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A B S T R A C T   

Semi-correlation specifically assesses the correlation between a binary variable and a continuous variable. Semi- 
correlations were applied to develop binary models for various endpoints. We applied the semi-correlation to 
develop models of two kinds of skin sensitization one related to animals (local lymph node assay LLNA) and one 
to human beings (direct peptide reactivity assay DPRA and/or human cell line activation test h-CLAT). The 
models refer to binary classification for a two-level strategy: the first level (analysis of all compounds) is used in 
the format “sensitizer or non-sensitizer”, and the second level (only sensitizers) is a further classification in the 
format “strong or weak sensitizer”. The ranges of statistical characteristics of the models depend on the endpoint, 
LLNA or DPRA/h-CLAT: for the first level, sensitivity: 0.69–0.88, specificity: 0.75–0.89, accuracy: 0.77–0.87, 
Matthew’s correlation coefficient (MCC): 0.54–0.57 and for the second level, sensitivity: 0.70–1.0, specificity: 
0.78–0.83, accuracy: 0.77–0.87, MCC: 0.54–0.76. Thus, the described approach can be applied to building up 
models of the skin sensitization potency.   

1. Introduction 

Allergic contact dermatitis is a problem-affecting people, exposed to 
chemicals for occupational reasons or in general as consumers (Owen 
et al., 2018). The frequency of this skin pathology in the population 
justifies the need to characterize the skin sensitization potential of 
chemical substances in order to define ways to protect workers and 
consumers. This is a non-trivial task since the skin sensitization is caused 
by a sequence of molecular and cellular events, involving several steps 
(Roberts and Aptula, 2008). Earlier, the potential for substances to cause 
skin sensitization was assessed in animal assays, including the guinea 
pig maximization test and the mouse local lymph node assay (LLNA) 
(OECD, 2009). However, animal testing is increasingly being limited 
(REACH, 2016), particularly for certain products such as cosmetics. 
Indeed, in Europe in vivo tests to obtain data regarding cosmetics are not 
allowed (EC, 2009). 

Quantitative structure-activity relationships (QSARs) are an attrac
tive way to estimate the skin sensitization potential of various com
pounds. The literature reports several QSAR models for skin 
sensitization. They vary depending on the endpoint to be modeled, on 
the algorithm, and the fact that some models are binary classifiers, or 
attempt to predict the severity of the outcome. In the past, we built up 
some models (Toropov et al., 2019; Toropova and Toropov, 2017a; 

Toropov and Toropova, 2021) with CORAL software (http://www. 
insilico.eu/coral). Using a series of molecular descriptors and adaptive 
fuzzy partition, Chaudhry et al. developed a model (Chaudhry et al., 
2010) that is freely available on the VEGA website (www.vegahub.eu). 
Toxtree provides structural alerts related to various substances (https:// 
ec.europa.eu/jrc/en/scientific-tool/toxtree-tool). 

A typical approach for modeling skin sensitization is based on 
mechanistic modeling (Roberts et al., 2011). The integration of several 
models has been tried, and in some cases, experimental data have been 
combined with predicted values (van der Veen et al., 2014; Asturiol 
et al., 2016; Kumar et al., 2016). More recently, studies, which 
addressed endpoints able to correlate with skin sensitization (Borba 
et al., 2021; Zang et al., 2017; Tung et al., 2018, 2019). 
Semi-correlations are one way to build up a model for skin sensitization, 
as done for other endpoints (Toropova et al., 2019a,b; Toropova and 
Toropov, 2017b). 

Semi-correlation is a dichotomy that arises from regression and 
distributes compounds (their descriptors) into classes “active” and 
“inactive” (Fig. 1). The 2D descriptors for the model are calculated from 
simplified molecular input line entry systems (SMILES) (Weininger, 
1988). 

With this approach, we developed a battery of models that can be 
evaluated together, some related to LLNA, and others to human data. 
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Since it may be important to assess the severity of the effect, the models 
can identify strong and weak sensitizers. 

The present study aims to estimate the statistical quality of the 
models for skin sensitization applying the semi-correlation approach, 
generating a sequence of models to assess the severity of the effect. 

2. Materials and method 

The numerical data on skin sensitization were from the literature 
(Zang et al., 2017). Two sets are analyzed in (Zang et al., 2017): (i) 
Dataset I contains LLNA data for 120 substances; and (ii) Dataset II 
contains human test outcomes (87 substances). The data relative to 
human skin sensitization obtained to three methods: direct peptide 
reactivity assay (DPRA), KeratinoSens™, and human cell line activation 
test (h-CLAT). Thus, this kind of data follows the recent approach to 
applying a battery of methods, as we discussed in the Introduction. We 
modeled both endpoints, LLNA, and the other using alternative assays 
related to the toxicological pathway in humans. Sources of data used in 
the study are listed in Supporting information as Table S5 and Table S6. 
These are two data sets, one containing LLNA data on 120 substances 
(Table S5) and the other containing human skin sensitization data on 87 
substances (Table S6). All 87 substances in the human sensitization data 
set are represented in the LLNA data set. The experimental data that 
applied here, are obtained in accordance with OECD directives (OECD, 
2018) as well as obey to recommendations of the Institute for In Vitro 
Sciences (IIVS, 2021). 

We analyzed the corresponding endpoints (from Dataset I and 
Dataset II) on two levels for each endpoint, resulting in four models. The 
first level is the detection of sensitizers in a group of substances that 
contains both sensitizers and non-sensitizers. The second level focuses 
on the sensitizers only, divided as strong and weak. The definition of the 
potency follows that in (Zang et al., 2017), which relates to what 
adopted within the Globally Harmonized System (GHS) of Classification 
and Labelling of Chemicals: for LLNA, in case of the effect a substance is 
a strong sensitizer if the estimated test substance concentration that 
produces a stimulation index of 3 (EC3) is less than (or equal to) 2%, and 
it is weak if the concentration is >2%; for the human potency, the 
threshold is at 500 μg/cm2 of skin area (Zang et al., 2017). 

The corresponding models are calculated according to the scheme 
represented by Fig. 1 as the following 

Category1(SMILES) =
{
sensitizer if , y ≥ 0.5
non sensitizer if , y < 0.5 (1)  

Category2(SMILES) =
{
strong sensitizer if , y ≥ 0.5
weak sensitizer if , y < 0.5 (2) 

The translations of category 1 to category 2 are the following dis
criminations: Level 1: 1A = ‘1’; 1B = ‘1’; NEG = ‘0’. Hence sensitizers 
marked by ‘1’, non-sensitizers marked by ‘0’. Level 2: 1A = ‘1’; 1B = ‘0’ 
(REG removed). Hence strong marked by ‘1’, weak marked by ‘0’. The 
scheme of building up and applying semi-correlations is described in the 
literature (Toropova et al., 2019a,b). Fig. 1 shows the essence of the 
model based on semi-correlation. Fig. 2 demonstrates the essence of 
models calculated with Eq. (1) and Eq. (2). 

The y is calculated as the following 

y=C0 + C1 × DCW(T*,N*) (3) 

In other terms, the model is a simple equation, which combines a 
number of other parameters, as below. The descriptor of the correlation 
weights (DCW) is calculated as 

DCW(T ,N )=CW(APP)+
∑NA

k=1
CW(Sk)+

∑NA− 1

k=1
CW(SSk) +

∑NA− 2

k=1
CW(SSSk)

(4) 

The APP is the atom pairs’ proportions self-organized vector. Table 1 
gives examples of the APP. The Sk, SSk, and SSSk are the simplified 
molecular input line entry system (SMILES) fragments (Weininger, 

Fig. 1. The general scheme of a model based on semi-correlation. The TN, TP, 
FN, and FP are true negative, true positive, false negative and false positive 
results, respectively. 

Fig. 2. The scheme of building up binary models on level 1 (Eq. (1)) and level 2 
(Eq. (2)). 

Table 1 
An example of building a self-organized vector of atom-pairs proportions (APPj) 
for the following SMILES: CCC(Br) (CC)C(=O)NC(N)––O.  

Atom1 Atom2 n1 n2 Code applied to build up the model 

Br N 1 2 (Br.N)..1.2. 
Br O 1 2 (Br.O)..1.2. 
Br Double bond 1 2 (Br. = )..1.2. 
N O 2 2 (N..O)..2.2. 
N Double bond 2 2 (N.. = )..2.2. 
O Double bond 2 2 (O.. = )..2.2.  

Table 2 
Examples of the Sk, SSk and SSSk (for SMILES = Oc1ccc(O)cc1).  

Sk SSk SSSk 

O …. …. …   
c …. …. … c … O …. …  
1 …. …. … c … 1 …. … O … c … 1 … 
c …. …. … c … 1 …. … c … 1 … c … 
c …. …. … c … c …. … c … c … 1 … 
c …. …. … c … c …. … c … c … c … 
( …. …. … c … ( …. … c … c … (… 
O …. …. … O … ( …. … c … (… O … 
( …. …. … O … ( …. … (… O … (… 
c …. …. … c … ( …. … c … (… O … 
c …. …. … c … c …. … c … c … (… 
1 …. …. … c … 1 …. … c … c … 1 …  
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1988) that represent the corresponding compound. Thus, all these var
iables are simple chemical data easily extracted by our software from the 
chemical structure represented through the SMILES format. The CW(Sk), 
CW(SSk), CW(SSSk), CW(APP) are correlation weights for the corre
sponding SMILES attributes. 

Table 2 provides an example of these fragments for a chemical. The 
CW(Sk), CW(SSk), and CW(SSSk) are correlation weights of these SMILES 
fragments calculated with the Monte Carlo technique (Kumar and 
Kumar, 2020a,b; Kumar et al., 2019; Toropov and Toropova, 2019; 
Toropov et al., 2020; Toropova et al., 2019a,b, 2021; Toropova and 
Toropov, 2017c). 

The T is the threshold in order to define rare and not rare SMILES 
fragments: if the frequency of a SMILES fragment in the active training 
set is less than T, its correlation weight is zero (i.e. the fragment is 
ignored as uninformative). 

The N is the number of epochs of the Monte Carlo optimization (one 
epoch is the sequence of modifications of all correlation weights for 
fragments which are not rare ones according to the threshold T). 

The original set of substances has been randomly split into four 
subsets: active training, passive training, calibration, and validation. 
Each of the above sets has a specific task. The active training set is a 
builder of the model, i.e. compounds of this set are used for building up 
the model. The passive training set is an inspector of the model, i.e. 
compounds of this set are used to check up whether the model is satis
factory for substances which are absent in the active training set. The 
task of the calibration set is to detect the start of the overtraining. 
Compounds of the validation set are used for the final validation of the 
predictive potential of the model. 

In other words, the model initially is developed with the active 
training set, the passive training and the calibration sets are used to 
select the best parameters, and the validation set is used only when the 
model is constructed in order to evaluate the predictions for substances, 
which are invisible during developing of the model. 

The distribution of available data into the above sets was random, 
but equivalent. Each of the above set contains about 25% of compounds 
from Dataset I or Dataset II. 

Models obtained using the Monte Carlo optimization are based on 
two target functions TF1 and TF2: 

TF1 = raTRN + rpTRN −
⃒
⃒raTRN − rpTRN

⃒
⃒*0.1 (5)  

TF2 = TF1 + IICCLB*0.5 (6) 

The raTRN and rpTRN are the correlation coefficients between the 
observed and predicted endpoint values for the active training and 
passive training sets, respectively. 

The index of ideality of correlation IICCLB is calculated with data on 
the calibration set as follows: 

IICC = rC
min

(
− MAEC,

+MAEC
)

max
(
− MAEC,

+MAEC
) (7)  

min(x, y)=
{
x, if x < y
y, otherwise (8)  

max(x, y)=
{
x, if x > y
y, otherwise (9)  

− M AEC =
1

− N
∑

|Δk|,
− N is the number of Δk < 0 (10)  

+M AEC =
1

+N

∑
|Δk|,

+N is the number of Δk ≥ 0 (11)  

Δk = observedk − calculatedk (12) 

The observedk and calculatedk are corresponding values of the 
endpoint. 

The statistical quality of models estimated with the following 
criteria: 

Sensitivity=
TP

TP+ FN
(13)  

Specificity=
TN

FP+ TN
(14)  

Accuracy=
TP + TN

TP+ FP+ FN + TN
(15)  

MCC=
TPxTN − FPxFN

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP+ FP)(TP+ FN)(TN + FP)(TN + FN)

√ (16) 

The TP, TN, FP, and FN are the numbers of true positive, true 
negative, false positive, and false negative predictions, respectively. 

3. Results 

3.1. Level 1 for Dataset I 

Table 3 sets out the statistical characteristics of the model for Dataset 
I, LLNA, on level 1, sensitizer versus non-sensitizer substances. The re
sults are those obtained on the different subsets, but the most important 
values are those related to the validation set, which contains substances 

Table 3 
The statistical quality of models for Dataset I (Level 1): LLNA data modelling sensitizers versus non-sensitizers.  

IIC APP Set TP TN FP FN Sen* Spe Acc MCC 

unused unused Active training 12 10 0 0 1 1 1 1   
Passive training 16 4 0 1 0.94 1 0.95 0.87   
Calibration 9 4 3 6 0.60 0.57 0.59 0.16   
Validation 7 6 3 6 0.54 0.67 0.59 0.20 

Used unused Active training 9 7 3 3 0.75 0.70 0.73 0.45   
Passive training 14 3 1 3 0.82 0.75 0.81 0.49   
Calibration 14 6 1 1 0.93 0.86 0.91 0.79   
Validation 11 5 4 2 0.84 0.56 0.73 0.42 

unused used Active training 12 10 0 0 1 1 1 1   
Passive training 1 4 0 16 0.06 1 0.24 0.11   
Calibration 10 3 4 5 0.67 0.43 0.59 0.09   
Validation 7 7 2 6 0.54 0.78 0.64 0.32 

Used used Active training 10 9 1 2 0.83 0.90 0.86 0.73   
Passive training 10 4 0 7 0.59 1 0.67 0.46   
Calibration 14 7 0 1 0.93 1 0.95 0.90   
Validation 9 8 1 4 0.69 0.89 0.77 0.57 

*) Sen-sensitivity; Spe-specificity; Acc-accuracy; MCC- Matthew’s correlation coefficient; the “unused” means that corresponding element of building up a model (i.e. 
IIC or APP) is not used; the “used” means that corresponding element of building up a model (i.e. IIC or APP) is used. 
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not used to build up the model. The results indicate the true positives 
(TP), true negatives (TN), false positives (FP), and false negatives (FN), 
which are used to calculate the sensitivity, specificity, accuracy, and 
Matthews correlation coefficient (MCC). The most interesting parameter 

is probably the MCC because it takes into account the fact that the 
positive and negative substances are not balanced. MCC has values 
ranging from – 1 to 1, and values above 0.5 indicate a good model. On 
level 1, the model with the best predictive potential is obtained by 

Table 4 
The statistical quality of models for Dataset I (Level 2): LLNA data modelling strong versus weak sensitizers.  

IIC APP Set TP TN FP FN Sen* Spe Acc MCC 

unused unused Active training 7 8 0 0 1 1 1 1   
Passive training 6 6 1 0 1 0.86 0.92 0.86   
Calibration 2 4 3 5 0.29 0.57 0.43 − 0.15   
Validation 5 7 2 1 0.83 0.78 0.80 0.60 

used unused Active training 6 7 1 1 0.85 0.88 0.87 0.73   
Passive training 4 3 4 2 0.67 0.43 0.54 0.10   
Calibration 7 6 1 0 1 0.86 0.93 0.87   
Validation 3 4 5 3 0.50 0.44 0.47 − 0.05 

unused used Active training 6 8 0 1 0.86 1 0.93 0.87   
Passive training 6 4 3 0 1 0.57 0.77 0.62   
Calibration 1 6 1 6 0.14 0.86 0.50 0   
Validation 3 5 4 3 0.50 0.56 0.53 0.05 

used used Active training 6 8 0 1 0.86 1 0.93 0.87   
Passive training 6 5 2 0 1 0.71 0.85 0.73   
Calibration 4 6 1 3 0.57 0.86 0.71 0.45   
Validation 6 7 2 0 1 0.78 0.87 0.76 

*) Sen-sensitivity; Spe-specificity; Acc-accuracy; MCC- Matthew’s correlation coefficient; the “unused” means that corresponding element of building up a model (i.e. 
IIC or APP) is not used; the “used” means that corresponding element of building up a model (i.e. IIC or APP) is used. 

Table 5 
The statistical quality of models for Dataset II (Level 1): human data modelling sensitizers versus non-sensitizers.  

IIC APP Set TP TN FP FN Sen* Spe Acc MCC 

unused unused Active training 13 9 0 0 1 1 1 1   
Passive training 12 4 0 6 0.67 1 0.73 0.52   
Calibration 7 8 0 7 0.50 1 0.68 0.52   
Validation 8 8 1 4 0.67 0.89 0.76 0.55 

used unused Active training 9 7 2 4 0.69 0.78 0.73 0.46   
Passive training 12 4 0 6 0.67 1 0.73 0.52   
Calibration 14 7 1 0 1 0.87 0.95 0.90   
Validation 8 7 2 4 0.67 0.78 0.71 0.44 

unused used Active training 13 9 0 0 1 1 1 1   
Passive training 2 4 0 16 0.11 1 0.27 0.15   
Calibration 3 7 1 11 0.21 0.87 0.45 0.11   
Validation 8 7 2 4 0.67 0.78 0.71 0.44 

used used Active training 11 6 3 2 0.85 0.67 0.77 0.52   
Passive training 14 4 0 4 0.78 1 0.82 0.62   
Calibration 12 8 0 2 0.86 1 0.91 0.83   
Validation 11 9 0 1 0.92 1 0.95 0.91 

*) Sen-sensitivity; Spe-specificity; Acc-accuracy; MCC- Matthew’s correlation coefficient; the “unused” means that corresponding element of building up a model (i.e. 
IIC or APP) is not used; the “used” means that corresponding element of building up a model (i.e. IIC or APP) is used. 

Table 6 
The statistical quality of models for Dataset II (Level 2): human data modelling strong versus weak sensitizers.  

IIC APP Set TP TN FP FN Sen* Spe Acc MCC 

unused unused Active training 9 6 0 0 1 1 1 1   
Passive training 8 6 0 0 1 1 1 1   
Calibration 3 6 2 3 0.50 0.75 0.64 0.26   
Validation 2 5 6 1 0.67 0.45 0.50 0.10 

used unused Active training 9 6 0 0 1 1 1 1   
Passive training 8 6 0 0 1 1 1 1   
Calibration 2 5 3 4 0.33 0.62 0.50 − 0.04   
Validation 2 4 7 1 0.67 0.36 0.43 0.03 

unused used Active training 9 6 0 0 1 1 1 1   
Passive training 8 6 0 0 1 1 1 1   
Calibration 2 6 2 4 0.33 0.75 0.57 0.09   
Validation 1 8 3 2 0.33 0.73 0.64 0.05 

used used Active training 9 6 0 0 1 1 1 1   
Passive training 8 6 0 0 1 1 1 1   
Calibration 5 7 1 1 0.83 0.87 0.86 0.71   
Validation 3 9 2 0 1 0.82 0.86 0.70 

*) Sen-sensitivity; Spe-specificity; Acc-accuracy; MCC- Matthew’s correlation coefficient; the “unused” means that corresponding element of building up a model (i.e. 
IIC or APP) is not used; the “used” means that corresponding element of building up a model (i.e. IIC or APP) is used. 
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applying IIC and APP. The model is the following:  

y = 0.2272 (±0.0183) + 0.0613 (±0.0020) × DCW(1,10)                   (17) 

The accuracy of this model is 0.77; MCC is 0.57. 

3.2. Level 2 for Dataset I 

Table 4 sets out the statistical characteristics of the model for Dataset 
I on level 2, which refers to the different potency of sensitizer sub
stances: weak or strong for substances assessed using the LLNA. On level 
2 the model with the best predictive potential is based on applying IIC 
and APP. The model is the following:  

y = 0.3963 (±0.0158) + 0.0652 (±0.0015) × DCW(1,15)                   (18) 

The accuracy of this model is 0.87; MCC is 0.76. 
The accuracy for this model is 0.81. 

3.3. Level 1 for Dataset II 

Table 5 sets out the statistical characteristics of the model for Dataset 
II, a human test on level 1, to distinguish sensitizers from non- 
sensitizers. On level 1 the model with the best predictive potential is 
obtained applying IIC and APP. The model is the following:  

y = 0.4265(±0.0204) + 0.07937 (±0.00259) * DCW(1,10)                  (19) 

The accuracy of this model is 0.95; MCC is 0.91. 
The accuracy of this model is 0.87. 

3.4. Level 2 for Dataset II 

Table 6 sets out the statistical characteristics of the model for Dataset 
II on level 2, which refers to human data assessed in their potency. On 
level 2 the model with the best predictive potential is obtained applying 
IIC and APP. The model is the following:  

y = 0.5219 (±0.021) + 0.09457(±0.00365) * DCW(1,10)                   (20) 

The accuracy of this model is 0.86; MCC is 0.70. 
Supplementary materials section contains data on Dataset I and 

Dataset II for level 1 and level 2, i.e. the distribution into the active 
training (+), passive training (− ), calibration (#), and validation (*) sets 
(Tables S1, S2, S3, and S4) respectively. Table S5 contains chemical 
names for the Dataset I; Table S6 contains chemical names for the 
Dataset II. 

4. Discussion 

The development of computational approaches to study skin sensi
tization is one of the fundamental directions of toxicology (Jaworska 
et al., 2015; Kleinstreuer et al., 2018; Hoffmann et al., 2018; Wilm et al., 
2018, 2019). In order to build up reliable models for skin sensitization 
new assays, new algorithms, new theoretical knowledge, and integration 
of these heterogeneous components are necessary. New assays generate 
new data, which form the basis of the models. While initially the data 
mainly related to LLNA, now there are data from in vitro and in chemico 
studies, which can improve the overall target to assess the effects on 
human beings. Furthermore, the tendency to move away from in vivo 
data, such as LLNA, is related to the fact that in Europe in vivo studies 
are banned for cosmetics, and in other countries and for other industrial 
sectors in vivo experiments are often considered as a last resource. 

The development of conceptually new models needs improvement of 
the technique of establishing QSAR models. One of the key way to the 
improvement for QSAR is the development of new statistical criteria for 
the estimation of the QSAR quality, especially the predictive potential 
for QSAR. The conceptual novelty of the index of ideality of correlation 
(Toropov et al., 2019; Kumar and Kumar, 2020a,b; Toropov and 

Toropova, 2019; Toropova et al., 2019b) is the ability to take into ac
count the determination coefficient together with the dispersion of 
predictions for an endpoint expressed in terms of mean absolute error. 
The semi-correlation (Toropova et al., 2019a,b) examined here is a 
special new tool of the structure-activity analysis. The index of ideality 
of correlation has been designed as a tool to improve the predictive 
potential for QSAR i.e. for regression models with a continuous range of 
endpoint values from some minimum to maximum. This index has 
demonstrated the attractive potential to improve the predictive poten
tial of the semi-correlations. 

Atom pair’s proportions is another conceptually new way to improve 
the predictive potential of models. Factually, molecular structure can be 
interpreted as a random event. The definition of the event can be a list of 
atoms of a molecule. More specific can be the answer to the question 
“whether the molecule contains atoms A1 and A2”? A further level of the 
individuality of a molecule as a random event can be the answer to a 
question about the proportion of A1 and A2 in the molecule, e.g. 1:1, 
1:2, 2:1, 1:3, 3:1, 2:3, 3:2, and so on. Using the Monte Carlo optimiza
tion, correlation weights for these events (situations in molecules) can 
be defined. The data can improve the predictive potential of a model or 
conversely, the data can decrease the predictive potential of a model. 
The estimation of the data can be obtained after carrying out the cor
responding computational experiments. 

Multiple models also require integrating the results from the 
different models, and for this reason, there are more and more studies 
proposing not one single model, but several ones, to be combined. For 
instance, the CAESAR model for skin sensitization, freely available on 
the VEGA website, is one of the first examples of hybrid models, 
combining the results of several models (Chaudhry et al., 2010). 
Bayesian methods have been applied to integrate heterogeneous data, 
some from experiments (van der Veen et al., 2014). Based on Bayesian 
networks, in silico models have been implemented and are ready to use: 
one is SaferSkin. Machine learning has also been employed to integrate 
data from different models, as in the case of CAESAR, and then also 
combining data from types of experiments. This heterogeneous data, 
relating not only to LLNA experiments, prompted the use of different 
algorithms, also offering freely available software programs (Borba 
et al., 2021; Zang et al., 2017; Tung et al., 2018, 2019). This shows in 
practice what we mentioned about the evolution of in silico models for 
skin sensitization, generating novel algorithms, novel data, and inte
gration of heterogeneous data. 

Anyhow, the use of new models still requires careful evaluation. The 
use of algorithms facilitates the integration of the data and covers data 
gaps, but the conceptual scheme for integration of the results, to address 
the effects on human beings, calls for further study and more data, to 
verify the relative contributions of heterogeneous data to model the 
human effect. We, therefore, preferred to leave the results from the 
LLNA and the human studies separate; an expert may evaluate them 
separately and integrate them by case. 

We developed a number of models, applying different strategies. The 
best results (for instance considering the accuracy and the MCC values 
on the external validation set) were obtained when we used the IIC and 
APP conditions (Tables 3–6). Another indication of interest is the fact 
that the sensitivity and specificity values are closer when both these 
conditions are applied. Indeed, if the model is skewed towards a high 
sensitivity and low specificity, or vice versa, this is a weakness (which is 
anyhow captured by the MCC value). The role of IIC and APP is inde
pendent and both are quite important. Indeed, depending on the cases, 
models with only IIC are better than those with the only APP, or vice 
versa, but anyhow when both are used this is preferable. APP relates to 
the use of larger chemical information, related to the co-presence of 
certain atoms. Instead, IIC is related to the algorithm and the improve
ment is related to the reduced errors in both directions (positive and 
negative), based on the optimization done on the calibration set. 

All models applying APP and IIC produced good results. The results 
can be compared appropriately by those from the study in (Zang et al., 
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2017) because the data used to build up the models are the same. In the 
case of the model for LLNA, the accuracy of the external validation set 
for our model is equal to 0.77 for level 1, and 0.87 for level 2. The value 
for level 2 in the literature (Zang et al., 2017) is 0.89, very close to our 
figure, and the overall accuracy (levels 1 and 2) is 0.77 (lower than the 
value we obtained). 

In the case of the models for Dataset II, human data, the accuracy of 
our models on the external validation sets are 0.95 for level 1, and 0.86 
for level 2. In the literature (Zang et al., 2017) the overall accuracy 
values (level 1 and 2) are 0.71 and 0.81, respectively. Thus, both values 
from the literature are lower. 

Other models have given slightly higher accuracy, about 0.89 (Borba 
et al., 2021; Tung et al., 2018). However, it is hard to make comparisons, 
because the endpoints are different, and they cover several toxicological 
targets and datasets simultaneously. 

However, our models do offer advantages. The integrated model, as 
in (Zang et al., 2017), uses a more complex approach, which implies 
machine learning tools and a series of values as input, including 
physico-chemical properties, and data from in chemico (direct peptide 
assay) and two in vitro tests. Thus, the strategy used in (Zang et al., 
2017) calls for more effort and resources, with a large set of data, while 
our model only needs the molecular structure. Therefore, it can be used 
even without any preparation of the substance to be analyzed; this is not 
possible when experimental data are required. The complexity and 
availability of experimental values limit the other methods, relying on 
heterogeneous data needing experimental values. Furthermore, in our 
model the information relative to the chemical structure is very concise 
and simple, basically extracted from the SMILES, while in other cases a 
set of physicochemical parameters or molecular descriptors has to be 
obtained. Table 7 contains the comparison of the CORAL model with a 
similar model (sensitizer/non-sensitizer) suggested in the literature 
(Bergal et al., 2020; Asturiol et al., 2016; Urbisch et al., 2016; Kumar 
et al., 2016; Emter et al., 2010; Natsch and Emter, 2008; van der Veen 
et al., 2014). 

The advantage of the CORAL model is applying exclusively data on 
molecular structure represented by SMILES together with data on an 
endpoint without additional data on 3D molecular structure, descriptors 
of quantum mechanics, or additional physicochemical and biochemical 
parameters. 

On the other hand, the disadvantage of the CORAL model as well as 
the Monte Carlo approach, in general, is a dispersion of the statistical 
characteristics observed in several runs of the Monte Carlo optimization. 
Under such circumstances, the study of average values becomes the 
necessary practice. The statistical characteristics represented here are 
average on groups of corresponding runs of described versions of the 
Monte Carlo optimization (Tables 3–6). Supplementary materials section 
and freely available CORAL software (http://www.insilico.eu/coral) 
give the possibility to apply suggested models as well as to study runs of 
the described optimization. Finally, one can apply the CORAL software 
for other SAR/QSAR tasks. 

5. Conclusions 

The semi-correlation is a specific case among traditional correla
tions. Semi-correlations can serve as a tool for SAR/QSAR analysis. The 
suggested approach gives reasonably good models for skin sensitization, 
distinguishing sensitizers and non-sensitizers, and dividing sensitizers as 
weak or strong. Application of the self-organized vector of atom-pairs 
proportions improves the predictive potential of models for skin sensi
tization. Similarly, attempts to build up these models without the index 
of ideality of correlation indicated the advisability of including this 
criterion. The models we developed related to different kinds of data, 
such as LLNA, a widely used test, and data related to humans as well. 
The battery of results for skin sensitization should assist evaluators in 
their decisions. A major advantage of the present models is their 
intrinsic simplicity, since they only need the SMILES structure of the 
substances, while other models need multiple data (predicted and 
experimental) and complex information regarding the compounds. 
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