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Abstract
Binding to acetylcholinesterase may cause toxic effects in humans. Organophosphates simultaneously
are both dangerous and useful substances: dangerous since they are employed in chemical warfare; and
useful when they are applied as pesticides. Here we suggest the models for organophosphates binding to
acetylcholinesterase developed via representing the molecular structure by a simpli�ed molecular input-
line entry system (SMILES) using so-called optimal SMILES-based descriptors calculated with the Monte
Carlo technique using the CORAL software available on the Internet (http://www.insilico.eu/coral).
Quantitative structure-activity relationships (QSARs) serve to develop predictive models for
organophosphates. The predictive potential of these models is quite good: the determination coe�cient
for the validation set ranged from 0.87 to 0.90. These models were built up according to the principle
"QSAR is a random event", i.e. predictive potential of an approach should be checked up with several
splits of available data into the training and test sets. The special scheme of mechanistic interpretation
de�nition is represented. The mechanistic interpretation is based on probabilities of molecular features to
be in the sub-group of promoters of increase for endpoint or in sub-group of promoters of its' decrease.

Introduction
Pesticides are widely used in agriculture for plant protection and to increase the yields and quality of
agricultural products, but also in domestic applications (Naik et al. 2009). Organophosphate compounds
(OPC) are the widely used choice as insecticides and are widely used across the world. For this reason,
these substances are frequently encountered in surface water and groundwater due to their agricultural
use. OPC are also used for ornamentals, in �oriculture, and for residential treatments. Unfortunately,
despite these advantages, these pesticides are highly toxic and also bio accumulate (Torres-Palma and
Serna-Galvis 2018; Bora et al. 2020). Exposure to OPCs can affect the immune response and
carbohydrate metabolism, and cause cardiovascular toxicity (Marimuthu et al. 2019).

Residues of these pesticides usually build up on the surface of the soil and ultimately �nd their way into
food products. They may have adverse impacts on various groups of soil microbes, wild animals, and
also humans, through environmental contamination, or residues in food and feedstuff (Torres-Palma and
Serna-Galvis 2018; Bora et al. 2020; Toropov et al. 2017, 2018). Experimental data on these chemicals
can be used to improve the design of new pesticides, moving towards safer, greener substances,
considering their adverse effects on humans and ecosystems (Mudasir et al. 2013; Wibowo et al. 2017).
Furthermore, organophosphates are chemical warfare tools (Mendonca et al. 2020).

Quantitative structure-activity relationships (QSARs) serve to develop predictive models for the toxicity of
compounds in general and organophosphates in particular (Niraj et al. 2015; Marimuthu et al. 2019; Bora
et al. 2020; Maxwell et al. 1992; Ruark et al. 2011; Zhao and Yu 2013; Morrill et al. 2015; Lee and Barron
2016). The CORAL software (http://www.insilico.eu/coral) has been used up as a tool to develop QSAR
models for different endpoints (Toropov et al. 2017, 2018; Veselinović et al. 2015; Kumar and Chauhan
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2017; Kumar et al. 2019; Islam and Pillay 2016). Here we studied the ability of this software to build up
predictive models for toxicity OPC binding to acetylcholinesterase.

Method

Data
A database of 278 molecular structures together with numerical data on toxicity represented by rate
constants for human binding to acetylcholinesterase (AChE k1) were taken from the literature (Ruark et
al. 2013). These substances have randomly distributed into an active training set (≈ 25%) which has
used to construct the model, a passive training set (≈ 25%) that independent of those used for building
the model, a calibration set (≈ 25%) is to identify situations under which the model is over-training, and a
validation set (≈ 25%) is to provide the �nal assessment of the statistical quality of the model (Toropov
et al. 2020). The molecular structure was represented with simpli�ed molecular input-line entry systems
(SMILES) (Weininger 1988).

Optimal SMILES-based descriptors
The optimal SMILES-based descriptor of the correlation weights (DCW) applied here is calculated as
follows:

DCWSMILES T ∗ , N ∗ = CW(APP) + ∑CW(Sk) + ∑CW(SSk)

1
Correlation weights (CW) are calculated with the Monte Carlo method using the CORAL software
(http://www.insilico.eu/coral). T is an integer to de�ne rare fragments and active ones. N is the number of
epochs of the Monte Carlo optimization. APP is atom pair’s proportions self-organized vector.

Table 1 gives examples of APP. Sk is SMILES atoms, i.e. one symbol or a group of symbols that cannot
be examined separately (‘Br’, ‘%11’, ‘@@). SSk is fragments of SMILES containing two SMILES atoms.
CW(APP), CW(Sk), and CW(SSk) are correlation weights for these SMILES attributes.

The T* is the threshold, i.e. a value to discriminate molecular features extracted from SMILES into two
categories rare (frequency in the active training set is less than T*) and active (frequency in the active
training set is equal or better than T*). The N* is the number of epochs of the Monte Carlo optimization.

[Table 1 around here]

Monte Carlo optimization
QSAR-models were calculated with the Monte Carlo optimization based on the target functions:

( )
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TF = rAT + rPT − rAT − rPT ∗ 0.1

2
 rAT  and rPT are correlation coe�cients between observed and predicted endpoint for the active training
and passive training sets, respectively. The maximum given by Eq. 2 is the target of the Monte Carlo
calculations. Having the corresponding numerical data in the correlation weights, the endpoint is
calculated as follows:

humanAChEK1 = C0 + C1 × DCWSMILES T ∗ , N ∗

3
the CO and C1 are regression coe�cients.

Results And Discussion

Domain of applicability
The domain of applicability for these compounds is de�ned according to so-called SMILES defects
(Toropova et al. 2020). The number of potential outliers in the validation set is 6, 7, and 5 respectively for
splits 1, 2, and 3. The SMILES defect is not a rigid categorization of compounds but only indicates that
the representability of fragments of the corresponding SMILES in the active training set (Toropova et al.
2020) is not enough. Figure 1 gives examples of the statistical outliers. The outliers are not all similar for
different splits though some are the same (e.g. #1 for splits 1 and 2; #198 for splits 2 and 3).

[Figure 1 around here]

Mechanistic interpretation
[Table 2 around here]

Models
Computational experiments with three random splits give the following models:

Split 1

 humanAChEK1 = -0.9042(± 0.0411) + 0.6609(± 0.0043) * DCW(1,15) (4)

Split 2

 humanAChEK1  = 1.0303(± 0.0275) + 1.0200(± 0.0063) * DCW(1,15) (5)

Split 3

| |

( )
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 humanAChEK1  = 0.9458(± 0.0239) + 0.8805(± 0.0050) * DCW(1,15) (6)

Table 3 contains the statistical characteristics of models for three random splits. There is dispersion of
the statistical characteristics, but not too much. In other words, the models suggested are robust and can
be used for practical applications.

[Table 3 around here]

Comparison with models from the literature
Table 4 compares the statistical quality of models suggested here with some other models suggested
(Ruark et al. 2013). Despite the interest in OPCs (Devillers 2000; Mudasir et al. 2013; Ruark et al. 2013;
Bora et al. 2020) it is impossible to �nd any QSAR studies of the rate constants of human AChE k1.
Therefore the only comparison can be the results here and those from the original article (Ruark et al.
2013). In our case, the original set of compounds was split into four sets: active training, passive training,
calibration, and validation, while Ruark et al. (2013) report the results on three subsets. However, it is
possible to make a comparison. The results of the active training are quite similar. No results on the
passive training are available in the original paper, because the authors applied a different approach;
however, the values for the passive training used only in our case are higher than those on the training set
in the original paper. The values for the calibration and validation sets are always better in our case,
particularly for the validation set. The validation set values are of particular interest because they
demonstrate that our model is not affected by overtraining and quite probably can be applied for
substances not used in the modeling phase.

Besides their good statistical results, our model is simpler, does not require the calculation of molecular
descriptors as in Ruark’s paper (2013), but only needs the SMILES to represent the molecular structure.

[Table 4 around here]

Supplementary materials section gives technical details of the suggested models. 

Conclusions
We have developed new models for AChE binding for OPC that are robust and predictive. These models
are accompanied by the domain of applicability and a mechanistic interpretation. The statistical quality
of the models examined here is better than in models for the same endpoint obtained with the CODESSA
software (Ruark et al. 2013). The approach we adopt is quite simple and uses the freely available CORAL
software.
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Figure 1

Statistical outliers for the validation set in the cases split 1, 2, and 3
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