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Abstract

Background: We studied in silico models of both organic and inorganic substances. In
most cases, these in silico models are used for organic substances only. The following
endpoints were taken for the case studies: the octanol–water coefficient (three models), the
enthalpies of formation of organometallic compounds, and rat acute toxicity. Methods:
The correlation weights were optimized using the Monte Carlo method with two special
training and validation sets. The training set was structured into three subsets of active and
passive training, as well as a calibration set. The division into these four subsets was carried
out using the Las Vegas algorithm. It is assumed that considering groups of different
splits into these four subsets is more informative than considering only a single split.
Results: Models were built for the octanol–water coefficient for a set containing organic
and inorganic substances or for a subset of the original data; other models were developed
for a set containing only specially defined inorganic substances for platinum complexes.
In addition, models of the enthalpy of formation and for toxicity in rats were built using
the same approach for two sets of inorganic substances. Conclusions: A comparison
of different methods for the optimization of correlation weights using the Monte Carlo
method showed that optimization can be improved using the coefficient of conformism of a
correlative prediction (CCCP) or the index of the ideality of correlation (IIC). Optimization
with CCCP was the best option for the models of the octanol–water partition coefficient for
the set of organic compounds, the octanol–water partition coefficient of the inorganic set,
and the enthalpy of formation of the inorganic compounds. However, optimization with
IIC was the best option in terms of the toxicity of the inorganic compounds in rats.

Keywords: QSPR/QSAR; enthalpy of formation; octanol–water coefficient; toxicity; Monte
Carlo method; Las Vegas algorithm; CORAL software 2023

1. Introduction
It is generally accepted that the main difference between organic and inorganic chem-

istry lies in the composition of chemical compounds: organic chemistry studies compounds
containing carbon atoms, often with complex and long chains (skeletons), while inor-
ganic chemistry studies compounds that do not contain carbon atoms linked to hydrogen,
with small structures that instead contain oxygen, nitrogen, sulfur, phosphorus, and met-
als. To proceed with the improvement of our knowledge, in many countries—Italy in
particular—there are scientific associations (e.g., https://www.soc.chim.it/en, accessed
27 June 2025) that search for new technologies for applying chemistry to everyday life.
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Research groups from Italy, both individually and in co-operation with colleagues from
other countries, are currently developing approaches to apply inorganic compounds in
ecology [1–3], in medicine [4], and in various hybrid studies on well-known organic and
inorganic compounds [5–10].

One of the most important fields of modern natural sciences is the development of
in silico methods for the simulation of physicochemical and biochemical behaviors of
organic and inorganic substances [11]. In terms of constructing quantitative structure–
property/activity relationships (QSPRs/QSARs), organic substances [12–19] are a more
common object of study compared to inorganic compounds [20–23]. The greater diversity
of molecular structures for organic compounds, due to the possibility of the emergence
of a huge number of variations in molecular architectures, provides the possibility of con-
structing and subsequently using databases in the format of molecular structure vectors
of physicochemical and biochemical properties. The databases mentioned are necessary
and are often required for successful QSPR/QSAR analysis [24–27]. Databases related
to inorganic compounds are considerably modest in both their general number and con-
tents [28,29]. However, it is obvious that knowledge related to both organic and inorganic
compounds will never be exhaustive. In the case of both organic and inorganic compounds,
concepts and algorithms for creating models of physicochemical and biochemical behavior
are needed. Thus, from the very beginning of the discussed issue, it is possible to identify a
simple difference in research works devoted to the QSPR/QSAR of organic and inorganic
chemistry: there are a larger number of databases for the former and a smaller number
of databases for the latter. In addition, there is an issue in the field of in silico methods
regarding inorganic substances: by far, most models are related to organic substances,
only using organometallic compounds in very few cases. Indeed, many models only use
atoms commonly present in organic substances. Salts are disregarded and transformed into
their neutral form. Indeed, salts are usually represented as a disconnected structure, with
two separate parts, and this represents a complication for modeling in most cases. As a
matter of fact, the most common software used to predict the properties of substances deals
with organic substances and cannot be used for salts. Thus, this study wants to address this
issue and at the same time explore the issues with modeling inorganic substances. Indeed,
there may be other significant differences between the QSPR/QSAR of organic and that
of inorganic compounds, but for this purpose, we need a system capable of coping with
both inorganic and organic substances. Establishing such differences, as well as similari-
ties between the QSPR/QSAR for organics and the QSPR/QSAR for inorganics, may be
useful at least from a heuristic point of view. The aim of this study is therefore to examine
how QSPR/QSAR models of organic and inorganic compounds obtained using stochastic
approaches in models constructed by CORAL software (http://www.insilico.eu/coral,
accessed 27 June 2025) may differ.

2. Results
2.1. QSPR Models for the Octanol–Water Partition Coefficient Observed for Dataset 1

This dataset contains both organic and inorganic substances. Descriptors of correlation
weights (DCWs) are used to build up the models. The correlation weights were optimized
using the index of ideality of correlation (IIC) in the case of the first target function (TF1)
or the coefficient of conformism of a correlative prediction (CCCP) with the second target
function (TF2). Three random splits (obtained with the Las Vegas algorithm) into an active
training set, a passive training set, a calibration set, and an external (invisible) validation
set were studied.

Compounds of the active training set represented via a simplified molecular input
line entry system (SMILES) were the basis for the optimization of correlation weights.

http://www.insilico.eu/coral
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The SMILES of the passive training set allows us to estimate how suitable the obtained
correlation weights are for compounds not involved in the optimization process. The
SMILES of the calibration set aims to catch the start of stagnation (situations when changes
in correlation weights are no longer accompanied by changes in the statistical quality of
the model on the calibration set). The validation set is used for the final evaluation of
the model.

DCW (3,15) was used in this case with 10,005 compounds. Splits into the active training,
passive training, calibration, and validation sets were carried out in equal parts. Computer
experiments with a full dataset on n-octanol–water partition coefficient, including both
organic and inorganic compounds, have shown that the preferred predictive potential is
observed if the TF2 is used, i.e., the value of the CCCP is a better indicator of the predictive
potential. Figure 1 contains a graphical comparison of these models for the case of models
built up using split 1. The data presented in Table 1 for three random splits constructed
using the Las Vegas algorithm confirm that TF2 optimization provides the best predictive
potential of the models.

Figure 1. Comparison of the models calculated with target functions TF1 and TF2 for the set of
10,005 organic and inorganic compounds. Results are shown for the active training set, passive
training set, and calibration set for both target functions.

The division into two correlation clusters for the case of TF1 is due to the use of the
IIC [19]. From Figure 1, it is clear that in the case of TF2, where CCCP is applied instead of
the IIC, there is also a stratification into correlation clusters, such as that described in [19].
Using the IIC improves the statistical quality of the model for the calibration set, but to the
detriment of the training sets [19]. Apparently, the impact of using CCCP in optimizing
correlation weights has a similar effect. Poor determination coefficient values for training
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sets, in fact, are caused by the above clustering into two clusters, which individually have
high enough correlation coefficients.

Table 1. Statistical characteristics of models calculated with Monte Carlo optimization for 10,005 or-
ganic and inorganic compounds using target function TF2. The results are provided for three splits.
The average determination coefficient on validation sets for TF1 and TF2 models is 0.92 ± 0.01 and
0.94 ± 0.01, respectively.

Split Set * n D CCC IIC Q2 CCCP RMSE MAE F M

1 A 2485 0.5884 0.7409 0.7446 0.5876 0.3754 1.33 1.19 3549
P 2473 0.5919 0.7496 0.7431 0.5911 0.3789 1.30 1.17 3584
C 2536 0.9465 0.9724 0.9191 0.9464 0.8962 0.350 0.296 44,804
V 2511 0.9508 - - - - 0.35 0.29 - 31

2 A 2505 0.5897 0.7419 0.7050 0.5890 0.3483 1.31 1.15 3598
P 2543 0.5932 0.7458 0.6823 0.5924 0.3595 1.32 1.15 3705
C 2458 0.9231 0.9604 0.9528 0.9230 0.8517 0.422 0.339 29,478
V 2499 0.9222 - - - - 0.43 0.34 - 30

3 A 2523 0.5950 0.7461 0.7408 0.5942 0.3648 1.33 1.19 3703
P 2506 0.5945 0.7480 0.7666 0.5937 0.3732 1.31 1.18 3671
C 2489 0.9433 0.9710 0.9385 0.9432 0.8949 0.357 0.300 41,370
V 2487 0.9417 - - - - 0.36 0.30 - 31

* A = active training set; P = passive training set; C = calibration set; V = validation set; n = the number of
compounds in a set; D = determination coefficient; CCC = concordance correlation coefficient; IIC = index
of ideality of correlation; Q2 = cross validated correlation coefficient; CCCP = coefficient of conformism of a
correlative prediction; RMSE = root mean squared error; MAE = mean absolute error; F = Fischer F-ratio; M = the
number of correlation weights involved in building up the model.

2.2. QSPR Models for Octanol–Water Partition Coefficient Observed for Dataset 2

DCW(3,15) was used in the case of building models for 461 inorganic compounds and
small molecules. Splits into the active training, passive training, calibration, and validation
sets were carried out in equal parts. Inorganic compounds contain gold, germanium, mer-
cury, lead, selenium, silicon, and tin. In addition, substances with small molecules (in which
the number of symbols in the SMILES line is less than 15) are used too. Computational
experiments with these compounds have shown that TF2 optimization again gives better
predictive potential (Figure 2).

Table 2 contains the completed statistical characteristics of models on three different
splits of inorganic compounds. The data presented in Table 2 for three random splits
constructed using the Las Vegas algorithm confirm that TF2 optimization provides the best
predictive potential of the models.

Table 2. Statistical characteristics of models calculated with Monte Carlo optimization for 461
inorganic compounds using target function TF2. The average determination coefficient on validation
sets for TF1 and TF2 models is 0.85 ± 0.03 and 0.90 ± 0.02, respectively.

Split Set * n D CCC IIC Q2 CCCP RMSE MAE F M

1 A 116 0.7677 0.8686 0.7900 0.7575 0.5904 0.943 0.762 377
P 116 0.8317 0.8991 0.8251 0.8248 0.7057 0.836 0.725 563
C 114 0.9369 0.9660 0.9534 0.9340 0.9133 0.353 0.273 1662
V 115 0.9297 - - - - 0.42 0.32 - 18

2 A 117 0.7896 0.8824 0.8158 0.7819 0.5720 0.929 0.732 432
P 114 0.8281 0.9004 0.8446 0.8191 0.7413 0.823 0.658 539
C 117 0.9258 0.9611 0.9157 0.9231 0.8899 0.421 0.332 1435
V 113 0.8807 - - - - 0.48 0.38 - 18
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Table 2. Cont.

Split Set * n D CCC IIC Q2 CCCP RMSE MAE F M

3 A 117 0.8337 0.9093 0.8382 0.8269 0.7091 0.831 0.701 577
P 115 0.7729 0.8737 0.8297 0.7636 0.5425 0.940 0.751 385
C 114 0.9324 0.9591 0.7430 0.9297 0.9158 0.424 0.356 1545
V 115 0.8989 - - - - 0.47 0.39 - 17

* A = active training set; P = passive training set; C = calibration set; V = validation set; n = the number of
compounds in a set; D = determination coefficient; CCC = concordance correlation coefficient; IIC = index
of ideality of correlation; Q2 = cross validated correlation coefficient; CCCP = coefficient of conformism of a
correlative prediction; RMSE = root mean squared error; MAE = mean absolute error; F = Fischer F-ratio; M = the
number of correlation weights involved in building up the model.

Figure 2. Comparison of the models calculated with target functions TF1 and TF2 for compounds in
dataset 2.

2.3. QSPR Models for Octanol–Water Partition Coefficient Observed for Dataset 3 on Pt
(IV) Complexes

DCW(3,15) was used in the case of building models for 122 Pt (IV) complexes. Splits
into the active training, passive training, calibration, and validation sets were carried out in
equal parts (Figure 3 and Table 3).
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Figure 3. Comparison of models of logP calculated using target functions TF1 and TF2 for Pt (IV)
complexes in dataset 3.

Table 3. Statistical characteristics of models calculated with Monte Carlo optimization for 122 Pt (IV)
complexes using target function TF2. The average determination coefficient on validation sets for TF1

and TF2 models is 0.90 ± 0.03 and 0.94 ± 0.01, respectively.

Split Set * n D CCC IIC Q2 CCCP RMSE MAE F M

1 A 30 0.7213 0.8381 0.8493 0.6803 0.5622 1.01 0.846 72
P 31 0.5739 0.7434 0.7540 0.5149 0.3893 0.973 0.876 39
C 30 0.9594 0.9760 0.5161 0.9544 0.9361 0.258 0.220 662
V 31 0.9245 - - - - 0.34 0.27 - 11

2 A 30 0.6124 0.7596 0.5217 0.4982 0.5777 0.907 0.784 44
P 30 0.6671 0.8094 0.5607 0.5911 0.4967 1.00 0.758 56
C 31 0.9546 0.9632 0.4847 0.9475 0.9512 0.371 0.267 609
V 31 0.9415 - - - - 0.39 0.29 - 12

3 A 30 0.5489 0.7088 0.4289 0.4531 0.4565 1.03 0.809 34
P 31 0.7216 0.8197 0.7590 0.6726 0.6269 0.865 0.732 75
C 31 0.9713 0.9811 0.4443 0.9654 0.9911 0.282 0.196 981
V 30 0.9354 - - - - 0.34 0.25 - 11

* A = active training set; P = passive training set; C = calibration set; V = validation set; n = the number of
compounds in a set; D = determination coefficient; CCC = concordance correlation coefficient; IIC = index
of ideality of correlation; Q2 = cross validated correlation coefficient; CCCP = coefficient of conformism of a
correlative prediction; RMSE = root mean squared error; MAE = mean absolute error; F = Fischer F-ratio; M = the
number of correlation weights involved in building up the model.

2.4. QSPR Models for the Enthalpy of Formation for Organometallic Complexes for Dataset 4

In the case of modeling the enthalpy of formation of organometallic complexes, the
active and passive training sets as well as calibration and validation sets were split at 35%,
35%, 15%, and 15%, respectively.
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Figure 4 shows again that the preferable predictive potential is observed in the case
of TF2 optimization. Table 4 contains the data on the statistical quality of models for the
three splits.

Figure 4. Comparison of the models of enthalpy of formation for organometallic complexes calculated
using target functions TF1 and TF2 (dataset 4).

Table 4. Statistical characteristics of models for the enthalpy of formation on three splits for the
training and validation sets. The average determination coefficient on validation sets for TF1 and TF2

models is 0.93 ± 0.05 and 0.97 ± 0.01, respectively.

Split Set * n D CCC IIC Q2 CCCP RMSE MAE F M

1 A 46 0.9852 0.9925 0.8338 0.9839 0.9688 38.8 29.4 2924
P 46 0.9053 0.9497 0.5455 0.8966 0.7386 80.7 49.6 421
C 19 0.9687 0.9841 0.6331 0.9316 1.1123 34.4 26.4 527
V 21 0.9804 - - - - 39.31 26.52 - 22

2 A 45 0.9706 0.9851 0.8620 0.9670 0.9560 49.9 38.7 1420
P 47 0.9383 0.9644 0.7289 0.9296 0.9152 74.8 50.9 685
C 20 0.9689 0.9800 0.9447 0.9554 0.9838 47.9 38.6 562
V 20 0.9600 - - - - 43.16 35.81 - 21

3 A 45 0.9477 0.9732 0.6490 0.9387 0.9356 63.9 40.9 780
P 45 0.9808 0.9896 0.6458 0.9767 0.9858 42.6 30.5 2197
C 21 0.9954 0.9758 0.1950 0.9938 0.9962 52.9 34.1 4076
V 21 0.9734 - - - - 64.19 42.55 - 22

* A = active training set; P = passive training set; C = calibration set; V = validation set; n = the number of
compounds in a set; D = determination coefficient; CCC = concordance correlation coefficient; IIC = index
of ideality of correlation; Q2 = cross validated correlation coefficient; CCCP = coefficient of conformism of a
correlative prediction; RMSE = root mean squared error; MAE = mean absolute error; F = Fischer F-ratio; M = the
number of correlation weights involved in building up the model.

2.5. QSAR Models for Acute Toxicity (pLD50) Toward Rats for Dataset 5

In the case of modeling the toxicity (pLD50) of organometallic complexes, DCW (1,15)
was used. The division into active and passive training sets and calibration and validation
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sets was carried out at 35%, 35%, 15%, and 15%, respectively. Note that the splits are
different (Table 5).

Table 5. Percentages of identity for three splits of dataset 5.

Split 1 * Split 2 Split 3

Split 1 100 39.5 34.5
Split 2 21.6 100 36.8
Split 3 37.8 33.3 100

* If i > j, then the matrix element [i, j] denotes the percentage of identity for the active training sets. If i < J, then the
matrix element [i, j] denotes the percentage of identity for the validation sets (external sets). i and j denote the
numbering of the three splits examined.

Toxicity modeling according to the scheme applied for the above four described
datasets did not yield results (the observed values of the coefficients of determination for
the validation sets were close to zero). However, the modeling based on TF1 optimization
yielded results with modest statistical parameters (Table 6 and Figure 5).

Figure 5. Graphical representation of models’ toxicity for three splits into the training and validation
sets obtained using the Las Vegas algorithm on dataset 5. Red dots indicate where the experimental
value minus the calculated value is smaller than zero; otherwise, the dots are green. In the case of the
validation set, the clustering is not discussed (all dots are black).

Table 6. Statistical characteristics of models for toxicity (pLD50) are evaluated on three splits into the
training and validation sets. The average determination coefficient on validation sets for the TF1 models is
0.67 ± 0.02. Attempts to construct models for toxicity using TF2 optimization were unsuccessful.

Split Set * n D CCC IIC Q2 CCCP RMSE MAE F M

1 A 43 0.1872 0.3154 0.3763 0.0560 −0.1554 0.764 0.647 9
P 43 0.2061 0.2627 0.4533 0.1290 −0.5267 0.786 0.696 11
C 19 0.4914 0.6656 0.7008 0.3701 −0.2782 0.192 0.145 16
V 19 0.6768 - - - - 0.26 0.20 - 35

2 A 43 0.2606 0.4135 0.4873 0.1887 −0.2642 0.639 0.525 14
P 44 0.2759 0.3245 0.4969 0.1982 −0.0417 0.814 0.717 16
C 19 0.6184 0.7561 0.7860 0.5357 0.2724 0.198 0.160 28
V 18 0.6391 - - - - 0.23 0.15 - 30
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Table 6. Cont.

Split Set * n D CCC IIC Q2 CCCP RMSE MAE F M

3 A 44 0.1768 0.3004 0.3839 0.0652 −0.1288 0.744 0.657 9
P 44 0.2435 0.2165 0.3834 0.1522 −0.4774 0.802 0.686 14
C 18 0.7272 0.8295 0.8527 0.6636 0.5915 0.143 0.104 43
V 18 0.6807 - - - - 0.18 0.15 - 31

* A = active training set; P = passive training set; C = calibration set; V = validation set; n = the number of
compounds in a set; D = determination coefficient; CCC = concordance correlation coefficient; IIC = index
of ideality of correlation; Q2 = cross validated correlation coefficient; CCCP = coefficient of conformism of a
correlative prediction; RMSE = root mean squared error; MAE = mean absolute error; F = Fischer F-ratio; M = the
number of correlation weights involved in building up the model.

3. Discussion
3.1. IIC and CCCP: Principles and Differences

The IIC is a criterion of the predictive potential of models that combines observed
conditions in two directions: (i) from the value of the coefficient of determination; and
(ii) from the value of the dispersion of points in the coordinates of the experiment vs. model.

The CCCP criterion is a value developed based on the representation of points that
are participants in correlations, similarly to social processes in terms of a “supporter” or
“opponent” of the observed correlation. If removing a point results in an increase in the
correlation coefficient for the remaining points, then that point is an “opponent” of the
correlation. If removing a point results in a decrease in the correlation coefficient for the
remaining points, then that point is a “supporter” of the correlation.

The use of the IIC leads to an improvement in the statistical quality of the model for
the calibration set, but to the detriment of the statistical quality of the model for the active
and passive training samples. Geometrically, this decrease in the statistical quality on the
training samples looks like two parallel clusters (Figure 6). The coefficient of determination
calculated for both clusters (red and green) has a value lower than that for each of the
mentioned clusters separately. Remarkably, such clusters for the calibration set turn out
to be closer to each other than those on the active and passive training sets. There is a
probability that these clusters can be close for the validation set too. If so, the model
is successful.

The use of CCCP aims to obtain completely different correlation clusters to those ob-
tained using the IIC (Figure 6). CCCP aims to obtain close coefficients of determination for
the clusters of “supporters” and “opponents” of the correlation. Again, the transformations
have the maximum effect on the calibration set, giving the user of the method some hope
that this useful effect will be observed in the external calibration set. The different datasets
chosen in this study represent quite different properties, related to physicochemical and
toxicological endpoints. The interactions of the molecules with the abiotic and biotic exter-
nal situation are expected to play different roles. Thus, this study may help us explore the
possible contributions of specific algorithms to the success of the models. The results of the
computer experiments conducted indicate that the CCCP-based approach is effective for
large datasets, i.e., for all considered models except for the toxicity of inorganic compounds
to rats. Only for the last model was the application of the IIC better than that of CCCP. This
may be due to the lower number of substances (a few hundred) in this case.
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Figure 6. The geometrical essence of TF1 and TF2 optimizations applied in the study. In the case of
TF1, red dots indicate where the experimental value minus the calculated value is smaller than zero;
otherwise, the dots are green. In the case of TF2, red dots indicate opponents of correlation, and green
dots indicate supporters of correlation.

3.2. Genesis of Models for logP

Conducting a series of runs of the described optimization procedure allowed us
to identify collections of molecular features extracted from the SMILES that influence
the growth or, conversely, the decrease in the values of the octanol–water distribution
coefficients on the datasets considered.

In dataset 1, involving organic and inorganic molecules, the number of promoters
of the increase/decrease in logP (Figure 7) is larger than that of promoters of the in-
crease/decrease in the logP of dataset 2 (Figure 8). This is expected; indeed, our models,
like most in silico models, have a statistical basis. Thus, if the dataset at the basis of the
model is larger, the number of features extracted by the model is very likely larger than the
number of features extracted from a smaller dataset. This kind of consideration underlines
the relevance of efforts to build up models merging organic and inorganic substances, as
we present here. Unfortunately, most in silico models eliminate information on salts due
to the technical difficulty of coping with disconnected structures. Furthermore, several
models deal only with “classical” atoms present in the organic substances, disregarding
organometallic compounds. This aspect is partially due to technical reasons (it is easier to
develop certain kinds of models) and partially related to the availability of experimental
data for certain compounds (data on certain organometallic substances are more limited
than data on classical substances). Thus, even from a technological point of view, it may
be feasible to develop models including, for instance, substances like germanium; if the
number of substances with germanium is low, we cannot expect to obtain good models
based on a large population of substances with very few substances with a specific atom.
Nevertheless, it is necessary to address the modeling from a broader perspective, and, in
particular, to be aware of the limitations of the current models when dealing with prop-
erties where the neutralization of the structure produces a substance with very different
properties. This is the case for logP, as studied here.
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Figure 7. Prevalence and correlation weights of molecular features extracted from the SMILES, which
are promoters of an increase or decrease in logP in the case of dataset 1, which includes both organic
and inorganic molecules.

Figure 8. Prevalence and correlation weights of molecular features extracted from the SMILES, which
are promoters of an increase or decrease in logP in the case of dataset 2.

More specifically, for organic substances, the software correctly identifies the role
of atoms, such as oxygen and nitrogen, which increase the polarity, and thus decrease
logP; conversely, chlorine, bromine, fluorine, and carbon, for instance, increase logP. For
inorganic compounds, the main features are present for the organic substances discussed
above, but with very different relevance in some cases. In addition, some features are not
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present at all, such as in the cases with branching and a large number of rings. Obviously,
these features are typical of organic substances.

The coefficient serves to clarify the role of SMILES components in increasing or de-
creasing logP. Figure 9 compares the influence of various correlation weights, indicating
that there is some difference in the participation of different features in the organization of
the models. Thus, for inorganic compounds, the same features present for organic com-
pounds appear, but sometimes with a different relevance, as represented by the coefficients.
This is the case with chlorine, for instance. It appears both in Figures 7 and 8, indicating
a role associated with organic and inorganic substances; however, in the case of organic
substances, its coefficient is the third largest one, while in the case of inorganic compounds,
its coefficient is quite small. This can be explained by the fact that many polychlorinated
organic substances largely contribute to the model for logP in the case of organic substances.
Bromine and fluorine have a similar behavior, as shown in Figure 9.

 

Figure 9. Comparison of sets of promoters for the increase and decrease in the octanol–water partition
coefficient of a model built for datasets 1 and 2.

The list of promoters for the increase and decrease in logP for dataset 3 (Table 7) shows
that the property is sensitive to the complexes possessing 3D features, as well as to presence
of double bonds. This kind of information is present in dataset 3, which is a quite focused
population of substances enabling the investigation of sophisticated features. Thus, one can
identify an essential difference between the considered model for organic and inorganic
compounds and the model for Pt (IV) complexes. Certain features are common to all
datasets. Indeed, oxygen and nitrogen are responsible for an increased polarity, and thus
a reduced logP, while branching and chlorine increase logP, as discussed above, for the
previous datasets as well.
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Table 7. List of promoters for increasing/decreasing logP for Pt(IV) complexes.

Sk * CWs Run1 CWs Run2 CWs Run3 NA NP NC dk

(........... 0.1349 0.0315 0.1253 30 31 30 0.0000
C........... 1.3978 0.5174 1.0553 30 31 28 0.0015
[Pt]........ 0.0713 0.0912 0.2060 30 31 30 0.0000
Cl.......... 0.5498 0.3292 0.6378 18 21 20 0.0026
[C@@H]...... 0.8163 0.3830 1.0905 11 7 7 0.0113
[C@H]....... 1.2498 0.2278 0.6844 11 7 7 0.0113
O........... −0.8316 −0.2817 −0.5542 30 31 26 0.0031
N........... −2.0203 −0.7937 −1.6936 29 31 30 0.0007
=........... −0.5599 −0.1415 −0.4952 26 29 22 0.0053
1........... −0.6451 −0.2683 −0.4818 24 23 22 0.0019
2........... −0.7934 −0.2566 −0.5922 13 11 10 0.0059

*Sk is SMILES attribute; CWs denotes correlation weights; NA, NP, and NC are the numbers of compounds in the
active training set, passive training set, and calibration set, respectively; dk is the statistical defect calculated as
described in Section 4.5.

The features relevant for dataset 4 are shown in Table 8. In the case of the models
of enthalpy formation, some features increase the enthalpy, with different levels of effect,
considering the sign and value of the coefficient. As in the other cases, it is necessary
to have consistency between the three runs. Thus, mercury, tin, organic carbon, and a
relatively large number of rings (three) increase enthalpy. Conversely, chlorine, boron,
branching, and aliphatic carbon decrease the enthalpy. Chlorine is by far the most relevant
feature playing a role in enthalpy, followed by boron and mercury.

Table 8. List of promoters for increasing/decreasing the enthalpy of formation of organometallic
complexes.

Sk * CWs Run1 CWs Run2 CWs Run3 NA NP NC dk

c........... 0.2332 0.5569 0.5421 11 11 4 0.0022
[Sn]........ 0.3256 0.2570 1.1228 10 13 6 0.0068
3........... 0.5151 0.1449 0.2092 7 7 2 0.0059
[Hg]........ 0.9817 1.5753 1.7706 7 9 2 0.0100
C........... −0.1926 −0.3376 -0.2661 39 41 18 0.0020
(........... −0.1003 −0.1568 −0.2524 37 39 16 0.0009
2........... −0.5616 −0.0507 −0.3112 11 10 2 0.0116
B........... −1.5320 −1.2481 −1.1261 8 4 1 0.0187
Cl.......... −2.0898 −3.4524 −3.0386 8 5 1 0.0173

* Sk is SMILES attribute; CWs denotes correlation weights; NA, NP, and NC are the numbers of compounds in the
active training set, passive training set, and calibration set, respectively; dk is the statistical defect calculated as
described in Section 4.5.

Table 5 shows the promoters of an increase or decrease in the effect for dataset 5. This
dataset concerns acute toxicity in rats. The endpoint is expressed as the negative decimal
logarithm of the oral lethal dose. Thus, a higher value is associated with a higher toxicity.
The SMILES for the toxicity case, studied with dataset 5, has a different configuration
compared to the SMILESs used for the other models because, for these compounds, an
important aspect of the structures is the charged particles, which are virtually absent for
the other sets of molecules considered here. From Table 9, we can see that nickel has
the highest effect. Other salts have a role too. Regarding the organic components of the
molecules, aliphatic carbon, double bonds, and branching have a negative coefficient, while
the presence of rings has a positive coefficient.

Here, as in other datasets, it can be noted that the main differences between the models
for organic and inorganic compounds are the sensitivity of organic compounds to branching
and the presence of rings. This is quite obvious, since many organic substances are not
linear and contain rings. The models correctly identified these peculiar features, and thus,
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this confirms the correctness of the modeling approach, from a practical point of view
and based on the fact that the models are heuristic. The presence of metals, salts, etc., is
another feature extracted by the models. This involves the fact that the modeling approach
is versatile and can deal with organic and inorganic features simultaneously. Thus, the lack
of models for inorganic compounds in the literature is explained only partially by the more
limited number of inorganic compounds. A key point in covering the present gap of models
on inorganic or combined substances is the use of adequate tools, as demonstrated here.

Table 9. List of promoters for increasing/decreasing the toxicity (pLD50) of organometallic complexes.

Sk * CWs Run1 CWs Run2 CWs Run3 NA NP NC dk

1........... 0.2209 0.4430 0.5162 11 14 6 0.0045
[N+]........ 0.2554 0.4266 0.6899 9 5 4 0.0105
[Na+]....... 1.9127 0.9084 0.9981 5 7 1 0.0169
[Ni+2]...... 2.1536 1.7093 2.1515 5 2 2 0.0155
(........... −0.2438 −0.1910 −0.2244 40 37 17 0.0015
=........... −0.1675 −0.0739 −0.2697 37 28 16 0.0052
[O-]........ −0.3588 −0.0166 −0.1106 31 28 9 0.0073
C........... −0.4404 −0.1410 −0.3599 22 18 12 0.0082
[Cu+2]...... −0.2043 −0.3620 −0.3118 6 9 8 0.0245

* Sk is SMILES attribute; CWs denotes correlation weights; NA, NP, and NC are the numbers of compounds in the
active training set, passive training set, and calibration set, respectively; dk is the statistical defect calculated as
described in Section 4.5.

4. Materials and Methods
4.1. Data

Five datasets were considered in this study. (1) A collection of data on octanol–
water partition coefficients was taken from [30]. The dataset contains 10,005 compounds,
including organic and inorganic compounds. This is called dataset 1. As a separate exercise,
inorganic compounds and substances of small sizes were studied (the number of symbols
in the SMILES line was less than 15); this is called dataset 2. Thus, two models were
developed for all substances or for only inorganic ones. (2) A collection of data (dataset 3)
on octanol–water partition coefficients on platinum (IV) complexes was taken from [31].
(3) A dataset on the enthalpies of formation of organometallic compounds (dataset 4) was
taken from [32]. (4) Data on the toxicity of inorganic compounds toward rats (dataset 5),
expressed as the negative decimal logarithm of an oral lethal dose for 50% of the tested
animals, was taken from [23]. Thus, five models for three endpoints were considered.

For each of the mentioned endpoints, the following actions were performed. First,
the available data were divided into training and validation sets. The training set was
structured into active and passive training subsets supplemented by a calibration subset.
For three of the five models under consideration, the division into an active training set,
a passive training set, a calibration set, and a validation set was carried out in equal
proportions (i.e., 25% for each of the specified subsets). For datasets 4 and 5, 35% was
reserved for the active and passive training sets each, and 15% for the calibration and
validation sets each.

4.2. Models

The models for the endpoints under consideration were calculated as

Endpoint = C0 + C1 × DCW(T, N)

The endpoint was the n-octanol–water partition coefficient or toxicity; DCW(T,N)
is an optimal descriptor calculated with the correlation weights of the molecular fea-
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tures extracted from the SMILES [33]. Threshold T is used to define non-rare features,
which are involved in the simulation process, and rare features, which are removed from
consideration. A molecular feature present in the active training set at least T times is
considered non-rare. N is the number of optimization epochs of the correlation weights for
non-rare molecular systems calculated using the Monte Carlo method (CORAL software,
http://www.insilico.eu/coral, accessed on 27 June 2025).

4.3. Optimimal SMILES Descriptor

The DCW is calculated as

DCW(T, N) = ∑ CW(Sk)

Here, Sk is a SMILES atom, i.e., one symbol (e.g., ‘C’, ‘N’, ‘O’, etc.) or a group of
symbols that cannot be considered separately (e.g., ‘Br’, ‘@@’, ‘%11’, etc.) [30]. CW(Sk) is
the correlation weight for Sk. In other words, CW(X) is a certain coefficient added to the
calculated optimal descriptor every time the SMILES atom is X.

4.4. Optimimization of Correlation Weights

The correlation weights were optimized using the Monte Carlo method. The following
are considered target functions of the optimization process:

TF1 = DA + DP − |DA − DP| × 0.1 + 0.3 × IIC

TF2 = DA + DP − |DA − DP| × 0.1 + 0.3 × CCCP

DA and DP are determination coefficient values for the active and passive training sets,
respectively. IIC is the index of ideality of correlation [34], and CCCP is the coefficient of
conformism of a correlative prediction [34].

4.5. Applicability Domain

The domain of applicability for the described model is defined via the so-called
statistical defects of SMILES codes involved in the optimization process. These defects can
be calculated as

dk =

∣∣P(S k)−P′(S k
)∣∣

N(Sk) + N′(Sk)
+

|P(S k)−P′′ (S k)|
N(Sk) + N′′ (Sk)

+

∣∣P′(S k
)
−P′′ (S k)

∣∣
N′(Sk) + N′′ (Sk)

where P(Sk), P′(Sk), and P′′(Sk) are the probability of Sk in the active training set, passive
training set, and calibration set, respectively; and N(Sk), N′(Sk), and N′′(Sk) are the frequen-
cies of Sk in the active training set, passive training set, and calibration set, respectively.
The statistical defects of SMILES (Dj) are calculated as

Dj = ∑NA
k=1 dk

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

Dj < 2 × D

4.6. Mechanistic Interpretation

The correlation weights were optimized several times. In some cases, SMILES atoms
exhibited only positive values. The role of these SMILES atoms can be assessed as influenc-
ing an increase in the studied endpoint. At the same time, for some SMILES atoms, only

http://www.insilico.eu/coral
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negative values of correlation weights were observed. The role of such SMILES atoms can
be assessed as influencing a decrease in the studied endpoint. Finally, it is very likely that
for some SMILES atoms, alternating sign values of correlation weights are observed. For
such SMILES atoms, it is not possible to determine their role in constructing models.

5. Conclusions
In silico models are rapidly evolving and are more and more often applied to evaluate

a range of properties for a broad range of substances. However, so far, poor attention has
been paid to inorganic substances. A reason for this is the much higher number of organic
substances compared to inorganic ones. However, there are also technical reasons, such as
it being easier to disregard metal salts when building a model. This causes a bias because
in common practice, the substance is neutralized and thus information about the salt is
disregarded, while the property of the salt is different from the property of the neutral
form. The solubility, logP, etc., of acetic acid or sodium acetate are very different, and
these physicochemical properties have an impact on all other properties, such as on their
toxicity or environmental behavior. The focus of the studies presented here is to show that
it is possible to develop models of both organic and inorganic substances simultaneously
and that the models can differentiate the behavior of the substances by extracting features
specific to organic or inorganic substances. These models are practical and heuristic. In
the computational experiments considered, models for organic compounds are sensitive
to branching and the presence of cycles to a much greater extent than those for inorganic
compounds. This is quite obvious, but it demonstrates the correctness of the modeling
approach. Similarly, for inorganic substances, specific features were identified. The features
are different for the different endpoints, but the models can still be used, thus providing
good models for all endpoints tested, with the five datasets used. A model should be built
for each endpoint several times, obtaining multiple splits into training and validation sets
to provide the necessary statistical robustness. Moreover, CCCP is more effective than the
IIC as an additional factor in optimizing correlation weights for SMILES-based optimal
descriptors when large datasets (hundreds or thousands of data points) are considered. For
small datasets (less than a couple of hundred), the IIC may be preferable.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/inorganics13070226/s1: Table S1. Organic and inorganic com-
pounds, logP; Table S2. Inorganic compounds, logP; Table S3. Pt(IV) complexes, logP; Table S4.
Entalpy of formation of organometallic complexes, kJ/mol; Table S5. Toxicity of organometallic and
inorganic substances towards rats, pLD50.
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