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1. Introduction

  Since the discovery of the first antibiotic, antimicrobial 
resistance (AMR) has been observed, and antimicrobial 
abuse and misuse have led to increased levels of clinical 
resistance[1]. Antimicrobial resistance is a multi-layered 
problem with catastrophic impacts on humans, livestock, 
the environment and the biosphere[2,3]. This imminent 
international crisis requires global attention and commit-
ment to envisage and implement solutions. The World 
Health Organization has released a report on the crisis 
of antibiotic resistance and encouraged global leaders to 
take action. But in recent years, various solutions have 
not achieved significant results. The frequency of infec-
tions caused by antibiotic-resistant bacteria are increas-
ing and leading to significant morbidity and mortality. 
New antimicrobials are in great need to treat infections 
that are resistant to currently available agents[4, 5]. 
Staphylococcus aureus is the most common clinical 
pathogen, which is community-acquired or hospital-ac-
quired infections[6]. Since the discovery of methoxycil-
lin-resistant staphylococcus aureus, the infection caused 
by it has quickly spread throughout the sphere. Tradi-
tional drugs inhibit bacterial growth by interfering with 
metabolic pathways. However, these drugs appear to be 
susceptible to the development of bacterial resistance[7]. 
To overcome bacterial resistance, there is an urgent need 
for antimicrobial agents with new mechanisms of ac-
tion or structures. Membrane-targeting compounds are 

considered promising future antibiotics. The bacterial 
cell membrane has become an attractive target since its 
essential and highly conservative structure have been 
key challenges to resistance mechanisms[8, 9].

It is crucial to assess the activity of antimicrobial 
agents. But obtaining new antimicrobials through exper-
iments and proving their activity and efficacy is a huge 
project that requires a lot of time, effort and money. 
Fortunately, advanced computer technology is a highly 
available strategy that can obtain new structures and 
predict security risks. Quantitative Structure-Activi-
ty Relationship (QSAR) has always been an effective 
method for screening new structures and predicting 
various properties of synthetic compounds. In recent 
decades, QSARs have been applied to database analysis 
to establish a quantitative relationship model between 
molecular multivariate structural parameters and experi-
mental properties[10, 11]. In our study, we analyzed the 
33 molecular structures in literature[12]. After that, we 
used the heuristic method (HM) to search for all com-
puted molecular descriptors and remove unimportant 
variables. We used the stepwise regression method in 
HM, establishing a multivariate linear regression equa-
tion with selected descriptors. However, the MIC value 
of the antibacterial agents is influenced by a variety of 
factors, and most of the biological data is not linear, so 
we still need to build nonlinear models to predict more 
accurately. 

2.Methods

Available at http:// www.cancercellresearch.org
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2.1Date Set
  We collected 33 compounds from Chu Wenchao’ ar-

ticle and put them into training set and test set. The 
training set consists of 23 items, and the test set consists 

No. Compound

E x p . 
log(MIC) Calculate

HM GEP
Pred.a Resid.b Pred.a Resid.b

1 0 0.327 0.327 0.111 0.111

2 0.301 0.147 -0.154 0.140 0.161

3 0 0.279 0.279 -0.239 0.239

Compound
E x p . 

log(MIC)

Calculate

No. m n
HM GEP

Pred.a Resid.
b Pred.a Resid.b

4 5 2 1.505 0.886 -0.619 0.583 0.922 
5 7 2 -0.301 0.039 0.340 -0.014 0.287 
6 9 2 -0.301 -0.159 0.142 -0.118 0.183 
7 11 2 0 -0.223 -0.223 -0.068 0.068 
8 5 3 1.204 0.751 -0.453 0.463 0.741 
9 7 3 0 0.027 0.027 0.307 0.307 
10 9 3 -0.602 -0.310 0.292 0.021 0.623 
11 11 3 0 -0.318 -0.318 0.012 0.012 
12 5 4 0.301 0.730 0.429 0.556 0.255 
13 7 4 0 -0.265 -0.265 -0.236 0.236 
14 9 4 -0.301 -0.456 -0.155 -0.360 0.059 
15 11 4 0 0.098 0.098 0.407 0.407 
16 5 5 0.301 0.483 0.182 0.097 0.204 
17 7 5 -0.602 -0.220 0.382 -0.085 0.517 
18 9 5 -0.301 -0.336 -0.035 -0.116 0.185 
19 11 5 0.301 -0.465 -0.766 0.047 0.254 
20 8 4 -0.301 -0.305 -0.004 -0.265 0.036 

Table 1. Experimental and calculated log(MIC) of 33 compounds (heuristic method (HM) and GEP).
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of 10 items. The former set was used to build models, 
while the latter set was used to test models’ reliability 
and stability (Table 1).
aThe predicted log（MIC）. 
bResidue = Pred. - Exp.

2.2Calculation of the Descriptors
  We plotted the structures in the ChemDraw application 
and optimized them in the Hyperchem program[13,14], 
using MM+ molecular mechanical force fields and 
semi-empirical AM1 methods[15]. Subsequently, we 

used MOPAC software to obtain three files formats.

2.3Development of Linear Model 
  By using CODESSA software, we got about 420 de-
scriptors for each compound. However, before building 
a mathematical model, we must choose the appropriate 
descriptor. Screening descriptors should follow the prin-
ciples[16]: (a) Remove the “0” variables, (b) remove 
highly correlated variables because mutual inclusion in 
the compounds leads to worse results, and (c) remove 
variables that are less relevant to other variables. By us-

21 6 6 -0.301 -0.229 0.072 -0.158 0.143 

Compound E x p . 
log(MIC)

Pred.a

Calculate

No. m
HM GEP
Resid.b Pred.a Resid.b

22 5 1.806 1.715 -0.091 1.560 0.246 
23 7 1.204 0.795 -0.409 1.388 0.184 
24 9 0.301 0.520 0.219 1.044 0.743 
25 11 -0.301 0.151 0.452 0.357 0.658 

Compound
E x p . 

log(MIC)

Calculate

No. diether m
HM GEP

Pred.a Resid.
b Pred.a Resid.b

26 1,6 5 0.903 0.856 -0.047 0.609 0.294 
27 1,6 7 -0.301 -0.085 0.216 0.039 0.340 
28 1,6 9 -0.301 0.168 0.469 0.261 0.562 
29 2,3 7 0 -0.183 -0.183 -0.083 0.083 
30 2,3 9 0 -0.293 -0.293 0.018 0.018 
31 1,5 7 -0.301 -0.140 0.161 -0.150 0.151 

Compound E x p . 
log(MIC)

Pred.a

Calculate

No. diether
HM GEP
Resid.b Pred.a Resid.b

32 1,3 -0.301 -0.393 -0.092 -0.307 0.006 
33 1,2 0 0.023 0.023 0.097 0.097 
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ing the HM method, four descriptors are finally selected 
and subsequently used to construct an optimal multivar-
iate linear regression model. The process is based on a 
gradual increase in descriptor, the accuracy of which is 
guaranteed by the maximum regression coefficient (R2) 
value, the interaction test coefficient (R2cv), and the F 
test (F) value[17].

2.4. Development of Nonlinear Model by the GEP 
Algorithm
  GEP is an adaptive evolutionary algorithm based on 
the structure and function of genes[18]. Compared 
with other machine learning methods, it has significant 
improvements in data processing and generalization ca-
pabilities. The GEP algorithm consists of the following 
steps (Figure 1): Randomly generate a certain number 
of chromosomal individuals (initial population), express 
chromosomes, calculate fitness, select individuals for 
genetic manipulation and obtain offspring with new 
characteristics. The process should be repeated for sev-
eral generations before finding the ideal solution.
The GEP algorithm consists of 5 processes:
(1) Initialization: Set the evolutionary algebra counter 
and the maximum evolutionary algebra and generate in-
dividuals as the initial population randomly.
(2) Computer fitness: The fitness of each individual in 
the initial population is calculated.
(3) Selection: Selection is used to determine which in-
dividuals are recombined or hybridized, and how many 
offspring the selected individuals will produce. Accord-
ing to the above adaptations, the individual choice of 
parents is made. The following algorithms can be select-
ed: Roulette Selection, Random Traversal Sampling, Lo-
cal Selection, Truncated Selection, Tournament choose.
(4)Hybridization: Genetic recombination is a combina-
tion of information from the parental mating population 
to produce new individuals. According to different 
expression methods, each code is divided into the fol-
lowing types: real-valued recombination, discrete re-
combination, intermediate recombination, linear recom-
bination, extended linear recombination.
(5)Variation: The variation of the offspring after hy-
bridization is actually a genetic change in the offspring 
caused by a small probability of perturbation. Different 
expressions of individual encodings use the following 
algorithms: real-value mutations and binary mutations.
The GEP algorithm consists of 5 steps: selection of cod-
ing scheme, fitness function and function set (+,-,*, /), 
etc., control parameter selection, genetic operator design 
and terminal standard settings. All of these processes are 
listed in Figure 1.

Figure 1. Flowchart of GEP algorithm.

3.Results 

3.1. The Results of HM
  The CODESSA software calculated about 420 descrip-
tors for each compound. To find the most suitable com-
bination of descriptors, a multivariate linear regression 
equation with numbers from 1 to 10 is calculated. The 
values for R2, R2cv, and S2 are 0.72, 0.58, and 0.11, 
respectively, and they assess the predictive power of the 
model, as shown in Figure 2. Finally, it was found that 
the model with 4 descriptors was the most suitable, as 
detailed in Table 2. The results show that the number of 
descriptors increases, R2, R2cv gradually increases, and 
S2 gradually decreases.
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Figure 2. Influence of the number of descriptors 
on the correlation coefficient, the cross-validation 
correlation coefficient, and the square error.

Since regression equations are obtained using stepwise 
regression, there is usually no multicollinearity between 
the obtained molecular descriptors. However, for the 
accuracy of the results, the correlation coefficient cal-
culation between descriptors is shown in Table 3. Any 
two molecular descriptors do not exceed 0.8, indicating 
that all descriptors are independent. Therefore, the linear 
model built has strong statistical reliability. The diagram 
of the HM model is shown in Figure 3.
  The linear model equation is as follows: 
Log(MIC)=1780AERIC+49900MPCC+0.000004871X
GP-0.264W3WP+1657.6
3.2. The results of GEP
After the CODESSA software selects the descriptors, 
we integrated their parameters and Log (MIC) values, 
and then inputted the files into the APS software to build 
a nonlinear model. The GEP algorithm consists of two 
processes: Dividing the dataset into random training sets 
and test sets, and building a nonlinear model using the 
structure and Log(MIC) values in the training set. To

Figure 3.The plot of measured and calculated 
log(EC50) by HM

 verify reliability, test set was calculated and analyzed 
at the same time. Table 4 lists the parameters set in the 
GEP algorithm. The training and test sets have R2 of 0.68 
and 0.64, respectively, and the mean squared error is 0.14 
and 0.11, respectively. In addition, the nonlinear model 
equations decoded by ET are as follows:
Log(MIC)=sin((1/((((x1*x1)+sin(x2))+((x2/x3)+x-
1)))))+apsNop((apsNop((x3*x1))*x1));+x1 +(1/
((((sin(x3)+x2)+(x4-x2))-x2)))+ sin(((sin(x4)/apsNop(x-
4))*(x2+sin(x3))))
where x1, x2, x3 and x4 represented variables of AE-
RIC,MPCC,1XGPandW3WP respectively. 
The predicted values and measured values are listed in 
Fig. (4).
Table 4. Parameters for the simple symbolic re-
gression problem 

Number of Chromosomes 100
Generations without Change 200
Head Size 8

Table 2. The selected molecular descriptors, and their physical-chemical meaning, coefficient, and T-test.
Symbol Physical-chemical Meaning Coefficient T-test
AERIC Avg electroph. react. index for a C atom 1.78E+03 7.5137
MPCC Min partial charge for a C atom [Zefirov’s PC] 4.99E+04 4.8274
1XGP 1X GAMMA polarizability (DIP) 4.87E-06 2.3847
W3WP WNSA-3 Weighted PNSA (PNSA3*TMSA/1000) [Zefirov’s PC] -2.64E-01 -4.364

Table 3. Correlation matrix of the 4 descriptors
- AERIC MPCC 1XGP W3WP
AERIC 1 -0.4925 -0.0641 -0.1811
MPCC - 1 -0.2039 0.0918
1XGP - - 1 -0.4074
W3WP - - 1
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Number of Genes 5
Number of Tires 3
Max. Complexity 5
Mutation rate 0.044
Inversion rate 0.1
IS Transposition rate 0.1
RIS Transposition rate 0.1
1-Point Recombination rate 0.3
2-Point Recombination rate 0.3
Gene Recombination rate 0.1
Gene Transposition rate 0.1

Function sets
 

+, - ,* , / , In -
v,Nop,Sin

Figure 4. Plot of measured and calculated lg(IC50) 
by GEP.

4.Discussion

  There were four descriptors selected by CODESSA 
software in the model: Avg electroph. react. index for a 
C atom, Min partial charge for a C atom [Zefirov’s PC], 
1X GAMMA polarizability (DIP),
WNSA-3 Weighted PNSA (PNSA3*TMSA/1000) [Ze-
firov’s PC].
  Avg electroph. react. index for a C atom[19]: Under 
the action of non-uniform electric field, the stress of the 
polarization of particles is unbalanced, so directional 
movement along the gradient of electric field intensity 
occurs. The positive or negative of the average electro-
phoretic force of the C atom can determine the polarity 
of the charge it carries, and the er the polarity, the higher 
the antibacterial activity of the compound.
Min partial charge for a C atom [Zefirov’s PC][20]: The 
min partial charge of an atom represents the most basic 
chargability of the atom in the electric field, and the pos-
itive and negative electrical properties of the atom can 

be judged, from which the characteristics of the atom’s 
gain and loss of electrons can be judged. The stronger 
the characteristics of the electron gain and loss, the 
greater the antibacterial activity changing of the com-
pound.
  1X GAMMA polarizability (DIP)[21]: The polarization 
rate, as a measure of the polarization strength of atoms, 
molecules, or ions under the action of an electric field, 
can reflect the difficulty of the polarization process. The 
reactive center embodying strong antibacterial activity 
in the compound needs to have a structural condition, 
that is, an electronic relay system composed of an elec-
tron containment center and an electron supply center. 
The higher the ability of the negatively charged central 
atom to supply electrons in the nucleophilic reaction, 
and the higher the ability of the positive central atom 
to accommodate electrons in the electrophilic reaction, 
the stronger the bacteriostatic activity of the compound. 
Therefore, 1XGP has a positive effect on enhancers.
WNSA-3 Weighted PNSA (PNSA3*TMSA/1000) [Ze-
firov’s PC][22,23]: WNSA-3 is a quantum-chemical 
descriptor, which characterizes molecules by molecular 
shape and electron distribution and is defined in Equa-
tion: WNSA-3=PNSA3*TMSA/1000, where PNSA3 is 
the partial positively charged molecular surface area and 
the TMSA is the total molecular surface area. It indicat-
ed the influence of charge distribution on antibacterial 
activity. It can be seen from the descriptor that the sur-
face area of the positive charge has a negative effect on 
the antibacterial activity of the antibacterial agent. 
How association affects antibacterial activity needs to be 
further studied, which is of great significance for study-
ing the mechanism of modulation.

5.Conclusion

  In this work, a quantitative model has been developed 
to predict antibacterial activity of aromatic nucle-
us-linked symmetric membrane surfactants against taph-
ylococcus aureus by GEP. Compared with the linear 
prediction model built by HM, the nonlinear model built 
by GEP has better predictive power and stability. As a 
result, GEP offers a new approach to solving more com-
plex technical and scientific problems. This provides 
guidance for further research into the design and synthe-
sis of antibacterial agent.
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