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• A model of toxicity as a function of all 
available data is proposed. 

• Model calculated with so-called quasi- 
SMILES. 

• Quasi-SMILES is a string encoding 
observed conditions. 

• Conditions are exposure times and kinds 
of tadpoles. 

• The statistical quality of models toxicity 
to tadpoles is reproducible.  
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A B S T R A C T   

Simplified molecular input-line entry systems (SMILES) are the representation of the molecular structure that can 
be used to establish quantitative structure-property/activity relationships (QSPRs/QSARs) for various endpoints 
expressed as mathematical functions of the molecular architecture. Quasi-SMILES is extending the traditional 
SMILES by means of additional symbols that reflect experimental conditions. Using the quasi-SMILES models of 
toxicity to tadpoles gives the possibility to build up models by taking into account the time of exposure. Toxic 
effects of experimental situations expressed via 188 quasi-SMILES (the negative logarithm of molar concentra
tions which lead to lethal 50% tadpoles effected during 12 h, 24 h, 48 h, 72 h, and 96 h) were modelled with 
good results (the average determination coefficient for the validation sets is about 0.97). In this way, we 
developed new models for this amphibian endpoint, which is poorly studied.   

1. Introduction 

Quantitative structure-property/activity relationships (QSPRs/ 
QSARs) gradually become a test-centre for many very distant ideas and 
aspirations coming from mathematics or from other sciences such as 

physics, chemistry, biology, and medicine. In mathematics, perturbation 
theory comprises methods for finding an approximate solution to a 
problem, and these approaches are very nice tools for solving QSPR/ 
QSAR tasks (González-Díaz et al., 2013). Multi-targets QSARs are an 
emergence of a new quality in the theory and practice of mathematical 
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chemistry and cheminformatics (Ambure et al., 2019), stimulating the 
development and improvement of new software for solving quite com
plex problems related to catalysis, synthesis, metabolism and drug dis
covery (González-Díaz et al., 2013; Halder and Cordeiro, 2021). In a 
sense, the antipode for classical methods involving the 
three-dimensional representation of molecules as well as their quantum 
mechanical features is the Monte Carlo method that allows you to build 
a model of various endpoints using the representation of the molecular 
structure through simplified molecular input-line entry system (SMILES) 
(Weininger, 1988). This approach made it possible to obtain convenient 
and statistically good models for a number of rather important and 
complex endpoints, such as Gibb’s energy (Singh et al., 2022), eco-toxic 
endpoints of organic chemicals (Lotfi et al., 2022), toxicity of ionic 
liquids (Ahmadi et al., 2022), cytotoxicity of quantum dots (Kumar and 
Kumar, 2021a; Kumar et al., 2022), and anti-influenza activity of DNA 
aptamers (Kumar and Kumar, 2021b). 

During the last decades, the interest in the toxicological analysis of 
amphibian organisms was not intensive enough, despite the clear ability 
of amphibians to be a valuable ecological indicator (EFSA et al., 2018; Di 
Nicola et al., 2021). A key factor’s main reason for such a situation is the 
unavailability of the corresponding experimental data. Nonetheless, a 
few works dedicated to toxicity towards amphibian organisms are 
available in the literature (Wilson and Famini, 1991; Wang et al., 2001; 
Huang et al., 2003a,b; Roy and Ghosh, 2006; Wang et al., 2019; Toropov 
et al., 2022; Roy, 2022). 

Here, numerical data from different sources has been collected. 
SMILES (Weininger, 1988) have been applied to the representation of 
the molecular structure. To take into account the different experimental 
conditions, so-called quasi-SMILES (Toropova et al., 2015) were 
involved. The quasi-SMILES are a convenient way to insert data of 
heterogeneous nature, which are not codified into the chemical struc
ture, for instance, the exposure time. In our case, it gives the possibility 
to study a representative dataset on the toxic effects related to tadpoles. 

The aim of the present study is the development of QSARs for toxicity 
towards tadpoles (Rana japonica and Rana chensinensis) using the system 
of self-consistent models (Toropova and Toropov, 2021) obtained by the 
Monte Carlo technique with the applying of a new criterion of the pre
dictively potential of models (so-called the index of ideality of correla
tion) (Toropov and Toropova, 2017; Toropova et al., 2020). Thus, values 
on the two species are used within a single model, and this information 
too is used within the quasi-SMILES approach. 

2. Method 

2.1. Data 

Experimental data on acute lethal toxicity expressed via the negative 
logarithm of molar concentrations pLC50 [mol/L] observed in 12, 24, 48, 
72, and 96 h exposition of organic compounds to Rana japonica and Rana 
chensinensis tadpoles were extracted from the literature (Mekenyan 
et al., 1996; Huang et al., 2003a; Wang et al., 2019). After excluding 
duplicates, 188 quasi-SMILES remained. These quasi-SMILES were 
distributed into five non-identic combinations of four special sets: (i) 
active training set (≈25%); (ii) passive training set (≈25%); (iii) cali
bration set (≈25%); and (vi) validation set (≈25%). The total number of 
compounds is 52. 

Table S1 (Supplementary materials) confirms that five of the above 
splits examined here are not identical. 

Each set has a specific task. The quasi-SMILES of the active training 
set are applied to build the model. The quasi-SMILES of the passive 
training set applied to the inspection of the model (whether the model is 
satisfactory for quasi-SMILES that are not involved in the modelling 
process). Quasi-SMILES of the calibration set are applied to detect the 
moment of the start of the overtraining. The quasi-SMILES from the 
validation set are applied to final checking up the predictive potential of 
a model. 

Quasi-SMILES were used for the representation of the molecular 
structure of organic chemicals as well as physicochemical and 
biochemical conditions of toxicological effect (Toropov et al., 2018; 
Toropov and Toropova, 2021). Table 1 contains the codes of the 
non-chemical information used within quasi-SMILES to build the models 
(Toropov and Toropova, 2021). In this way, the model can use data 
related to the exposure time and the species. 

2.2. Optimal descriptor 

The CORAL model is a one-variable correlation between the 
endpoint and descriptor of correlation weights (DCW): 

pLC50 =C0 +C1 × DCW(T,N) (1) 

The DCW is a function of the molecular architecture expressed and 
experimental condition expressed via the quasi-SMILES 

DCW(T,N)=
∑

CW(Sk) (2) 

The Sk is SMILES atom, i.e. one symbol (e.g. ‘C’, ‘c’, ‘N’, ‘O’, etc.) or a 
group of symbols which cannot be examined separately (e.g. ‘Cl’, ‘Br’, % 
11, etc.). In addition, a special type of code is a component of the model. 
These reflect experimental conditions, namely [12 h], [24 h], [48 h], 
[72 h], and [96 h] represent the time affecting to tadpoles in 12 h, 24 h, 
48 h, 72 h, and 96 h respectively; the [jap] and [che] are codes of quasi- 
SMILES for Rana japonica and Rana chensinensis tadpoles, respectively. 

The CW(Sk) is the correlation weight of the Sk, i.e. a coefficient which 
adds to the descriptor’s value if the corresponding quasi-SMILES con
tains the Sk. The numerical data on the correlation weights are obtained 
from the Monte Carlo optimization, which is carried out with the so- 
called index of ideality of correlation (IIC), i.e. a special component of 
the target function described in the literature (Toropov and Toropova, 
2017; Toropova et al., 2020). 

2.3. Applicability domain 

The applicability domain of the CORAL model is defined according to 
the distribution of quasi-SMILES attributes in the training and calibra
tion sets as two-step: 

Step 1: the definition of the statistical defect (dk) for each quasi- 
SMILES attribute involved (non-blocked) to build up the model; 

dk =
|P(Ak) − P′

(Ak)|

N(Ak) + N(Ak)
(3)  

where P(Ak) and P′(Ak) are the probability of Ak in the active training 
and calibration sets, respectively; 

N(Ak) and N’(Ak) are frequencies of Ak in the active training and 
calibration sets, respectively. 

Step 2: the calculation for all quasi-SMILES statistical defect (Dj): 

Dj =
∑NA

k=1
dk (4)  

where NA is the number of non-blocked SMILES attributes in the 
SMILES. 

Table 1 
The “cryptography” of quasi-SMILES building up.  

Code for quasi-SMILES Comment 

[jap] Rana japonica tadpoles 
[che] Rana chensinesis tadpoles 
[12 h], [24 h], [48 h], [72 h], [96 

h] 
Time of exposition of organic compounds to 
tadpoles  
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A substance falls in the domain of applicability if 

Dj < 2 ∗ D (5)  

where D is the average of the statistical SMILES-defect for the training 
set. 

2.4. The system of self-consistent models 

Each i-th model has i-th validation set. As demonstrated (Table S1), 
the validation sets are far from identical. It is important to develop a 
model which, in principle, can be used for an arbitrary validation set, 
provided that the substance(s) to be evaluated are similar to those of the 
training set. For this purpose, we can use multiple splitting of the sub
stances available to build the model, and the results should be repro
ducible. In this case, these different models should be considered as self- 
consistent ones. 

The measure of self-consistency is based on the average and disper
sion of the correlation coefficients on different validation sets. The 
corresponding computational experiments are represented by scheme 
(6): 
⎡

⎢
⎢
⎣

M1 : S1→R2
11 ⋯ M5 : S1→R2

51

⋮ ⋱ ⋮
M1 : S5→R2

15 ⋯ M5 : S5→R2
55

⎤

⎥
⎥
⎦ (6)  

the Mi is i-th model (i.e. special numerical version of Eq. (1)); the Sj is j- 
th split; the R2

ij is the correlation coefficient observed for j-th validation 
set if applied i-th model. 

3. Results and discussion 

The general model observed for random split 1 is the following: 

pLC50 = 0.9771 + 0.7551 × DCW(1, 15) (7) 

The general statistical quality of this model is the following:  

n = 46, R2 = 0.7730, q2 = 0.7557, RMSE = 0.554, F = 150 (active training set)  

n = 47, R2 = 0.7739, q2 = 0.7570, RMSE = 0.545, F = 154 (passive training 
set)                                                                                                       

n = 48, R2 = 0.9537, q2 = 0.9505, RMSE = 0.292 (calibration set)               

n = 47, R2 = 0.9697, q2 = 0.9678, RMSE = 0.262 (validation set)                

n = 188, R2 = 0.8828, q2 = 0.8809, RMSE = 0.430 (all quasi-SMILES)       

One can see (Table 2 and Table 3) that the models should be 
considered with good predictive potential. Table 2 contains the statis
tical characteristics of models on the validation set, including all com
pounds. In contrast, Table 3 contains the statistical characteristics of 
compounds which were not involved in the corresponding learning 
process (i.e. in the Monte Carlo optimization). 

Table 3 contains the correlation weights CW(Sk) of codes of SMILES 
attributes as well as codes of quasi-SMILES described in Table 1. Positive 
values indicate factors associated with an increase in the toxic effect and 
vice versa. The larger coefficients indicate a higher role in the effect. 
Obviously, we can observe that the longer the exposure, the higher the 
effect. This model can be used to identify the effect depending on the 
time of exposure, which is an interesting characteristic of this kind of 
model. We can also observe a different species sensitivity between the 
two species; Rana japonica is more affected by toxic substances. This 
information can be used as an activity-activity relationship. As an 
example of the role of the chemical components, the presence of chlorine 
in the molecule is associated with an increased effect. The ability of the 
model to extract useful information is closely related to the presence of a 
sufficient number of substances with a certain feature. Thus, for 

instance, we can observe that the role of bromine in this model is very 
low, opposite to what was discussed for chlorine. This is undoubtedly 
affected by the low number of substances with bromine compared to 
those containing chlorine. Another critical issue related to the model, in 
general, is that the substances in the training set are, in practice, all 
aromatic ones; thus, the present model should be used for these kinds of 
substances. 

Thus, it can be seen that both the conditions for carrying out the 
corresponding experiments and the molecular structure features impact 
the toxic effect. The prevalence of the mentioned circumstances (fea
tures of molecular architecture and experimental conditions) in quasi- 
SMILES should be taken into account. For example, the presence of 
three cycles has a correlation weight of 0.35068, but the prevalence of 
this trait is low (Table 3). Nitrogen outside the nitro group has a negative 
correlation weight, while nitrogen included in the nitro group has a 
positive correlation weight; however, it is important that both have a 
significant prevalence in the active training set (NA), passive training set 
NP), and in the calibration set (NC). 

It is to be noted that the described models are quite good, but solely 
for the validation set. This is the consequence of applying the IIC: the 
Monte Carlo optimization based on the IIC improves the statistical 
characteristics of a model for the calibration set but to the detriment of 
the training (active and passive) set (Toropov and Toropova, 2017; 
Toropov and Toropova, 2017). 

The majority of quasi-SMILES fall into the domain of applicability 
according to the statistical defect of SMILES (Toropova et al., 2020). 

Table 4 contains the comparison of the statistical quality of models 
from the literature and suggested here. 

One can see that the model suggested here provides quite good sta
tistical quality for the calibration set and the validation set. The statis
tical quality of the CORAL model for the training set is poorer (Eq. (4)). 
However, the situation rather indicates Eq. (7) as a better model than the 
above-mentioned models from the literature, at least from the practical 
point of view. 

Like any approach, the described scheme for using Monte Carlo has 
its advantages and disadvantages. The advantage of the described 
scheme is the relative modesty of queries regarding the initial 

Table 2 
The determination coefficient (on the validation set) on different combinations 
of use of the i-th model for the j-th validation set in brackets, the numbers of 
compounds are indicated.  

The case when some of the compounds of j-th validation set are present in the training 
sample of the i-th model  

Split 1 Split 2 Split 3 Split 4 Split 5 Average ± 
dispersion 

Model 
1  

0.9650 
(48) 

0.9212 
(47) 

0.9613 
(47) 

0.9614 
(46) 

0.9522 ±
0.018 

Model 
2 

0.9757 
(47)  

0.9595 
(47) 

0.9822 
(47) 

0.9834 
(46) 

0.9752 ±
0.010 

Model 
3 

0.9572 
(47) 

0.9718 
(48)  

0.9670 
(47) 

0.9708 
(46) 

0.9667 ±
0.006 

Model 
4 

0.9619 
(47) 

0.9789 
(48) 

0.9471 
(47)  

0.9766 
(46) 

0.9661 ±
0.013 

Model 
5 

0.9619 
(47) 

0.9778 
(48) 

0.9495 
(47) 

0.9688 
(47)  

0.9645 ±
0.010 

The case when the compounds of j-th validation set that are present in the training set 
of the i-model are excluded from consideration 

Model 
1  

0.9878 
(17) 

0.9805 
(13) 

0.9881 
(13) 

0.9835 
(14) 

0.9850 ±
0.003 

Model 
2 

0.9917 
(17)  

0.9610 
(20) 

0.9870 
(15) 

0.9870 
(21) 

0.9817 ±
0.012 

Model 
3 

0.9550 
(13) 

0.9201 
(20)  

0.9555 
(16) 

0.9125 
(18) 

0.9358 ±
0.020 

Model 
4 

0.9820 
(13) 

0.9839 
(15) 

0.9740 
(16)  

0.9805 
(19) 

0.9801 ±
0.004 

Model 
5 

0.9777 
(14) 

0.9880 
(21) 

0.9565 
(18) 

0.9732 
(19)  

0.9739 ±
0.011  
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Table 3 
The correlation weights obtained by the Monte Carlo optimization for first split.  

Sk Attribute of Structural examples CW(Sk) NA
a NP NC dk (Eq. (3)) 

# SMILES … C–––N − 4.01232 1 2 2 0.0066 
( SMILES 0.00782 43 46 42 0.0007 

/ SMILES − 0.08184 4 4 5 0.0019 

\ SMILES 1.43544 4 4 5 0.0019 

1 SMILES − 0.05305 46 47 43 0.0012 

2 SMILES − 0.13547 5 6 11 0.0075 

3 SMILES 0.35068 2 3 4 0.0066 

= SMILES … C––N … − 0.01619 28 26 23 0.0025 
C SMILES  0.20237 14 19 16 0.0010 
F SMILES  0.0 0 1 0 0.0000 
Br SMILES  0.0 0 6 0 0.0000 
Cl SMILES  0.56788 20 22 20 0.0005 
N SMILES  − 0.09010 18 16 21 0.0012 
O SMILES  0.01681 31 32 31 0.0005 
[12 h] Quasi-SMILES  0.40006 12 15 11 0.0014 
[24 h] Quasi-SMILES  0.48180 9 7 7 0.0031 
[48 h] Quasi-SMILES  0.63516 6 8 11 0.0058 
[72 h] Quasi-SMILES  0.81437 8 11 7 0.0019 
[96 h] Quasi-SMILES  0.91105 11 6 12 0.0005 
[N+] SMILES 0.68593 23 18 15 0.0049 

[O-] SMILES 0.28928 23 18 15 0.0049 

[che] Quasi-SMILES  0.07021 16 18 14 0.0019 
[jap] Quasi-SMILES  0.15024 30 29 34 0.0009 
c SMILES 0.30535 46 47 43 0.0012 

n SMILES 0.98334 2 3 4 0.0066  

a NA, NP, and NC are frequencies of quasi-SMILES in the active training set, passive training set, and calibration set, respectively. 

Table 4 
Comparison of the statistical quality of models for toxicity towards tadpoles.  

N 
training 

R2 (training) RMSE 
(training) 

n 
validation 

R2 

(validation) 
RMSE 
(validation) 

Hour Tadpoles Reference/ 
comment 

28 0.997 0.05    24 h Rana japonica Wang et al., (2001) 
9 0.93 0.22    12 h Rana japonica Wang et al., (2019) 
18 0.85 0.58    96 h Rana chensinensis Wang et al., (2019) 
51 0.834–0.914 0.243–0.175    12 h Rana japonica Huang et al. 

(2003a) 
41 0.9967 0.1    48 h Bufo vulgaris formosus Yan et al., (2008) 
51 0.915 0.183    12 h Rana japonica Roy and Ghosh, 

(2006) 
44 0.722 0.330 14 0.965 0.110 12 h Rana japonica Toropov et al., 

(2022) 
141 0.8335 0.464 47 0.9697 0.262 12, 24, 48, 72, and 

96 h 
Rana japonica and Rana 
chensinensis 

In this work  
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information about the molecular architecture. SMILES is sufficient for 
the implementation of the approach. However, if experimental condi
tions are available (which are able to influence the endpoint), those can 
be presented as additional fragments of SMILES (converting SMILES in 
quasi-SMILES). Most of the approaches currently used are based on the 
choice of suitable groups of descriptors from some available source of 
descriptors (Wilson and Famini, 1991; Wang et al., 2001; Huang et al., 
2003a,b; Roy and Ghosh, 2006; González-Díaz et al., 2013; Ambure 
et al., 2019; Wang et al., 2019; Halder and Cordeiro, 2021 Toropov 
et al., 2022; Roy, 2022). The need to evaluate many combinations of 
descriptors can provide certain advantages to the corresponding models, 
but, apparently, some complication of such models’ practical applica
tions is also inevitable. The paradoxical influence of the IIC (Toropov 
and Toropova, 2017) on the distribution of the statistical quality 
(increasing it for the calibration set and the external validation set to the 
detriment of the corresponding indicators for active training and passive 
training sets) is unexpected. However, this is quite an attractive situa
tion from a practical point of view. Hence, it is not surprising models 
built using IIC find applications (Kumar and Kumar, 2021a,b; Ahmadi 
et al., 2022; Kumar et al., 2022; Lotfi et al., 2022; Singh et al., 2022). 

Supplementary materials section contains technical details for 
described models. 

4. Conclusions 

We introduce here a new approach for modelling toxicity towards 
amphibians. The model takes into account heterogeneous data related to 
the time of exposure to a different species. This is useful both regarding 
the impact of the duration on the toxic effect and also from a technical 
point of view; this approach allows us to cope with the limited number of 
experimental values available because it fully exploits the values 
available at different times and species. The system of self-consistent 
models is useful to improve trust in the approach applied. The sug
gested method based on the index of ideality of correlation gives a quite 
good model for the validation set, but to the detriment of the training 
set. It is to be noted that the suggested approach can be adapted to 
QSPR/QSAR analyses for other endpoints, and the CORAL software 
(http://www.insilico.eu/coral) is free and available for the academic 
community. 
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