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В данной работе представлены результаты исследования количественной взаимо-

связи между структурой и активностью (QSAR) бисфенола А и его аналогов с использова-

нием квантовых химических расчетов и метода искусственных нейронных сетей (ANN). 

Анализ молекулярной структуры был выполнен на основе теории функционала плотности 

(DFT) методом B3LYP/6-31+G(d). Квантовые химические расчеты концентрируются на оп-
тимизировании молекулярной структуры, частоты колебаний и энергии молекулярной ор-

биты. Распределение электронной плотности атомов было изучено в рамках естественного 

орбитального анализа связи (NBO). Все расчеты были выполнены в программных пакетах 

Gaussian 9 и Gaussview 6. Полученные в результате расчетов структурно-квантовые пара-
метры и ранее известные экспериментально наблюдаемые биологические данные об эстро-

генной активности рабочей выборки были использованы в качестве входных данных для по-

строения модели QSAR с использованием метода искусственных нейронных сетей. С помо-

щью метода искусственных нейронных сетей были выявлены также структурно-кванто-

вые параметры, наиболее эффективно влияющие на эстрогенную активность исследован-
ных веществ. Для проверки эффективности и стабильности построенных моделей был ис-

пользован метод скользящего контроля и формирования внешней тестовой выборки. Полу-

ченые QSAR модели имеют довольно хорошие статистические параметры: R2 = 0,99; Q2
LOO = 0,98; 

R2
Predict = 0,98. В соответствии с этим результатом следует отметить, что предлагаемая 

нами модель, построенная методом искусственных нейронных сетей с использованием па-

раметров квантовой химии, достаточно адекватна и может быть полезна для прогнозиро-

вания эстрогенной активности неизученных производных и аналогов BPA с достаточной 

надежностью. 

Ключевые слова: количественные соотношения «структура-свойство», модель QSAR, бисфенол 

А, эстрогенная активность, теория функционала плотности, 6-31+G(d) базисная функция, метод искус-

ственных нейронных сетей 
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This article presents the results of the quantitative structure – activity relationship (QSAR) 

study of bisphenol A (BPA) and its analogs using quantum chemistry calculations and method of 

artificial neural networks (ANN). Molecular structural analysis is performed using Density Func-

tional Theory (DFT) at the B3LYP/6-31+G(d) level. The quantum calculations focus on finding 

the optimized molecular structures, vibrational frequencies, the molecular orbital energies with 

reasonable accuracy. The study of electron density distribution was carried out in the framework 

of the natural bond orbital (NBO) methods. The obtained parameters and known observable estro-

gen activities are used as input data for constructing the QSAR model, using the artificial neural 

network method. Based on the artificial neural network method the quantum parameters having 

the strongest impact on the estrogen activity of the compounds were revealed. The internal and 

external validation methods have been performed to test the performance and the stability of the 

model. The statistical parameters obtained of the QSAR model were: R2 = 0.99; Q2
LOO = 0.98; 

R2
Predict = 0.98. According to the obtained results, our proposed model, constructing by method 

of artificial neural network using the parameters of quantum chemistry is adequate and may 
be useful to predict of estrogen activities for unexplored derivatives and BPA analogs with mod-
erate reliability. 

Key words: quantitative structure – activity relationship, QSAR model, bisphenol A, estrogen, Density 

Functional Theory, 6-31+G(d) basis function, artificial neural networks – ANN 
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INTRODUCTION 

Quantitative structure – activity relationship 

(QSAR) is a statistical research method that establishes 

empirical models describing relationship between the 

biological activity of compounds and their chemical 

structures. In fact, the structure-activity relationship is 

often complex and difficult to express by mathematical 

functions [1]. The application of classical data processing 

methods (Multivariate Regression Analysis, Partial 

Least Squares, etc.) to QSAR models is often problematic. 

The requirement for QSAR researchers is to apply 

state-of-the-art data processing and statistical analysis 

methods through specialized software to create a 

highly stable and predictable model. One of the most 

widely used data processing methods today is artificial 

neural network (ANN). 

In this article, we developed a QSAR model 

for Bisphenol A and its analogs using quantum chem-

istry and artificial neural networks. The basis for se-

lecting this substance for investigation is derived from 

the need to use BPA and its analogs [2, 3] as well as 

their severity [4-9]. 

METHODS AND MATERIALS 

A general schema of QSAR method is showed 

in Fig. 1. 

 
Fig. 1. Schema of QSAR method 

Рис. 1. Схема построения QSAR модели 

 

2.1. Biological data 

The data set used in this study include 23 com-
pounds synthesized and their biological activities ana-

lyzed by a team of researchers from the University of 
Minnesota and the University of New Orleans, USA 

[10]. The biological activity selected for this study is 

estrogen level of activity evaluated in the form of bio-
logical expression of the reporter genes embedded in 

the cell. The structures of the molecules in the data set 
are presented in Table 1.  

Table 1 

Structures of the molecules in the data set [10] 

Таблица 1. Структуры изучаемых молекул, входящих в набор данных 

Compound 

 
Substituents 

1 2 3 4 5 6 7 8 9 R1 R2 

1 DM DMB Bis A H CH3 OH H H H CH3 OH H CH3 CH2CH(CH3)2 

2 DMB Bis A H H OH H H H H OH H CH3 CH2CH(CH3)2 

3 MM4 H H OH H H H H OH H C2H5 C2H5 

4 Bis A H H OH H H H H OH H CH3 CH3 

5 HF Bis A H H OH H H H H OH H CF3 CF3 

6 DM HPTE H CH3 OH H H H CH3 OH H H CCl3 

7 MM1 H H OH H H H H OH H H CH3 

8 Bis F H H OH H H H H OH H H H 

9 Bis B H H OH H H H H OH H CH3 C2H5 

10 DM Bis A H CH3 OH H H H H OH CH3 CH3 CH3 

11 HPTE H H OH H H H H OH H H CCl3 

12 1844-00-44 H H OH H H H H OH H H CH(CH3)2 

13 MM2 H H OH H H H H OH H H C2H5 

14 TM Bis A H CH3 OH CH3 H H CH3 OH CH3 CH3 CH3 

15 o,p’-Bis A H H H H OH H H OH H CH3 CH3 
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Compound 1 2 3 4 5 6 7 8 9 R1 R2 

16 Mono Mxy Bis A H H OH H H H H OCH3 H CH3 CH3 

17 P Bis A H H OH H H H H OH H CH3 C6H5 

18 PCP H H H H H H H OH H CH3 CH3 

19 MH MM1 H H OH H H H H H H CH3 H 

20 MH Bis F H H H H H H H OH H H H 

21 TC Bis A H Cl OH Cl H H Cl OH Cl CH3 CH3 

22 TB Bis A H Br OH Br H H Br OH Br CH3 CH3 

23 Mxy Bis A H H OCH3 H H H H OCH3 H CH3 CH3 

 

2.2. Structural parameter calculation 

The quantum parameters characterizing the 

molecular structure are calculated based on the Density 

Functional Theory (DFT) at B3LYP/6-31+G(d) level 

[11-13]. The calculation methods are implemented in 

the Gaussian 09 software [12]. The visualization of the 

studied molecules and the initial structures are conducted 

using ChemCraft software [14]. The list of structural 

quantum parameters calculations is presented in Table 2.  
 

Table 2 

List of quantum descriptorsof of bisphenol A analogs 

Таблица 2. Список квантовых дескрипторов иссле-

дованных веществ 

Symbol Definition Unit 

Length Bond length Å 

Angel Bond angle Degree 

Dihedral Dihedral Degree 

EHOMO 
Energy of the Highest Occupied Mo-

lecular Orbital 
eV 

ELUMO 
Energy of the lowest unoccupied 

Molecular Orbital 
eV 

µ Dipole Moment  Debye 

Esp Total Energy of Molecular eV 

ΔE ΔE = ELUMO – EHOMO eV 

χ 

( )

2

LUMO HOMOE E


 
  – absolute 

electronegativity 

eV 

η 2

LUMO HOMOE E



  – absolute hard-

ness 

eV 

ω 
2

2



  – reactivity index eV 

C1, C2, … 

C13 

Atomic charges on carbon atoms 1,2,.. 

respectively 

 

e 

 

2.3. Statistical analysis and variable selection 

In this article, three-layer artificial neural net-

work (input layer, hidden layer and output layer) with 

feedforward technique is used. Accordingly, each node 

of the preceding layer links with all nodes in the fol-

lowing layers and nodes in the same layer are not 

linked. The number of nodes entered by independent 

variable numbers will be used; the number of nodes of 

the output layeris a representative value of the activity 

of the molecule being investigated; the number of 

nodes in the hidden layer is set by the network regula-

tor in such a way that all information in the data set is 

retrieved, but no over-processing occurs. This is also 

the most common type of ANN used in the QSAR 

model [15-18]. 

The operation diagram of ANN is illustrated in 

Fig. 2, where p is the input data vector; w is the weight 

typical for the link between data (signal) transmitted 

and data (signal) received; f is the transfer function. In 

the ANN network, the function f is usually a hard-limit, 

linear, log-sigmoid or tan-sigmoid function. 
 

 
Fig. 2. Diagram of artificial neuron network 

Рис. 2. Схематическая иллюстрация искусственных нейтрон-

ных сеток 
 

However, not all of the calculated structural 

parameters are statistically significant for the model, 

therefore,selective evaluation of the potential variables 

to construct the structural data sets must be conducted. 

The process of selecting variables was performed by 

examining the correlation between structural parameters 

through the Pearson correlation matrix to find parame-

ters that are closely related. Next, the set of structural 

parameters continues to be filtered through sensitivity 

about the mean procedure with the activity value. The 

nature of this operation is to investigate the variability 

of the activity according to the variability of an inde-

pendent variable while keeping the values of other in-

dependent variables. These procedures are imple-

mented through the NeuroSolution 6.0 program and 

the NeuroSolution for Excel add-in [11]. 
Testing the stability, predictability and gener-

ality of models a crucial step in QSAR research. The 
quality and predictability of the models is assessed by 
internal and external validation through statistical indi-
cators [19, 20]. Cross-validation is a common method 
of referencing. Accordingly, 23 compounds were ran-
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domly divided into 3 sets: training set (70% of mole-
cules); validation set (15% of molecules) and test set 
(15% of elements). The predictability of the model is 
evaluated through the leave-three-out procedure with 
the characteristic parameter as the generalization coef-
ficient Q2. The more Q2 approaches 1, the more stable 
and predictable the model is. However, according to 
Tropsha and other experts in the field of QSAR re-
search, internal modeling indicators do not guarantee 
the predictability for new compounds outside the 
model [19]. A quality and predictable QSAR model 
must be built with external references. The model's ex-
ternal references is made by using the model con-
structed from training set to predict the activity of the 
compounds in the test set, and then the predicted values 
are computed to calculate out-of-model indicators.  

For ANN, the cessation criterion is that the 
Mean Square Error (MSE) of the validation indicates 
an increase; training algorithm is Levenberg-Mar-
quardt; number of neurons on hidden layers is exam-
ined from 1 to 10; MSE values from 10 ANN models 
will be compared to select the optimum network for the 
smallest MSE. 

RESULTS AND DISCUSSION 

We calculated 50 characteristic parameters of 
23 molecules. These parameters were compared with 

the corresponding parameters of BPA molecule calcu-
lated using the same method. The results indicate that 
there are 18 parameters that have zero descriptor. The 
remaining parameters were selected through the Pear-
son correlation coefficient matrix and their sensitivity 
about the mean values with activity values.  

 

 
Fig. 3. Schema illustrating the sensitivity of parameters to activity 

Рис. 3. Чувствительность дескрипторов на биоактивность 

 

Based on the Pearson correlation matrix and 

the schema showing the sensitivity of the parameters 

with activity (Fig. 3), the selection of the 10 most sen-

sitive parameters could be considered independent var-

iables set up to build the model. Data on these param-

eters are given in Table 3.  

 

Table 3 

Structural parameters selected to build the model 

Таблица 3. Дескрипторы, используемые для построения QSAR модели 

Compound C11 EHOMO C3 µ C13 C6 C12 ρ C5 ESP 

DMB Bis A -0.048 -5.92166 0.303 1.625279 -0.049 -0.209 -0.1 0.36884 -0.205 -849.63207 

HPTE -0.069 -6.23404 0.315 1.877432 -0.079 -0.201 -0.304 0.41546 -0.194 -2071.14844 

MM4 -0.052 -5.98588 0.303 2.2785 -0.052 -0.218 -0.098 0.36794 -0.218 -810.31824 

DM DMB Bis A -0.04 -5.79295 0.308 0.922172 -0.04 -0.203 -0.09 0.36609 -0.206 -928.27007 

HF Bis A -0.095 -6.55186 0.319 1.5767 -0.095 -0.198 -0.032 0.35784 -0.198 -1327.16975 

Bis B -0.055 -5.96601 0.303 2.076508 -0.052 -0.214 -0.105 0.36975 -0.212 -771.00760 

DM Bis A -0.045 -5.77608 0.308 1.9216 -0.045 -0.215 -0.112 0.37007 -0.215 -810.33368 

P Bis A -0.067 -5.82533 0.349 1.30318 -0.066 -0.207 -0.077 0.37783 -0.203 -923.46071 

MM2* -0.063 -5.95268 0.303 2.048301 -0.061 -0.215 -0.282 0.37456 -0.21 -731.69810 

Bis A -0.052 -5.93281 0.302 1.7296 -0.052 -0.208 -0.113 0.36948 -0.208 -731.69781 

PCP -0.052 -6.06833 -0.248 1.545729 -0.021 -0.208 -0.115 0.35871 -0.228 -656.47670 

TM Bis A -0.037 -5.66941 0.312 1.3057 -0.037 -0.212 -0.111 0.36796 -0.212 -888.97147 

MH MM1 -0.057 -6.07839 -0.247 1.535246 -0.028 -0.21 -0.29 0.35936 -0.225 -617.16711 

o.p’-Bis A -0.039 -5.90125 -0.228 1.766342 -0.068 -0.213 -0.111 0.36733 0.318 -731.69522 

MH Bis F -0.069 -6.11730 -0.247 1.445198 -0.039 -0.208 -0.479 0.36065 -0.229 -577.85490 

MM1 -0.057 -5.95105 0.303 1.439828 -0.059 -0.211 -0.287 0.36842 -0.205 -692.38812 

Bis F -0.069 -5.98996 0.302 1.4703 -0.069 -0.209 -0.476 0.37013 -0.209 -653.07586 

DM HPTE -0.062 -6.07676 0.321 2.302561 -0.073 -0.197 -0.303 0.42385 -0.2 -2149.78590 

1844-00-44* -0.051 -5.92819 0.302 0.632798 -0.051 -0.212 -0.269 0.37605 -0.21 -771.01496 

Mono MxyBis A -0.066 -5.67513 0.335 0.943963 -0.063 -0.199 -0.07 0.36812 -0.203 -771.01928 

TC Bis A -0.03 -6.55785 0.283 3.5848 -0.03 -0.224 -0.1 0.37544 -0.224 -2570.07512 

TB Bis A -0.029 -6.51676 0.281 3.5184 -0.029 -0.221 -0.1 0.38069 -0.221 -11016.21701 

MxyBis A* -0.051 -5.79866 0.306 0.9166 -0.051 -0.212 -0.113 0.37028 -0.212 -810.30816 
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The network training start with the 10 inde-
pendent variables identified above. The MSE values of 
the ANN models with the number of neurons on the 
hidden layer varies from 1 to 10 are analyzed. Compare 
the MSE values of the models, we could see that the 
ANN network with 9 neurons on the hidden layer pro-
vide the most appropriate MSE value for training set, 
testset and validation set (R2 = 0.99, Q2 = 0.98, Rtest

2 = 
0.98) (Fig. 4). 

 

 
Fig. 4. Variabilities of MSE by number of neurons on the hidden layer 

Рис. 4. Валидация MSE от числа элементов скрытого слоя 
 

The calculated and predicted activity values 
for the ANN are given in Table 4.  

 

Table 4 

Data on the biological activity of the substances 

Таблица 4. Данные о биологической активности ис-

следованных веществ 

Compound 
LgEC50  

(Observed) [10] 
LgEC50(Predicted) 

DMB Bis A -2.03 -2.05 

HPTE -3.37 -3.35 

MM4 -2.28 -2.30 

DM DMB Bis A -1.99 -2.07 

HF Bis A -2.79 -2.77 

Bis B -3.28 -3.30 

DM Bis A -3.31 -3.29 

P Bis A -4.05 -4.03 

MM2* -3.57 -3.76 

Bis A -2.56 -2.57 

PCP -4.05 -4.04 

TM Bis A -3.8 -3.99 

MH MM1 -4.05 -4.03 

o.p’-Bis A -3.96 -3.93 

MH Bis F -4.05 -4.04 

MM1 -3.15 -3.16 

Bis F -3.28 -2.91 

DM HPTE -2.91 -2.50 

1844-00-44* -3.38 -3.48 

Mono Mxy Bis A -4.04 -3.90 

TC Bis A -6.04 -5.94 

TB Bis A -6.04 -5.96 

Mxy Bis A* -6.04 -5.96 
* - Molecule in test set 
* - Молекула в тестовом наборе 

The correlation between the predicted, esti-

mated and observed values are demonstrated on the 

graphs in Fig. 5. 

 

 
a 

 
b 

Fig. 5. Correlation between predicted and observed values:  

Рис. 5. Сопоставление прогнозированных значений биоактив-

ности с экспериментальными данными: 

 

The QSAR model built by ANN method has a 

good predictability with R2
test = 0.98. This model not 

only allows the establishment of a quantitative rela-

tionship between the structure and estrogen activity of 

molecules, but also helps to identify the parameters 

that have a great effect on the activity. According to the 

calculation results these parameters are C11, EHOMO, 

C3, µ, C13, C12 and C6. Furthermore, a structural 

change often entail a rigorous and general change of 

many quantum parameters. Therefore, the increase or 

decrease of a particular parameter in the structures of 

BPA and its derivatives does not reflect consistently in 

the change of estrogen activity. Based on the estab-

lished QSAR models, it is necessary to analyze the 

change of the parameter of several molecules with high 

structural similarities. Thereby, it is possible to select 

optimal substituents on the molecular frame to estab-

lish new molecules with better biological response. 
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CONCLUSION 

The QSAR study of BPA and its derivatives in 

this article is done through quantum chemistry calcula-

tions using B3LYP/6-31+G(d) method combined with 

modern data processing (ANN method). The survey re-

sults obtained a sustainable QSAR model with a deter-

mination coefficient R2 = 0.99. The generalization and 

exogenous capabilities of this model are at a high level 

with a generalization coefficient Q2 = 0.98; R2
test = 

0.98, so that this model can be applied in practice to 

predict the activity of BPA derivatives that haven’t 

been studied. 
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