AChE inhibition was used as 

a conservative threshold to define the EARcomparator. Using a 10% or 20% inhibition would result in a 

higher EARcomparator and lower DCR predictions, and would hence be less protective.  

Instead of making comparisons between the predicted CBmaxoxon for a given OP exposure and the 

OP-specific BMCL05, the DCR approach that divides an EARtest by a well-defined EARcomparator adds an 

extra dimension of conservatism to the safety evaluation, since the EARtest is compared to the 

EARcomparator for a safe exposure level of the comparator compound, taking into account a margin 

between the predicted blood level and the BMCL05 for exposure to the comparator that can be 

considered safe. Chlorpyrifos was chosen as the comparator compound, because compared with 

other OPs, relevant single exposure studies and NOAELs for humans were well-documented and 

reviewed by the United States Environmental Protection Agency as a useful assessment for potential 

erythrocyte AChE inhibition induced by chlorpyrifos. (224) This enables the validation of the 

assumption that the in vitro derived BMCL05 value resembles a safe internal concentration where no 

in vivo adverse effect occurs, and hence can be used to define an appropriate EARcomparator. It is 

noteworthy that the NOAELs of chlorpyrifos were tested with a limited number of adult participants, 

(208,221,224) who may not represent the whole population including susceptible individuals like 

pregnant women and children. Also, most of the human exposure cases reported (Table S2) and 

the PBK model used for CBmaxoxon predictions (209) were for adults. Therefore, the EAR and DCR 

values in the current study are in the first place applicable for the general adult population. Their 
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use for susceptible individuals may require the consideration of an uncertainty factor. For example, 

one could consider adapting the cut-off DCR value from 1 to 0.1 by applying the commonly used 

uncertainty factor of 10 accounting for human variability in risk assessment. In so doing, confidence 

would be increased with the negative predictions (DCR ≤ 0.1). However, one could also argue that 

for a sensitive individual the EARtest and EARcomparator might be affected to the same extent so that 

their higher sensitivity can be expected to cancel out when calculating the DCR.    

The half maximum activity concentration, for example the IC50 determined in this study, is 

considered as the most appropriate metric for EARtest and EARcomparator calculations. (141,205) This 

is because the DCR approach (also being referred to as the exposure:activity profiling method) was 

initially applied for prioritizing chemicals with estrogenic activity. (141) The estrogenic activity was 

determined based on various in vitro assays measuring events at different points downstream of 

receptor binding, and the concentration at half maximal activity was regarded as the most reliable 

measurement from different assays to quantify chemical potency. (141) In this study, the in vitro 

erythrocyte AChE inhibition of six model OP compounds was tested with the same assay system 

(human whole blood samples), displaying substrate-specific location and steepness of the 

concentration-response data (Figure 2). Given that an IC50 is the least variable metric and thus 

provides greater reliability than other metrics along the concentration-response curve, (141) the 

IC50 values for the model OP compounds were derived from the obtained curves (Figure 2) to 

determine the inhibition potential, and were used as the activity component for calculating EARs 

(Eq 2 and 3).  

The results of the DCR-based safety evaluation reveal that the approach provides adequate 

predictions for the collected human exposure scenarios of OP pesticides with no false negatives 

(Figure 3). Still, this approach has uncertainties and limitations, and understanding these is helpful 

for interpreting the obtained DCR results and making further safety decisions. First, current DCR 

outcomes might be conservative with regard to the exposure level estimation. The exposure level 

might be overestimated especially for accidental and intentional scenarios, where vomiting could 

happen following OP pesticide poisoning. Besides, the in vitro bioassay (see section 2.2.2) solely 

measured the inhibition potential of test OPs on AChE using human whole blood that contains no 

carboxylesterase, (35) and the influence of plasma BuChE was also excluded by adding the inhibitor 

ethopropazine. (12) In fact, both BuChE and carboxylesterase in the human body (i.e. liver) are 

able to bind organophosphate-oxons, (225–227) while such protection on AChE is not taken into 

account in the current DCR calculations. Furthermore, the CBmaxoxon was predicted with a generic 

human PBK model that needs further improvement. (209) Except for a 10-fold overestimation in 

CBmaxoxon for dimethyl-organothiophosphates (see section 2.2.4), this deterministic PBK model 

does not take into account interindividual variations in the (formation and) clearance of 

organophosphate-oxons following administration to OP pesticides. (76,156,228) Further refinement 

of the PBK model by correcting the overestimation and by integrating interindividual variabilities in 

physiological and toxicokinetic parameters would greatly increase confidence in the model 

predictions. Third, the current EARcomparator was built with an in vitro derived BMCL05 instead of the 

predicted CBmaxoxon at safe exposure levels. This is based on the consideration of the probable 

uncertainty in these in vivo dose levels, (208,221) and also because the relevant internal oxon 

concentration under the safe dose levels was not reported and using a model-predicted CBmaxoxon 

to define the EARcomparator might introduce more uncertainties. Furthermore, using an in vitro derived 
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BMCL05 value instead of in vivo data to define the EARcomparator is in line with the principle of the DCR 

approach as a 3Rs-compliant methodology. It has previously been demonstrated that using a 

BMCL05-defined EARcomparator is adequate in DCR-based safety evaluations for estrogens and anti-

androgens, (206,207) and the results in this work provide a further proof-of-concept for using an 

in vitro defined EARcomparator in a DCR-based human safety assessment for acute OP pesticide 

exposures. Once in silico tools are available for predicting internal concentrations of more OP 

pesticides, the datasets collected in this work can be extended for a further evaluation on the 

performance of the current EARcomparator.  

Of note, the currently collected exposure scenarios are from human volunteer studies and acute 

poisoning cases (Table S2), for which the exposure dose levels are either very low or high, and 

hence resulting in explicitly negative or positive DCR outcomes. In the context of environmental 

exposure to OP pesticides, the OP concentrations commonly measured in human blood samples 

have been reported to range from 1×10-6 to 2×10-4 µM. (229) Comparing the upper value to the 

predicted CBmaxoxon for six model OPs (Table 1), it indicates that environmental exposure to OP 

pesticides appears not to raise safety concern with respect to AChE inactivation and the following 

acute neurotoxicity. However, AChE inhibition alone cannot account for the adverse effects (i.e., 

impaired neurobehavioral performance) induced by repeated low-level OP exposures occurring in 

an environmental context. (149,150,230) Although data on internal exposure following repeated 

exposure can be predicted via computational toxicokinetic modeling, to apply the DCR approach for 

evaluating the safety from chronic exposure to OP pesticides, information on the underlying 

mechanism, available in vitro bioassays that can well characterize toxicity, as well as safe chronic 

exposure scenario are required.  

To conclude, the present study investigated the applicability of the DCR approach for Next 

Generation Risk Assessment of OP pesticide exposure. Toxicity and internal exposure data used for 

the EAR and DCR calculations were derived in vitro and in silico. The results suggest that in addition 

to its application for anti-androgens and estrogens, this DCR-based strategy can also be of use to 

evaluate the in vivo adverse effects caused by acute exposure to environmental toxicants like OP 

pesticides, providing another proof-of-principle for applying this approach for human safety 

assessment based on the consideration of mode of action, toxicity potency, and exposure context. 

To further extend the applicability domain of the DCR strategy for more environmental pollutants, 

available data on the toxic mechanism, toxicity potency and internal exposure of the compounds of 

interest, as well as an adequate comparator compound with the same mode of action and a known 

safe exposure level are prerequisites.   
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Supporting information 

Methods from the supporting information are shown below. The full supporting information including 

all data tables can be found at https://doi.org/10.1021/acs.est.5c00220.  

BMC analysis for chlorpyrifos-oxon 

The EFSA web-tool (https://efsa.openanalytics.eu/) integrated with the R package PROAST (version 

70.0) was employed for the BMC analysis. Briefly, the continuous data (the obtained erythrocyte 

AChE activity in human blood upon in vitro incubations with increasing concentrations of 

chlorpyrifos-oxon) were fitted to a set of models (Exponential, Hill, Inverse Exponential, and Log-

Normal family models), and all fitted models excluding the FULL and NULL models were used for 

model averaging via a weighted average model. More weight was given to the models with lower 

Akaike’s Information Criterion (AIC), and an averaged confidence interval was estimated using the 

recommended defaults. The table and figures present the characteristics of fitted models, the 

weights for model averaging, and the benchmark concentration for 5% erythrocyte AChE inhibition 

with the 95% lower–upper confidence limits (BMCL–BMCU). 

Model Converged loglik npar AIC Weights 

Final BMC values 

(µM) 

full NA NA NA NA - BMCL05 BMCU05 

null model yes -70.36 2 144.72 - 

0.015 0.10 

Expon. m3- yes -46.83 4 101.66 - 

Expon. m5- yes -14.32 5 38.64 0.05 

Hill m3- yes -45.81 4 99.62 - 

Hill m5- yes -11.78 5 33.56 0.60 

Inv.Expon. 

m3- 
yes -37.99 4 83.98 - 

Inv.Expon. 

m5- 
yes -19.42 5 48.84 0 

LN m3- yes -40.79 4 89.58 - 

LN m5- yes -12.31 5 34.62 0.35 
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Abstract 

Organophosphates have been widely used as pesticides in agricultural practices. Consequently, the 

general public is exposed to these pesticides via food. Upon absorption, organophosphates can be 

bioactivated and inhibit acetylcholinesterase, affecting neurological functioning. Metabolism of these 

pesticides has been investigated mostly with respect to cytochrome P450 and paraoxonase-1 

enzymes. However, recent PBK modelling studies, along with qualitative metabolism studies, 

suggested dimethyl organophosphates can be metabolized by glutathione-mediated pathways. 

Therefore glutathione-mediated metabolism of the dimethyl organophosphates methyl-paraoxon 

and omethoate was investigated using in vitro incubations with rat and human liver S9 subcellular 

fractions. For methyl-paraoxon, demethylation was dependent on the presence of both S9 protein 

and glutathione and had clearance rates of 1.60 ± 0.007 and 0.43 ± 0.036 L/hour/gram liver were 

found for rats and humans, respectively. For omethoate, the reaction was only dependent on GSH 

and the chemical clearance rate was 0.800 ± 0.012 mL/hour. Implementing these clearance rates 

in a PBK model significantly improved the predictions of methyl-paraoxon and fenitro-oxon (read-

across), and reduced the  10-fold difference in predicted blood concentrations to within 2- and 5-

fold difference, respectively, compared to in vivo experimental data. For omethoate, implementation 

of its chemical demethylation did not have a significant effect on its simulated plasma profile. The 

consequences of glutathione-mediated metabolism on risk assessment and potential correlation 

between lipophilicity and glutathione mediated clearance are discussed.  
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1. Introduction 

Organophosphate pesticides have been extensively used in agricultural practice as an important tool 

in sustaining agricultural yields and support the food production chain. While some specific 

organophosphates have been banned because of risks to human and environmental health (142), 

organophosphate pesticides are still widely used in many countries (3). Organophosphate pesticides 

efficiently inhibit the enzyme acetylcholinesterase (AChE), an enzyme that is crucial for normal 

neurological functioning, in both target and non-target species (13,14). 

Organophosphate pesticides can be subdivided into organothiophosphates (OTPs) and 

organophosphate(oxon)s (OPOs). While OTPs generally poorly inhibit AChE, they become potent 

inhibitors when bioactivated by cytochrome P450 (CYP450) enzymes to OPOs (see figure 1). Both 

OTPs and OPOs are known to be extensively detoxified via CYP450 enzymes in the liver (76–81). 

Besides CYP450-mediated metabolic pathways, OPOs are also detoxified by the paraoxonase 1 

(PON1) enzyme in the liver and plasma (82–84). While both CYP450- and PON1-mediated reactions 

occur in rats and humans, large differences in metabolic rates of these species have been found 

(209). 

 

Figure 1: Metabolic scheme of organothiophosphate (OTP) and organophosphate-oxon (OPO) pesticides. 

In the structures, X can be a sulfur or an oxygen atom, and, usually, no more than two sulfur atoms are bound to 

the phosphor atom. OTPs and OPOs contain a sulfur or an oxygen atom, respectively, which is connected via a double 

bond to the central phosphate. A1 and A2 are alkyl groups, typically methyl or ethyl, and sometimes propyl groups. 

R can be aromatic or aliphatic. In the liver, OTPs can be detoxified to urinary metabolites by CYP450-mediated 

oxidative cleavage of the ring structure, or they can be bioactivated to OPOs by CYP450-mediated oxidative 

desulfuration. OPOs can be detoxified to urinary metabolites by CYP450-mediated oxidative cleavage of the ring 

structure in the liver or hydrolysis by paraoxonase 1 (PON1) enzymes in the plasma and liver. Glutathione-mediated 

(GSH/GST) detoxification only takes place if at least one of the alkyl groups (A1 or A2) is a methyl group. The OPs 

structures of OPs investigated in this study are shown below. 
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However, while PON1 and CYP450-mediated reactions are well characterized, some 

organophosphates are also metabolized by the less well studied glutathione S transferases (GSTs) 

(231). Of OP pesticides, predominantly dimethyl-OPOs seem to be metabolized by GST, while di-

ethyl-OPOs are only slightly metabolized via this route (85–97). Up until now, GST-mediated 

metabolism of organophosphate pesticides has mostly been investigated in a qualitative manner. 

Quantitative data, like clearance rates or Michaelis-Menten parameters, are still lacking, despite its 

importance in the development of physiologically based kinetic (PBK) models. PBK models are sets 

of mathematical equations that describe the physiology of an organism, as well as how a chemical 

is absorbed, distributed, metabolized and excreted in that organism. These models can be used for 

estimating internal tissue concentrations and study species variability in toxicokinetics and toxicity. 

PBK models can also be used in combination with a quantitative in vitro to in vivo extrapolation 

(QIVIVE) approach to derive a point of departure (POD) for risk assessment of organophosphates 

(154,157,158). 

The aim of this study is to investigate and quantify the contribution of GSH-mediated metabolism 

of dimethyl organophosphates, using S9 subcellular fractions to derive species specific clearance 

rates. These rates can be used to incorporate the GSH-mediated metabolism in a generic PBK model 

for organophosphate pesticides which in turn can be used to investigate the influence of GSH-

mediated metabolism on the toxicokinetic profiles for rats and humans. This study follows up on a 

previous study (209), where it was found that internal concentrations of the dimethyl 

organophosphates pesticides, methyl-paraoxon (MPO), fenitro-oxon (FNO) and omethoate (OMO), 

are not well predicted by a PBK model incorporating only CYP450- and PON1-mediated metabolism. 

Work in the current study focused on the GSH-mediated metabolism of the same three dimethyl 

organophosphates, since the other kinetic parameters and in vivo validation data for the PBK model 

are already available. 

 

2. Materials and methods 

2.1 Chemicals and Reagents 

Methyl-paraoxon (MPO; >98%), omethoate (OMO; >95%), 4-nitrophenol (4NP; >99%), L-

glutathione reduced (GSH, >98%), ethylenediaminetetraacetic acid (EDTA; >99%), formic acid, 

ammonium formate, hydrochloric acid (HCl) and Trizma base (>99.9%) were obtained from Merck 

Life Sciences N.V. (Amsterdam, The Netherlands). Tetraisopropyl pyrophosphoramide (iso-OMPA; 

95%) was obtained from BOC Sciences (Germany). Ethanol (absolute), methanol (UPLC/MS grade) 

and acetonitrile (ACN; UPLC/MS grade) were obtained from Biosolve (Valkenswaard, The 

Netherlands) and Ultrapure water was produced using a Sartorius Arium® Pro ultrapure water 

system (Göttingen, Germany). Pooled male Sprague-Dawley rat liver S9 cellular fractions (20 

mg/mL) were obtained from BioIVT (West Sussex, United Kingdom) and pooled human liver S9 

cellular fraction from 150 donors (20 mg/mL) was obtained from Corning (Amsterdam, The 

Netherlands). 
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2.2 S9 subcellular fraction incubations 

GSH-mediated metabolism of the dimethyl-OPOs MPO and OMO was investigated in vitro using rat 

and human liver subcellular fractions. Since this type of reaction can be catalyzed by GST, which is 

present in both microsomal and cytosolic fractions (232), S9 subcellular fractions are used for 

metabolism studies.  

Selection of solvents and reagents 

To minimize the effect of solvents and inhibitors, used in these experiments, on the determination 

of GSH-mediated metabolic rates, chemicals were carefully selected. Clarke et al. (231) suggested 

that ethanol resulted in the least interference with GST mediated metabolism compared to other 

solvents. Therefore, ethanol was used as a solvent for stock solutions of the OPOs investigated. 

Next, EDTA, an ion chelator, was used to inhibit PON1 and CYP mediated metabolism (233,234), as 

well as minimize oxidizing effects (e.g. lipid peroxidation) during longer (optimization) incubations 

(235). The presence of EDTA or availability of metal ions was reported to have no effect on the GST 

dependent metabolism (95). The CYP cofactor nicotinamide adenine dinucleotide phosphate 

(NADPH) was also intentionally left out to further minimize CYP activity. Lastly, iso-OMPA was added 

to inhibit butyrylcholinesterase (BuChE) activity (236). To investigate if iso-OMPA itself is 

metabolized by GST, and therefore interferes by competitive inhibition during incubations, 

incubations with only this compound were performed. While Iso-OMPA could not be measured 

directly using LC-MS/MS, incubations with iso-OMPA showed a minimal change in GSH concentration 

compared to controls (data not shown). Therefore, it is assumed that iso-OMPA is not significantly 

metabolized by GSTs. 

Methods S9 incubations 

Optimal incubation time and S9 protein concentration were determined by finding the linear range 

for metabolite formation and at which not more than 20% of the initial concentration was cleared. 

Final incubations were performed in glass tubes in a water bath at 37°C and a final volume of 200 

µL containing 50 µM of iso-OMPA, 1 mM of EDTA, 5 mM of GSH, 0.5 mg/mL S9 protein and 0, 1, 2, 

5, 10, 20, 50, 100 and 200 µM of the methyl paraoxon or omethoate. The incubation was performed 

in Tris-HCl buffer (50mM; pH 7.4) with a final concentration of 1% ethanol, being the solvent of the 

OPO stocks. In control samples, GSH or S9 was replaced with Tris HCl buffer. After pre-incubating 

for 1 minute, the reaction was started by the addition of the optimized amount (5 µL of 20 mg/mL) 

of S9 protein. After the optimized amount of time had passed, reactions were stopped by 

precipitating protein using 400 µL of ice-cold ACN. Samples were centrifuged at 4000 g for 20 

minutes at 4°C, after which the supernatant was poured over in glass vials and left at room 

temperature for 20 minutes. Next, the samples were vortexed and transferred to LC-MS vials for 

measurement.  

 

2.3 GSH incubations 

If an organophosphate was found to be metabolized in the presence of GSH, but did not require S9 

protein, it was assumed to be a chemical reaction. Chemical incubations with only GSH and the 

compound of interest were performed in glass reaction tubes in a water bath at 37°C and a final 

61

Glutathione-mediated metabolism of organophosphate pesticides

4



volume of 1200 µL containing 5mM of GSH and 0, 1, 2, 5, 10, 20, 50, 100 and 200 µM of the 

compound of interest. The incubation was performed in Tris-HCl buffer (50mM; pH 7.4) with a final 

ethanol concentration of 1%, being the solvent of the pesticide stocks. After pre-incubating for 1 

minute, the reaction was started by the addition of the compound of interest. The mixture was 

incubated for 2 hours to ensure that the concentration of the formed product was high enough to 

be measured on LC-MS/MS. Reactions were stopped by transferring the incubation mixture to LC-

MS vials. These vials were prepared the prior day by adding 0.8 mL of milliQ water to LC-MS vials 

before adding the LC-MS inserts. Next, the vials with empty inserts were capped and frozen 

overnight at -20°C. During the experiments the ice cooled LC-MS vials were transferred to a 

container with ice when needed. When samples were taken from the reaction mixtures the reaction 

was stopped by transferring the sample to the ice-cold LC-MS vials. Samples were measured on LC-

MS/MS with the autosampler set to 4°C. 

 

2.4 Chemical generation of desmethyl-OPOs 

For verification and optimization of the LC-MS/MS methods for the dealkylated forms of the OPOs, 

the alkaline hydrolysis method of Plapp & Casida (237) was used to generate desmethyl OPOs in a 

clean sample, containing a high amount of expected metabolites/reaction products. In short, the 

OPO of interest was dissolved in 1, 2 or 4 molar equivalents of potassium hydroxide in ethanol. The 

mixture was incubated at around 28°C until the solvent was evaporated. The residue was 

redissolved in water as much as possible and the supernatant was taken for optimization/verification 

of the LC-MS/MS method for detecting desmethyl OPOs. This reaction produces desmethyl OPOs as 

well as cleaved rest groups (237–239).  

 

2.5 Chemical analysis 

Organophosphate pesticides and their metabolites were detected using a Shimadzu LC-MS/MS 8040 

system using a Shim-pack Velox Biphenyl column (2.1 x 100 mm, 2.7 μm), a Shim-pack Velox - 

guard column holder and a Shim-pack Velox Biphenyl guard column. The flow was set to 0.4 ml/min 

with the column oven at 35°C and the autosampler at 4°C. Nebulizing and drying gas flows were 3 

L/min and 10 L/min, respectively. Mobile phase A and B consisted of water and methanol, 

respectively, both containing 2 mM of ammonium formate as well as 0.002% formic acid. The 

gradient method for mobile phase A started at 97%, and between t=0 and t=1 min it was decreased 

to 90%. Mobile phase A further decreased to 45% at between t=1 and t=3 min, and to 0% between 

t=3 and t=6 min. Mobile phase A was kept at 0% between t=6 and t=12 min, and from t=12 to 

the end of the method (t=16 min), it was increased to 97%. Detection on the LC-MS/MS was done 

according to the settings shown in table 1. 

Lacking the reference compounds for the de-alkylated organophosphates, it was not possible to 

directly quantify these metabolites. Due to the small changes in structure, it was assumed that the 

metabolites had similar sensitivity to the parent compounds, which were used to quantify the 

metabolites. A similar approach was used by Abass et al. (240). 
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2.6 PBK model 

The model of Moerenhout et al. (209) was used, since it is able to simulate kinetics upon oral and 

intravenous exposures of various organophosphate pesticides in rats and humans. This model (see 

figure 2) consists of a compartmental absorption model for oral exposures and three 

subcompartments representing the body for OTP, OPO and urinary metabolite distribution. In this 

case, the urinary metabolite is the cleaved ring structure (see figure 1). All CYP450 and PON1 

metabolic reactions shown in figure 1 are included. The model was further adapted to include GSH-

mediated metabolism for OPOs in liver (see figure 2) as well. The GSH mediated human and rat 

clearance rates, determined experimentally in this study, were scaled based on mg S9 protein per 

gram of liver. Incubations were performed at GSH levels assumed to be present in the liver (5mM; 

ranging from 3.6 to 8.57 (242–247)). Therefore, no scaling for GSH concentrations was deemed 

necessary. For the simulations of FNO, the GSH-mediated clearance rates of MPO were used since 

these compounds are very similar and differ only by one methyl group in the ring structure of the 

compounds and is therefore expected to minimally affect demethylation in the phosphate part of 

the molecule. 

Table 1: Detection of organophosphate-oxons methyl-paraoxon (MPO) and omethoate (OMO), and their 

desmethyl (dm) metabolites, glutathione-S-methyl (GS-methyl) and reduced glutathione (GSH).  

 MW Polarity MRM Q1 CE Q3 RT (min) LOD (μM) 

Methyl paraoxon 247.14 + 
248.00>202.00 
248.00>109.00 

-15 
-26 

-35 
-35 

-15 
-15 

6.45 0.2 

dmMPO 
233.01 
 

- 
232.00>138.00 
232.00>108.05 
232.00>92.05 

16 
16 
16 

17 
34 
46 

11 
16 
30 

4.46 
Assumed 
same as 
MPO 

4NP 139.11 - 
138.10>108.00 
138.10>92.05 
138.10>46.00 

15 
15 
16 

21 
23 
37 

16 
17 
13 

5.56 <0.1 

Omethoate 213.19 + 
231.10>214.05 
231.10>124.95 
231.10>182.95 

-26 
-27 
-12 

-7 
-27 
-15 

-10 
-13 
-21 

0.49 <0.1 

dmOMO* 199.1 - 
197.90>103.90 
197.90>166.90 
197.90>72.90 

24 
18 
40 

  
0.77 

Assumed 
same as 
OMO 

GSH 307.32 + 
307.95>76.10 
307.95>179.10 

-14 
-14 

-29 
-11 

-29 
-12 

0.67 0.1 

GS-methyl 321.35 + 
322.00>76.10 
322.00>179.10 
322.00>84.00 

-35 
-35 
-35 

  
0.82 0.1 

*Detection settings for dmOMO were taken from EU reference laboratories (241). 

If demethylation occurred in presence of GSH, but not dependent on S9 protein fraction, it was 

considered a chemical reaction. In that case, the reaction was scaled to total body water, assuming 

most tissues contain high concentrations of GSH (see SI table S2). For both chemical and S9-

dependent reactions, it was assumed that only the unbound fraction is able to participate in GSH 

mediated reactions. The evaluation of the PBK model was performed in the same way as for the 

initial model (209). In short, the predicted blood concentration-time profiles were qualitatively 

evaluated based on the shape of the curve and quantitatively based on the fold difference between 

predicted and in vivo observed values. Predicted concentrations up to a 5-fold difference from 

observed concentrations were considered adequate for a generic PBK model (209) as this one. Since 

no human in vivo blood concentration-time profiles were available, Cmax values were compared 

between simulations with and without GSH-mediated metabolism for a range of exposures. 
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Figure 2: Schematic representation of the PBK model structure. Compounds are absorbed in the small intestine 

(bottom) and subsequently enter the liver of either the OTP or OPO submodel. Metabolism by CYP450 is incorporated 

in the liver compartment of both the OTP and OPO submodels. For the OPO submodel, PON1 metabolism is 

incorporated in the liver and blood compartments. Urinary excretion by glomerular filtration is incorporated in all 

submodels. Metabolism is represented by orange arrows (CYP450 and PON1) and red arrows (GSH-mediated), while 

distribution is represented by blue arrows. GER is the gastric emptying rate, kt‐SI is the transit rate in the small 

intestine, ka is the absorption rate constant, and kt‐col is the transit time from the colon to feces. Figure adjusted 

from Moerenhout et al. (209). 

 

2.7 Data analysis 

LabSolutions (version 5.114) was used to process LC-MS/MS data. Microsoft Excel and GraphPad 

Prism (version 5.04) were used to process and visualize incubation data, respectively. The R 

programming language (version 4.4.2) and R studio (version 2024.09.1 build 394) were used to 

implement the PBK model. RxODE2 was used to run the PBK model. Tidyverse and dplyr were used 

for data handling and the Readxl and xlsx packages were used to read and write Excel files for input 

and output, respectively. For statistics, mean and standard deviation (SD) were used. 
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3. Results 

3.1 Formation of desmethylated organophosphates 

Both MPO and OMO were incubated with and without GSH and S9 fractions to investigate GSH-

mediated metabolism of these pesticides. DmMPO formation was found to be dependent on both S9 

and GSH, suggesting the reaction is enzymatic. The rate of dmMPO formation was quantified for 

rats and humans and the reaction was not saturated at the concentrations tested (see figure 3a). 

A 4-fold difference was observed in formation rate of dmMPO between the two species (0.237 vs 

0.059 nmol/min/mg S9 protein/μM MPO for rat and human, respectively). To determine the storage 

stability of dmMPO, dmMPO was measured in the same samples, stored at 5°C for 3 days in a row. 

No significant change in concentration was observed, suggesting the metabolite to be stable for at 

least 3 days at that temperature (data not shown). 

DmOMO formation was found to be dependent on GSH, but not on presence of the S9 fraction 

(figure 3b). This suggests that the formation of dmOMO is a chemical reaction and not mediated by 

enzymes. The rate of dmOMO formation was 0.0133 nmol/min/μM OMO in the presence of 5 mM of 

GSH. It is assumed that tissue GSH levels are similar in rat and human and therefore the rate of 

demethylation is considered same in both species. The stability of dmOMO could not be assessed 

since samples containing dmOMO always contained GSH as well. 

 

Figure 3: MPO and OMO GSH-mediated demethylation rates derived from incubations with rat and human 

liver S9 fractions, and GSH. MPO demethylation (A) was dependent on both GSH and S9 fraction, while OMO 

demethylation (B) was only dependent on GSH and independent of S9 protein fraction. Fitted lines were forced 

through the origin. Datapoints represent the mean ± SD of 3 and 2 replicates for MPO and OMO respectively. 

Table 2: Formation of dmMPO in MPO-liver S9 incubations and formation of dmOMO in OMO-GSH chemical 

reactions. Data for dmMPO and dmOMO formation represents the mean ± SD and consist of 3 and 2 replicates 

respectively. For scaling the formation rate per S9 protein to a gram of liver, the species specific scalars (248–250) 

for microsomal protein and cytosolic protein were added together, resulting in the values 112.7 and 122 mg S9 

protein/gram of liver for rats and humans respectively.  

Pesticide 

Reaction 

type 

Rat Human Units 

MPO > dmMPO Enzymatic 
0.2369 ± 0.0010 
1.602 ± 0.0068 

0.0591 ± 0.0049 
0.4326 ± 0.0359 

nmol/min/mg S9 protein/μM MPO 
L/hour/gram liver 

OMO > dmOMO Chemical 
0.01334 ± 0.0002 
0.8004 ± 0.012 

nmol/min/L/μM OMO 
mL/hour 
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3.2 Evaluation of adapted PBK model 

To investigate the effect of GSH-mediated metabolism on PBK model predictions and accuracy, GSH-

mediated clearance of OPOs was incorporated in a previously published PBK model for 

organophosphate pesticides (209). The organophosphate pesticides methyl-parathion, fenitrothion 

and dimethoate were used to evaluate this addition, by comparing model outputs with and without 

GSH-mediated metabolism to in vivo experimental data. Given the similar molecular structure of 

FNO and MPO, where the metabolites differ only by one methyl group, it was assumed that 

glutathione mediated clearance of FNO is the same as measured for MPO. 

 

Figure 4: Simulated and in vivo rat blood concentration-time plots and observed vs predicted plots for 

methyl-parathion (MPT) and fenitrothion (FNT) exposures. Improvements of PBK model predictions of blood 

concentrations in rats by incorporation of GSH mediated metabolism for methyl paraoxon (MPO; A, D) and fenitro-

oxon (FNO; via read across; B, C, E) in the PBK model are shown. Solid, dashed and dotted lines represent 1-, 2- 

and 5-fold difference (D, E). Light green and red shapes are intravenous and oral exposures, respectively, simulated 

with GSH-mediated clearance included, while dark shapes and purple lines are simulated without GSH-mediated 

clearance. In vivo data was taken from the study of Miyamoto as well as the study of Becker & Nakatsugawa. 

(251,252). 

For both methyl-paraoxon and fenitro-oxon predictions of blood concentrations in rats improved by 

incorporating GSH mediated metabolism (see figure 4 and SI figures S1-S3). For both chemicals, 

blood concentrations were poorly simulated, with in vivo experimental blood concentrations more 
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than 10-fold lower than simulated when GSH-mediated metabolism was not incorporated. For 

methyl-paraoxon, only IV exposure data was available (252), which were predicted within a 2-fold 

difference of in vivo observed blood concentrations when GSH metabolism was included. For fenitro-

oxon, data for both IV and oral exposures were available. Here, IV exposures were predicted with 

about a 5-fold difference, while oral data was predicted with about a 2-fold difference when GSH 

metabolism was included.  

For humans, no in vivo data was available to validate the simulations. That said, without GSH-

mediated metabolism, methyl-paraoxon and fenitro-oxon were cleared slowly. Inclusion of GSH-

mediated metabolism significantly changed the blood concentration-time profile of these 

metabolites. For methyl-paraoxon and fenitro-oxon, Cmax values were 15.5- and 11.9-fold lower 

when GSH was included for the tested doses (0.01, 0.1 and 1 mg/kg body weight) of the respective 

parent compounds (figure 5). 

 

Figure 5: Simulated human blood concentrations-time profiles of methyl-paraoxon and fenitrothion after 

oral exposures. Methyl-paraoxon (MPO; A) and fenitro-oxon (FNO; B) after oral exposures (three dosages) of parent 

compounds methyl-parathion (MPT) and fenitrothion (FNT) in humans, with (red) and without (purple) GSH-mediated 

metabolism. No in vivo data was available to validate these simulations. 

For OMO, oral and IV exposure data in rats was available from the study of Nallani et al. (79). 

Without GSH-mediated metabolism omethoate blood concentrations in rats were overpredicted with 

a 5-fold difference compared to in vivo observed concentrations. However, this did not change when 

implementing GSH mediated metabolism for OMO, as the chemical demethylation of OMO minimally 

affects the overall plasma concentration-time profile in rats. Therefore the data was not shown. 

 

4. Discussion 

GSH-mediated reactions, are often overlooked in in vitro clearance studies, while essential for 

understanding kinetic and internal exposure profiles, as well as risk assessment using animal-data 

free testing methods. The investigations performed here have confirmed that dimethyl 

organophosphates can be metabolized by GSH-mediated reactions and quantified GSH-mediated 

reaction kinetics for the organophosphates methyl-paraoxon and omethoate.  
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For methyl-paraoxon, it was found that GSH-mediated demethylation was enzymatic and the 

formation rate of the demethylated metabolites was 4-fold higher in rats compared to humans 

(0.237 vs 0.059 nmol/min/mg S9 protein/μM for rat and human, respectively). Meanwhile, GSH-

metabolism of omethoate was found to be nonenzymatic and was therefore expected to be the 

same for rat and human (0.01334 nmol/min/L/μM OMO). When implementing these reactions in 

the rat PBK model, predicted blood concentrations of omethoate did not change, however, 

predictions for methyl-paraoxon improved from over 10-fold (i.e. without GSH-mediated 

metabolism) to less than 2-fold difference when compared to in vivo rat experimental data. 

Furthermore, when GSH-mediated clearance data from methyl-paraoxon was used for read-across 

modelling of fenitro-oxon, oral exposure simulations in rats improved to a similar degree as for 

methyl-paraoxon, while intravenous exposures improved from 15- to 20-fold to about 5-fold 

difference when compared to in vivo experimental data. In human model simulations, simulated 

Cmax values in blood in the dose range of 0.01-1 mg/kg body weight changed by 12- to 16-fold when 

GSH-mediated metabolism was implemented. These data show the importance taking into account 

GSH-mediated metabolism in risk assessment of organophosphate pesticides, since it exposes 

differences between human and rat metabolism. While the species difference for the GSH-mediated 

reaction is only 4-fold, other metabolic reactions in the liver and plasma for organophosphates 

showed significant differences as well (209).  

In risk assessment an uncertainty factor of 10 is often used to translate rodent toxicity data to the 

human situation. In turn, this uncertainty factor is built up of uncertainty factors of 4 and 2.5 for 

species differences in kinetic and dynamic processes, respectively (99). Since only the GSH-

mediated metabolic reaction already shows a 4-fold difference between rat and humans, while 

CYP450 and PON1 mediated reactions were also shown to be of a higher rate in rats, this raises the 

question if the standard uncertainty factors for species differences are enough for safely translating 

rat toxicity data to humans for dimethyl organophosphate pesticides. 

 

4.1 Potential eƯects on dimethyl organophosphate toxicity 

The findings in this paper raise some questions about the toxicity of dimethyl organophosphate 

pesticides. Specifically the effect of GSH on irreversible binding mechanism (also known as ‘aging’) 

of dimethyl organophosphates to AChE as well as effects of chronic exposure on GSH levels. 

Organophosphates (oxons) normally bind covalently to a serine residue in the catalytic center of 

various esterases (AChE, butyrylcholinesterase, carboxylesteras) (13,14). This bond is manifested 

by releasing the rest group of the organophosphate molecule (the non-methyl or non-ethyl group, 

usually a ring structure). While this inhibits the enzyme, the phosphate-enzyme bond can still be 

hydrolyzed, freeing and reactivating the enzyme (15,16). However, it is also possible that one of 

the methyl or ethyl groups is hydrolyzed instead. If this happens, the enzyme is permanently 

inactivated, also known as ‘aged’ (17–19). While demethylated organophosphates on their own are 

expected to be significantly less toxic (253), the interaction of the esterase-bound 

dimethylphosphate group with GSH could potentially affect the reversibility of dimethylphosphate-

esterase binding. Since GSH is able to react with the methyl groups of dimethyl (organo)phosphates 

by itself, it might also induce further aging of the (organo)phosphate-enzyme complex by reacting 
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with one of the methyl groups of the dimethylphosphate-enzyme complex. Since inhibition kinetics 

experiments are often performed with isolated or pure enzyme, GSH that is normally present in the 

blood is not, or minimally, present in these kinetics experiments. Therefore, the effect of GSH on 

aging has never been appropriately investigated. More research needed to reveal if GSH has an 

effect on aging kinetics of dimethyl organophosphate pesticides. 

Besides inhibition of AChE, interaction of dimethyl organophosphate pesticides, like omethoate, with 

GSH raises concern regarding the possibility of lowering GSH concentrations during chronic 

exposure. Direct and GST-mediated reactions with GSH suggests dimethyl organophosphate 

pesticides are able to lower cellular GSH levels and therefore their anti-oxidant status. It needs to 

be stressed here that (especially chronic) exposure to mixtures of pesticides and other compounds 

that influence GSH levels, may lower GSH concentrations and anti-oxidant status, for longer periods 

of time. If the body is not able to counter this, the affected tissue becomes more vulnerable to other 

sources of oxidative stress, like inflammation, metabolism, UV exposure etc., potentially resulting 

in tissue and DNA damage in the long term.  

 

4.2 Conclusion 

Dimethyl organophosphates methyl-paraoxon and omethoate were shown to undergo GSH-

mediated metabolism, in the form of enzymatic or chemical (nonenzymatic) reactions, respectively. 

Other dimethyl-organophosphate are expected to undergo GSH-mediated metabolism as well. When 

implementing GSH-mediated metabolism in a rat PBK model significantly improved simulations of 

in vivo kinetics for methyl-paraoxon and fenitrothion (read-across) for rats. Predictions for 

omethoate, which reacted only nonenzymatically with GSH, did not change. The interactions of 

dimethyl organophosphate pesticides with GSH raise concerns about its influence on irreversible 

binding as well as the long term exposure effects on the anti-oxidant status, which could be of 

importance in future risk assessments of dimethyl-organophosphate pesticides. 
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Supporting information 

Since the model code was almost identical to the model developed in chapter 2 (code can be found 

here: https://doi.org/10.1021/acs.est.4c06534). Only the parts that were added to include 

glutathione-mediated metabolism are shown below: 

1. In the metabolism scaling part, the following lines of code were added: 

    OPOVmax4  <- OPOVmax4c / 1000 * 60 * (MPL+CPL) * 1000 * VLi; # umol/h/mg S9 protein * 

mg S9 protein = umol/h 

    # OPOVmax4  <- OPOVmax4c / 1000 * 0.75*BW; #used for chemical degradation of OMO in 

rat, assuming 75% body water 

 

 

2. In the liver metabolism part the following line was added: 

    AMR6    <- (OPOVmax4 * fupOPO*CVLiOPO*BPROPO) # Amount metabolized from OPO to OPM 

in liver S9 by GST 

 

3. In the differential equations for the liver, the bold code was added: 

    if(TOP == 1 ){ 

      d/dt(ALiTOP) <- (ka*Ain1 + ka*Ain2 + ka*Ain3 + ka*Ain4 + ka*Ain5 +  

                         ka*Ain6 + ka*Ain7) + QLi * (CBlTOP - CVLiTOP) - AMR1 - AMR2; 

      d/dt(ALiOPO) <- QLi * (CBlOPO - CVLiOPO) + AMR1 + AMR3 - AMR4 - AMR6; 

      d/dt(ALiOPM) <- QLi * (CBlOPM - CVLiOPM) + AMR2 + AMR3 + AMR4 + AMR6; 

    }else{ 

      d/dt(ALiTOP) <- QLi * (CBlTOP - CVLiTOP) - AMR1 - AMR2; 

      d/dt(ALiOPO) <- (ka*Ain1 + ka*Ain2 + ka*Ain3 + ka*Ain4 + ka*Ain5 +  

                        ka*Ain6 + ka*Ain7) + QLi * (CBlOPO - CVLiOPO) + AMR1 - AMR3 - AMR4 - AMR6; 

      d/dt(ALiOPM) <- QLi * (CBlOPM - CVLiOPM) + AMR2 + AMR3 + AMR4 + AMR6; 

    } 
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Supporting Ʊgures: Comparison of in vivo observed and in silico predicted blood 
concentrations 

 

Figure S1: Predictions of rat blood concentrations of methyl paraoxon after exposure to methyl parathion with (blue 

solid line) and without (purple solid line) GSH mediated metabolism. The dashed line shows the free, unbound 

concentration. In vivo observed blood concentrations in rats form the methyl parathion exposure study of Miyamoto 

(252) (blue dots). 

 

Figure S2: Predictions of rat blood concentrations of fenitro-oxon after exposure to fenitrothion with (blue solid line) 

and without (purple solid line) GSH mediated metabolism. The dashed line shows the free, unbound concentration. 

In vivo observed blood concentrations in rats form the fenitrothion exposure study of Miyamoto (252) (blue dots). 
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Figure S3: Predictions of rat blood concentrations of fenitro-oxon after exposure to fenitrothion with (blue solid line) 

and without (purple solid line) GSH mediated metabolism. The dashed line shows the free, unbound concentration. 

In vivo observed blood concentrations in rats form the fenitrothion exposure study of Becker & Nakatsugawa (251) 

(red dots).  
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Abstract 

Organophosphate pesticides are able to inhibit the enzyme acetylcholinesterase (AChE) potentially 

resulting in neurotoxic effects. Due to their common use in agricultural practice, the general public 

is mainly exposed to these compounds via their diet. Traditional risk assessment determines safe 

dose levels for humans based on animal experiments. Recently, ethical concerns and concerns about 

species differences have been raised stimulating research into animal-free methods supporting risk 

assessment. Here, an animal free approach to predict a safe point of departure determination is 

used for oral exposure to eight organophosphate pesticides in rat and human. Concentration effect 

data for these eight OP pesticides was derived from AChE inhibition assays. A physiologically based 

kinetic (PBK) model was used for quantitative in vitro to in vivo extrapolation (QIVIVE) of 

concentration-effect in vitro data to predicted human dose-effects. This data was used to determine 

BMDL10 values by using benchmark dose modelling. Predicted BMDL10 values were compared to 

reported in vivo points of departure. Points of departure for nearly all investigated organophosphate 

pesticides were predicted to be within 4-fold from reported LOAEL values and higher than reported 

NOAEL values. The use of PBK modelling in combination with in vitro toxicity assays was shown to 

be a viable strategy for organophosphate point of departure derivation for AChE inhibition endpoints 

in an animal free manner. 

  

76

Chapter 5



1. Introduction 

Organophopshate compounds have been used as pesticides since the late 1940s (254) and are still 

in use today (3). Multiple types of organophosphate pesticides can be grouped in two classes: 

organophosphate-oxons and organothiophosphates. Organophosphate-oxon compounds, 

containing a P=O bond, are effective inhibitors of acetylcholinesterase (AChE) and therefore highly 

toxic (13,14). On the other hand, organothiophosphates, containing a P=S bond, are usually not 

very toxic by themselves, but can be bioactivated to organophosphate-oxon compounds (76–81). 

organothiophosphates s and organophosphate-oxons can be further subdivided into di-methyl- and 

di-ethyl-organophosphates, which have two methyl or two ethyl groups attached to the central 

phosphate moiety respectively. While only a few organophosphate pesticides are still used in Europe, 

many organophosphate pesticides are still used in large volumes in other parts of the world (3). 

Risk assessment of organophosphate pesticides and other chemicals has traditionally relied on data 

from animal experiments. These experiments are considered cruel, unsustainable and an inefficient 

way of performing risk assessments for the large number of chemicals to which humans are 

potentially exposed. Besides this, it is possible that substantial differences in toxicity exist between 

rats and humans, further incentivizing the search for alternatives to animal testing (103). Recently, 

there has been a push towards replacement, reduction and refinement of animal experiments 

(104,105,105–107,255). Next generation risk assessment aims to reduce the reliance on toxicity 

tests with animals and integrate data from a battery of in vitro assays and in silico tools. This 

approach aims to translate estimated bioactive concentrations from in vitro assays to bioequivalent 

in vivo exposures (105–107). Translating in vitro data to the in vivo situation is called quantitative 

in vitro to in vivo extrapolation (QIVIVE), which can be performed using physiologically based kinetic 

(PBK) models. PBK models are computational tools that describe the body and compound kinetics 

using mathematical equations, enabling prediction of internal concentrations of a compound after 

exposure (108,256). In QIVIVE, in vitro concentration-effect data is translated to in vivo dose-effect 

data, by predicting what external dose is needed to reach internal concentrations at the levels used 

in the in vitro experiments. 

According to next generation risk assessment principles, this manuscript describes an approach for 

deriving points of departure of eight organophosphate pesticides, without relying on animal 

experiments. In this approach, a previously published physiologically based kinetic model (257) will 

be used to translate in vitro determined AChE concentration-inhibition curves to in vivo dose 

response curves for eight organophosphate pesticides. These dose response curves, in turn, will be 

used to predict a point of departure (POD) using benchmark dose modelling (BMD) and compared 

to reported in vivo points of departure. 

 

2. Materials and methods 

2.1 Chemicals 

Chlorpyrifos, diazinon, diazinon-oxon, methyl-parathion, methyl-paraoxon, ethyl-parathion, ethyl 

paraoxon, dimethoate, omethoate, chlorfenvinphos, profenofos, 5,5’-dithiobis (2-nitrobenzoic acid) 
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(DTNB; >98%), acetylthiocholine iodide (ATC; >98%), ethopropazine hydrocholoride (>98%) and 

Triton X-100 reduced (>99%) were ordered at Merck Life Sciences N.V.  (Amsterdam, the 

Netherlands). Chlorpyrifos-oxon, was ordered from LGC standards (Teddington, United Kingdom). 

Bovine serum albumin (BSA) and recombinant human AChE (rhAChE) were ordered from Sigma 

Aldrich (St. Louis, USA). Pooled Sprague Dawley rat whole blood with K2EDTA (assumed 5 mM) as 

anti-coagulant was ordered from Innovative Research (Novi, USA). Human whole blood was donated 

by human volunteers (2 female, 1 male) and was drawn by a professional. 

 

2.2 AChE isolation 

Isolation of AChE from rat whole blood was performed based on the protocols by Zhao et al. and 

Meek et al. (130,157). Two milliliters of rat whole blood was centrifuged (4°C; 3000g) for 15 minutes 

and plasma was removed. The erythrocytes were resuspended in 9 mL of phosphate buffer (20mM; 

pH 7.4) and stored at -80°C for 24 hours. Next, the cells were thawed and centrifuged (4°C; 4000 

g) for 15 minutes and supernatant was removed. The cells were washed three times using 9 mL of 

phosphate buffer (20mM; pH 7.4), centrifuging each time (4°C; 4000 g) and removing the 

supernatant. After washing three times, the pellet was resuspended in 500 uL of phosphate buffer 

(100 mM; pH 7.4) centrifuged one more time and the supernatant was aliquoted and stored at -

80°C. One aliquot of isolated rat AChE was used to determine the enzyme activity by creating a 

calibration curve using recombinant human AChE. The activity was found to be 0.4-0.6 U/mL. In 

preliminary studies, activity of the resuspended pellet was about 12-fold higher than that of the 

supernatant (1.8 vs 0.15 U/ml, respectively). However, the supernatant was used since it would 

give less interference of hemoglobin and cell debris, which could lower the free fraction of 

compound. Furthermore, the half maximal inhibitory concentrations (IC50s) for chlorpyrifos-oxon 

were very similar for supernatant and pellet: 15.29 and 17.45 nM, respectively.  

 

2.3 Whole blood AChE inhibition assay 

Whole blood AChE inhibition assay was based on the method by Ellman et al. (138), modified by 

Kasteel et al. (12) for whole blood. Pesticide stock solutions (13 different concentrations) were 

prepared in ethanol, which was found to have low influence on AChE at final concentrations (0.1%) 

(258). These were diluted 100 times in phosphate buffer (100 mM; pH 7.4), after which 10 μL was 

added to 90 μL whole blood in a 48 wells plate. For the negative and vehicle controls, 10 μL of 

phosphate buffer and 1% ethanol in phosphate buffer was added instead, respectively. The plate 

was incubated on a shaker (room temperature, 600 rpm) for 30 minutes, after which 50uL of each 

of the incubation mixtures was added to 950 μL of 0.3% triton-X solution and mixed well. Triton-X 

was found to have minimal effects on AChE but an inhibitory effect on BuChE (10,259). In a new 

48-wells plate, 460uL of DTNB solution (1.3 mM), 20 μL of ethopropazine solution (3 mM), a specific 

BuChE inhibitor (260), and 20 μL of the triton-X diluted blood-pesticide mixtures were added to 

each well, except for the blanks, to which only 480 μL of DTNB solution (1.3 mM) and 20 μL 

ethopropazine was (3 mM) added. The plate was incubated on a shaker (room temperature; 600 

rpm) for 20 minutes, after which 100 μL of ATC solution (6 mM) was added to each well except for 

the blanks, to which 100 μL of phosphate buffer (100 mM; pH 7.4) was added. Immediately after, 
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the absorbance was measured every 2 minutes for 1 hour at 436 nm (to minimize absorption from 

hemoglobin at 412 nm (259)) with a final volume of 600 μL/well. For each compound the assay was 

performed three times with three technical replicates per plate. Preliminary experiments showed 

that a prolonged incubation time did not change the inhibition curve. Using this protocol, the 

uninhibited AChE activity ranges of human and rat whole blood experiments were 3-4 U/ml and 0.5-

0.6 U/ml, respectively. 

 

2.4 AChE enzyme inhibition assay 

Recombinant human/isolated rat AChE inhibition assay was based on the method by Ellman et al. 

(138) modified by Zhao et al. (157). Pesticide stock solutions (10 different concentrations) were 

prepared in ethanol and were diluted 100 times using buffer A (phosphate buffer 100 mM at pH 7.4 

containing 0.1 mg/mL BSA). In case of the negative and positive controls, 5 μL of the solvent and 

chlorpyrifos-oxon solution were used instead of the pesticide stock solutions, respectively. In a 96 

wells plate, 40 μL of buffer A and 5 μL of the pesticide working solutions were added to each well. 

For the negative and positive controls, 5uL of the respective 2% ethanol and 100 μM chlorpyrifos-

oxon (prepared in buffer B) were added instead. Next, 5 μL of enzyme solution was added to each 

well, after which the plate was incubated on a shaker (room temperature; 600 rpm) for 15 minutes. 

After incubation, 150 μL of a solution containing 0.4 mM ATC and 0.05 mM DTNB  in buffer A was 

added to each well and absorbance was measured every minute for 20 minutes at 412nm at room 

temperature. For the quantification of background signal, the same incubations were performed, 

but instead of enzyme solution, phosphate buffer (100 mM; pH 7.4) containing 1 mg/mL BSA was 

added. For each compound the assay was performed three times with three technical replicates per 

assay. Using this protocol, the activity ranges of uninhibited human recombinant and rat isolated 

AChE were 0.6-0.8 U/ml and 0.4-0.6 U/ml, respectively. 

 

2.5 Fraction unbound estimation 

The fraction unbound of organophosphate-oxons was estimated by comparing the IC50s for AChE 

inhibition in whole blood and in recombinant human/isolated rat enzyme, assuming an unbound 

fraction of 1 in the enzyme-based AChE inhibition assays. This method assumes that the difference 

in IC50 between these assays is solely due to nonspecific binding of the organophosphate pesticides 

to different components of the blood, which are considered absent in the enzyme-based AChE 

inhibition assay. 끫뢦ݑ௕ = ூ஼50−೐೙೥೤೘೐ூ஼50−್೗೚೚೏       (1)                                    끫뢦ݑ௣ = ௙௨್×஻௉ோ1 − ு௖௧        (2) 
Since BPR values are unavailable for the pesticides under investigation, the BPR was assumed to be 

1, since all compounds of concern in this study are neutral compounds (261). The estimated fup 

were not used in the physiologically based kinetic model, since the model was not validated using 

these values. 
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2.6 Quantitative in vitro to in vivo extrapolation and BMD modelling 

A previously published physiologically based kinetic model was used to predict internal 

concentrations for eight organophosphate pesticides. QIVIVE was performed for a 0.25 kg rat and 

a 70 kg human. The parameters used are stated in a previously published study on the development 

of the physiologically based kinetic model of Moerenhout et al. (209,257). It is assumed that 

desalkylated organophosphates do not sufficiently inhibit AChE as long as the molecule does not 

contain an amine group (253), and that di-methyl- or di-ethyl-phosphates (without the rest group) 

do not sufficiently inhibit AChE with respect to organophosphate-oxons (262). Absorption rate 

constants (kas) for organophosphate pesticides in humans were calculated using the same method 

as was used for rats by Moerenhout et al. (209). In short, kas were scaled based on the kas of 0.1 

and 0.6 for chlorpyrifos, which were found when fitting the ka (209) to data from Timchalk et al. 

(131) and Nolan et al. (175) in humans (see SI Absorption rate constant calculation). Since 

blood AChE inhibition is considered an adequate surrogate endpoint for neuronal AChE inhibition 

(263,264), blood AChE inhibition is used to predict the point of departure. Therefore, the Cmax in 

blood and the Cmax of the free unbound fraction in blood of the physiologically based kinetic model 

predictions was used to translate concentrations in the in vitro determined concentration-inhibition 

curves to the associated dose for the whole blood AChE and recombinant human/isolated rat enzyme 

experiments respectively. The predicted dose-inhibition curve was used for BMD modelling using 

the online tool provided by the Dutch National Institute for Public Health and the Environment 

(RIVM; https://proastweb.rivm.nl/, version 71.1). The benchmark response (BMR) was set to 10% 

with a lower 95% confidence limit. Continuous model fitting was used to get a weighted average 

model fit. 

 

2.7 Data analysis 

GraphPad Prism (version 5.04) was used to derive concentration-inhibition curve and the IC50 using 

the ‘log(inhibitor) vs. response -- Variable slope (four parameters)’ model. R (version 4.4.2), Rstudio 

(version 2024.09.1 build 394) and the RxODE2 package (version 4.02) were used to run the 

physiologically based kinetic model for QIVIVE. 

 

3. Results 

3.1 AChE inhibition assays 

Figure 1 and table 1 show that organophosphate-oxons were stronger inhibitors of AChE 

compared to their parent (organothiophosphate) compounds in experiments using rat and human 

whole blood and isolated rat and recombinant human enzyme. Furthermore, recombinant human 

and isolated rat AChE were more strongly inhibited compared to AChE in whole blood. An exception 

is omethoate, where inhibition of AChE in blood was stronger than isolated rat and recombinant 

human AChE (8.9 vs 16.7 and 19.7 vs 34.7 μM, respectively). Profenofos and fenitrothion were not 

able to fully inhibit AChE activity in both rat and human blood. Furthermore, species differences 

were observed for omethoate and methyl-paraoxon, which fully inhibited AChE activity at high 
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concentrations in rat blood, but not in human blood. Other species differences were found where 

humans were 10-fold more sensitive to than rats to AChE inhibition by ethyl-paraoxon in whole 

blood, but not when using recombinant human and isolated rat enzyme. Furthermore, differences 

in enzyme incubations, but not whole blood incubations were observed. Compared to humans, rats 

were five  and eight times more sensitive to AChE inhibition by methyl parathion and fenitrothion, 

respectively. In turn, humans were four times more sensitive to AChE inhibition by profenofos 

compared to rats. All other compounds generally differed not more than 2- and 5-fold in enzyme 

and blood IC50s respectively. Overall, IC50 values determined in this study were not more than 2-

fold different from those reported in literature, except for ethyl-paraoxon in rats, which was at most 

three times lower (see SI table S1). 

 

Figure 1:  AChE inhibition of human and rat whole blood and recombinant human/isolated rat enzyme by 

organophosphate pesticides. AChE inhibition of rat and human whole blood are shown in panel A and B, 

respectively. Inhibition of isolated rat and human recombinant AChE are shown in panel C and D, respectively. AChE 

was inhibited by methyl-parathion (MPT), omethoate (OMO), ethyl-parathion (EPT), diazinon (DZN), fenitrothion 

(FNT), chlorpyrifos (CPF), chlorfenvinphos (CVP), profenofos (PFS), fenitro-oxon (FNO), methyl-paraoxon (MPO), 

diazinon-oxon (DZO), chlorpyrifos-oxon (CPO) and ethyl-paraoxon (EPO). Chlorpyrifos-oxon was used as positive 

control to define 0% AChE activity. Circle (organothiophosphates) and square (organophosphate-oxons) shapes 

represent the mean ± SEM for 3 separate determinations. Human and rat blood data for fenitrothion and fenitro-

oxon were obtained from Chen et al. (152); Human blood data for diazinon from Kasteel et al. (12) and human blood 

data for diazinon-oxon were obtained from Chen et al. (265); Rat enzyme data for diazinon were obtained from Zhao 

et al. (157). All other data was measured in this study.   

81

Application of NAMs for point of departure prediction of organophosphate pesticides

5



        T
a
b

le
 
1

: 
I
C

5
0
 
v
a
lu

e
s
 
fo

r
 
h

u
m

a
n

 
a
n

d
 
r
a
t
 
w

h
o

le
 
b

lo
o

d
 
a
n

d
 
r
e
c
o

m
b

in
a
n

t
 
h

u
m

a
n

/
is

o
la

t
e
d

 
r
a
t
 
e
n

z
y
m

e
 
A

C
h

E
 
in

h
ib

it
io

n
 
b

y
 
o
r
g

a
n

o
p

h
o

s
p

h
a
t
e
 

p
e
s
t
ic

id
e
s
. 

 

P
e
s
t
ic

id
e
 /

 
m

e
t
a
b

o
li

t
e
 

R
a
t
 I

C
5

0
 (
μ

M
)
 

H
u

m
a
n

 I
C

5
0
 (
μ

M
)
 

B
lo

o
d

 
E

n
z
y
m

e
 

B
lo

o
d

 
E

n
z
y
m

e
 

C
h
lo

rp
y
ri
fo

s
 

N
I 

 
3
.8

5
2
1
 

±
 0

.2
9
6
2
 

N
I 

 
5
.3

9
7
6
 

±
 0

.2
1
7
3
 

C
h
lo

rp
y
ri
fo

s
-
o
x
o
n
 

0
.6

7
6
7
 

±
 0

.1
4
7
2
 

0
.0

0
2
1
 

±
 0

.0
0
0
2
 

0
.2

5
5
7
 

±
 0

.0
0
9
2
 

0
.0

0
3
0
 

±
 0

.0
0
0
1
 

D
ia

z
in

o
n
*
 

>
1
0
0
0
 

 
1
3
.4

5
9
 

±
 0

.5
5
3
4
 

>
1
0
 

 
1
3
.1

5
2
 

±
 0

.7
1
5
6
 

D
ia

z
in

o
n
-
o
x
o
n
*
 

1
.5

0
1
8
 

±
 0

.0
4
7
8
 

0
.0

4
2
3
 

±
 0

.0
0
3
4
 

1
.1

9
6
4
 

±
 0

.1
8
2
0
 

0
.0

3
4
 

±
 0

.0
0
1
7
 

F
e
n
it
ro

th
io

n
*
 

4
8
9
.7

8
 

±
 8

4
.4

3
0
 

9
.1

7
0
6
 

±
 1

.0
8
3
3
 

>
1
0
0
0
 

 
7
4
.3

0
2
 

±
 1

7
.5

2
5
 

F
e
n
it
ro

-
o
x
o
n
*
 

0
.9

3
3
3
 

±
 0

.0
2
4
9
 

0
.2

0
2
7
 

±
 0

.0
4
4
3
 

0
.8

2
3
2
 

±
 0

.1
1
0
4
 

0
.3

4
1
4
 

±
 0

.0
1
0
6
 

M
e
th

y
l-

p
a
ra

th
io

n
 

N
I 

 
6
8
.5

4
9
 

±
 6

.3
3
1
9
 

>
1
0
0
0
 

 
3
3
1
.1

3
 

±
 3

7
4
.5

4
 

M
e
th

y
l-

p
a
ra

o
x
o
n
 

0
.4

4
6
7
 

±
 0

.0
3
0
6
 

0
.0

2
1
2
 

±
 0

.0
0
1
7
 

0
.1

5
3
7
 

±
 0

.0
0
8
1
 

0
.0

4
6
8
 

±
 0

.0
0
1
7
 

E
th

y
l-

p
a
ra

th
io

n
 

N
I 

 
1
8
.7

5
0
 

±
 2

.2
6
9
9
 

1
5
9
.2

2
 

±
 1

5
.0

4
0
 

3
2
.6

5
9
 

±
 2

.7
2
9
5
 

E
th

y
l-

p
a
ra

o
x
o
n
 

0
.9

3
9
0
 

±
 0

.0
3
2
6
 

0
.0

1
2
5
 

±
 0

.0
0
1
0
 

0
.0

9
5
3
 

±
 0

.0
0
3
6
 

0
.0

1
1
5
 

±
 0

.0
0
0
7
 

D
im

e
th

o
a
te

 
N

I 
 

N
I 

 
N

I 
 

N
I 

 

O
m

e
th

o
a
te

 
8
.8

6
1
4
 

±
 0

.7
8
7
8
 

1
6
.7

4
9
 

±
 2

.2
4
0
4
 

1
9
.6

7
8
 

±
 1

.7
1
9
0
 

3
4
.6

7
4
 

±
 3

.9
9
3
3
 

C
h
lo

rf
e
n
v
in

p
h
o
s
 

6
.3

9
2
9
 

±
 0

.5
6
4
2
 

0
.7

4
0
8
 

±
 0

.0
3
2
5
 

2
8
.3

7
9
 

±
 1

.5
5
5
9
 

1
.2

1
3
4
 

±
 0

.0
4
2
5
 

P
ro

fe
n
o
fo

s
 

7
5
.5

0
9
 

±
 1

3
.1

7
2
 

0
.8

0
4
6
 

±
 0

.0
4
5
5
 

9
4
.4

0
6
 

±
 1

0
.9

2
8
 

0
.2

2
5
3
 

±
 0

.0
0
8
3
 

N
I:

 N
o
 i
n
h
ib

it
io

n
 u

p
 u

n
ti
l 
1
0
0
0
 μ

M
. 

*
S
o
m

e
 o

r 
a
ll
 c

o
n
c
e
n
tr

a
ti
o
n
-
re

s
p
o
n
s
e
 d

a
ta

 o
b
ta

in
e
d
 f

ro
m

 o
th

e
r 

s
tu

d
ie

s
:
 B

lo
o
d
 d

a
ta

 f
o
r 

fe
n
it
ro

th
io

n
 a

n
d
 f

e
n
it
ro

-
o
x
o
n
 w

e
re

 

o
b
ta

in
e
d
 f

ro
m

 C
h
e
n
 e

t 
a
l.
 (

1
5
2
)
;
 H

u
m

a
n
 b

lo
o
d
 d

a
ta

 f
o
r 

d
ia

z
in

o
n
 f

ro
m

 K
a
s
te

e
l 
e
t 

a
l.
 (

1
2
)
 a

n
d
 h

u
m

a
n
 b

lo
o
d
 d

a
ta

 f
o
r 

d
ia

z
in

o
n
-
o
x
o
n
 w

e
re

 o
b
ta

in
e
d
 f

ro
m

 C
h
e
n
 e

t 

a
l.
 (

2
6
5
)
;
 R

a
t 

e
n
z
y
m

e
 d

a
ta

 f
o
r 

d
ia

z
in

o
n
 w

e
re

 o
b
ta

in
e
d
 f

ro
m

 Z
h
a
o
 e

t 
a
l.
 (

1
5
7
)
. 

D
a
ta

 i
s
 p

re
s
e
n
te

d
 a

s
 m

e
a
n
 ±

 S
E
.

82

Chapter 5



3.2 Fraction unbound in blood and plasma 

Fractions unbound in blood were estimated based on blood and enzyme IC50s, using equation 1 (see 

table 2). The fraction unbound in blood was lower in rat for chlorpyrifos-oxon, fenitro-oxon, methyl 

paraoxon and ethyl paraoxon, while omethoate, chlorfenvinphos and profenofos had a higher 

fraction unbound in rats compared to humans. This suggests differential binding to blood 

components in rats and humans. The estimated fraction unbound of diazinon-oxon was very similar 

in rat and human blood. For organothiophosphates, the data allowed only estimations of fractions 

unbound for fenitrothion in rats and ethyl-parathion in humans. The estimated fraction unbound of 

fenitrothion in rat blood was lower compared to that of its oxon, fentro-oxon (0.042 vs 0.483, 

respectively). Furthermore, the estimated fraction unbound in human blood of ethyl-parathion was 

higher compared to its oxon, ethyl-paraoxon (0.267 vs 0.456, respectively), suggesting the 

presence of alternative binding sites or increased binding affinity for ethyl-paraoxon in human blood 

(see also SI figure S1). The indication of alternative binding sites is also shown in SI figure S2, 

where ethyl-paraoxon inhibited AChE to a larger extend than the positive control (chlorpyrifos-

oxon). Estimation of the fraction unbound in blood of omethoate was higher than 1 for both rats 

and humans (1.89 and 1.76, respectively). Consequently, estimated fractions unbound in plasma 

for omethoate were even higher, surpassing the maximum value of 1. This suggests that either the 

assumption of a BPR of 1 is not correct for omethoate, or that something is else is happening to the 

compound during incubations. When comparing the estimated fup of diazinon-oxon to its in silico 

predicted values based on algorithm of Lobell & Sivarajah (119), a 5-fold difference was found for 

both humans and rats. For many other organophosphates, the in silico predicted fup was often close 

to the estimated fraction unbound of one of the two species. 

Table 2: Comparison of fraction unbound in blood (fub) and plasma (fup) estimated from human and rat 

whole blood and recombinant human/isolated rat enzyme IC50s with in silico QSPR predictions. 

Pesticide / 

metabolite 

In vitro estimated fub In vitro estimated fup In silico 

predicted fup Rat Human Rat Human 

Chlorpyrifos-oxon 0.0031 0.0115 0.007 0.026 0.051 

Diazinon-oxon 0.0281 0.0284 0.063 0.063 0.262 

Fenitrothion 0.0187 NP 0.042 NP 0.091 

Fenitro-oxon 0.2172 0.4147 0.483 0.922 0.344 

Methyl-paraoxon 0.0474 0.3043 0.105 0.676 0.453 

Ethyl-parathion NP 0.2051 NP 0.456 0.054 

Ethyl-paraoxon 0.0133 0.1202 0.030 0.267 0.28 

Omethoate 1.8902 1.7619 4.200 3.916 0.866 

Chlorfenvinphos 0.1159 0.0428 0.258 0.095 0.056 

Profenofos 0.0107 0.0024 0.024 0.005 0.023 

Unbound fraction in blood was calculated for rat and human whole blood and recombinant human/isolated rat enzyme 

IC50s. The estimated fups were derived from IC50s in blood and recombinant human/isolated rat enzyme using 

equations 1 and 2 assuming a BPR of 1 (see methods section). In silico predictions were predicted by the QSPR of 

Lobell & Sivarajah (119). NP: not possible due to missing IC50. 

 

3.3 Quantitative in vitro to in vivo extrapolation 

A previously published physiologically based kinetic model (257) was used to translate 

concentrations from in vitro AChE inhibition-concentration curves to the oral doses required to reach 
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those concentrations in vivo in blood or plasma. Next, the estimated dose-response data was used 

for BMD modeling to derive BMDL10 values as points of departure for hazard characterization (see 

SI figures S3-S17). Generally, point of departure predictions using the blood derived AChE 

inhibition curves resulted in higher predicted BMDL10 values for all compounds (table 3), except for 

chlorfenvinphos in rats and humans, and fenitrothion and methyl-parathion in humans. Predicted 

BMDL10 values were compared to in vivo determined no- and low-observable-adverse-effect levels 

(NOAEL and LOAEL), respectively.  

Predicted BMDL10 values for blood-based AChE inhibition in rats by fenitrothion, methyl-parathion, 

dimethoate, chlorfenvinphos and profenofos are all within 4-fold from in vivo LOAEL values and 

above the NOAEL values. Blood-based predictions for chlorpyrifos and diazinon in rats were not 

possible since translation of in vitro concentrations to in vivo doses resulted in doses over 10000 

mg/kg body weight. Rat BMDL10 predictions for chlorpyrifos and diazinon were possible with 

enzyme-based data and were more than 10-fold and less than 2-fold higher, respectively, from in 
vivo LOAEL values, while in vivo BMDL10 values are significantly lower. Furthermore, enzyme-based 

BMDL10 for rats were within 4-fold for fenitrothion, dimethoate, chlorfenvinphos and profenofos. 

However, rat BMDL10 predictions for methyl- and ethyl-parathion were below the NOAEL value. In 
vivo determined BMDL10 values for rats generally did not correspond with LOAEL values nor 

predicted BMDL10 values. 

In humans, both blood- and enzyme-based BMDL10 predictions for fenitrothion, methyl-parathion 

and dimethoate were higher than reported NOAEL values. No LOAEL values were reported for human 

exposures to these compounds. Similar to blood-based predictions in rats, blood-based BMDL10 

predictions for humans were not possible for diazinon since translation of in vitro concentrations to 

in vivo doses resulted in doses over 10000 mg/kg body weight. However, enzyme-based BMDL10 

predictions for diazinon in humans were higher than reported NOAEL values, but were also more 

than 50-fold higher than reported LOAEL values. For chlorpyrifos, blood-based BMDL10 predictions 

in humans were more than 2-fold below the NOAEL, while enzyme-based predictions were in the 

overlapping NOAEL and LOAEL ranges. Predicted blood-based human BMDL10 values for ethyl-

parathion were 4-fold lower than in vivo LOAEL values, but also lower than the reported NOAEL 

values. The enzyme predicted BMDL10 values for ethyl-parathion were about 7-fold lower compared 

to in vivo LOAEL values. For profenofos and chlorfenvinphos, no in vivo point of departure data was 

available for humans. 
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4. Discussion 

In the current study, points of departure were derived for hazard characterrization of oral exposure 

in human and rat for eight organophosphate pesticides using solely in vitro and in silico methods. 

Quantitative in vitro to in vivo extrapolation was used to translate in vitro derived concentration-

response curves for blood and recombinant human/isolated rat AChE inhibition to dose-response 

data for humans and rats. In turn, these dose-response data were used for benchmark dose 

modelling and point of departure predictions. Enzyme-based predicted points of departure for rat 

exposure to diazinon, fenitrothion, dimethoate, chlorfenvinphos and profenofos were within 4-fold 

from reported in vivo LOAEL values. Similarly, blood-based predictions for fenitrothion, methyl-

parathion, dimethoate, chlorfenvinphos and profenofos exposures in rats were within 4-fold 

difference from in vivo LOAEL values as well. For predicted points of departure in humans, enzyme-

based predictions for chlorpyrifos, diazinon, fenitrothion, methyl-parathion and dimethoate all were 

similar or higher than reported in vivo NOAEL values. While, for human blood-based predictions, 

fenitrothion, methyl-parathion, ethyl-parathion and dimethoate were similar or higher than reported 

in vivo NOAEL values as well. For chlorfenvinphos and profenofos, no in vivo points of departure for 

oral exposures in humans were available. 

For chlorpyrifos and diazinon, blood-based point of departure predictions were not possible. The in 

vitro concentrations used in whole blood AChE inhibition assays, could not be reached in vivo based 

on the predicted whole blood concentrations using the physiologically based kinetic model. For the 

enzyme-based point of departure predictions, this problem only occurred at the highest in vitro 

concentrations in predictions using rat isolated AChE inhibition data. Furthermore, for the enzyme-

based point of departure predictions for chlorpyrifos and diazinon in rats, predicted points of 

departure were much higher than in vivo reported NOAEL and LOAEL values, while this difference 

was lower in human enzyme-based point of departure predictions. These results suggests that 

components present in whole blood interfere with the AChE inhibition by organophosphate 

pesticides, and that this component is more present/active in rats compared to humans. 

Organophosphates are known to interact not only with AChE, but also with other esterases in blood 

like paraoxonase-1 (PON1), butyrylcholinesterase (BuChE) and carboxylesterase (CaE) (35,36). 

Many organophosphates are known to bind to CaE, PON1 or other esterases with higher affinity 

than to AChE. Furthermore, some of these esterases are also capable of metabolizing 

organophosphates (37,162,284–286). In the current investigation, PON1 activity was inhibited by 

chelating its cofactor calcium with EDTA (234), and BuChE activity was inhibited by using the specific 

BuChE inhibitor ethopropazine (259,260). However, the influence of CaE was not considered in our 

studies and is also often ignored in AChE inhibition assays performed by others (12,157). While 

carboxylesterases are only present in minute amounts in human blood (35,36), CaE is present in 

high amounts in rat blood (35,36). Since this enzyme is not inhibited by ethopropazine (287), it 

was available for binding to and potentially metabolizing the organophosphate pesticides in our 

studies using rat whole blood. Consequently, in vitro measured IC50s, and therefore predicted 

BMDL10 values, will be higher for compounds that bind to or are metabolized by CaE, compared to 

when CaE is not present or able to bind/metabolize. 

The effect of CaE binding and/or metabolism in whole blood assays were highest for chlorpyrifos 

and diazinon. Therefore, only for these two compounds no high enough in vivo blood concentrations 
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could be predicted using the physiologically based kinetic model, whereas blood concentrations 

corresponding to concentrations inhibiting the (pure) enzyme could be predicted. This is supported 

by the high metabolic clearance rates in rat plasma for these two pesticides, compared to other 

organophosphate pesticides (see supplementary data of Moerenhout et al. (209)), as well as the 

low IC50, and therefore affinity, of chlorpyrifos-oxon for CaE activity in rat plasma (37). CaE might 

very well be also present in the isolated enzyme mixture used for rat AChE inhibition assay, since 

the isolation of rat AChE from rat blood was very aspecific. It is therefore advised to use a CaE 

specific inhibitor, like benzil (288), in AChE inhibition assays using whole blood or isolated AChE 

enzyme, especially in species, like rodents, with high CaE activity in blood and plasma (35,36). 

Our findings suggest that enzyme-based AChE inhibition assays should be preferred over blood-

based AChE inhibition assays for use in QIVIVE approaches. Data obtained using blood-based assays 

can only be properly interpreted when the effects of all blood components are understood. As 

Mortensen et al. showed, tissue and plasma components can increase measured IC50s (289), likely 

due to nonspecific binding of the inhibiting compound to the other components in the tissue or 

plasma. Also suggesting that tissue incubations are less reliable for IC50 determinations compared 

to pure protein. An IC50 value, as well as all other datapoints in a concentration-effect assay, is 

system specific, meaning there is not one IC50 for a compound and that IC50s measured in a system 

containing pure protein, cannot be directly compared to IC50s measured using whole blood assays. 

To investigate species differences in whole blood AChE inhibition, it is of interest to include the 

effects of all the blood components in the measurement. However, for QIVIVE it is  more accurate 

to determine concentration-effect relations based on pure enzyme, since aspects like binding to 

blood components and metabolism in blood should be accounted for in the physiologically based 

kinetic model used in the QIVIVE predictions. In the current study, binding to/clearance by CaE is 

possibly accounted for twice when blood-based concentration-effect data is used for QIVIVE: first 

binding/clearance is happening in the in vitro experiment, altering the measured IC50, and second 

metabolism in plasma is included in the physiologically based kinetic model. This would result in 

higher predicted BMDL10s, compared to predictions using enzyme-based data. 

In the current study, predicted BMDL10 values for rats and humans were compared to both NOAEL 

and LOAEL values for the respective species, with predicted values considered accurate being at 

least equal or above the NOAEL or close to the LOAEL. However, currently there does not seem to 

be a scientific consensus about what predicted BMDL10 values should be compared to: NOAEL or 

LOAEL values. Both NOAEL and LOAEL have an inherent uncertainty to them. The NOAEL is defined 

as the highest dose tested where no adverse effects were observed. So if only a few, widely spread 

out doses are tested, the determined NOAEL might still be very conservative, since the ‘true’ NOAEL 

dose was never tested. Similarly, the LOAEL is also affected by the study design and lacks a strict 

definition of what numerical value should be attached to the ‘low’ observed adverse effect level. For 

example, the referenced points of departure in table 3 contain LOAELs based on anything from 3 

to 36% of erythrocyte AChE inhibition. At the same time, for many of the reported LOAEL values in 

table 3, no quantitative amount of AChE inhibition was reported. In addition, both the NOAEL and 

LOAEL do not give any information about the statistical variability of the data. The European food 

and safety authority (EFSA) suggests BMDL10 data are closest to NOAEL values, but this seems to 

be based on evaluations of endpoints like carcinogenicity and developmental toxicity (290). For 

more transient effects like AChE inhibition due to acute exposure to organophosphates, where 
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higher inherent variability in the endpoint is present, comparison to LOAEL might be more 

appropriate, especially if the effect value is close to 10% erythrocyte AChE inhibition. 

In traditional chemical risk assessment, points of departure like NOAELs and LOAELs are often 

translated to safe exposure values by incorporating uncertainty factors for species differences as 

well as for interindividual differences. However, for point of departure data derived from animal-free 

methods no standardized use of uncertainty factors has been reported. A QIVIVE case study on 

imazalil by the Dutch national institute for public health and the environment (RIVM) suggested to 

use extrapolation factors for species differences in case non-human in vitro material was used, for 

interindividual differences, and for exposure duration extrapolation in case risk assessment concerns 

(sub)chronic exposures (291). If a similar approach is to be used for risk assessment of acute 

organophosphate pesticide exposure in humans based on the predicted points of departure in this 

study, an uncertainty factor of 10 should be used for interspecies differences (i.e. variability in the 

human population). This uncertainty factor would correct for the use of a deterministic 

physiologically based kinetic model and the small (n=3) human sample size for in vitro AChE 

inhibition assays. However, due to lacking data and experience, more research is needed to define 

what uncertainty factors are required for animal free QIVIVE-based risk assessment.  

Overall, the use of physiologically based kinetic modelling in combination with in vitro toxicity assays 

was shown to be a viable strategy for organophosphate point of departure derivation for AChE 

inhibition endpoints, since nearly all QIVIVE-derived BMDL10s were higher than the NOAEL and 

within 4-fold difference from the LOAEL. This approach supports hazard/risk assessments using 

novel assessment methodology and next generation risk assessment approaches and shows that 

when all important kinetic processes are fully investigated, points of departure can be determined 

without the use data obtained using animal experiments. 

 

 

Supporting information 

Absorption rate constant calculation 

The absorption rate constant (ka) was estimated using a method that was introduced by Moerenhout 

et al. (209), which was based on the method proposed by Punt et al. (112). 

In the modelling study of Moerenhout et al. (209), ka values were predicted for rats and humans. 

While the calculated values for rats worked very well, when these extrapolated to humans it resulted 

in poor predictions for human simulations. Furthermore, human absorption was found to be highly 

variable for the same compound (chlorpyrifos) between different studies. It was speculated that this 

might depend on the fasted/fed state and the effect of bile acids, which help solubilize lipophilic 

compounds. Eventually Moerenhout et al. used the same ka value for all organophosphates in the 

human model. Here it was attempted to get compound specific ka values for humans, based on the 

same ratio, but instead of extrapolating from rat ka values, they were extrapolated from fitted ka 

values for chlorpyrifos.  
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The values were calculated as follows: 

• First, ka values were calculated for each organophosphate using the method of (112). 

• Next, a ratio was calculated between the ka of each organophosphate and the calculated ka 

value of chlorpyrifos.  

• These ratios were used to extrapolate the fitted ka values for minimum and maximum 

absorption (assumed to be fasted and fed situations, respectively) in chlorpyrifos studies 

(which had the most human data available), to minimum and maximum values for all other 

organophosphate pesticides studied here. 

• Associated fraction absorbed (fa) values were calculated according to Yu and Amidon (114). 

Calculated ka (/h) and fa values using the described method: 

Pesticide 

Minimum absorption 

(fasted state) 

Maximum absorption 

(fed state) Average absorption 

ka fa ka fa ka fa 

CPF 0.10 0.28 0.60 0.83 0.35 0.66 
 

DZN 0.09 0.24 0.52 0.79 0.30 0.61 

FNT 0.07 0.20 0.41 0.71 0.24 0.53 

PFS 0.11 0.29 0.64 0.84 0.37 0.68 

MPT 0.07 0.20 0.41 0.71 0.24 0.53 

CVP 0.10 0.27 0.57 0.81 0.33 0.64 

EPT 0.07 0.21 0.43 0.72 0.25 0.54 

DMO 0.09 0.26 0.55 0.80 0.32 0.63 
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Supplementary tables 

Table S1: Comparison of IC50s with other studies 

Compound Type Organism IC50 (µM) Reference 

CPF hAChE Human 5.397 This study 

hAChE Human 0.12 Das et al. 2006 

hAChE Human 40.17 Li et al. 2019 

Isolated hAChE Human 21.42 Linhares et al. 2023 

Isolated rAChE Rat 3.852 This study 

Whole blood Human NI This study 

Whole blood Rat NI This study 

CPO hAChE Human 0.0030 This study 

hAChE Human 0.0035 Moser and Padilla 2011 

hAChE Human 0.0040 Moser and Padilla 2011 

hAChE Human 0.00189 Zhao et al. 2022 

Isolated rAChE Rat 0.0021 This study 

Whole blood Human 0.256 This study 

Whole blood Human 0.27 Kasteel et al. 2020 

Whole blood Rat 0.677 This study 

DZN hAChE Human 14.26 Zhao et al. 2021 

hAChE Human 37.99 Li et al. 2019 

hAChE Human 30.10 Li et al. 2019 

Isolated rAChE Rat 14.66 Zhao et al. 2021 

Whole blood Human >10 Kasteel et al. 2020 

DZO hAChE Human 0.0440 Zhao et al. 2021 

hAChE Human 1.33 Li et al. 2019 

hAChE Human 0.50 Li et al. 2019 

Isolated rAChE Rat 0.0515 Zhao et al. 2021 

Whole blood Human 1.20 Chen et al. 2025 

FNT hAChE Human 74.3 This study 

Isolated rAChE Rat 9.17 This study 

Whole blood Human >1000 This study 

Whole blood Rat 489.8 This study 

FNO hAChE Human 0.34 This study 

Isolated rAChE Rat 0.20 This study 

Whole blood Human 0.82 Chen et al. 2023 

Whole blood Rat 0.93 Chen et al. 2023 

MPT hAChE Human 331 This study 

Isolated rAChE Rat 68.5 This study 

Whole blood Human >1000 This study 

Whole blood Rat NI This study 

MPO hAChE Human 0.0468 This study 

hAChE Human 0.0744 Moser and Padilla 2011 

Isolated rAChE Rat 0.0212 This study 

Whole blood Human 0.1527 This study 

Whole blood Rat 0.4467 This study 

EPT hAChE Human 32.657 This study 

Isolated rAChE Rat 18.750 This study 

Whole blood Human 159.22 This study 

Whole blood Rat NI This study 

EPO hAChE Human 0.0115 This study 

hAChE Human 0.0204 Chapleau et al. 2015 

hAChE Human 0.0355 Moser and Padilla 2011 

hAChE Human 0.024 Lock 2020 

Diluted whole blood Human 0.013 Petroianu et al. 2003 

Isolated rAChE Rat 0.0125 This study 

Isolated rAChE Rat 0.032 Cohen et al. 1985 

Isolated rAChE Rat 0.036 Cohen et al. 1985 

Whole blood Human 0.095 This study 

Whole blood Rat 0.939 This study 

DMO hAChE Human NI This study 
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Isolated rAChE Rat NI This study 

Whole blood Human NI This study 

Whole blood Human 93000 Rios et al. 2005 

Whole blood Rat NI This study 

OMO hAChE Human 34.67 This study 

hAChE Human 68.95 Li et al. 2019 

Isolated rAChE Rat 16.75 This study 

Whole blood Human 19.68 This study 

Whole blood Rat 8.861 This study 

CVP hAChE Human 1.213 This study 

hAChE Human 1.962 Moser and Padilla 2011 

Isolated rAChE Rat 0.741 This study 

Whole blood Human 28.38 This study 

Whole blood Rat 6.393 This study 

PFS hAChE Human 0.225 This study 

hAChE Human 0.302 Omwenga et al. 2021 

hAChE Human 12.15 Li et al. 2019 

hAChE Human 1.89 Li et al. 2019 

Isolated rAChE Rat 0.805 This study 

Isolated rAChE Rat 0.312 Omwenga et al. 2021 

Whole blood Human 94.41 This study 

Whole blood Rat 75.51 This study 

NI: No inhibition up until 1000 μM. >10 or >1000 mean AChE was slightly inhibited at a concentration of 10 or 

1000µM, respectively, but it did not reach 50% inhibition at the highest concentrations tested. 
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Supplementary Ʊgures 

 

Figure S1: Inhibition of AChE in human and rat whole blood. Chlorpyrifos-oxon was used as positive control to define 

0% AChE activity. 

 

 

Figure S2: Inhibition of human recombinant and isolated rat AChE by ethyl paraoxon. Chlorpyrifos-oxon was used 

as positive control to define 0% AChE activity.  
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Figure S3: PROAST benchmark modelling output for AChE inhibition after oral exposure to chlorpyrifos in rats. 

Enzyme-based predictions 

93

Application of NAMs for point of departure prediction of organophosphate pesticides

5



 

Figure S4: PROAST benchmark modelling output for AChE inhibition after oral exposure to chlorpyrifos in humans. 

Blood-based predictions on the left, enzyme-based predictions on the right.  
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Figure S5: PROAST benchmark modelling output for AChE inhibition after oral exposure to diazinon in rats (left) and 

humans (right). Predictions are based on enzyme inhibition data.  
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Figure S6: PROAST benchmark modelling output for AChE inhibition after oral exposure to fenitrothion in rats. Blood-

based predictions on the left, enzyme-based predictions on the right.  
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Figure S7: PROAST benchmark modelling output for AChE inhibition after oral exposure to fenitrothion in humans. 

Blood-based predictions on the left, enzyme-based predictions on the right.  
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Figure S8: PROAST benchmark modelling output for AChE inhibition after oral exposure to methyl-parathion in rats. 

Blood-based predictions on the left, enzyme-based predictions on the right.  
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Figure S9: PROAST benchmark modelling output for AChE inhibition after oral exposure to methyl-parathion in 

humans. Blood-based predictions on the left, enzyme-based predictions on the right.  

99

Application of NAMs for point of departure prediction of organophosphate pesticides

5



 

Figure S10: PROAST benchmark modelling output for AChE inhibition after oral exposure to ethyl-parathion in rats. 

Blood-based predictions on the left, enzyme-based predictions on the right. 
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Figure S11: PROAST benchmark modelling output for AChE inhibition after oral exposure to ethyl-parathion in 

humans. Blood-based predictions on the left, enzyme-based predictions on the right. 
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Figure S12: PROAST benchmark modelling output for AChE inhibition after oral exposure to dimethoate in rats. 

Blood-based predictions on the left, enzyme-based predictions on the right. 
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Figure S13: PROAST benchmark modelling output for AChE inhibition after oral exposure to dimethoate in humans. 

Blood-based predictions on the left, enzyme-based predictions on the right. 
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Figure S14: PROAST benchmark modelling output for AChE inhibition after oral exposure to chlorfenvinphos in rats. 

Blood-based predictions on the left, enzyme-based predictions on the right. 
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Figure S15: PROAST benchmark modelling output for AChE inhibition after oral exposure to chlorfenvinphos in 

humans. Blood-based predictions on the left, enzyme-based predictions on the right. 
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Figure S16: PROAST benchmark modelling output for AChE inhibition after oral exposure to profenofos in rats. Blood-

based predictions on the left, enzyme-based predictions on the right. 
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Figure S17: PROAST benchmark modelling output for AChE inhibition after oral exposure to profenofos in humans. 

Blood-based predictions on the left, enzyme-based predictions on the right. 
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6
General discussion



1. Overview of results 

Each year, the safety of many old and new chemicals needs to be assessed. This is a huge task for 

both the companies producing these chemicals as well as agencies tasked with defining the safety 

of chemical exposures. Most current day chemical safety regulations still rely heavily on animal 

testing, which often requires hundreds of animals for various experiments focusing on specific 

toxicities and endpoints. These experiments would be needed for thousands of substances, being 

drugs, compounds in our food or in our environment, killing millions of animals each year (102). 

While the number of animals needed raises ethical questions, the time and financial costs are also 

immense. More importantly, scientific scrutiny of the current animal centered approach to risk 

assessment based on the notion that humans and animals can respond differently to the same 

chemical exposure, leads many to think that animal experiments might not provide accurate data 

needed for human centric risk assessment. Therefore, for ethical, scientific and economic reasons, 

it is clear that change is needed in the way chemical risk assessment is performed. 

The aim of this thesis was to evaluate animal-free approaches for application in next generation risk 

assessment of organophosphate pesticides. The approach was based on in silico and in vitro 

methods, and was evaluated for predicting points of departure (PODs) of acetylcholinesterase 

(AChE) inhibition by organophosphate pesticides. This approach consisted of development of a 

generic physiologically based kinetic (PBK) model for organophosphate pesticides (chapter 2 and 

4), in vitro quantification of AChE inhibition by various organophosphate pesticides (chapter 3 and 

5), exposure safety evaluation using the dietary comparator ratio (DCR) method (chapter 3), and 

point of departure prediction for hazard characterization using quantitative in vitro to in vivo 

extrapolation (QIVIVE) of in vitro AChE inhibition to the in vivo situation (chapter 5). The 

experimental approaches and findings of each chapter are briefly summarized below. 

In chapter 2, a PBK model was developed to predict blood/plasma concentrations of eight 

organophosphate pesticides and their metabolites in humans. A rat model was developed as well, 

allowing for validation of the modelling approach using rat data as well. The developed PBK model 

predicts how organophosphates are absorbed, distributed, metabolized and excreted in/from the 

body, based on in vitro or in silico derived parameters. The implementation of metabolism was 

essential, since organothiophosphate pesticides are both bioactivated to their oxon metabolites as 

well as detoxified to metabolites that are excreted in urine. Validation of the PBK model was done 

using literature derived blood or plasma concentration-time data from in vivo exposure studies. 

Reported human in vivo data showed that blood/plasma concentrations could vary significantly 

between studies (up to 6-fold) for the same doses. This was assumed to be caused by food effects 

on absorption and was taken along for validation of the human PBK model. When validating the 

model, blood/plasma concentrations of most of the organophosphate pesticides can be predicted 

within 5-fold difference from in vivo values. Those pesticides that were less well predicted were all 

found to be in the dimethyl-organophosphate pesticide subclass. 

The use of the DCR method for safety evaluation of organophosphate pesticides was investigated in 

chapter 3. Six organophosphate pesticides were used to evaluate the DCR method for 

organophosphate pesticides: chlorpyrifos, fenitrothion, profenofos, diazinon, methyl-parathion and 

chlorfenvinphos. For these compounds, concentration-effect data were derived from in vitro AChE 

inhibition assays using human blood. Furthermore, for each pesticide, reported in vivo human 
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exposures where both dose and adverse effects were mentioned were collected from literature. 

Chlorpyrifos was selected as the comparator compound for the DCR method. A safe exposure-

activity ratio for the comparator compound was calculated as the ratio between the 5% lower limit 

benchmark concentration (BMCL5) and the IC50. Next, the PBK model developed in chapter 2 was 

used to predict the maximum blood concentration for each exposure found in literature. The 

exposure-activity ratio for each exposure scenario was calculated by dividing the maximum blood 

concentration for that scenario by the IC50 for the compound to which a human was exposed in that 

scenario. Next, for each exposure scenario, the DCR was determined as the ratio between the 

exposure-activity ratio for the exposure to the test compound and the exposure-activity ratio of the 

comparator compound. A DCR below 1 indicates a safe exposure with minimal adverse effects. The 

DCR method correctly predicted 70 out of 74 exposures to be safe when these were indeed reported 

to have no adverse effects. Four exposure scenarios were predicted to be dangerous, while these 

were reported to be safe. The four false positives were all for dimethyl-organophosphates. Since 

the DCR method was shown to accurately predict the occurrence of adverse effects after exposure 

to organophosphate pesticides, it can be used for safety evaluation of exposures to these pesticides 

in the future. 

Looking at the findings in chapters 2 and 3, it was hypothesized that the lower accuracy of 

predictions for the dimethyl-organophosphates fenitro-oxon, methyl-paraoxon and omethoate could 

be due to a metabolic pathway not incorporated in the PBK model. This hypothesis was further 

investigated in chapter 4, where in vitro metabolism studies were performed to see if dimethyl-

organophosphate pesticides could be metabolized by an understudied metabolic pathway. 

Incubations of methyl-paraoxon and omethoate with human and rat liver S9 protein, showed that 

both pesticides were metabolized via a glutathione-mediated pathway. It was also shown that 

omethoate is metabolized by a slow chemical reaction with glutathione, while methyl-paraoxon 

requires an enzyme to facilitate this reaction, but at a much higher rate. Furthermore, species 

differences were observed for the enzymatic glutathione-mediated metabolism of methyl-paraoxon, 

since rats were able to metabolize the compound four times faster than humans. The glutathione-

mediated metabolic pathway was incorporated in the PBK model developed in chapter 2 and 

validated with the three dimethyl-organophosphate pesticides that were previously less well 

predicted: fenitrothion, methyl-paraoxon and omethoate. For glutathione-mediated metabolism of 

fenitro-oxon, read-across from methyl-paraoxon was used, since these compounds are nearly 

identical in molecular structure. PBK model blood/plasma predictions for methyl-paraoxon and 

fenitro-oxon improved from over 10-fold difference when glutathione-mediated metabolism was not 

included, to less than 5- and often even 2-fold differences compared to in vivo rat data. For 

omethoate, no significant changes in predicted blood/plasma concentrations were observed. For 

humans, predicted maximal concentrations were more than 12-fold lower when glutathione-

mediated metabolism was incorporated in the model. 

While the DCR method can be used to predict if an exposure to organophosphate pesticides will 

result in adverse effects, the quantitative in vitro to in vivo extrapolation (QIVIVE) approach is more 

useful for animal-free hazard characterization and point of departure determination. Therefore, the 

use of QIVIVE for point of departure determination of AChE inhibition by organophosphate pesticides 

was explored in chapter 5. For eight organophosphate pesticides and their active metabolites, 

concentration-response curves were derived from in vitro AChE inhibition assays using human and 
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rat whole blood. To investigate the effect of using whole blood or isolated/recombinant enzyme in 

AChE inhibition assays on QIVIVE, in vitro AChE inhibition assays were also performed using isolated 

rat or recombinant human enzyme. For each pesticide, both whole blood and enzyme concentration-

response curves were translated to dose-response curves using the adjusted PBK model developed 

in chapter 4. The points of departure were then predicted by determining the 10% lower limit 

benchmark dose (BMDL10) of the dose-response curves with the use of benchmark dose modelling. 

These predicted points of departure were compared to in vivo determined points of departure 

reported in literature. All predicted points of departure, for both rats and humans, were within 4-

fold from in vivo determined points of departure low-observed-adverse-effect levels (LOAELs) and 

higher than the reported no-observed-adverse-effect levels (NOAELs). However, prediction of 

BMDL10 values based on whole blood data was not possible for  chlorpyrifos and diazinon. It was 

hypothesized that this was caused by significant metabolism by non-AChE esterases present in 

whole blood. Therefore, pure AChE enzyme should be used when obtaining concentration-response 

data for QIVIVE of organophosphate pesticides. Furthermore, in chapter 5 it was shown that 

QIVIVE-based point of departure determination can be used for animal-free hazard characterization 

for organophosphate pesticides. 

The findings in this thesis show the applicability of several in vitro and in silico approaches in a next 

generation safety assessment for organophosphate pesticides. Furthermore, using these 

approaches side by side also provided valuable insights into species differences between rats and 

humans. For example, in chapter 4, it was shown that dimethyl organophosphate pesticides were 

metabolized four times faster in rats compared to humans. Moreover, in chapter 2, more 

interspecies differences in the rate of metabolism via other pathways. In chapter 5, it was also 

discussed that rat blood contains an esterase that is not present in humans. All these findings 

support the thought that animals used in toxicity testing do not always represent humans very well. 

Therefore, the human centric data provided by animal-free approaches is essential for chemical risk 

assessment for humans. 

 

2 General discussion and future perspectives 

The findings reported in this thesis show that in vitro and in silico methods can be used successfully 

for next generation risk assessment of organophosphate pesticides. While the current thesis focused 

on predicting AChE inhibition after acute (single) exposure to organophosphate pesticides, risk 

assessments for realistic exposure scenarios requires consideration of many more aspects. 

Furthermore, the risk assessment approaches used here (DCR and QIVIVE) relied heavily on the 

developed PBK model and therefore show that PBK modelling forms an integral part of animal-free 

risk assessment. From the conclusions of this thesis, several considerations and recommendations 

for the future directions of organophosphate pesticide risk assessment and PBK modelling can be 

derived. Specifically, the following future directions are discussed in detail in the sections below: 

• Effects of mixtures and chronic exposures on adverse effects of organophosphate pesticides 

• Organophosphate pesticides and neurodegenerative diseases 

• Modelling platforms in PBK modelling 

• Missing physiological processes in PBK modelling 
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• Required physiological detail in PBK modelling 

• The use of physiological parameters in population and growth modelling 

• Reliability of in vitro and in silico derived kinetic parameters 

• PBK model validation 

• Thoughts on adoption of animal free risk assessment 

 

2.1 Organophosphate pesticides 

2.1.1 EƯects of mixtures and chronic exposures 

In this thesis the focus was on acute (single) exposures to organophosphate pesticides. However, 

the average person is not exposed to only one type of organophosphate pesticide at a time, but is 

frequently and repeatedly (chronically) exposed to a combination of pesticides via their daily meals. 

Therefore, both chronic exposure and exposure to mixtures of organophosphate pesticides would 

be a more realistic exposure scenarios for the general population. 

Compared to acute exposure, chronic exposure can result in accumulation of adverse effects in 

multiple ways. For example, lipophilic organophosphate pesticides, like chlorpyrifos or profenofos 

and some of their metabolites, cannot be efficiently expelled from the body by passive clearance 

processes like glomerular filtration. The clearance of these compounds relies mainly on active 

processes like metabolism and is limited by accumulation in nonmetabolizing tissues like fat 

(292,293). It therefore takes more time to clear these lipophilic compounds from the body after an 

exposure. If repeated exposures are frequent enough, not all of the pesticide is cleared from the 

body, before a new exposure occurs. This causes lipophilic compounds to accumulate in the body 

with frequent repeated exposures, for example with multiple meals a day. Besides the direct 

increase in adverse effects due to bioaccumulation of organophosphate pesticides, their specific 

mechanism of action could also cause an accumulation of adverse effects due to the time it takes 

the body to recover the lost function of irreversibly inhibited enzymes. Organophosphate pesticides 

are known to irreversibly inhibit esterases like AChE, NTE and others. In case of reversible inhibition, 

the inhibited enzyme can resume it’s function once the inhibitor compound is cleared from the body. 

However, for irreversible inhibited enzyme, its function can only be regained by replacing inhibited 

protein with newly produced enzyme. Breaking down and synthesizing new enzymes takes time. 

For example, for irreversibly inhibited AChE, functional recovery can take days in muscle and brain 

tissue (294), and possibly weeks in blood, since AChE can only be recovered by replacing the 

erythrocyte to which irreversibly inhibited AChE is attached (265). Frequent repeated exposure 

could therefore cause incremental depression of esterase activity in the body. Compared to acute 

exposure, chronic exposure to organophosphate pesticides could therefore result in 

(bio)accumulation of the pesticide in the body, as well as additional accumulation of its adverse 

effect intensity like that of inhibition of AChE. 

Since different pesticides are used on different crops, the general population is not only exposed to 

one pesticide at a time. On average, an individual consumes multiple types of fruits and vegetables 

and is therefore exposed to many different kinds of pesticides. When pesticides, and other 

compounds, are metabolized or transported by the same proteins, they can alter each others 

metabolism or excretion (295,296). For example, when metabolism or excretion is inhibited, the 

amount of pesticides can increase, which could also increase the intensity of adverse effects of those 

113

General discussion

6



compounds. In case of organophosphate pesticides, it has been reported that the pesticide atrazine 

can affect the metabolism of several organophosphate pesticides, increasing their adverse effects 

(297). Such effects can be highly compound specific and is therefore hard to predict. Furthermore, 

different pesticides, or other compounds present in foods, can also share the same target enzyme 

in the body. Altering, and potentially increasing, the effect on that target. For example, plants 

contain many compounds that are also able to inhibit AChE, the target enzyme of organophosphate 

pesticides (298). Therefore, exposure to mixtures can alter the toxicokinetics and intensity of 

adverse effects. 

In this thesis, points of departure were predicted for single, acute exposures to organophosphate 

pesticides. While these are useful for getting an idea of how toxic a single compound would be, both 

chronic and mixture exposures could significantly change the total toxicity of an exposure. Therefore 

an exposure analysis is of great importance. Mixture exposures can be characterized using residue 

data, for example based on different basic diets (299,300). For each diet, one can have an estimated 

dose per meal for all (organophosphate) pesticides. A PBK model can be used to predict chronic 

internal exposures for each pesticide in each diet. This PBK model can be expanded upon with 

mechanistic dynamic models for AChE inhibition (131,265), allowing to model the combined 

binding/inhibition of a target of all these pesticides. Due to the sheer number of pesticides present 

in a typical diet, such a model will likely be very computationally heavy to run. However, using such 

an approach, risk assessment could be performed for more realistic exposure scenarios for the 

general population.  

2.1.2 Organophosphate pesticides and neurodegenerative diseases 

While organophosphate pesticides are known for their acute neurotoxic mechanism of action of 

inhibiting AChE (13,14), epidemiological studies have associated organophosphate pesticide 

exposure to neurodegenerative diseases (301). However, the direct mechanism of action has not 

yet been elucidated. Inhibition of red blood cell AChE or secondary target enzymes by 

organophosphate pesticides might hold the key to finding a mechanism of action for 

neurodegenerative diseases. 

For many years, the physiological function of AChE on red blood cell membranes has been poorly 

understood, since most acetylcholine research focusses on its neurological functions and effects. 

However, acetylcholine is known to play a role in the immune system. Some white blood cells have 

been shown to synthesize and release acetylcholine (302), affecting blood pressure (303,304), and 

extravasation of, and cytokine release by, white blood cells (302). Red blood cell AChE might 

therefore manage the inflammatory status of the body. Organophosphate pesticides might therefore 

alter the inflammatory status, which has been associated with neurodegenerative diseases (305). 

While the functions and effects of AChE are reasonably well understood, this is not the case for 

other esterases inhibited by organophosphate pesticides, like BuChE, CES, PON1 and NTE. All of 

these esterases are known to have endogenous ligands associated with various aspects of lipid 

metabolism. For example, BuChE showed lipase activity towards various fatty acids and acyl-ghrelin 

(306–309), carboxylesterases have been shown to hydrolyze acyl-coenzyme A and cholesteryl 

esters (310–312), and PON1 metabolizes oxidized fatty acids, estrogen-acyl esters and fatty acid 

lactones (313–315). Furthermore, NTE is known to hydrolyze (lyso)phosphatidylcholine, an 

important component of the cell membrane (31,32,316). NTE knock-out in mice or NTE gene 

114

Chapter 6



mutations in humans show motor neurodegeneration (317,318). The functions of BuChE, CES, PON1 

and NTE are all related to lipid metabolism or membrane homeostasis. It has been speculated that 

disturbances in lipid metabolism could play a role in protein misfolding and aggregation, which has 

been associated with many neurodegenerative diseases (319). Furthermore, some preliminary 

evidence shows a possible correlation of disturbed lipid metabolism with neurodegenerative diseases 

(320). Lipid metabolism related esterase inhibition by organophosphate pesticides could therefore 

be related to neurodegenerative diseases. 

 

2.2 Opportunities in physiologically based kinetic modelling 

In the last few decades, the idea of personalized medicine has been coined in the field of 

pharmacology. The idea is that for each patient or person, a virtual version can be made based on 

their body measurements and/or DNA. Such a virtual version of a person is also known as a digital 

twin or a virtual human. Virtual humans could accelerate drug development and risk assessment, 

as well as personalize dosing regimens (321). Projects like the Virtual Human Platform for Safety 

(VHP4S), of which this thesis is part of, aim to apply such an approach for chemical risk assessment 

for humans. PBK modeling forms a corner stone in the use of virtual humans, since PBK models 

provide an in silico approach for predicting internal kinetics of compounds. While PBK modelling is 

a promising tool, there are still many limitations and opportunities for further development and it’s 

use for virtual humans. 

2.2.1 Modelling platforms 

Many modelling platforms (software) are available for PBK modelling these days. While these 

platforms all have their strengths and weaknesses, some limit further development and usability of 

PBK models. For example, some of the best and user friendly modelling platforms are behind a 

paywall, limiting the shareability and usability of the developed models (Simcyp (322), GastroPlus 

(323)). Other paid platforms allow for unlimited flexibility by enabling users to write their own 

custom model code (MATLAB (324), Berkeley Madonna (325)). While this flexibility is very useful 

for developing new modelling approaches, it is hard to standardize such approaches. Moreover, it 

limits user friendliness since these platforms focus on writing model code instead of (toxico)kinetic 

processes. The PKsim and MoBi modelling platforms of Open Systems Pharmacology are free and 

open source (326), increasing accessibility and usability. Both of these software’s have a reasonably 

user friendly interface and MoBi allows for flexibility in making custom models with no coding 

knowledge required. Lastly, as programming languages, modelling in R or python allow for easy 

integration in data or workflow pipelines, and are free and open source, making them accessible for 

others to work with. However, as is the case for MATLAB and Berkeley Madonna, R and Python allow 

for the flexibility of writing custom model code, making it hard to standardize models on these 

platforms.  

All of the discussed modelling platforms have their strengths and weaknesses. While some of the 

discussed modelling platforms allow for open sharing and using of developed PBK models, non of 

them allow for easy reusability of custom model components (reusing detailed tissue or absorption 

submodels in a new PBK model, for example). Here, programming languages could be used to 

develop web apps and packages/libraries to standardize modelling methods, and improve user 
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friendliness, flexibility, accessibility and (re)usability. Furthermore, academic and governmental PBK 

modelling projects should be encouraged to use free (and open source) modelling platforms like 

programming languages or the Open Systems Pharmacology suite to save taxpayer money and to 

increase model transparency, accessibility and (re)usability. 

2.2.2 Missing physiological processes in PBK models 

The body is immensely complex, with a multitude of processes and structures interacting with one 

another. PBK models try to describe some of these complexities. Most models incorporate the overall 

internal structure of the body as well as processes, like various kinds of absorption, circulation, 

metabolism and excretion. Such PBK models are very helpful for describing the interactions between 

the body and many compounds. However, some compounds are affected by processes that are not 

well understood. Incorporating and standardizing the implementation of such processes could 

improve reliability and accuracy of PBK model predictions. Some processes that provide 

opportunities for PBK modelling are discussed here. These concern the effects of food on the oral 

absorption process, and of lymph transport on the internal exposure of a compound. 

2.2.2.1 The eƯect of food on oral absorption 

The effect of food on compound absorption is generally observed in drugs (327). For this reason, 

drug labels often state if the respective drug should be taken with a meal or not. However, the effect 

of food on compound absorption is not limited to drugs. For example, in the current thesis the effect 

of food on pesticide absorption was also encountered: in human oral exposure studies where the 

organophosphate pesticide chlorpyrifos was dosed with food, the pesticide was absorbed to a much 

higher extend (6-fold) compared to exposure studies without food (see chapter 2). If a compound 

is ingested without any food, its absorption relies mainly on how fast it can reach the small intestine 

and how well it can dissolve in the small intestinal water. Such scenarios can be modelled fairly well 

by incorporating physiological processes like gastric emptying and intestinal transit, as well as 

kinetic processes like dissolution intestinal lumen and permeation across the intestinal wall (328–

331). However, incorporation of mechanistic models in PBK models for predicting food effects are 

currently in their infancy. A major mechanism by which food alters the absorption profile of a 

compound is due to changes in solubility due to bile release (327). 

Fatty- and amino-acids present in food can trigger bile release in the small intestine (332). Bile 

consists of bile acids and various enzymes. Among these enzymes are lipases, which break down 

triglycerides into fatty acids. Bile acids and fatty acids are able to form micelles, which improve the 

solubility (333,334) and mucus layer penetration (335) of poorly soluble or lipophilic compounds. 

Next, bile acids on the surface of the micelles can likely interact with (proteins on) the membrane 

of intestinal endothelium cells (mainly enterocytes), improving their uptake (336).  

Complete mechanistic in silico modelling of bile release or its effects on absorption is currently not 

possible. However, combinations of in vitro and in silico methods can improve predictions of food 

effects. For example, solubility differences in fasted and fed state intestinal fluids can be estimated 

with in vitro fasted and fed state simulated intestinal fluids (FaSSIF and FeSSIF) solubility studies 

(337). Alternatively, in vitro digestion combined with caco-2 permeability assays can be used to 

estimate food effects on absorption as well (338). In vitro derived solubilities and permeabilities 

specific for fasted or fed states can be used in PBK models to investigate food effects on absorption. 

While this approach has been slowly developed over the years, it is not yet widely adopted for PBK 
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models. Since many chemicals we are exposed to reside in our food, it is essential to investigate 

the effect food has on absorption of compounds in chemical risk assessment. Implementing in vitro 

intestinal fluid solubility and digestion methods, or developing new mechanistic in silico models will 

allow PBK models to better predict food effects and increase PBK accuracy for risk assessment.  

2.2.2.2 The eƯect of lymph transport on internal exposure 

Many orally absorbed compounds are immediately transported through the portal vein to the liver. 

Most of these compounds can therefore be metabolized before reaching the rest of the body. 

However, fats and some lipophilic compounds diffuse poorly into blood. To prevent accumulation in 

the intestinal tissue, fats and some lipophilic compounds are released into intestinal lymph as 

lipoprotein particles called chylomicrons (339,340). As opposed to blood flowing from the intestinal 

tissues directly to the liver (where metabolism might occur), lymph does not flow directly to the 

liver, but joins the vascular system near the heart. Compounds and chylomicrons travelling via 

lymph therefore evade the liver and, once in the blood stream, can distribute throughout the whole 

body. Compounds that associate with chylomicrons or travel through intestinal lymph after 

absorption evade initial metabolism in the liver, increasing internal exposure (341).  

Since lymphatic transport can change internal exposure to a compound (341,342), it is of interest 

for chemical risk assessment to predict if a compound indeed travels through lymph, and if so, to 

model this lymphatic transport. Attempts have been made to predict lymphatic transport based on 

molecular properties (343,344). While these attempts were reasonably successful, the parameters 

used for prediction of lymphatic transport of a compound are not readily available. Alternatively, 

lymphatic transport can be predicted based on chylomicron association, measured in vitro using 

plasma or chylomicrons isolated from blood (345,346). Such experiments might be more reliable 

and accessible. However, for all mentioned lymphatic transport prediction studies goes that in vivo 

validation data is very limited. A similar problem plagues further incorporation of lymphatic transport 

in PBK models, which is limited by intestinal lymph flow data availability and uncertainty. While 

there are some studies reporting tissue specific lymph flow rates, associated data on age, sex, body 

weight, fasted/fed state and meal composition, are often lacking or limited. Especially for the 

intestine, both lymphatic and blood flow rates can change based on fed/fasted state and meal 

composition (347,348). With the availability of more high quality intestinal lymph flow data and in 

vivo validation data, the effect of lymphatic transport on internal exposure can be more reliably 

modelled in PBK models.  

2.2.3 Physiological detail in PBK modelling 

Due to their modular nature, PBK models could theoretically include most physiological complexities 

of the body. While this is impossible in reality due to knowledge and computational limitations, it is 

also important to strike a balance between model simplicity and functional effectivity. For different 

substances different physiological detail might be needed. Chemical substances usually require the 

least physiological detail. Most PBK models for small molecules describe tissues as single 

(homogenous) compartments, while for particulate substances tissues are described by multiple 

subcompartments. PBK models often describe tissues as single, homogenous compartments. In 

reality, tissues are vastly more complex, containing multiple subcompartments divided by 

membranes and cells. Generally, tissues can be subdivided into the vascular space, interstitial space 

and the (intra)cellular space (with further subcompartments for cell organelles).  
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2.2.3.1 Vascular space 

The vascular space, consisting of the blood present in the tissue, is separated from the interstitial 

space by the vascular endothelium. The vascular endothelium functions as a size filter, based on 

what type of vasculature is present in the tissue. Most tissues have either continuous of fenestrated 

vasculature (349), which contain small pores between the endothelial cells. The liver has a 

discontinuous or sinusoid vasculature (349), containing larger holes, and spleen capillaries are open 

ended (350), enabling even red blood cells to leave the capillaries. Depending on the type of 

vasculature present in a tissue, different sizes of particles can leave the blood and enter the 

interstitial space. 

The size filter functionality of the vascular endothelium is of importance for modelling the passive 

distribution of exogenous particles and endogenous (lipoprotein) particles. For example, as part of 

lipid metabolism (351), most classes and sizes of lipoprotein particles are only able to leave the 

vasculature in the liver and spleen (190,352,353), since the pores in the vasculature of other tissues 

are too small to fit through (349,354). Chylomicrons, being the largest of lipoproteins by far (354), 

can only leave the vasculature in the liver once they released their lipid content (355) and became 

smaller chylomicron remnant particles. This way, (lipoprotein) particles are directed to the spleen 

and the liver. Similar trends are also seen for exogenous particles, where particles smaller than the 

capillary diameter ended up in the liver and spleen (and particles larger than the capillary diameter 

get stuck in lung capillaries) (356,357). The size filter functionality of the vascular endothelium 

makes separate modelling of the tissue vascular compartment essential for distribution modelling 

of exogenous particles as well as chemical substances that strongly associate with lipoprotein 

particles. Contrary to particulate substances, vascular space does not need to be modelled for small 

molecules, which easily fit through pores in the vascular endothelium to reach the interstitial space. 

2.2.3.2 Interstitial and cellular spaces 

The interstitial space is separates the vascular space and the (non-vascular) cells of the tissue. It is 

separated from the intracellular space by the phospholipid bilayer of the cell membrane. Due to the 

lipophilic core of the phospholipid bilayer, only neutral, relatively apolar molecules can diffuse across 

the cell membrane. On the other hand, charged or very polar (hydrophilic) compounds cannot 

passively diffuse through the phospholipid bilayer and require the help of channel or transporter 

proteins to gain entry into the cellular space. Therefore, the membrane functions as a 

charge/polarity filter. For most drugs and compounds, the molecular targets reside inside a cell. This 

makes it important to model separate interstitial and cellular spaces for charged and highly polar 

substances, especially if a compound is known to be actively transported. 

Due to the complexities of predicting specific compound-protein interactions, it is currently not 

possible to mechanistically predict if a compound is a transporter substrate, aside from using 

computationally expensive molecular dynamics approaches. However, rules of thumb can be used 

to make an educated guess. For example, many glucuronic acid, sulfonic acid and glutathione 

conjugates are known to be actively transported (358–360). Alternatively, to get an idea of if a 

compound could be a transporter substrate, it might help to compare it to it’s endogenous substrate, 

in terms of (geometric, 3D) structure, chemical properties and localization in the cell. Endogenous 

substrates are known for the more well known transporters.  For example, P-glycoprotein transports 

compounds associated with the (core of the) cell membrane, like phospholipids, oxidized lipids and 
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steroids (361–364). Breast cancer resistance protein and multidrug transporters transport 

amphiphilic compounds associated with the surface part of the cell membrane (365,366). Organic 

cation and anion transporters transport mostly soluble polar or charged compounds, with 

preferences for specific moieties (367–369). While comparing compound properties, structure and 

cell location with endogenous substrates does not provide quantitative data that can be used in a 

PBK model, it could help by narrowing down what transporters should be investigated in silico and 

in vitro methods. 

2.2.4 PBK model parameters 

2.2.4.1 Physiological growth and variation 

In PBK models, the body is described by physiological parameters, which generally consist of 

tissue/organ volumes and blood flows for an average adult individual (human, or any other animal). 

Since the larger part of a population usually consists of adults, PBK models for average adult 

individuals work quite well for predicting and investigating toxico- and pharmacokinetic profiles. 

However, such models will not suffice when investigating lifelong exposures, for example in case of 

chronic exposure to persistent pollutants or medication usage. Furthermore, determining how safe 

the most sensitive individuals are is important in chemical risk assessments. In such cases, 

modelling an average adult individual will not be sufficient either. In these cases it is important to 

incorporate body growth and variation in a population in PBK models.  

When modelling lifelong exposure scenarios, physical growth and changes in tissue/organ sizes are 

often scaled based on age (370,371). However, the use of age for internal growth, does not exclude 

confounding factors like ethnicity, cultural and environmental influences. In contrast, when 

predicting tissue/organ growth based on body weight, there seems to be no statistical differences 

for individuals of different ethnicity (372). Theoretically, body weight seems to be a better predictor 

of internal growth, since it relates internal tissue/organ growth to external growth and seemingly 

excludes external confounding factors to a bigger extend. Therefore, internal growth could likely be 

more accurately modelled by incorporating an age based growth model for external growth (body 

weight), while internal growth is modelled based on body weight.  

In population models, body weight, cardiac output and tissue/organ volumes and blood flows are 

often generated independently from one another using Monte-Carlo sampling (265,370,371). For 

organ volumes, this is fine if they are expressed in the model as a percentage of body weight, since 

bigger bodies will result in bigger organs proportional to the whole body size. However, if absolute 

organ weights are used, unreasonably large or small organs can be generated for a specific body 

weight, since body weight and tissue/organ weights are often generated independently in population 

models. On the other hand, tissue/organ blood flows are often modelled based on a percentage of 

the cardiac output, while the cardiac output in itself is based on the body weight or height (371). 

When the physiological parameters are generated for a virtual population, the cardiac output and 

tissue blood flows are generated independently. Consequently, the generated tissue volume can be 

on the large side, while the randomly generated tissue blood flow can be on the low side. This 

creates unrealistic extremes in the populations, wherein overlapping uncertainties/variations are 

stacked (370). Therefore, it would be more useful to generate organ blood flows based on the size 

of the organ instead of the cardiac output. Besides enabling the generation of more realistic 

populations, this also allows for more flexibility in modelling non-standard or patient populations. 
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For example, a kidney donor can be modelled more easily with one kidney, when the blood flow 

depends on the total kidney size, instead of the need to adjust the fraction of cardiac output for all 

tissues. Furthermore, during growth, relative tissue/organ sizes change and their specific blood 

flows should reflect those changes in size (370). To generate realistic populations, tissue/organ sizes 

and blood flows should therefore be related to body weight and tissue/organ size, respectively. 

2.2.4.2 Reliability of in vitro derived kinetic parameters 

In vitro models can be used to derive kinetic parameters describing absorption, distribution or 

metabolism. Such models capture many of the in vivo complexities of the cellular microenvironment. 

For example, when determining absorption or metabolic parameters in (caco-2, hepatocyte) cell 

models, active transport in and out of the cell as well as (non)specific binding to cell proteins and 

membranes are included. On the other hand, while many of the in vitro models do contain most 

important enzymes, the expression of these proteins is often different from the in vivo situation 

(373,374). The use of some types of stem cell models could bring improvements in these aspects, 

but easy and high throughput application of these models is not yet possible. While in vitro models 

represent the in vivo situation quite well, this can also become a problem, since different kinetic 

reactions cannot always be separated. For example, during permeability measurements using a 

barrier of intestinal cells, these cells could also metabolize the compound of interest. Or when 

measuring metabolism in hepatocytes, active transport of the compound of interest out of the cell 

could influence concentration dependent metabolic parameters. Alternatively, chemical interactions 

can also alter the perceived measurement. For example, a compound could evaporate, or bind to 

the plastic of the container used for the experiment (wells plates, Eppendorf, etc.) (375,376). The 

reliability of in vitro methods can therefore be affected due to biochemical and chemical interactions 

altering the concentration that is available to undergo the intended process. 

The effects of nonspecific binding, metabolism and evaporation can be accounted for to determine 

the actual concentration available for interaction with the process of interest. For example, a mass 

balance can be used to check how much of a compound is associated with various components or 

compartments in the in vitro (cell) model. In case of a transwell plate, concentrations can be 

measured in apical and basolateral medium, compound can be extracted from the cell layer and the 

plastic in the well plate. In case of a compound that is rapidly metabolized, the metabolites can also 

be measured in all these compartments. Knowing how much of a compound is metabolized, or 

associated with plastics or cells, allows correction of the assumed average (nominal) concentration 

of the whole system to the real (actual) concentration available for interaction with the process of 

interest. Alternative to the mass balance approach, chemical distribution models for in vitro systems 

can be used to estimate evaporation, as well as plastic, protein and membrane binding (377). These 

in silico models also enable prediction of the concentration available to interact with the process of 

interest. The use of either mass balance and chemical distribution models for in vitro experiments 

can account for the effect of evaporation and binding to secondary model components, improving 

reliability of the measured endpoints in in vitro models.   

2.2.4.3 In silico prediction of kinetic parameters 

Three types of in silico methods can be used to predict kinetic parameters: molecular dynamics, 

mechanistic algorithms and regression based quantitative property structure relationships (QSPRs). 

Molecular dynamics can be used to predict some parameters based on quantum mechanical 
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parameters and interactions. Currently some kinetic parameters, like membrane permeability (378), 

can be predicted based on molecular dynamic simulations. Potentially such approaches could be 

used in the future to predict movement of compounds through cytochrome P450 substrate access 

tunnels (379,380) to predict clearance rates. However, such simulations require immense computing 

power, limiting the use of molecular dynamics simulations to those with access to powerful 

computers as well as limiting its use for high throughput predictions. Next, mechanistic algorithms 

predict kinetic parameters based on readily available chemical properties. Currently, these methods 

are used to predict the distribution between blood/plasma and tissues (75,115,118,381), however 

mechanistic algorithms are not available for predicting many other kinetic parameters. Lastly, QSPRs 

are widely available for many kinetic parameters. However, since these models are essentially 

regression models, they rely heavily on in vitro or in vivo data. This data potentially has the same 

uncertainties and problems as were discussed in the previous section. Furthermore, since regression 

based models are not mechanistic, it can be uncertain if the compound of interest fits within the 

chemical domain of the QSPR. While QSPRs are easy to use and available for predicting many types 

of kinetic parameters, the requirement of large amounts of in vivo or in vitro data for QSPR 

development as well as the uncertainty of its output should steer towards other methods. Therefore, 

future efforts should focus on developing mechanistic algorithms and/or lowering the required 

computational power for running molecular dynamics simulations. 

2.2.5 Model validation 

Physiologically based kinetic models need to be validated with in vivo toxico- or pharmacokinetic 

data. It is preferred to use human data when available, however this is often not the case. Animal 

data can be used if human data is not available, however a verifying PBK model for that animal 

needs to be made as well. This not only beats the purpose of using PBK modelling for animal free 

risk assessment, but could also still lead to missing processes due to differences in physiology 

between humans and test animals. However, when a compound is still in development or used to 

kill, like pesticides, it is not ethical to test such compounds in humans. Microdosing studies could 

be a solution to this problem. Improvements in analytical techniques, like mass spectrometry, 

spectroscopy and PET imaging (for radiolabeled test compounds) significantly increased analytical 

sensitivity, enabling human testing with very low doses (382). Such approaches cannot be used for 

any compound though. In vitro carcinogenicity and mutagenicity tests should be negative for the 

compound of interest and main metabolites. Furthermore, the molecular initiation event (and 

related affinity) should be known for the compound of interest and toxic metabolites in order to 

estimate safe doses. A significant safety margin should be in place between the lowest expected 

effect dose and the actual dose applied to volunteers. Furthermore, internal concentrations should 

still be measurable and allow for different dose levels to be tested. Further requirements and 

guidelines for microdosing studies are published by the ICH (383), supporting animal free, human 

centric dosing studies for chemical risk assessment.  

2.2.6 Future application of PBK models 

In the current day and age, PBK modelling is already very useful, but held back by limitations in 

mechanistic modelling of some physiological processes and structures, parameterization and 

validation. With advances in knowledge and data acquisition these limitations can be overcome, 

enabling the use of PBK models for virtual humans. In chemical risk assessment, PBK models can 

be expanded by further incorporating systems toxicology/pharmacology approaches, like 
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quantitative adverse outcome pathway (qAOP) modelling, which would enable predictions of chronic 

and mixture effects. To get there, reliance on regression and estimation methods introducing high 

uncertainties should be phased out, and more mechanistic approaches need be developed and made 

accessible. 

 

2.3 Thoughts on adoption of animal free risk assessment 

Transitioning to animal free methods in chemical risk assessment is currently progressing at a 

steady, but slow pace. This seems to be partially related to the reliability of, and regulatory trust in 

new approach methodologies (NAMs). To speed up adoption and increase trust in NAMs, companies 

should be encouraged or required to deliver side by side animal and animal-free risk assessment 

for (re)registration of their compounds. A few properly designed animal studies can provide a large 

amount of data to compare with results of various NAMs at the same time. This gives the opportunity 

to improve and validate NAMs, increase knowledge and expertise at companies and regulatory 

institutions about these methods and potentially increase trust in using these methods for risk 

assessment. Data produced at companies will likely be highly reliable and give a better 

understanding on the variability and reproducibility of these methods due to strictly adhered GLP 

standards. Governmental institutions could meet those companies in the middle with subsidies for 

those companies to perform side by side animal- and NAM-based risk assessment, and with 

increased subsidies if the (anonymized) data and NAM experience is shared publicly with 

governmental and academic researchers. In turn academic researchers could focus more on 

improving existing NAMs or developing new ones, looking more into molecular mechanisms of these 

systems and how they can be used optimally. The downside will be that companies likely don’t want 

to perform more tests than needed, since each extra test performed could reveal some kind of 

toxicity, potentially falsely at that. Therefore this approach could focus on preclinical experiments, 

since if at this stage the extra data shows a new toxicity mechanism, it will likely be cheaper for 

companies to find out where this toxicity arises from than to find out later in human trials or when 

full production is being set up.  

 

2.4 Conclusion 

For animal welfare, saving chemical development time, or for plain scientific accuracy; in the last 

few decades the fields of toxicology and chemical risk assessment have expressed a large sentiment 

for replacement of animal testing in human risk assessment. Such an endeavor requires thorough 

mechanistic understanding of complex chemical and physiological systems. While there are still 

opportunities for improvement, the combination of PBK modelling with in vitro experiments is 

already able to take many of such complexities into account. In this thesis, such in silico and in vitro 

approaches were combined to predict in vivo organophosphate pesticide toxicity. While more trust 

and knowledge in such methods needs to be build in the coming years, the findings reported here 

show the applicability of animal-free methods in next generation safety assessment.  
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Summary 

In this thesis animal-free methods for next generation risk assessment of organophosphate 

pesticides were evaluated. These approaches are based on in silico and in vitro methods, and were 

evaluated for predicting the safety of human exposures, as well as points of departure for 

acetylcholinesterase (AChE) inhibition by organophosphate pesticides. This was achieved by the 

development of a generic physiologically based kinetic (PBK) model for organophosphate pesticides, 

in vitro quantification of AChE inhibition by various organophosphate pesticides, exposure safety 

evaluation using the dietary comparator ratio (DCR) method, and point of departure prediction for 

hazard characterization using quantitative in vitro to in vivo extrapolation (QIVIVE) of in vitro AChE 

inhibition to the in vivo situation.  

Chapter 1 introduces essential information of organophosphate pesticides on their use, chemistry, 

kinetics and effects. It is also explained how traditional risk assessment is performed and how 

animal-free in vitro and in silico methods can be used to perform risk assessment without animal 

testing. Lastly, the aim of the thesis is presented. 

In chapter 2, a PBK model was developed to predict blood concentrations of eight organophosphate 

pesticides and their metabolites in rats and humans. The developed PBK model predicts how 

organophosphates are absorbed, distributed, metabolized and excreted in/from the body, based on 

in vitro or in silico derived parameters. The PBK model was validated using literature derived blood 

concentration-time data from in vivo exposure studies data. When validating the model, blood 

concentrations of most of the organophosphate pesticides were predicted within 5-fold difference 

from in vivo values. Those pesticides that were less well predicted were all found to be in the 

dimethyl-organophosphate pesticide subclass. 

The developed PBK model was used in chapter 3, to investigate if the DCR method can be reliably 

used for safety evaluation of organophosphate pesticides. Six organophosphate pesticides were 

used to evaluate the DCR method for organophosphate pesticides. The DCR method correctly 

predicted 70 out of 74 exposures to be safe when these were indeed reported to have no adverse 

effects. Four exposure scenarios were predicted to be dangerous, while in literature these were 

reported to be safe. The four false positives were all for dimethyl-organophosphates. It was 

concluded that in the future the DCR method can be used for safety evaluation of exposures to 

organophosphate pesticides, since it was shown to accurately predict the occurrence of adverse 

effects after exposure to these pesticides. 

In chapter 4, it was investigated if the overprediction of the dimethyl-organophosphates fenitro-

oxon, methyl-paraoxon and omethoate could be due to a metabolic pathway not incorporating in 

the PBK model. In vitro metabolism studies showed that methyl-paraoxon and omethoate were 

metabolized via a glutathione-mediated pathway. Furthermore, rats were found to metabolize 

methyl-paraoxon four times faster than humans via this pathway. When the glutathione-mediated 

metabolic pathway was incorporated in the PBK model, blood predictions for methyl-paraoxon and 

fenitro-oxon improved from over 10-fold difference when glutathione-mediated metabolism was not 

included, to less than 5- and often even 2-fold differences compared to in vivo rat data. For 

omethoate, no significant changes in predicted blood concentrations were observed. For humans, 
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predicted maximum concentrations for methyl-parathion and fenitrothion exposures were more than 

12-fold lower when glutathione-mediated metabolism was incorporated in the model. 

The quantitative in vitro to in vivo extrapolation approach was used for point of departure 

determination of AChE inhibition by organophosphate pesticides in chapter 5. For eight 

organophosphate pesticides and their active metabolites, concentration-response curves derived 

from in vitro AChE inhibition assays using blood or pure enzyme. For each pesticide, both whole 

blood and enzyme concentration-response curves were translated to dose-response curves using 

the adjusted PBK model developed in chapter 4. Benchmark dose modelling was used on the dose-

response curves to predict points of departure, which were then compared to in vivo determined 

points of departure reported in literature. All predicted points of departure, for both rats and 

humans, were within 4-fold from in vivo determined points of departure low-observed-adverse-

effect levels (LOAELs) and higher than the reported no-observed-adverse-effect levels (NOAELs). 

For some organophosphate pesticides it was not possible to a point of departure based on whole 

blood data, possibly due to non-AChE esterases present in whole blood. It was shown that QIVIVE-

based point of departure determination can be used for animal-free hazard characterization for 

organophosphate pesticides when pure enzyme is used for AChE inhibition assays. 

In chapter 6, the results of each experimental chapter are summarized. Considerations with regard 

to chronic and mixture exposures are discussed and the association of organophosphate pesticides 

with neurodegenerative diseases briefly touched upon. For PBK modelling some opportunities are 

discussed in detail, focusing food effects on oral absorption, lymphatic transport, the required 

physiological detail that is needed in a PBK model, growth and population modelling and limitations 

of and solutions for in vitro and in silico derivation of kinetic parameters. Lastly, model validation 

and adoption of animal-free risk assessment were discussed. 

The findings in this thesis show how several in vitro and in silico approaches can be used for next 

generation safety assessment for organophosphate pesticides. Using these approaches for both rats 

and humans also provided valuable insights into species differences. All these findings support the 

thought that animals used in toxicity testing do not always represent humans very well. Therefore 

the human centric data provided by animal-free approaches is essential for chemical risk 

assessment for humans. 
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