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ABSTRACT

Models of toxicity to tadpoles have been developed as single parameters based on special descriptors
which are sums of correlation weights, molecular features, and experimental conditions. This information
is presented by quasi-SMILES. Fragments of local symmetry (FLS) are involved in the development of the
model and the use of FLS correlation weights improves their predictive potential. In addition, the index
of ideality correlation (//[C) and correlation intensity index (Cll) are compared. These two potential
predictive criteria were tested in models built through Monte Carlo optimization. The ClI was more

effective than /IC for the models considered here.

Introduction

The toxicity of various compounds to amphibians is of partic-
ular interest because their response to pollution is affected
by contaminants in the soil and in aquatic compartments.
Amphibians are in fact often adopted as biological materials
to evaluate acute toxicity since their skin is highly sensitive
to polluted water. Furthermore, the toxic effects in the early
stages of amphibians, such as tadpoles, may be more affected
by aquatic contaminants since tadpoles live in water.
Evaluating the toxicity of chemicals through experimental
methods is time-consuming and costly. In addition, data on
toxicity are needed not only for existing compounds but also
for compounds that have not yet been synthesized (Wang,
Xing, et al. 2019), with the aim of introducing safer and
greener substances in the market.

All this makes it very tempting to build models of the tox-
icity of various compounds toward amphibians through
quantitative structure—property/activity relationships (QSPRs/
QSARs), that is, by comparing the molecular architecture of
possible environmental pollutants (Toropov, Di Nicola, et al.
2023; Toropov, Toropova, et al. 2023). A convenient feature of
QSAR models is that they can be used in batch mode, pro-
cessing a large number of substances simultaneously.

Compared to our previous work (Toropov, Di Nicola, et al.
2023), the following improvements have now been made.
First, statistical indices (the index of ideality of correlation
and correlation intensity index (Cl)) not considered in that
work are evaluated (Toropov et al. 2022; Toropov, Di Nicola,
et al. 2023); and second, new SMILES attributes, termed
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fragments of local symmetry (FLS) are considered (Toropov,
Toropova, et al. 2023).

It should be noted that the approach is universal since it
was used to build models of various endpoints (Lotfi et al.
2021; Hamzehali et al. 2022; Kumar et al. 2023; Kumar and
Kumar 2023; Lotfi et al. 2023; Singh et al. 2023; Toropova
et al. 2023).

Method
Data

We extracted from the literature experimental data on acute
lethal toxicity expressed in the negative logarithm of molar
concentrations pLC50 (mol/L) after 12, 24, 48, 72, and 96h
exposure of organic compounds to Rana japonica and Rana
chensinensis tadpoles (Mekenyan et al. 1996; Huang et al.
2003; Wang, Yan, et al. 2019). Using these data, quasi-SMILES
was formed. Here, quasi-SMILES is a combination of ordinary
SMILES with codes representing the conditions for determin-
ing the endpoint studied. Examples of these conditions are
the duration of exposure and the frog species. The
quasi-SMILES does not simply codify information related to
the chemical structure, but also capture eclectic features.
These quasi-SMILES were randomly split into (i) active
training set (=25%); (ii) passive training set (=25%); (iii) cali-
bration set (=25%); and (vi) validation set (=25%). The reason
for using a structured training set (which includes the
so-called active and passive training sets together with a cal-
ibration set) is outlined in the literature (Toropov, Toropova,
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et al. 2023). Briefly, the calibration set serves to select the
parameters of the final model, while the active and passive
training sets are used in the early stages of the model
development.

Optimal descriptor

The optimal descriptor applied to develop models of the
endpoint is:

DCW(3,15)=ZCW (S, )+ ZCW(SS, )+CW (xyxD)

(1
+CW (xyyxD)+CW (xyzyxD)

S SSi as well as the so-called FLS (xyx, xyyx, and xyzyx)
are described (Toropov, Toropova, et al. 2023). The ‘X, 'y, and
‘z' are symbols from SMILES fragments, which is the part of
quasi-SMILES. The ’x; 'y, and ‘z’ are arbitrary SMILES attributes.
However, the cases 'x' ="y’ as well as 'x’ =z’ or 'y’ = 'z’ are not
considered.

CW(x) is the correlation weight for corresponding frag-
ment of quasi-SMILES. The threshold value is 3 if a SMILES
attribute happens less than three times, it is considered rare
and removed from the simulations. In this case 15 is the
number of epochs of the Monte Carlo optimization to pro-
vide numerical data on the CW.

Monte Carlo optimization

The Monte Carlo method is applied to develop the optimal
descriptor of quasi-SMILES, which is a sum of so-called cor-
relation weights of attributes of quasi-SMILES attributes. The
Monte Carlo method algorithm used to obtain optimal
descriptors is a random change in correlation weights of
quasi-SMILES attributes selected in a random sequence. If a
change in the correlation weight improves the target func-
tion, it is fixed. Thus, step by step, the value of the target
function is improved, ensuring an increase in the predictive
potential of the model.

The CW was optimized using the following target
functions:

TFy =y + Lo =| 4y =1y | < 0.1 (2)
TF, =TF, +1IC x0.5 3)
TF,, =TF, + Cll x0.5 @)
TFyccy =TF, +(IC +ClIl) x0.5 (5)

r, and r,. are the correlation coefficients between the
observed and predicted endpoints for the active and passive
training sets. Index of ideality correlation (/IC) is the index of
ideality of correlation (Toropova and Toropov 2017). Cll is the
correlation intensity index (Toropov and Toropova 2020).

Applicability domain

The applicability domain for the models is assessed from the
statistical defects (Toropov, Toropova, et al. 2023). A statistical
defect does not mean that the structure is definitely an out-
lier, but it indicates a concern about the representativeness
of the elements composing this structure. In other words, the
statistical defect is ‘advisory”: a large statistical defect means
that a significant part of the structure is not supported by
the correlation weights. There are respectively 5, 8, 0, 7, and
3 suspected quasi-SMILES in the validation sets for splits 1, 2,
3, 4, and 5.

Mechanistic interpretation

Having the results of several runs of the Monte Carlo optimi-
zation, one can expect that some of the weighted molecular
features or experimental conditions will have exclusively pos-
itive correlation weights or, conversely, only negative ones.
Under such circumstances, one can expect that stable posi-
tive weights would indicate factors favoring an increase in
the studied endpoint. Accordingly, stable negative weights
indicate factors favorable for reducing the value of the
endpoint.

The promoters of increasing or decreasing the endpoint
are determined based on the observation of multiple runs of
the optimization procedure. The SMILES attributes that have
positive values in a series of runs can be considered promot-
ers of increasing endpoint values, while, those with negative
correlation weights in all runs can be considered promoters
of decreasing endpoint values.

Results and discussion

Figure 1 gives a graphic representation of Monte Carlo opti-
mization with different target functions. Optimization with
the target function TF., is preferable because it achieves
higher values of the determination coefficients for the differ-
ent sets, with no drop of the values within the range of
epochs considered.

Table 1 shows the statistical characteristics of models for
different splits and different target functions. Results are best
with the Monte Carlo optimization with target function TF,
The best results are for split 2, but all the results are very
consistent considering, for instance, the R? of the validation
set, which is always 0.96. The root mean square error (RMSE)
gives good values too, from 0.13 to 0.22.

The best model is the following:

pLC50(mol /L) =0.943(£0.019)+0.309(£0.001)* DCW(3,15) (6)

Monte Carlo optimization with target functions TF,. and
TF,, has been considered in several works (Kumar et al. 2019;
Bagri et al. 2020; Javidfar and Ahmadi 2020; Lotfi et al. 2020;
Duhan et al. 2021, 2022; Singh et al. 2022; Tabti et al. 2022).
This is the first case in which the use of the ClI gives notice-
ably superior statistical characteristics of the model compared
to the IIC.
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Figure 1. Generalized graphic representation of the evolution of Monte Carlo optimization with different target functions.

Table 1. The statistical quality of models when applying TF,and TF,

Target
function Split Set n? R? ccc Ic cl Q? RMSE F
TFyc 1 A 46 0.7526 0.8588 0.6673 0.8687 0.7318 0.659 134
P 47 0.7763 0.8795 0.8635 0.8697 0.7567 0.598 156
C 48 0.707 0.8083 0.8398 0.8095 0.6645 0.597 m
v 47 0.8962 - - - - 0.36 -
2 A 47 0.8908 0.9423 0.7623 0.9245 0.8837 0.463 367
P 47 0.902 0.9497 0.9041 0.9235 0.8966 0.454 414
C 47 0.77 0.8762 0.8775 0.8623 0.7539 0.374 151
v 47 0.8889 - - - - 0.29 -
3 A 48 0.8281 0.906 0.91 0.8867 0.8152 0.548 222
P 46 0.8736 0.9265 0.6723 0.8978 0.8663 0.582 304
C 48 0.7293 0.8444 0.8538 0.8219 0.7112 0.335 124
v 46 0.6701 - - - - 0.36 -
4 A 47 0.8684 0.9296 0.8201 0.9046 0.8587 0.459 297
P 44 0.9216 0.949 0.9301 0.9382 0.9162 0.467 494
C 48 0.8798 0.9314 0.9375 0.9167 0.8699 0.377 337
v 49 0.7761 - - - - 0.36 -
5 A 47 0.8861 0.9396 0.7603 0.9249 0.8739 0418 350
P 47 0.7905 0.8733 0.8844 0.8784 0.7669 0.533 170
C 46 0.6485 0.8009 0.8053 0.8255 0.621 0.571 81
v 48 0.8891 - - - - 0.44 -
TFq 1 A 46 0.9121 0.954 0.6721 0.9398 0.9052 0.393 456
P 47 0.9122 0.9517 0.8044 0.9348 0.9059 0.391 468
C 48 0.9647 0.98 0.6998 0.9748 0.9618 0.205 1259
v 47 0.9625 - - - - 0.22 -
2 A 47 0.9082 0.9519 0.6467 0.9339 0.9021 0.425 445
P 47 0.9081 0.9523 0.7574 0.9327 0.9027 0.449 445
C 47 0.9508 0.9615 0.5931 0.9767 0.9445 0.206 870
v 47 0.9654 - - - - 0.19 -
3 A 48 0.9294 0.9634 0.8157 0.9479 0.9248 0.351 606
P 46 0.9343 0.959 0.5368 0.9515 0.9304 0.454 626
C 48 0.9437 0.9691 0.7439 0.9673 0.9387 0.166 771
v 46 0.9603 - - - - 0.13 -
4 A 49 0.9281 0.9627 0.785 0.9448 0.9237 0.332 607
P 47 0.9251 0.9535 0.8414 0.9444 0.9197 0.398 556
C 47 0.9565 0.9762 0.6567 0.9686 0.9536 0.225 990
v 45 0.9641 - - - - 0.18 -
5 A 48 0.885 0.939 0.9407 0.9142 0.878 0.452 354
P 49 0.9103 0.9504 0.8665 0.9377 0.9042 0.426 477
C 45 0.8957 0.8972 0.9294 0.9612 0.8792 0.256 369
v 46 0.9635 - - - - 0.2 -

n: the number of quasi-SMILES in a set; R%: determination coefficient; CCC: concordance correlation coefficient; /IC: index of ideality of correlation; ClI: correlation
intensity index; RMSE: root mean squared error; F: Fischer’s F-ratio. Numbers in bold indicate the best model.
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Table 2. The promoters of increase and decrease for toxicity toward tadpoles.

Attributes of

quasi-SMILES CWs 1 CWs 2 CWs 3 CWs 4 CWs 5 NA NP NC The role

[xyzyx0].... 4.0021 3.0038 1.4311 5.3658 3.2339 47 47 47 Increaser
Toveiienns 1.2097 0.1997 0.7278 1.9921 1.0509 45 46 46 Increaser
al....... 0.2749 0.0949 0.0551 0.4824 0.3633 22 25 16 Increaser
[O-]...... 0.3785 0.2178 0.0611 1.0397 1.0764 18 17 20 Increaser
[72h]....... 1.0175 1.0447 1.2006 1.0955 0.8959 13 5 7 Increaser
[xyx2]...... 0.7536 0.9893 1.5252 0.5997 0.8828 1 13 6 Increaser
c..Cl...... 0.3332 1.7503 2.8998 3.4210 1.7013 9 1 10 Increaser
[96h]....... 1.0456 1.1544 1.4407 1.2321 1.0888 8 9 7 Increaser
N......... -1.0130 —1.0474 —1.7282 —2.0304 —1.2024 22 22 17 Decreaser

Table 3. Assessment of the predictive potential models observed for different
target functions.

Average value and dispersion of determination

Target function coefficient for validation set

TFy 0.8845 + 0.0674
TFyc 0.8241 + 0.0890
TFey 0.9632 + 0.0017
TFyc.c 0.8419 + 0.0953

Table 2 lists promoters of increase/decrease of the end-
point. Chlorine atoms, rings, and time of exposition are clear
promoters for increase. Of course, with longer exposure,
greater toxicity is to be expected. Chlorine is associated with
toxicity, where there is branching in the molecule (indicated
by ‘(" symbol) and, with greater effect, when there is an aro-
matic ring (indicated by ‘c; lower case). The contribution of
chlorine to tadpole toxicity has been reported (Roy and
Ghosh 2006). Table 2 also indicates the role of rings in
enhancing toxicity. This may be related to steric features and
higher hydrophobicity.

The effectiveness of the target function should be assessed
over several trials. Table 3 contains the average values of the
observed coefficient of determination for the validation set. It
can be seen that the target function based on TF., gives a
significantly larger average value of determination coefficient
and a significantly lower variance compared to models
obtained using other versions of the objective function.

It is possible that the Cil has proven to be a better basis
for the models since it is a measure of the stability of the
correlation, whereas the /IC is a measure of the stability of
the mean absolute error. However, apparently, this result
applies to the considered population of quasi-SMILES. For
other situations, an //C may be a better basis for models than
a dll. Likely, simulation of an endpoint with the comparison
of both the above criteria is the best.

In addition, approach it is necessary to consider not just
one distribution of data in training and validation, but the
results for a certain group of different data distributions in
training and validation sets.

LogKow, the logarithm of the partitioning of a substance
between octanol and water, is a common indicator of hydro-
phobicity and has often been associated with increased tox-
icity in tadpoles (Khan and Roy 2022). We used additional
SMILES descriptors related to the presence of local symmetric
components in the molecule. The model identified these
descriptors as useful.

The features discussed above are associated with an
increase in adverse effects though. There is also a feature

Table 4. Statistical quality of different models of toxicity toward tadpoles.

Number of

Number of Determination  compounds  Determination

compounds coefficient in the coefficient

in the value for the validation value for the

training set training set set validation set Reference

44 0.84 14 0.82 Nath and Roy
(2022)

44 0.72 14 0.96 Toropov et al.
(2022)

141 0.83 47 0.97 Toropov, Di
Nicola,
et al.
(2023) and
Toropov,
Toropova,
et al.
(2023)

141 0.92 47 0.97 This study

associated with a decrease in the effect: nitrogen. This
possibly relates to the larger polarity of the molecule,
which is more water-soluble, thus absorbed less by the
organism. The fact that nitrogen is associated with a
decrease in toxicity was already reported by Roy and
Ghosh (2006).

Table 4 compares the statistical quality of different models
in the literature. The present model is one with the highest
number of substances. This is a requisite for a larger applica-
bility domain. Unfortunately, the number of substances avail-
able is limited, and this affects the possibility of applying the
model widely to diverse molecules. The statistical parameters
of the present model are very good. High values are obtained
for both the validation and the training set. R? is 0.97 for the
validation set and 0.92 for the training set, compared to 0.83
in our model published in 2023. The higher value for the
training set here indicates a more robust model than the pre-
vious one. The value for the training set shown in Table 4,
0.92, refers to the substances in the active training, passive
training and calibration sets. This was done to be harmonized
with the literature, where a larger training set is used, com-
pared to the validation set (44 substances versus 14, Table 4).
From a different point of view, considering the real process
of model development, the final model is finalized using the
parameters selected from the calibration set. Thus, the cali-
bration set represents the final model, and the R? of this set
is 0.95, which is very close to 0.97.

Supplementary materials section contains the technical
details of the model obtained with split #2 using TFq-
optimization.


https://doi.org/10.1080/15376516.2024.2332617

Conclusions

The essence of this study is to test the effectiveness of using
FLS. Using FLS, we have developed an improved model for
tadpole toxicity in which correlation weights of FLS increase
the predictive potential. Another improvement comes from the
Monte Carlo optimization using the Cll. The statistical parame-
ters of this model are very good. One limitation, however, is
the small dataset. This model will be implemented on the
VEGAHUB website (www.vegahub.eu) for wide dissemination.
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