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Featured Application: The proposed hybrid intelligent model can be applied in all kinds of 8 
engineering design, material performance prediction, numerical calculation, prediction of 9 
physical and chemical properties and intelligent calculation. 10 

Abstract: Quantitative structure-activity relationship (QSAR) model is adopted to study the 11 
relationship between the chemical and physical properties of various substances and the structure. 12 
Through QSAR studies, the internal relationship between the invisible structure and the activity 13 
can be obtained. In this paper, a novel chaos-enhanced accelerate particle swarm algorithm 14 
(CAPSO) is proposed, which is used to molecular descriptors screening and optimization of the 15 
weights of back propagation artificial neural network (BP ANN). Then, the QSAR model based on  16 
CAPSO and BP ANN is put forward, hereinafter referred to as CAPSO BP ANN model. The 17 
prediction experiment showed that the CAPSO algorithm is a reliable method for screening 18 
molecular descriptors and the five molecular descriptors obtained by CAPSO algorithm could well 19 
characterize the molecular structure of each compound in pKa prediction. The experimental results 20 
also showed the CAPSO BP ANN model has a good performance in predicting the pKa values of 21 
various compounds, the absolute mean relative error, root mean square error, and square 22 
correlation coefficient are respectively 0.5364, 0.0632, and 0.9438, indicating the higher prediction 23 
accuracy and correlation. The proposed hybrid intelligent model can be applied in all kinds of 24 
engineering design, prediction of physical and chemical properties and intelligent calculation. 25 

Keywords: quantitative structure-activity relationship; hybrid intelligence; artificial neural 26 
network; particle swarm optimization 27 

 28 

1. Introduction 29 

In quantitative structure-activity relationship (QSAR) modeling, some calculation methods 30 

such as mathematical statistics, machine learning method and artificial intelligence method are 31 

used to explore the chemical and physical properties of various substances, it is a set of methods 32 

reflecting the relationship between activity and structure. Through the QSAR studies, the 33 

internal relationship between the invisible structure and the activity can be excavated[1,2]. 34 

QSAR study can be used to predict the activity of unknown materials and discover key 35 

influencing factors of the activity of related substances, such as groups or substituents 36 

determining the activity of the molecular structure[3,4]. Nowadays, QSAR has been applied in 37 

the fields of computer science, chemistry, materials science, medicine science, and life 38 

sciences[5,6]. 39 

The establishment of QSAR model mainly involves the following steps: the acquisition of 40 

experimental data, the construction and optimization of the molecular structure, the calculation 41 

and screening of molecular descriptors, the establishment and verification of the model, etc. 42 

First of all, the selection of molecular descriptors plays a decisive role in the quality of QSAR 43 
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model. The screening step aims to reflect more structural information with the less molecular 44 

structure descriptors as possible. Many methods have been developed to screen molecular 45 

descriptors and can be mainly divided into two categories[7-9], traditional variable selection 46 

methods (such as the PLS method and its variants) and modern search algorithms based on the 47 

optimization strategy (genetic algorithm GA, simulated annealing algorithm SA, ant colony 48 

algorithm AC, particle swarm optimization PSO, and other swarm intelligence 49 

algorithms)[10-12]. Traditional variable selection methods are the most simple and efficient and 50 

can quickly screen descriptors, but their overall performances are low especially in the complex 51 

nonlinear data collection. The modern search algorithms based on the optimization strategy 52 

have obvious advantages and can search for optimal variables and deal with complex large data 53 

sets. The model establishment is important in the QSAR study and commonly used QSAR 54 

models include two-dimensional(2d) , three-dimensional (3d), four-dimensional(4d), and 55 

five-dimension(4d)[13-15]. According to the modeling ideas, these methods can be divided into 56 

linear and nonlinear QSAR methods. Linear methods mainly include multiple regression 57 

methods (MLR), partial least squares (PLS), and principal component methods[16], nonlinear 58 

methods include support vector machine and artificial neural network (ANN) method[17-21]. 59 

However, the QSAR study based on various artificial intelligence algorithms also has some 60 

shortcomings, such as high computational complexity and low prediction accuracy[22]. 61 

Therefore, it is necessary to develop the QSAR model with high accuracy, high efficiency and 62 

good stability. In this paper, a novel QSAR modeling is proposed based on BP ANN and the 63 

accelerated particle swarm algorithm (APSO) reported in recent years, an improved APSO is 64 

used to molecular descriptors screening and optimization of the weights of BP ANN. Then, the 65 

QSAR modeling is used to predict pKa values of various compounds combined with others 66 

artificial neural networks. 67 

2. Modeling theory and Methods  68 

2.1 Chaos-enhanced accelerated particle swarm optimization algorithm 69 

Particle Swarm Optimization (PSO) was proposed by Eberhart and Kennedy[23] in 1995, but 70 
the performance of the standard PSO algorithm is not high enough and shows some defects, such as 71 
parameter sensitivity, premature convergence, and slow local search. In recent years, a variant PSO 72 
called accelerated PSO (APSO) has attracted wide attention from scholars[24-27]. Although the 73 
APSO improves the convergence speed, the algorithm also may lead to premature convergence and 74 
omit some extreme values. Therefore, in the study, we propose a new chaos-enhanced accelerated 75 
particle swarm optimization algorithm (CAPSO) by integrating chaos theory into the improvement 76 
of APSO algorithm. 77 

In the APSO algorithm, the influences of inertial weight factor or cognitive factor on the particle 78 
is not considered, and the algorithm is improved with only the global exploration factor[28]. The 79 
main idea of the algorithm is to fully rights to the variable that is responsible for global search, and 80 
considering the update of the particle with the exploration factor. In the whole search process, the 81 
particle is only constrained by the global extreme value. The position update formula is: 82 

2 2 1
p C r+

k +1 k k

i, d i, d g, d
x = (1 - C x + C) ,        (1) 83 

where C1 and C2 are learning factors; r is the random number between 0 and 1; 
k

i,d
x is the 84 

position of particle i in d-dimensional kth iteration; 
k

g,d
p is the position of the global extremum of the 85 

whole population in d-dimension. 86 
Compared with the standard PSO algorithm, APSO uses two parameters C1 and C2, to reduce 87 

the randomness in the iterative process. In this paper, C1 represents the monotonically decreasing 88 

function: 
1

t
C = , where 0 1   and t is the current iteration number. Therefore, the 89 

performance of the APSO algorithm is mainly affected by parameter C2. For common problems, the 90 
value is [0.2,0.7]. When C2 is 1, the particle can converge at any time to the current global value and 91 
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no longer changes, and the global value may not be the real global value at all; on the contrary, when 92 
C2 is 0, the global search speed of the algorithm is extremely slow. Therefore, it is very important for 93 
the optimization of C2. In this paper, the classical logistic equation is used to realize the evolution of 94 
chaotic variables and optimize the parameters. The iterative formula is as follows: 95 

1

i
x = 4x (1 x )

k k k

i i

+

− ,           (2) 96 

when 0 < 1
k

i
x  , logistic equation is in a completely chaotic state. 97 

The CAPSO algorithm involves the following steps: 98 
Step 1: To initialize the particle group. The particles in PSO algorithm are initialized. The 99 

optimal value of the individual extremum is selected as the global optimal value to generate chaotic 100 
values; 101 

Step 2: To calculate the adaptive value of group particles; 102 
Step 3: The adaptive value of each particle is compared with the best value itself. If the adaptive 103 

value is better, update the best position; 104 
Step 4: The learning factor C2 is obtained from the chaotic sequence (generated by Eq. (2)) and 105 

the position of the particle is updated with Eq. (1); 106 
Step 5: If the end condition of the algorithm is satisfied, the global optimum position is the 107 

optimal solution. The result is saved and the algorithm is completed. Otherwise, return to Step 2. 108 

2.2 QSAR model based on the hybrid intelligent method 109 

The back propagation artificial neural network (BP ANN) is one of the most important network 110 
models. It usually consists of input layer, hidden layer, and output layere[29-31]. The 111 
implementation of BP ANN mainly consists of two processes: learning process and working 112 
process[32,33]. 113 

In a three-layer BP ANN, each layer consists of several nodes. The input layer receives input 114 
information of the network. Then, the input information is processed and sent to the hidden layer. 115 
The relationship between input and output can be expressed as: 116 

Input: 
1 1 2 2 n n

net x w x w x w= + +  117 

Output: 
1

( )
1

net
y f net

e
−

= =
+

 118 

where
 1 2

, ,
nx x x are the input vectors of the network; 1 2

, ,
nw w w  

are the connection 
119 

weights for each input vector; y is the output of the network.
 120 

In BP ANN model, the nonlinear relationship between input and output is established by 121 
determining the weight and deviation between each layer. Structurally, the nonlinear relationship 122 

between the input and output can be understood as: output ( , , )ih ho oy f w w b= , where , ,ih ho ow w b123 

are respectively the weight vector between the input layer and the hidden layer, the weight vector 124 
between the hidden layer and the output layer, and the deviation vector of the hidden layer. The 125 

performance of the network depends on the three main parameters of the network ( , ,ih ho ow w b ). 126 

To improve BP algorithm, a prediction model based on CAPSO and BP ANN, called CAPSO BP 127 
ANN, is proposed by optimizing BP ANN parameters with the CAPSO algorithm. The CAPSO BP 128 
ANN model makes full use of the strong global search capability of PSO algorithm and the fast local 129 
search capability of BP algorithm, thus improving the prediction speed and accuracy of the model. 130 

In CAPSO BP ANN, PSO algorithm was proposed to optimize BP ANN parameters , ,ih ho ow w b . 131 

Therefore, in the PSO optimization algorithm, the particle is designed as the structure of weight 132 

vector ihw , weight vector how  and deviation vector ob : 133 

 ( ) [ , , ]ih ho oparticle i w w b= .        (3) 134 

The implementation of the CAPSO BP ANN model can be simply described as follows: 135 
Step 1: To initialize the model. The connection weights, deviations and population parameters 136 

of the model are initialized by the random method; 137 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 May 2018                   doi:10.20944/preprints201805.0475.v1

Peer-reviewed version available at Appl. Sci. 2018, 8, 1121; doi:10.3390/app8071121

http://dx.doi.org/10.20944/preprints201805.0475.v1
http://dx.doi.org/10.3390/app8071121


Step 2: Model training. The PSO algorithm is used to optimize the parameters of BP ANN and 138 
the particle structure is designed above. 139 

Step 3: Parameter adjustment. Based on the error of output, the parameters are adjusted until 140 
the number of execution times reaches the set value or the error satisfies the setting condition. 141 

Step 4: Output. After training, the model outputs each parameter and then the trained model is 142 
tested. 143 

2.3 Model evaluation 144 

The evaluation of the model is mainly based on the stability and reliability of the model. In this 145 
paper, the evaluation indices of prediction accuracy including the absolute average relative 146 
deviation (AARD) and the root mean square error of prediction (RMSEP) are defined as follows: 147 

1

1 N
ii

i i

y y
AARD

N y=

−
=  ;               (4) 148 

2( )i iyRMSEP y= −
N

i=1

1

N
.             (5) 149 

Squared correlation coefficient (R2) can reflect the correlation between predicted values and 150 
experimental values and defined as follows: 151 

2

2
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i=1

N N
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.           (6) 152 

In these formulas, N is the number of samples;
 

 is the predicted or calculated value of the 153 

model; iy  is the actual value obtained in experiments; avey  is the average of actual values of the 154 

samples; avey is the average of predicted values. 155 

3. Experimental study 156 

This section may be divided by subheadings. It should provide a concise and precise 157 
description of the experimental results, their interpretation as well as the experimental conclusions 158 
that can be drawn. 159 

3.1 Experimental data 160 

The comprehensive performance of the model was verified by predicting the pKa value of the 161 
compound. The experimental database source is shown in Table 1. The database consists of 268 sets 162 
of data. In order to obtain a more reasonable prediction model, the database is randomly divided 163 
into three subsets of training set, verification set, and testing set. The training set is used to establish 164 
the model. The verification set is used to optimize and validate the model. The testing set is used to 165 
test the performance of the model and the tested performance can directly reflect the comprehensive 166 
performance of the model. 167 

Table 1 Statistical table of experimental data 168 

Number of Compounds Experimental pKa Reference 

31 0.70-4.99 [34,35] 

34 5.00-6.99 [34-36] 

16 7.00-7.99 [34-36] 

46 8.00-8.99 [34-36] 

iy
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Number of Compounds Experimental pKa Reference 

80 9.00-9.99 [34-36] 

45 10.00-10.99 [34-36] 

16 11.00-13.80 [34,35] 

In this paper, 70% of the data are used for training. Both verification set and testing set account 169 
for 15%. The number of the experimental data in training set, validation set and testing set are 170 
respectively 188, 40, and 40. 171 

3.2 Screening of molecular descriptors 172 

The molecular descriptors are generated by the following methods: 173 
• Construction of molecular structure. It is obtained in the Chemdraw UItra 7.0 software. 174 
• Optimization of molecular structure. The molecular structure is further optimized in Hyper 175 

Chem 7.5 software. 176 
• Calculation of molecular descriptors. The optimized molecular structure is imported into 177 

CODESSA software and the corresponding molecular descriptors are obtained by calculation. 178 
Through molecular descriptor computing software, 733 molecular descriptors are generated, 179 

some of the molecular descriptors are closely related to each other. When modeling, it is necessary to 180 
filter a large number of calculated molecular descriptors in order to select the descriptors which are 181 
the most closely related to the research questions. The quality of the QSAR model depends on the 182 
way to determine molecular descriptors to a large extent.  183 

In this study, CAPSO algorithm is used to screen a large number of calculated molecular 184 
descriptors. The implementation process of filtering molecular descriptors with CAPSO is described 185 
as follows: 186 

Step 1. Population initialization. To set the population size and initialize the population 187 
individual as a molecular descriptor; to set the evolutionary counter and the maximum number of 188 
iterations. 189 

Step 2. Adaptive evaluation. To calculate the fitness of all the molecular descriptors of a 190 
population. 191 

Step 3. Molecular descriptor selection. To select the next generation of molecular descriptors 192 
based on individual fitness values. 193 

Step 4. Population renewal. To iterate over the molecular descriptors in the population and get 194 
the next generation of molecular descriptor population. 195 

Step 5. Re-evaluation of individual adaptive values. To calculate the fitness of all the molecular 196 
descriptors of the population through iterative evolution and re-evaluate the merits and demerits of 197 
the individuals. 198 

Step 6. Iteration. To judge whether the iteration condition is satisfied. If it is satisfied, the 199 
evolution is ended, otherwise turn to Step 3 and continue iteration. 200 

Finally, five molecular descriptors were selected through CAPSO's search for molecular 201 
descriptors (Table 2). 202 

Table 2  Molecular descriptors selected by CAPSO algorithm 203 

No. Molecular descriptors Descriptor types 

1  Relative number of N atoms Constitutional descriptors 

2  Randic index (order 3)  Topological descriptors 

3  
RNCG relative negative charged (QMNEG/QTMINUS) 

[Quantum-Chemical PC] 
Electrostatic descriptors 

4  
RNCS Relative negative charged SA (SAMNEG * RNCG) 

[Zefirov’s PC] 
Electrostatic descriptors 

5  Max net atomic charge Quantum descriptors 

3.3 Model structure 204 
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The CAPSO BP ANN model was established with the molecular descriptors selected by 205 
CAPSO. The CAPSO BP ANN model adopted the three-layer structure composed of the input layer, 206 
the hidden layer, and the output layer. The input layer includes five input parameters representing 207 
the selected five molecular descriptors. The input parameters are: relative number of N atoms, 208 
Randic index (order 3), RNCG relative negative charged (QMNEG/QTMINUS) [Quantum-Chemical 209 
PC], RNCS relative negative charged SA (SAMNEG * RNCG) [Zefirov’s PC] and Max net atomic 210 
charge. The output layer has one output parameter representing corresponding pKa value. 211 

In this paper, the number of hidden layers is estimated with the formula: (2*sqrt(m*n)+1, where 212 
m and n are the number of the nodes of the input and output layers) and then the number of optimal 213 
hidden layer nodes is determined by the heuristic method. The model in this paper contains five 214 
input nodes and one output node, so the number of hidden layer nodes is estimated to be 5. Then, 215 
we assumed that the node of hidden layer is from 3 to 15, respectively. Fig.1 shows the comparison 216 
diagram of predicted error and the number of hidden layer nodes. 217 

 218 
Fig.1 Optimization comparison diagram of the number of hidden layer nodes 219 

As shown in Fig. 1, with the nodes number of hidden layer increasing, the trend of MSE 220 
decreasing first and then increasing. When the number is 7, the training MSE is the lowest and the 221 
structure of the prediction model is optimal. The model structure is 5-7-1. 222 

4 Results and discussion 223 

A three-layer (5-7-1) CAPSO BP ANN prediction model was established to predict the pKa 224 
value of the compound. First, the 188 and 40 sets of data from the training set and validation set were 225 
respectively used for model training and validation. Fig. 2 and Fig. 3 show comparison between the 226 
experimental value and the predicted value in the training set and validation set respectively. The 227 
circle and square respectively represent the predicted values of the model in the training set and the 228 
validation set, the vertical distances between the predicted data points and lines represent the 229 
absolute error of predicted values and experimental values. 230 
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 231 

Fig.2 Comparison between the predicted and the experimental value in training set 232 

 233 

Fig.3 Comparison between the predicted and the experimental value in validation set 234 

In the training set, the predicted value of model training is distributed around the actual value, 235 
indicating the high coincidence degree. From the vertical distance between the prediction data 236 
points and the line, we can see that the prediction error of the model is small and the prediction 237 
accuracy is high. In the validation set, the prediction results are significantly better than those in the 238 
training set, indicating that the training effect of the model is good. 239 
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 240 
Fig. 4 Comparison between the predicted and the experimental value in testing set 241 

Fig. 4 shows the correlation between the actual value and the predicted value of the model in 242 
testing set. In the testing set, the predicted value of the model is also in good agreement with the 243 
actual value. Table 3 shows the results of the model in the training set, validation set, and testing set. 244 

Table 3 Statistics of model prediction performance 245 

Set AARD RMSEP R2 

Training 0.3436  0.0335  0.9771  

Validation 0.3101  0.0211  0.9886  

Testing 0.5364  0.0632  0.9438  

Average 0.3967  0.0393  0.9698  

The prediction results of the model in each subset are good and the prediction error is small, 246 
indicating the better comprehensive performance. The prediction performance of the model is better 247 
in terms of prediction accuracy and correlation. The above results prove that the prediction 248 
performance of the model is excellent. 249 

In this study, three artificial intelligence models, BP ANN, SVM and PSO BP ANN, are selected 250 
as the comparison models. The prediction performance of the comparison model were compared 251 
with the PM3/COSMO method[34] . Figure 5 shows the prediction results of each model in testing 252 
set. 253 

 254 
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Fig. 5 Comparison of testing results of each model 255 

As shown in Fig. 5, the vertical distance between the prediction data points and the 256 
experimental data show that the prediction data of CAPSO BP ANN model is near the experimental 257 
value, and the prediction performance proposed in this paper is obviously better than other 258 
methods. Fig. 6 is the residual curve between the experimental values and the predicted values of 259 
each model in testing set. Table 4 shows the evaluation results of each model. 260 

 261 
Fig. 6 Comparison of residual curves of testing results of each model 262 

Table 4 Statistical results of each model 263 

Model AARD RMSEP R2 

PM3/COSMO 0.8724 0.1439 0.8346 

SVM 0.7333 0.1038 0.8863 

BP ANN 1.2134 0.5354 0.6958 

PSO BP ANN 0.7229 0.1029 0.8872 

CAPSO BP ANN 0.5364  0.0632  0.9438  

It can be seen from the residual curve that the error of the model proposed in this paper is 264 
distributed near 0. Except some of the prediction points have large errors, the prediction error is 265 
better than other comparison models. the table shows that the accuracy and relevance of the CAPSO 266 
BP ANN model have obvious advantages. The performance of PM3/COSMO and SVM are 267 
equivalent to the PSO BP ANN model.  268 

5. Conclusions 269 

In this study, in order to solve the problem of molecular descriptor selection and model 270 
establishment in QSAR research, a novel chaos-enhanced accelerated particle swarm optimization 271 
algorithm (CAPSO) is proposed. The algorithm is applied in the selection of molecular descriptors 272 
and QSAR modeling and a prediction model called CAPSO BP ANN is obtained. Through the 273 
prediction experiment of the pKa values of compounds, the conclusions were drawn as follows: 274 

The CAPSO algorithm could be applied in the selection of molecular descriptors. Prediction 275 
experiments showed that the five molecular descriptors selected by CAPSO algorithm could well 276 
represent the molecular structures of various compounds in the prediction of pKa value and provide 277 
the basis for the selection of molecular descriptors. 278 

The CAPSO BP ANN model based on PSO algorithm and BP ANN had the good performance 279 
in the prediction experiment of the pKa values of various compounds and achieved the higher 280 
prediction accuracy and correlation. The experimental results showed that CAPSO BP ANN model 281 
could provide the basis for QSAR modeling. 282 
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