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Abstract

Context To apply the quantitative relationships “structure-endpoint” approach, the reliability of prediction is necessary but
sometimes challenging to achieve. In this work, an attempt is made to accomplish the reliability of forecasts by creating
a set of random partitions of data into training and validation sets, followed by constructing random models. A system of
random models for a helpful approach should be self-consistent, giving a similar or at least comparable statistical quality of
the predictions for models obtained using different splits of available data into training and validation sets.

Method The carried out computer experiments aimed at obtaining blood—brain barrier permeation models showed that, in
principle, can be used such an approach (the Monte Carlo optimization of the correlation weights for different molecular
features) for the above purpose taking advantage of specific algorithms to optimize the modelling steps with applying of
new statistical criteria such as the index of ideality of correlation (//C) and the correlation intensity index (CII). The results
so obtained are good and better than what was reported previously. The suggested approach to validation of models is non-
identic to traditionally applied manners of the checking up models. The concept of validation can be used for arbitrary models
(not only for models of the blood-brain barrier).

Keywords Blood-brain barrier permeation - QSAR - System of self-consistent models - Mathematical modelling - Monte

Carlo method - CORAL software

Introduction

The extremely high levels of biocide products determined
in different wastewater treatment plants may be due to the
COVID-19 pandemic situation. During a recent pandemic,
a much more significant amount of cleaning and hygiene
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products have been used [1]. Facade renders containing bio-
cides are often used on external thermal insulation compos-
ite systems to avoid the growth of algae, fungi, and bacteria.
Different factors such as soil type, percolation rate, and soil
organic carbon sorption coefficient affect the time needed
for the biocide substances to leave the soil and consequently
keep a reasonable level of ecologic safety [2]. Ceramics for
tableware (vases, tea sets, flower pots, plates, etc.) and sani-
tary ware also are affected by biocide substances [3]. The
environmental fate of different biocides is relatively poorly
understood, with nearly all data derived from the assess-
ment reports on biodegradation [4]. In addition, the role of
biocides in the search and design of drugs is quite noticeable
[5-11]. Biocidal products are used in homes for hygienic
purposes or in industries to control the growth of bacteria
[12]. Their use should not provoke adverse effects for the
environment and human health.

We address here the role that these substances may have
in affecting the blood-brain barrier (BBB), which has been
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studied in medicine and pharmaceuticals [13-16] but not for
home related products.

In particular, this work aims to develop quantitative
structure—activity relationships (QSARs) for logBBB of
various biocides [12] based solely on the analysis of molec-
ular features extracted from SMILES [17]. This approach
gives the uncial possibility of extracting the similarity of
endpoints in terms of structural fragments extracted from
SMILES [18, 19]. The availability of these simple tools
based on the Monte Carlo method and representation of
the molecular structure by SMILES can find applications
that do not require any additional calculations.

Computational details
Data

The experimental data on logBBB (n = 231) for biocides was
taken from the literature [12]. The log-scaled blood—brain
barrier penetration (logBBB) is defined as follows:

_ CBrain
logBBB = log [ —— (1)
Blood

where, C,.,;, and C, .4 are concentrations of the substances
in the brain and blood, respectively. The total set of avail-
able data on logBBB was split into the active training
(~25%), passive training (x25%), calibration (~25%), and
validation sets (~25%). Five random splits were examined.
Table S1 confirms that these splits are far from being identi-
cal (Table S1, Supporting Information).

Optimal descriptor

The optimal descriptor is the sum of the correlation weights
of molecular attributes extracted from a simplified molecular
input-line entry system (SMILES) [17]. Correlation weights
are calculated through optimization, providing the maximum
values of the objective function calculated from data on a
structured training set consisting of active training, passive
training, and calibration sets. Having the numerical data
on the correlation weights, one can calculate the optimal
descriptor for each SMILES according to the formula:

DCW(T,N) =) CW(S;) Q)

where, S, is SMILES-atom, i.e. one symbol (e.g. ‘C’, ‘N’,
‘0’) or a group of symbols which cannot be examined sepa-
rately (e.g. ‘CI’, [N+], [O-]). The T and N are parameters
of the optimization procedure. The T is the threshold, i.e.
an integer used to separate SMILES-atoms into two classes
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(i) rare and (ii) non-rare. The rare SMILES-atoms are not
involved in building up a model. The non-rare SMILES
atoms are included in the list of molecular features involved
in building a model. Thus, having the numerical data on cor-
relation weights, the model for logBBB can be calculated by
the traditional least squares method as the following:

logBBB = Cy + C; * DCW(T,N) 3)

The Monte Carlo optimization

Equation 2 requires an application of the numerical data on
the above correlation weights. Monte Carlo optimization is a
tool to calculate those correlation weights using the CORAL
software (http://www.insilico.eu/coral). Here, two target
functions for the Monte Carlo optimization are examined:

TFoerT+rPT—|rAT—rPT|><O.1 4)

TF, =TFy+ (IIC. + Cll ;) x 0.3 5)

The coefficients 0.1 and 0.3 were defined empirically.

The r,; and rp are correlation coefficients between the
observed and predicted endpoints for the active and passive
training sets, respectively.

The IIC - is the index of ideality of correlation [20, 21]. The
correlation intensity index (CII), similarly to the above IIC, was
developed as a tool to improve the quality of the Monte Carlo
optimization aimed at building up QSPR/QSAR models [22].

The R? is the correlation coefficient for a data set that
contains n substances. The R?, is the correlation coefficient
for n-1 substances of a set, after removing of k-th substance.
Hence, if the (R2 X -RZ) is larger than zero, the k-th substance
is an “oppositionist” for the correlation between experimen-
tal and predicted values of the set. A small sum of “protests”
means a more “intensive” correlation.

Applicability domain

The applicability domain for the described model defines via
the so-called statistical defects of codes used in SMILES.
These defects can be calculated as follows:

P(s) =P/ (s)|  [P(s) =P ()| |P(s0) - P(s.)
+ +

N(Se) +N'(S)  N(S)+N"(S)  N'(S)+N"(Sy)

(6)
where P(S,), P’(S;) P”(S,) are the probability of S, in the
active training, passive training, and calibration sets, respec-
tively; N(S,), N'(S,), and N”(S,) are frequencies of S in the
active training, passive training, and calibration sets, respec-

tively. The statistical defects of SMILES (D)) are calculated
as:

dy =
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Compounds which were included to build
up i-th model (i-th split) and which placed
in validation set for j-th model (j-th split)

L+ ]

Fig.1 The scheme for selecting compounds to check up the i-th
model using an external set of j-th model. The T is the training set
and the V is the validation set

NA
D= "4 @)

where NA is the number of non-rare codes in SMILES.
A SMILES falls in the applicability domain if:

Dj<2%D (8)

The D is an average defect over the active training set.
The system of self-consistent models

Each i-th model has an i-th validation set. As it is demonstrated
(Table S1), the validation sets are far from identical. To have a
model which can be used in a general way, it is important that
the arbitrary model can be used for an arbitrary validation set.
If we achieve this condition, the different models should be
considered self-consistent.

The measurement of self-consistency is carried out as the
average and dispersion of the correlation coefficients on group
of different validation sets. The corresponding computational
experiments are represented by the matrix:

Table 1 The statistical qua.lity Split Set n R? ccce Ic cil 0 RMSE F
of models observed for splits
1-5. The best model observes 1 A 59 04012 05727 06123 07574 03566  0.529 38
for split 4 P 57 03177 04663 04539 07240 02768  0.684 26
C 56 0.7350 0.8552  0.8557  0.8268  0.7157  0.233 150
\Y% 59 0.8037 0.216
AD 54 0.7833 0.213
2 A 58 0.3780 0.5487 05739 07436 03389  0.626 34
P 59 0.2657 04420 04556 07549 02174  0.621 21
C 56 0.7987 0.8916  0.8936  0.8830  0.7835  0.226 214
\% 58 0.7808 0.236
AD 56 0.7592 0.238
3 A 60  0.2570 04089 04742 07966 02122  0.647 20
P 59 0.2459 04387 03835 07407  0.1981  0.619 19
C 56 0.7471 0.8353  0.8641 08551 07247 0213 159
\Y% 56 0.7726 0.272
AD 55  0.7789 0.273
4 A 56 04342 0.6055  0.6135 07355 03949  0.542 41
P 58 03176 04755 04540 07420 02813  0.664 26
C 59 08191 0.8981 09048  0.8987  0.8057  0.190 258
v 58 0.8527%* 0.191
AD 50  0.8589 0.189
5 A 58 0.3881 05592 05814 07334 03534  0.570 36
P 57 03726 0.5243 04214 07403 03310  0.639 33
C 59 0.7956 0.8908  0.8915  0.8741 07822  0.204 222
\Y% 57 0.7039 0.263
AD 52 07325 0.246

*n, the number of quasi-SMILES in a set; A, active training set; P, passive training set; C, calibration set;
V, validation set; AD, applicability domain; R?, determination coefficient; CCC, concordance correlation
coefficient; /IC, index of ideality of correlation; CII, correlation intensity index; QZ, cross validated cor-
relation coefficient; RMSE, root mean squared error; F, Fischer F-ratio. **The best result indicated by bold
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(M, : Vy > Rv})) - (M5 : V1 - RV2)
: : C))

(M, : V1Ig > RV2) - (Ms @ Vs - Rv)
the M; is an i-th model; the V; is the list of compounds
applied as the validation set in the case of j-z& split; the Rv?}. is
the correlation coefficient observed for the j-th validation set

if applied i-th model.
Checking up on the predictive potential

Having models built using different i-th splits (i = 1,5) into
active training, passive training, calibration, and valida-
tion sets, it is possible to estimate the average value of the
coefficient of determination for j-th external sets (j = 1,5)
without the compounds that are included in the j-th active
training set, j-th passive training set, and j-th calibration set
(i#j). Figure 1 shows the scheme of selection compounds

for the (i,j)-checking up. The mean should be as large as
possible and the variance as small as possible.

Results and discussion
QSAR models

Five models obtained for different splits are the following:

LogBBB = 0.2406(+0.0098) + 0.1935(+0.0044) + DCW(, 15)
10)

LogBBB = 0.4135(+0.0164) + 0.1134(+0.0023) * DCW(1, 15)
Y

LogBBB = 0.0747(+0.0113) + 0.0845(0.0021) * DCW(1, 15)
(12

LogBBB = 0.3066(£0.0110) + 0.1130(£0.0022) * DCW(1, 15)
(13)

2 2
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Fig.2 The “latent” correlations observed for the active training set (A) and passive training set (B). The “usual” correlation for the calibration

set (C) and validation set (D)
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LogBBB = 0.2942(+0.0110) + 0.1023(0.0018)  DCW(L, 15)
14

Table 1 shows data related to the statistical quality of
these models.

The IIC and CII improve the statistical quality of mod-
els on the calibration and validation sets but they detriment
active and passive training sets. Nonetheless, the active and
passive training sets contain latent separated correlations.
Figure 2 demonstrates these correlations (observed for the
model based on split-4).

It is generally accepted that for good models, the coef-
ficient of determination has high values for all sets. How-
ever, application of IIC and CII indices can lead to unusual
models in which there is a stratification of correlations on
active and passive training sets [23]. The physicochemical
and/or biochemical behaviour of substances as participants
in the construction of the model can be typical (average)

CCC [0.4961
A 27 /. | R? |o0.3104
Yo Cll [0.7318
o Ic [0.4913
‘- CCC [0.5125

s 3 R?
B | .o il
cll [0.7117
e iC [0.5334
-7/ | ccclo.asss

0.3485
0.6893
0.4823

C " . RZ
- Cli
. Inc

Fig.3 Examples of latent correlations and their evaluation via con-
cordance correlation coefficient, determination coefficient, index of
ideality of correlation, and correlation intensity index

or special (non-standard). Correlation weights calculated
by the CORAL program at the first stage of model con-
struction consider average molecules most of all. However,
there inevitably comes a moment of information satura-
tion when the average molecules cease to be informa-
tive for the construction of the model. From this point
on, the model is built using the resources of molecules
with non-standard behaviour. This leads to overfitting,
which causer, an improvement in the model for the vis-
ible training set but with a deterioration in the model for
the invisible external set [24]. However, the application of
the 71C and CII apparently leads to unexpected geometry
of the above-mentioned classes of substances. Figure 3
contains three examples of the latent correlations together
with corresponding values of the /IC and CII. Since the
CII has maximal values compared to the determination
and concordance correlation coefficients, one can suggest
that CII leads to these double-hidden correlations. In any
case, the described version of the Monte Carlo optimiza-
tion improves the models’ predictive potential.

The estimation of the predictive potential of models

In order to assess the reliability of the constructed mod-
els, their verification was carried out on the compounds
that were included in the external sets used for other mod-
els. Compounds that were used during the development of
the i-th model were excluded from consideration. Figure 2
shows the verification scheme of the i-th model with the
compounds used as an external set for the j-th model (i#j).
Table 2 contains the results of such verifications. From
Table 2, it can be seen that there is an approximate similarity
in the predictive potential of all five models built on com-
pletely different partitions of the available compounds into
training (i.e. active training, passive training, and calibration
sets) and validation set.

Applicability domain

According to inequality 8, there are eight suspected com-
pounds in the validation set of split 4. Removing these
compounds improves the statistical quality of the model,;
the determination coefficient becomes 0.8589, and RMSE
becomes 0.189 (Table 1) after their elimination.

Mechanistic interpretation

The developed QSAR models allow for mechanical interpre-
tation of the studied phenomena. Having the numerical data
on the correlation weights of features which are included
in several runs of the Monte Carlo optimization, one can
extract three categories of these features:
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Table 2 The system of self-

- Model Split 1 Split 2 Split 3 Split 4 Split 5
consistency of models
n'y R n'y R n'y R n'y R n'y R

1 28 0.855 17 0.919 29 0.852 24 0.843
2 28 0.858 22 0.830 29 0.879 18 0.721
3 17 0.834 22 0.841 27 0.861 23 0.782
4 29 0.874 29 0.881 27 0.880 23 0.903
5 24 0.819 18 0.841 23 0.854 23 0.845

(i) Features which have a positive value of the correla-
tion weight in all runs. These are promoters of end-
point increase;

Features which have a negative value of the correla-
tion weight in all runs. These are promoters of end-
point decrease;

Features which have both negative and positive val-
ues of the correlation weight in different runs of the
optimization. These are features with an unclear role
(one cannot classify these features as a promoter of
increase or decrease for endpoint).

(i)

(iii)

Considering Table 3, it can be seen that the presence of
carbon (sp? and sp? hybridization, conveyed in SMILES
by uppercase ‘c’ and lowercase ‘C’, respectively) is a
promoter of logBBB growth. The remaining SMILES
attributes, characterized by positive correlation weights
in several optimization runs, have little distribution in the

training set. It can be seen that there are more promoters of
the logBBB decrease; this is the branching of the molecu-
lar skeleton (expressed in SMILES via brackets), oxygen,
nitrogen, as well as double bonds (=).

Comparison with models from the literature

The statistical quality of the models for logBBB suggested
in the literature is the following: n = 153, R?>=0.76, RMSE
= 0.300 (training set); and n = 78, R* = 0.64, RMSE =
0.370 (validation set) [12]. The best model suggested
here for the validation set is characterized by n = 50, R?=
0.8589, and RMSE = 0.189. The applied approach results
in the better statistics of the developed model than those
reported in the literature. Furthermore, the approach we
applied is simpler, since it only uses the SMILES format
of the chemical substance.

Table 3 Promoters of increase

No. Sk CWs run 1 CWs run 2 CWs run 3 Ny Np N¢ dyEq.14
or decrease for logBBB
1 Corns 0.69080 0.74857 0.50292 56 58 58 0.0002
2 Covrerernns 0.42069 0.49400 0.00676 23 22 25 0.0013
3 | S 0.84471 1.42285 1.18168 4 6 7 0.0056
4 Lo, 1.78015 5.27754 3.02432 2 1 5 0.0169
1 GO —-0.35661 —0.81598 —-0.41823 48 54 51 0.0010
2 O..ooveee. —1.73406 —-1.53694 —1.40457 44 42 39 0.0020
3 Nooons —-0.43987 -1.25271 -1.06118 38 41 33 0.0026
4 T —-0.69390 —-0.53892 —0.90548 36 45 42 0.0022
5 PR, -0.23351 —-0.31056 —-0.09185 18 25 19 0.0035
6 Seoe —1.12558 —2.53046 —-1.61434 7 5 11 0.0087
7 | U, —1.31308 —2.76438 -1.71295 7 9 11 0.0046
8 Cl........ —-0.59814 —-0.41532 —0.34454 6 10 5 0.0083
9 Hoerns —2.80264 —1.75335 —1.93459 3 2 4 0.0074
10 L, -1.07672 —-0.66505 -0.71514 2 2 5 0.0112
11 [nH]........ —1.25183 —1.68805 -1.69190 2 2 5 0.0112
12 [ —2.08765 -3.13159 —2.11409 2 3 2 0.0051
13 Severeernnns —1.09455 —1.00518 —1.35623 2 1 3 0.0112
14 S —2.14315 —4.00805 —1.99609 1 5 1 0.0198
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Last but not least

One can state, citing earlier papers that all models are
wrong, but some are useful [25, 26]. The presented here
models must obey two conditions:

e Firstly, the mentioned correlation ideality index and cor-
relation intensity index should be used in optimizing the
correlation weights on which the proposed logBBB mod-
els are calculated.

e Secondly, it is necessary to select distributions with the
smallest possible sum of statistical SMILES defects
(Eq. 7) involved in calculating the model. Compliance
with these conditions helps not only for the “usefulness”
of models for logBBB but also their reproducibility [27].

Conclusions

In this study, a rather convenient and dependable approach
for logBBB modelling is proposed. The self-consistency of
the models obtained with different distributions of available
data into the training and validation sets confirms the reli-
ability of this approach. Comparison with similar models
from the literature indicates the acceptable accuracy of the
constructed models. The approach we used is quite simple,
since it only uses the SMILES format to represent the sub-
stance. Still, results are improved compared with those pre-
viously published.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00894-023-05632-2.
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