
 Int J Cur Res Rev ��| Vol 12 • Issue 15 • August 2020 7

Corresponding Author:
Dr. Sudha Ramachandra, Assistant Professor, Department of Computer Science, Santaji Mahavidyalaya, Nagpur-440015, Maharashtra, 
India; Email: sudha_ramachandra@yahoo.com

ISSN: 2231-2196 (Print)	 ISSN: 0975-5241 (Online)

Received: 03.06.2020	 Revised: 28.06.2020	 Accepted: 15.07.2020	 Published: 08.08.2020

Research ArticleInternational Journal of Current Research and Review
DOI: http://dx.doi.org/10.31782/IJCRR.2020.12157

IJCRR
Section: Healthcare
Sci. Journal Impact 
Factor: 6.1 (2018)
ICV: 90.90 (2018)

INTRODUCTION

Genetic algorithm (GA), is a random search technique in-
troduced by John Holland based on the concept of natural 
evolution. GAs start with a set of randomly generated initial 
solutions known as population and each solution called chro-
mosome or individual is constituted by various parameters 
known as genes that are encoded into the chromosome using 
various encoding techniques. The goodness of each solution 

is evaluated by fitness function which is problem-dependent. 
Based on the fitness value, chromosomes are selected for 
breeding by various selection methods and selected chro-
mosomes called parents are mated by applying a crossover 
operator to generate offspring. The set of newly generated 
offsprings replace parents according to some replacement 
policy. The cycle of selection, crossover and replacement 
is iterated till an optimum solution to the given problem 
evolves or some terminating criteria is reached1, 2.
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a novel search metaheuristic in overcoming premature convergence. There are two models of ALPS namely generational and 
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Premature convergence, where iterations of evolutions do 
not find any significant better solutions is a major problem 
of GA3. Over the years many approaches have been tried to 
circumvent the problem of premature convergence and re-
cent research has tried to address the problem by Age Lay-
ered Population Structure (ALPS) which uses the notion of 
age. In ALPS, age is assigned to each individual indicating 
the duration of its existence in the population. Competition 
in breeding among members of the population is restricted 
by dividing the entire population into groups of individuals 
of the same age called as layer or age layer and an upper 
age limit will be set to each layer. Each layer undergoes the 
process of selection, crossover and replacement separately. 
Different systems are used to set and increment the age of 
the individuals. Individuals whose age exceed the maximum 
age limit of the layer are moved to the next higher layer and 
each age layer evolves independently of others. Periodically, 
random individuals are added to the youngest layer which 
helps in maintaining the diversity of the population as they 
propagate up the layer.

Two versions of ALPS namely generational ALPS and 
steady-state ALPS are in existence. In generational ALPS, 
each cycle of selection, crossover and replacement is called 
as generation and age of an individual is counted in terms of 
generations4 whereas in steady-state ALPS age of an indi-
vidual is assigned in terms of fitness evaluations 5. In genera-
tional ALPS, ‘n’ crossovers and replacements are done in an 
iteration where the value of ‘n’ depends on crossover prob-
ability and all the individuals that did not participate in the 
cycle of selection, crossover and replacement are eliminated 
from the population while in steady-state ALPS, two indi-
viduals according to selection criteria will be selected in an 
iteration from the population of layer undergoing reproduc-
tion, cross over operator is applied and replacement is done 
according to a replacement policy. In steady-state models, 
individuals not participating in the selection and crossover 
are not removed. Generational ALPS has the advantage of 
doing crossovers and replacements as per crossover prob-
ability in an iteration whereas steady-state ALPS has the ad-
vantage of not eliminating the individuals which did not take 
part in recombination4,5.

The balance between exploration and exploitation is essen-
tial for the good behaviour of any GA6. Selection methods 
aim at exploiting the best individuals and crossover methods 
explore the search space. A good selection method should 
not only exploit highly fit individuals but should also exploit 
good parameters of low fit individuals to arrive at the best 
possible solution.

Crossover operation in any GA is responsible for producing 
the offspring to explore a much wider area of search space. 
Crossover operators which differ in their efficiency are se-
lected based on encoding schemes of the genes and the type 

of GA application. The performance and the behaviour of the 
GA can be greatly improved by adaptively using more than 
one crossover operator7,8,9. 

Owing to all these, authors in the present work have devised 
a search optimization algorithm named as E-Hybrid-ALPS 
synergizing the concepts and advantages of generational and 
steady-state models of ALPS with adaptive crossovers. 

Drug discovery is an elaborate and challenging task that can 
be expedited by using computational methods. Drug on en-
tering the human body elicits the therapeutic effects by inter-
acting with the protein at the active site and this interaction 
is known as drug binding. During various stages of the drug 
discovery process, drug-protein interactions are modelled 
and studied by employing fast and economically favorable 
molecular docking methods using molecular docking tools. 
Drug binding can occur at various positions, orientations and 
conformations of the ligand in the active site of the protein 
known as a pose and the strength of binding interactions is 
evaluated by computing the binding energy which is a point-
er to the binding affinity of the drug. Lower binding energies 
indicate higher binding affinity and higher binding energies 
indicate lower binding affinity. Binding affinity is also in-
versely proportional to drug potency which is the amount of 
drug required to produce a therapeutic effect10,11,12. Hence, 
binding affinity and the pose with the lowest binding energy 
known as best binding pose are very important information 
for the drug discovery process.

The principal job of molecular docking is to generate vari-
ous poses of the ligand in the active site of the protein, find-
ing the binding energy of each pose and identifying the pose 
with the lowest binding energy which is carried out by a 
search algorithm, one of the two main components of mo-
lecular docking tool. Therefore, it is very important to have 
an efficient search algorithm in a molecular docking tool. 
Following the pose generation, the scoring function of the 
molecular docking tool scores a pose that is near to the ex-
perimental finding13,14,15.

Most of the drugs that enter human body binds to an en-
zyme of the family of enzymes called Cytochrome or CYP 
enzymes. Identifying the ligand or drug and the receptor or 
protein or enzyme to which the drug can bind are crucial for 
any molecular docking study.

Corona Virus Disease-19(COVID-19) is a highly infectious 
and a pandemic. Presently, there are no drugs targeted to this 
disease. Recently, the World Health Organization (WHO) 
has proposed various therapeutic option for this disease. 
Chloroquine a drug which is metabolized by CYP2C8 (re-
ceptor) used in the treatment of Malaria has been proposed as 
one of the therapeutic options for COVID-1916,17,18.

Cancer is a very serious, death-causing disease threatening 
the human race. It is a large group of disease which can start 
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in any organ or tissue of the human body. Cyclophospha-
mide, a drug metabolized by CYP2B6 (receptor) is one of 
the many drugs used to treat cancer19,20,21,22.

Considering all these, in the present work, the devised algo-
rithm E-Hybrid-ALPS has been employed as a search algo-
rithm for molecular docking of Chloroquine and CYP2C8 
as one ligand-receptor combination and Cyclophosphamide 
and CYP2B6 as another. AutoDock 4 and AutoDockVina 
are two freely available and widely used molecular docking 
tools23. Hence the performance of the devised algorithm has 
been evaluated by making a comparison against these two 
tools in terms of lowest binding energy. Same authors in their 
previous work24 have devised a search algorithm for molecu-
lar docking studies combining the concepts of generational 
and steady state versions of ALPS with a single crossover. In 
the present work, adaptive crossovers have been used to im-
prove the algorithmic performance and added to this changes 
have also been incorporated that has contributed significant-
ly in improving the performance of the algorithm. Hence the 
name of the algorithm in the present work is Enhanced-Hy-
brid-ALPS or E-Hybrid-ALPS.

E-HYBRID-ALPS MODEL

E-Hybrid-ALPS sets out with a random initial population 
where the problem specific genes are encoded into the chro-
mosome by real value encoding system. As the devised al-
gorithm is based on the concept of ALPS, individuals are 
assigned age and competition among individuals in breeding 
are restricted by grouping individuals of the same age into 
layers and each of which has an upper age limit. Individu-
als of the initial population are assigned an age of one and 
belong to layer zero which is the first layer. The Fibonacci 
ageing scheme as shown in Table 1 is used to set an upper 
limit for each age layer. 

Table 1: Fibonacci Aging Scheme
Layer number Max age limit

0 1

1 2

2 3

3 5

4 8

Fitness of each solution is given by an objective function 
which is problem-dependent. In E-Hybrid-ALPS, each layer 
separately undergoes reproduction with a restriction that a 
layer undergoing reproduction can select parents to the mat-
ing pool (which consists of individuals which may undergo 
crossover) from its individuals and also from the individuals 
belonging to the immediate younger layer but can only re-

place the individuals of its layer. Heeding to this, individuals 
from both the layers combined are sorted according to fitness 
values and by maintaining the selection pressure, individuals 
from the sorted group are selected twice to the mating pool 
once from a high fit group of individuals and latter from the 
high-low fit group of individuals. Considering low fit indi-
viduals to the mating pool is the novelty of the algorithm. 
Subsequently, two parents are chosen randomly from the 
mating pool for crossbreeding. Before undergoing crossover, 
both the parents are checked gene-wise for equality. If any 
genetical equality is found among parents, one of the parents 
will be mutated. 

Each of the well-known crossovers for real encoding namely 
Heuristic, Arithmetic and Binary Simulated Crossover are 
applied gene wise to generate offsprings. These crossovers 
are said to generate offsprings with higher diversity8. In the 
Arithmetic crossover, genes of parental chromosomes are 
linearly combined to generate offsprings according to 

Offspring1 = α * parent1 + (1- α) *parent2

Offspring2=(1- α) * parent1 + α*parent2. 

Where α is any value between 0 and 1 and plays an important 
role in deciding dominant parents.

The heuristic crossover uses the fitness value of the parents 
to find the direction of the search space. Offsprings are cal-
culated as

Offspring1 = Best Parent+ α(Best Parent-Worst Parent)

Offspring2 = Best Parent

Where the value of α is between 0 and 1

The idea behind Simulated Binary Crossover is to imitate the 
properties of single-point crossover used in binary encod-
ing. An important property is that the average value of the 
parents is equal to the average of offsprings. Offsprings are 
computed as follows.

Offspring1=0.5*((parent1.x+parent2.x)-β*(parent2.x-
parent1.x));

Offspring2=0.5*((parent1.x+parent2.x)+β*(parent2.x-
parent1.x));

Where β is any random number.

In this crossover, if the value of β is set to 1, offsprings which 
are equal to parents will be generated while if β is set to 
less than 1 offsprings closer to each other than their parents 
will be generated and if β is set to a value greater than 1, 
offsprings farther apart than their parents will be generated. 

In E-Hybrid-ALPS as in the case of steady-state ALPS, age 
is counted in terms of evaluations5 and after crossover, the 
age of the parents is incremented according to the formula as 
shown in Figure 1.
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age = 1 + (evalscurrent−evalscreated)/initial population size

where,

evalscurrent indicates the number of binding energy evalua-
tions done so far 

evalscreated indicates the number of binding energy evalua-
tions done at the time of the creation of the individual

Figure 1: Formula to Calculate Age. 

Offspring gets the age of the parent whose age is maximum 
among the two and the best offsprings replace parents ac-
cording to deterministic replacement policy25.

In E-Hybrid-ALPS crossovers are applied adaptively mean-
ing each of the crossover namely Arithmetic, Heuristic and 
Simulated Binary crossover is applied to the same parents at 
the same time and the best offspring are added to the popula-
tion. 

As mating pool comprises of individuals once from the 
high fit group only and latter from high-low fit groups, 
crossovers and replacements are done separately to both 
the groups in the same run maintaining the selection 
pressure which is another newness of the algorithm. E-
Hybrid-ALPS employs the concept of generational ALPS 
by repeating the entire process of selection, crossover 
and replacement ‘n’ times by maintaining the crossover 
probability and the concept of steady-state ALPS by not 
throwing out the individuals which did not take part in 
reproduction.

After performing reproduction in all the evolved layers, 
individuals whose age exceed the maximum age limit of 
the layer are moved to the next higher layer and in this 
way, various age layers of the population are evolved. In-
dividuals which are moved can replace weak individuals 
of the next higher layer provided weak individuals have 
not been recently moved otherwise individuals will be 
simply added. 

After a certain number of evaluations, new random indi-
viduals replaces the individuals of the zeroeth layer and the 
process of reproduction and movement of individuals are 
repeated for all the evolved layers starting from the zeroeth 
layer. The entire process of reproduction, movement of indi-
viduals and zeroeth layer replacement are all iterated for ‘n‘ 
number of fitness evaluations which is problem dependent 
and after which final optimized value will be displayed. Dia-
grammatic representation of the E-Hybrid-ALPS model is as 
displayed below in Figure 2.

Figure 2: E-Hybrid-ALPS Model.

TOOLS AND METHODS FOR IMPLEMENTING  
E-HYBRID-ALPS IN MOLECULAR DOCKING
In molecular docking, the 3D structure of the ligand is 
placed in the active site of protein in various positions, 
orientations and conformations and each such placement 
is called a pose. In the present work, E-Hybrid-ALPS 
has been implemented as a search algorithm for molecu-
lar docking studies with CYP2C8 and Chloroquine as one 
receptor-ligand combination and CYP2B6 and Cyclophos-
phamide as another. 3D structures of the receptors and li-
gands are an essential requirement for molecular docking 
studies. In the present work, 3D structures of the receptors 
namely CYP2C8 and CYP2B6 are constructed by Homol-
ogy Modeling26 using Swiss Homology Modeling server27, 

28,29,30,31,32 by providing protein sequences of each of the re-
ceptor which is available in UniProt database 33 as input. 
3D structures of the ligands Chloroquine and Cyclophos-
phamide are downloaded from Chemspider 34. To acceler-
ate the process of docking, AutoDock tool employs a grid 
based docking method by using a grid map for each type of 
atom present in the ligand along with electrostatic, desol-
vation and hydrogen bond energies and the same concept 
has been employed in E-Hybrid-ALPS. A grid as shown 
in Figure 3, is a 3D lattice with equally spaced grid points 
centred around the active site of the receptor and each of 
the grid point stores the potential energy of a probe atom 
which is due to all atoms of the receptor. AutoGrid tool has 
been used in the current research to generate grid maps35, 36.
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Figure 3: Grid Maps37

After this, an initial random population of 50 individuals is 
generated where there are three translational genes represent-
ing x, y, z coordinates of the ligand within the grid dimen-
sions, four genes representing the orientation of the ligand 
with random values between -180 to + 180 degrees and tor-
sional genes depending on the number of torsional angles of 
the ligand. Ligand Chloroquine has 8 torsional genes while 
Cyclophosphamide has 5 torsional genes. All the genes are 
encoded into the chromosome by real encoding system. In-
dividuals of the initial population are assigned an age of one 
and belong to the layer zero which is the first layer and the 
population has a total five layers.

Fitness of each individual is given by an objective function 
which calculates the binding energy of a particular ligand 
pose as the sum of intermolecular interaction energy and 
intra molecular torsional energy. E-Hybrid-ALPS computes 
the intermolecular energy of a particular ligand pose or con-
figuration by trilinear interpolation using the grid maps pro-
duced by AutoGrid as look up table. The total intermolecular 
interaction energy of a ligand pose is calculated as the sum 
of the intermolecular interaction energy between receptor 
and for each type of atom in the ligand along with hydro-
gen bonding, electrostatic and desolvation potentials37,38 and 
intramolecular torsional energy which is obtained from Au-
toDock tool.

Individuals are selected twice to the mating pool according 
to the selection methods described above with a selection 
pressure of 0.539 and each of the crossovers namely Arith-
metic with an α value of 0.5, Heuristic crossover with an α 
value of 0.940 and Simulated Binary crossover with a β value 
of 1.241 is applied by maintaining the crossover probability 
at 0.8542. To identify the best performing crossover opera-
tor, the algorithm was executed 30 times first separately with 
each of the crossovers and then simultaneously with all the 
crossovers 30 times with the same settings. Better results 

were found with adaptive crossovers. After crossover, age of 
parents is incremented according to the formula in Figure 1 
and offsprings get the maximum age of parents. The lowest 
binding energy of all the offsprings are calculated and the 
two best offsprings are added to the layer undergoing repro-
duction. Following this, individuals whose age exceed the 
maximum age according to Table 1 are moved to next higher 
layer. During this, the weak individuals which were existing 
for more than 25 energy evaluations in the higher layer were 
replaced. After every 50 energy evaluations, individuals of 
the zeroeth layer were replaced with new 50 individuals. Fol-
lowing this, starting from the zeroeth layer, all the evolved 
layers undergo reproduction. The whole process was repeat-
ed for 1,00,000 energy evaluations after which the lowest 
binding energy was noted. To check for the consistency, the 
algorithm was executed 30 times with each of the receptor-
ligand combination and with same settings 

To determine the performance efficiency of E-Hybrid-ALPS, 
docking studies were also carried out with AutoDock 4 and 
AutoDock Vina 36,37 separately. AutoDock calculations were 
performed in several steps. As a first step coordinate files 
of receptor were prepared by adding Hydrogens, merging 
non-polar bonds and adding charges and ligand files were 
prepared by setting the number of torsions. It follows rapid 
grid-based energy evaluation method and requires grid map 
files which were generated by AutoGrid tool for each type of 
atom in the ligand along with electrostatic and desolvation 
potential. Lamarckian Genetic Algorithm (LGA) which is a 
combination of GA and local search is employed as a search 
algorithm. After setting GA parameters to the same value as 
that of E-Hybrid-ALPS, binding energy of a particular li-
gand pose was evaluated using the grid energies and finally, 
lowest binding energy was obtained. Dockings were done 
30 times with each of the receptor-ligand configurations and 
binding energy in each case was noted. 

AutoDock Vina also requires receptor and ligand coordinate 
files which were prepared in the same way as that of Au-
toDock. Grid dimensions were given as input to AutoDock 
Vina which also uses a Lamarckian Genetic algorithm as a 
search algorithm. After setting GA parameters to the same 
value as of E-Hybrid-ALPS, dockings were done 30 times 
with each of the receptor-ligand combinations and lowest 
binding energy in each case was noted. The results of each of 
the investigation are discussed under Results and discussion. 

RESULTS AND DISCUSSIONS

The main objective of the research was to develop a genetic 
algorithm for search optimization by amalgamating the con-
cepts and advantages of generational and steady state ALPS 
and the effectiveness of which is determined by implement-
ing it as a search algorithm for molecular docking studies of 
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the drug discovery process with CYP2C8 and Chloroquine 
as one receptor and ligand combination and CYP2B6 and 
Cyclophosphamide as another. 

Crossover operators have a role in maintaining a balance be-
tween exploration and exploitation and traditional GA uses 
one crossover operator depending on the type of encoding 
used. E-Hybrid-ALPS employs real encoding and Heuristic, 
Arithmetic and Simulated Binary crossovers are found to be 
frequently used for real encoding system. To identify a better 
performing crossover operator, an investigation was done by 
applying each of the Heuristic, Arithmetic and Simulated Bi-
nary crossover separately and adaptively and executing the 
algorithm 30 times with each of the receptor-ligand combi-
nations. Lowest binding energy in each case was noted and 
the pattern of variation in lowest binding energies across it-
erations are displayed below.

Graph 1: Variations in Lowest Binding Energy with Heuristic 
Crossover.

Graph 2: Variations in Lowest Binding Energy with Arithmetic 
Crossover.

Graph 3: Variations in Lowest Binding Energy with Simulated 
Binary Crossover(SBC).

Graph 4: Variations in Lowest Binding Energy with Adaptive 
Crossover.

It is evident from the Graph-1, Graph-2, and Graph-3 that 
though each of the crossovers is successful in finding the 
lowest binding energy for each of the receptor-ligand combi-
nations, the results are not consistent throughout iterations. 
Graph-4 depicts moderately consistent behaviour of lowest 
binding energy across iterations as compared to Graph-1, 
Graph-2 and Graph-3. Hence, it can be indisputably said 
that the applicability of all three crossovers namely Arith-
metic, Heuristic and Simulated Binary crossover simultane-
ously to the same population and selecting the best perform-
ing crossover improves the performance and behaviour of a 
GA. Following this, a decision was taken to adaptively apply 
crossovers to E-Hybrid-ALPS and adding the best offsprings 
to the population.

Further to this, various input parameters like initial popula-
tion size, crossover probability and number of energy evalu-
ations were set to the same value with E-Hybrid-ALPS, Au-
toDock and AutoDockVina. Along with these parameters, 
E-Hybrid-ALPS also required number of layers to be evolved 
as input which was set to five. With these settings, E-Hy-
brid-ALPS, AutoDock and AutoDockVina were executed 30 
times with each of the receptor-ligand combination namely 
CYP2C8 and Chloroquine and CYP2B6 and Cyclophospha-
mide. Lowest binding energy in each case was noted. Along 
with the lowest binding energy, E-Hybrid-ALPS also outputs 
number of poses with negative energy values and the number 
of poses with the same energy values. All the findings are 
thoroughly graphed and discussed below. 

Graph 5: Lowest Binding Energy for CYP2B6 and Cyclophos-
phamide.
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Graph 6: Lowest Binding Energy for CYP2C8 and Chloro-
quine.

Graph 7: Variations in Lowest Binding Energy of CYP2B6 and 
Cyclophosphamide.

Graph 8: Variations in Lowest Binding Energy of CYP2C8 and 
Chloroquine.

From the Graph-5 and Graph-6, it is evident that lowest 
binding energy was found with E-Hybrid-ALPS in all the 
30 runs for each of the receptor and ligand combinations as 
compared to that of AutoDock and AutoDockVina and the 
algorithm was successful in generating most stable pose of 
docking as lowest binding energy indicates most stable pose. 
E-Hybrid-ALPS selects parents to the mating pool once from 
high fit individuals having lower energy values and then 
from high and low fit individuals for the reproduction of 
each layer maintaining the crossover probability of 0.85 and 
the selection pressure probability of 0.5. Selecting parents 
from low fit individuals having higher energy values have 
helped in not losing the good genes of worst individuals. The 
results obtained from 30 runs for each of the receptor-ligand 
combinations has confirmed that selecting parents from high 
fit first and latter from high-low fit individuals for the mat-
ing pool was a good choice. Applying multiple crossovers 
to the same parents at the same time and selecting the best 
offsprings aided in maintaining population diversity as each 
crossover operator moves in different directions. E-Hybrid-
ALPS has combined the advantages of both generational and 

steady-state ALPS. As in Generational ALPS, ‘n’ number of 
crossovers and replacements are performed on each layer un-
dergoing reproduction with a crossover probability of 0.85 
helping in obtaining fitter and fitter individuals and as in 
steady-state ALPS, individuals not taking part in reproduc-
tion are not thrown out resulting in not losing good individu-
als. All these novel ideas incorporated in E-Hybrid-ALPS 
have facilitated in attaining lowest binding energy. Apart 
from displaying lowest binding energy, E-Hybrid-ALPS also 
outputs no of poses with negative binding energy values and 
number of poses with same binding energy values as dis-
played below.

Graph 9: Number of Negative Energy Poses.

Graph 10: Number of Poses with Same Energy Values.

It is apparent from Graph-9 that E-Hybrid-ALPS has ob-
tained a large number of poses, with negative energy values 
with each of the receptor-ligand combination. In molecular 
docking, to arrive at the final binding affinity in terms of 
lowest binding energy, poses generated by the search algo-
rithm have to be scored by a scoring function. The scoring 
function scores a pose which is near to experimentally de-
termined pose. There are remote chances that pose with the 
lowest binding energy found by E-Hybrid-ALPS may not be 
preferred by scoring function. In such cases, if a large num-
ber of poses with negative energy values are available, it can 
help the scoring function in scoring a pose with the lowest 
binding energy which is near to experimentally determined 
ones. A large number of –ve energy poses generated by E-
Hybrid-ALPS can aid the scoring function in scoring a better 
pose.

The Graph-10 shows negligible number of poses with the 
same energy values with each of the receptor-ligand com-
bination. In E-Hybrid-ALPS, mutation is performed before 
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crossover in case parents undergoing crossover have the 
same genes. This has contributed E-Hybrid-ALPS in attain-
ing the negligible number poses with same energy values 
corroborating the fact that E-Hybrid-ALPS has surmounted 
the problem of premature convergence which is prevalent in 
other GAs.

CONCLUSION

E-Hybrid-ALPS which has been devised and implemented 
as a search algorithm for molecular docking studies of CY-
P2C8 and Chloroquine and CYP2B6 and Cyclophosphamide 
has the combined advantage of both generational and steady-
state models of ALPS in doing crossovers, replacements ac-
cording to crossover probability and in not eliminating the 
individuals that did not take part in reproduction and this has 
resulted in fitter and fitter individuals. Individuals to the mat-
ing pool are selected twice first from high fit and latter from 
high-low fit groups of individuals maintaining the selection 
pressure and performing the crossover adaptively on indi-
viduals of both the groups separately lead to a diverse popu-
lation and fitter individuals. Duplication in parental genes is 
avoided by performing mutation before crossover that has 
facilitated in overcoming premature convergence. Benefits 
of incorporating these novel ideas into the devised algorithm 
E-Hybrid-ALPS have been demonstrated in getting the low-
est binding energy in molecular docking consistently with 
each of the receptor-ligand combinations. Also, a negligible 
number of poses with the same energy values have confirmed 
that the algorithm does not lead to premature convergence. 
Lowest binding energy obtained from E-Hybrid-ALPS is 
significantly lower than that of lowest binding energy ob-
tained from largely used molecular docking tools namely 
AutoDock 4 and AutoDockVina which uses Lamarckian 
Genetic algorithm. The most stable pose of docking is al-
ways indicated by the lowest binding energy and binding 
energy is also a pointer to the binding affinity of the drug. 
Hence by implementing E-Hybrid-ALPS which generates a 
ligand/drug pose with the lowest binding energy as search 
algorithm of molecular docking tool AutoDock can help the 
drug discoverer in designing a drug with a better binding af-
finity as lower binding energies indicate higher binding af-
finity and binding affinity is inversely proportional to drug 
potency which is a marker for the therapeutic potential of 
the drug. Also, E-hybrid-ALPS is not limited to the chosen 
receptor-ligand combination. It can be executed with any of 
the receptor-ligand combinations whose structures can be 
constructed or downloaded. Consolidating all these, it can be 
endorsed that by integrating E-Hybrid-ALPS as search algo-
rithm for AutoDock, AutoDockVina or any other grid-based 
molecular docking tool may facilitate in improving the drug 
discovery process by bringing out an efficient drug benefit-
ing the society at large. 

FURTHER WORK

E-Hybrid-ALPS is not limited to molecular docking studies. 
It can be implemented in other areas of research including 
but not limited to machine learning by changing the objec-
tive function. Authors are currently working on applying E-
Hybrid-ALPS to estimate the reproductive number of infec-
tious diseases
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