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ABSTRACT  

 Protein Folding is a broad research field in computational Biology, Molecular Biology and Bioinformatics. 
Protein Folding Optimization is one of the NP-hard problems. Bio-inspired metaheuristics plays a major role in solving the 
protein folding optimization which can mimic the insect’s problem solving abilities like foraging, nest building and mating. 
In this paper Ant Colony Optimization (ACO) - Metaheuristic was applied to solve 3D-HP protein folding optimization. 
The 3D structure of a protein is also called as final native structure, which is responsible for functioning of a particular 
protein. Misfolded or unfolded protein is responsible for several neurodegenerative diseases. The instances for 3D-HP 
protein folding were taken from the HP benchmarks. The energy minimization is the major objective function to obtain the 
best 3D structure of protein. Various energy functions are used in this work to obtain different energy values. 
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1. INTRODUCTION 
 The Protein sequence is formed by a combination 
of 20 amino acids. The combinations of amino acids are 
linked to each other with poly peptide bond to form a 
primary structure of a protein. Proteins have four levels of 
structures similar to primary, secondary, tertiary and 
quaternary. The tertiary (3D) structure of protein is called 
the conformation structure and has the optimal free energy 
possible. To find the native conformation structure of 
protein is a global optimization process and also it takes 
lots of time to optimize the structure. Each protein has its 
own ability to fold into a globular state or structure 
automatically. Sequence of amino acids (Primary 
Structure) altered in to 2D and 3D structure is called as 
‘protein folding’. Most of the proteins fold up into unique 
3-Dimensional structures in few milliseconds. Protein 
Folding is the general procedure in all living organic cells. 
Structure of protein is very important for permanence and 
standard functioning [12]. The most stable tertiary 
structure of a protein is biologically active only in its 3D 
structure. Protein misfolding or unfolding is a common 
incident in living cells. Because of protein misfolding or 
unfolding many diseases will occur like Alzheimer’s 
disease, Huntington’s disease, Parkinson’s disease and the 
prion diseases [1].  
 Bio-inspired algorithms are mainly developed to 
optimize the combinatorial optimization problems which 
mimic the behaviors of social insects. Ant Colony 
Optimization (ACO) Metaheuristic is a population based 
search method for solving combinatorial optimization 
problems. ACO imitates the foraging behavior of real ants 
to solve optimization problems. The foraging behavior is 
the concept of indirect communication between the 
members of population through pheromones [13]. The 
pheromones have capability to evaporate; the solution is 
calculated depending upon the strength of pheromones. 
Ant’s population is initialized as number of folds and each 
ant give unique fold to the given HP sequence. The best 
solution (fold) is selected among all feasible solution 
through local and global pheromone updations. After 

completion of every iteration the pheromone values are 
updated locally and global pheromone updation is the best 
solution among all local solutions. 
 
2. 3D-HP PROTEINFOLDING 

 The computational techniques and strategies are 
currently used in the development of ‘in silico’ methods 
for the 3-D HP Protein Folding Problem. In HP Lattice 
model the 20 amino acids are converted into 2 types as H 
(Hydrophobic) and P (Hydrophilic) which depends upon 
the characteristics of amino acids. Amino acids have two 
types of characteristics, water repellent (Hydrophobic) and 
water attraction (Hydrophilic). 3D-HP model consists of 
3D cubic lattice model. The 3D cubic lattice model was 
designed by a common back bone or side chain of a 
Hydrophobic or Hydrophilic. The 3D-HP model have 6 
possible directions as L (Left), R (Right), U (Up), D 
(Down), F (Forward) and B (Backward) to move a residue 
in lattice. In lattice model the hydrophobic (H) interactions 
are driving force for protein folding. In lattice, each 
sequence pattern is a self-avoiding walk.A self-avoiding 
walk is a sequence of moves on a lattice or a grid that does 
not visit the same position more than once. Links between 
H-H monomers are constructive [14]. The native 
conformation of a HP sequence is defined as the set of 
conformations with the biggest possible number of H-H 
contacts. The energy values are calculated based on the 
number of H-H contacts. The energy value should be 
minimized to get the best 3D structure. Figure-1 shows the 
diagrammatic representation of 3D-HP lattice model [9, 
11]. 
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Figure-1. 3D-HP lattice model [16]. 
 

3. ACO-METAHEURISTIC FOR PROTEIN 

FOLDING OPTIMIZATION 

Ant Colony Optimization (ACO) is one of thebio-
inspired algorithm which is used for solving hard 
combinatorial optimization problems. ACO takes 
inspiration from the foraging behavior of real ant colony. 
In the real world, ants (initially) walk at random, and 
finding food return to their colony while laying down 
pheromone trails. ACO is based on the indirect 
communication of a colony of simple agents, called 
(artificial) ants, mediated bypheromone trails. The ACO 
algorithm, pheromone trails serve as distributed, numerical 
information which the ants use to probabilistically 
construct solutions to the problem being solved. The ants 
adapt during the algorithm’s execution to reflect their 
search experience. At each step, ants compute a set of 
possible moves and select rest of the travel around [10]. 
The transition probability is based on the heuristic 
information and pheromone trail level of the move. In the 
starting stage, the pheromone level is set to a small 
positive constant value and then the ants update 
pheromone values after completing the construction phase. 
The pheromone updations have two stages, Local Update 
and Global Update. 

 
a) Local update 

The Pheromone values of the visited paths are 
updated locally, while ants construct their solutions by 
applying the local update rule. The main aim of the local 
update rule is to make better use of thepheromone in 
sequence by dynamically changing the desirability of 
edges. 

 

← 1 −  +        (1) 

 

Where   is an amount of the pheromone on the 

arc (i, j) of the 3D cubic lattice model,  is the 

persistence of the trail and the term (1- ) can be 

interpreted as trail evaporation. is the pheromone 
initialization value, set as a small positive constant value 
[10]. 

 

b) Global update 

The Global updating is performed after all ants 
have completed their tours. The pheromone levels will be 
reduced and this will reduce the possibility, that the other 
ants will select the same solution and as a result the search 
will be more diversified [10]. 

 

 ← 1 −  + Δ        (2) 

 
Where  

=      (3) 

 

is the global energy of the best folding. The 

global update rule is used to provide a greater amount of 
pheromone on the paths of the best solution. 

 
c) Probability to select next move 

In 3D-HP Lattice model, there are six possible 
moves. During the construction phase, ants fold a protein 
from the left end of the sequence adding one amino acid at 
a time based on the two sources of information; 
pheromone matrix value and heuristic information. The 
heuristic values are calculated for each residue before it is 
placed on the lattice. The Maximum heuristic value for 
each position is 6. In 3D-HP model the positions are 
represented as L (Left), R (Right), U (Up), D (Down), F 
(Forward) and B (Backward) [2]. 

 

←        (4) 

  

 The  is the intensity of the pheromone 

deposited by each ant on the path (i, j). The ‘i’ is the start 
position and ‘j’ is the next movable position,  is the 

intensity control parameter,  is the heuristic 

information equal to the number of new H-H contacts if 

the position ‘j’ is chosen,  is the heuristic parameter. 
When the next amino acid is polar then the probability 

should be . 

 The Ant Colony Optimization Pseudo code starts 
with initialization. The initialization has size of 

population, pheromone value, ,  and  values. The 

 is intensity control parameter,  is the heuristic 

parameter and  is the persistence of the trail. The 
stopping criterion for this folding process is to occupy the 
unique lattice point by each residue in the given sequence. 
The starting point in lattice for folding is selected 
randomly. Each ant gives unique fold with different 
energy values. At the end of each iteration, the pheromone 
values are updated locally. The number of iterations will 
vary based upon the best possible solution. The best 
optimal solution is identified after completion of all 
iterations. The best fold path is updated by the global 
pheromone updating rule. The energy value for best 
folding is calculated, after all iterations are completed [9]. 
The native structure have finalized, which structure has the 
minimal energy value. 
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Pseudocode of ACO-Metaheuristic 

 

[1]Begin  
[2] Initialize  
[3] While stopping criterion not satisfied do 
[4]  Position each ant in a starting node  
[5] Repeat  
[6]   For each ant do 
[7]  Choose next position by applying the state  
  transition rule 
[8]  Apply local pheromone update  
[9] End for  
[10]  Until every ant has built a solution  
[11]  Update best solution  
[12]  Apply global pheromone update  
[13] End While  
[14]End 

 
4. ALTERNATIVE ENERGY FUNCTIONS 
 The alternative energy functions are used to 
calculate the energy values in different method. Three 
letter acronyms have been assigned to evaluate the energy 
functions are D85, K99 and I09. The acronyms describe 
the first letter of author and followed by the published 
year. The main aim of these alternative formulations of the 
energy function is to provide a further fine-grained 
discrimination, as a means of guiding metaheuristics in a 
more efficient way in the process of finding possible 
solutions to the new problem [7]. 
 
a) Energy function D85 
 The alternative energy function D85 is calculated 
from the native structure of a protein also called as ‘Free 
Energy (FE)’ function. The energy value is taken as -1 
when both Si and Sj are H in non-consecutive order and 
also form a topological contact, otherwise it taken as 0[7]. 
 

 
In equation 5, ‘c’ is conformation state of a protein 
sequence and e(si,sj) is expressed as 
 

    (6) 
 
b) Energy function K99 

 The alternative energy function K99 is also called 
as ‘distance - dependent’ energy function [6], as given in 
equation (7).  The energy values are calculated depends 
upon the distance between the two hydrophobic (H) amino 
acids.   
 All nonconsecutive topological contacts are 
considered for this energy calculation. 
 

      (7) 

Where 

    (8) 
Krasnogor et al. [6] suggested to use the values k = 4 for 
the square lattice and k = 5 for the cubic and triangular 
lattices, respectively. 
 
c) Energy function I09 

 

1) H-Compliance 
H-compliance (HC) measures the closeness of H 

amino acids to the center of a hypothetical rectangle (or 
cuboid in 3D space) enclosing all H amino acids, which is 
denoted by the reference point (xr,yr,zr). Where xs, ys and zs 
denote the lattice coordinates of the ‘s’ amino acid [3,4,5]. 
‘LH’ is the number of hydrophobic amino acids in a given 
sequence. 

 

    (9) 
The coordinates (xr, yr,zr) of the “center”are obtained as:  
 

xr = (xhmax− xhmin) /2                                      (10) 
 

yr = (yhmax− yhmin) /2                                      (11) 
 

zr = (zhmax− zhmin) /2                                        (12) 
 
2) P-Compliance 

P-compliance (PC) computes how close P amino 
acids are to the boundaries of a hypothetical rectangle 
enclosing all P amino acids. Here ‘LP’ is number of polar 
amino acids in a given sequence. Such a cuboid is defined 
by xmin, xmax, ymin,ymax ,zmin and zmax[3,4,5]. 
 

 
       (13) 
The modified fitness function ( EI09 ) is defined as 
 

EI09(c) = αED85 + HC+ PC      (14) 
 
ED85 is the conventional energy function of the HP model 
and ‘α’is large enough to ensure this will be the dominant 
term with high integer constant value. H-compliance and 
P-compliance values are add with conventional energy 
function to find out the I09 energy value. 
 
5. IMPLEMENTATION RESULTS AND 

DISCUSSIONS 
 Protein Folding Problem was solved by using 
ACO-Metaheuristic and implementation using NET 
Framework 3.5 with C# Language. In this research, the 
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Ant Colony was initialized with five ants, and each ant 
performed folding process and gave different folding 
structures. Further, the number of iterations was increased 
to get better folding structure. The solutions (folding) 
given by all the five ants were compared and the optimal 
folding was chosen with the help of minimum energy 
obtained by the ants. 

 In 3D-HP protein folding problem, certain 
constraints to be followed are the folding sequence chain 
should not break; the folding process should be within the 
cubic lattice boundary and follow self-avoiding walk. In 
cubic lattice model the starting position of folding process 
was selected randomly. Each residue in sequence was 
added to the folding process. The directions for cubic 
lattice model should be L (left), R (Right), U (Up), D 
(Down), F (Forward) and B (Backward). Each residue 
hassix possible movements; among six solutions one 
solution was chosen which is optimal. After generating 
each solution, it was checked to identify whether the 
movement could lead towards the right direction.  

 The movements are encoded in several formats, 
like symbols, numbers or alphabets. Sequences have a 
number of possibility structures, 
Possibility structure = n6     (15) 
n = Sequence length 
6 = Possible movements in cubic lattice 

 
Table-1. Parameter settings of ACO. 
 

Parameter Value Description 

 7 - 9 Intensity control parameter 

 0.4 - 0.5 Heuristic parameter 

 0.3 - 0.5 Persistence of the trail 

m 500 - 1000 Number of ants in ACO 

 0.5 Pheromone initialization 

 

 
Table-2. HP benchmark sequences for the 3D cubic lattice. 

 

Seq. Id Sequence 
L

en
g

th
 

E
n

er
g

y
 

ACO under FE 

D85 K99 I09 

3d1 HPHP2H2PHP2HPH2P2HPH 20 -11 -10 -9.04 -7.5 

3d2 H2P2HP2HP2HP2HP2HP2HP2H2 24 -13 -8 -8.03 -5.64 

3d3 P2HP2H2P4H2P4H2P4H2 25 -9 -6 -6.02 -3.69 

3d4 P3H2P2H2P5H7P2H2P4H2P2HP2 36 -18 -10 -10.04 -5.92 

3d5 P2H3PH3P3HPH2PH2P2HPH4PHP2H5PHPH2P2H2P 46 -32 -21 -21.06 -16.41 

 
In this paper 5 3D-HP benchmark sequences [8, 15] were 
tested with ACO algorithm. Free Energy (FE) results of 5 
different 3D sequences with various energy functions are 
listed in Table-2. The resultant optimal protein structure 
obtained by ACO algorithm for the 5 3D-HP protein 
sequences are given in the below figures. The energy 
values are calculated with 3 different energy functions, 
D85, K99 and I09. The energy calculation method used in 
each function is different from each other. Figure-2, 
Figure-3, Figure-4, Figure-5 and Figure-6 shows the 
optimal conformation structure of sequence length 20, 24, 
25, 36 and 46 by ACO algorithm, respectively. 

 
 

Figure-2. Optimal structure obtained by ACO for 3d1. 

 
 

Figure-3. Optimal structure obtained by ACO for 3d2. 
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Figure-4. Optimal structure obtained by ACO for 3d3. 

 

 
 

Figure-5. Optimal structure obtained by ACO for 3d4. 
 
 

 
 

Figure-6. Optimal structure obtained by ACO for 3d5. 
 

6. CONCLUSION AND FUTURE WORK 

 In this paper, the Ant Colony Optimization 
(ACO) algorithm was applied to 3D-HP protein folding to 
solve the problem in an efficient way. The problem 
instances for testing the algorithm were taken from the 
standard HP Benchmarks in the literature [8,15]. It was 
proven that the ACO algorithm could obtain the best-so-
far optimal solutions (minimal energy) for most of the 
problem cases. In future work, Bio-inspired algorithms can 
be applied to optimally fold the real time proteins. In this 
research work the ACO was applied for 3D-HP 
benchmarks; in future, other modified variants can be 
applied for real proteins to predict the structure and to 
analyze the protein misfolding diseases. 
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