Protein Structure Prediction Using Honey-Bee Mating Optimization
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ABSTRACT: Protein folding prediction is a fundamental problem in biology. The spatial structure (Conformation) of the
protein is the manipulation key of its biochemical and cellular functions. The protein tends to fold on itself. However, a
protein cannot fold in any way: it must reach a lowest level of energy. Determining the conformation of the protein in this state
of lowest energy is known as the protein folding problem. This can be modeled as an optimization problem. Even under the
simplified models, the problem is NP-complete [1] [2] [3]. Thus, there is no polynomial time algorithm to resolve this
problem. In this paper, a biologically inspired algorithm for protein spatial structure prediction is proposed, it uses the
honey-bee colony reproduction processes.
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1. Introduction

The study and resolution of the protein folding problem is of interest in various fields such as human health and biotechnology.
In the field of human health, the ability to solve this problem could contribute to the prediction and treatment of diseases. In
biotechnology, it could allow the realization of large-scale enzymatic processes and the development of protein drugs [4] [5] [6].
Protein folding is the physical process by which a polypeptide (straight chain of amino acids) folds into a three dimensional
structure, in which it is functional. Correct three-dimensional structure, or native structure, is essential for performing functions
within the cell. A protein can adopt different conformations. Like a stretched spring, a protein in unstable state seeks to achieve
its most stable state which is characterized by minimum energy. The native structure of a protein is generally at its lowest energy
conformation. It is established that the amino acid sequence is the major factor in determining the conformation of a protein [7].
The experimental determination of the three-dimensional structure of a protein is often very difficult and costly. Using algorithms
to predict the three dimensional structure of the protein represents a good alternative. The number of possible conformations for
chains of amino acids is very large; the use of metaheuristics is required. Several studies using metaheuristics have been
proposed. Among these we find the use of genetic algorithms in [8], [9], [10] and [11]. Memetic algorithms have been used in [12]
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and [13]. Immune algorithms have been used in [14] [15]. In [16] a randomized multiStart tabu search algorithm has been applied.
A hybrid approach combining genetic algorithms and tabu search has been proposed in [17]. ACO has been used in [18] [19] [20]
and PSO has been used in [26]. The rest of the paper is organized as follows. In Section 2, the protein folding problem is modeled.
The representation of the solution is presented in Section 3, section 4 present the calculation of the fitness, followed by the
presentation in Section 5 of the MBO algorithm. Section 6 presents the experimental study and its results. We finally conclude
in Section 7.

2. Modeling the Protein Folding Problem
Modeling the protein folding problem starts with a model for the protein itself and a model for the conformational space.

2.1 Protein Modeling

Modeling a protein can be a full representation of amino acids at the atomic level. Obviously, such a model would result in a
significant computational cost. The HP model [21] represents a good compromise between the modeling simplicity and the non
degradation of the quality of the results. The HP model [21] [22] suggests reducing the amino acids at only two groups:
hydrophilic amino acids (called P) and hydrophobic amino acids (called H). Thus, a protein, rather than being represented by a
sequence of several different amino acids, will simply be represented by a sequence of amino acids H or P. In addition, an amino
acid is reduced to a single point in space; it does absolutely not consider the atomic detail. This model allows us to model this
problem as a combinatorial optimization problem.

The model has the following characteristics:

* Amino acids (monomers) all have the same size.

» Amino acids are simplified. There are only 2 types: Hydrophobic monomers (H) and Hydrophilic monomers (P)

* Links between two monomers have the same length.

* Each monomer can occupy a position on a two- or three-dimensional grid.

* The function calculating the energy of a protein in a given conformation is described as follows:

Let a and b be two nonconsecutive H monomers in the protein and f a function such that, f (a, b) =— 1 if a and b are neighbors
in the conformation, and f (a, b) = 0 otherwise. The energy of the protein in this conformation is equal to the sum of f (a, b) on all

nonconsecutive pairs a and b. The problem is therefore to find the lowest energy conformation, which would maximize the
number of HH contacts [21] (Figure 1).

g K> %

(a) Number of HH contacts = 0 (b) Number of HH contacts = 1
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Figure 1. Example showing two conformations of the same chain with a different number of HH contacts

2.2 Modeling the Conformations Space
For modeling the conformational space, there are basically two models [23]:

2.2.1 Network model
In this model, we use a (2D or 3D) grid, where the distances between the monomers are identical and the angles between them
are 90°.

2.2.2 Off-grid models
The particular feature in this model is that the angles between the monomers are arbitrary and that the distances are not identical.
Calculations in this model are time-consuming.

In what follows we have opted to retain the HP model for the protein and the network model for the conformations space.
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3. Representation of the Solution

There are two main ways of representing the conformation of a protein. The first is to use absolute coordinates, i.e. the abscissa
and ordinate of each monomer of the protein sequence. The second uses relative coordinates, that is to say the position of a
monomer compared to the previous two monomers. In this case, three possible directions can be envisaged: in the same
direction as the previous two monomers (coded 0), 90°clockwise (coded 1), or 90° counterclockwise (coded 2). We have used the
two representations in our approach.
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Figure 2. Representation of the solution in absolute coordinates

The solution in absolute coordinates for Figure 2 is represented as follows: (1, 2), (2, 2), (3, 2), (3, 3), (4, 3),(4,2),(5,2),(5, 1),
4, 1),3, 1.
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Figure 3. Representation of the solution in relative coordinates

The solution in relative coordinates for Figure 3 is represented as follows: 0,2, 1, 1,2, 1, 1, 0.

We have used the representation in absolute coordinates to check the feasibility and calculate the cost of conformation. We
have used the representation in relative coordinates to represent the solution manipulated in MBO.

4. Calculating the fitness of a solution
Computing the fitness of a solution is based on the location of the H monomers. Fitness is the number of H monomers, non-

consecutive in the chain, that are adjacent in the grid. The calculation procedure is based on the table of absolute coordinates.
The adjacency of two H monomers is summarized in Table 1.

difference between difference between the | adjacency
the abscissas ordinates
1 0 yes
0 1 yes
0 0 no
1 1 no
Other values Other values No

Table 1. Adjacency of two H monomers
5. Presentation of the MBO Algorithm

MBO [24] is a metaheuristic inspired by the process of bee reproduction and evolution. Compared to other evolutionary
methods, the main characteristic of MBO is the possibility of combining the principle of evolutionary metaheuristics and other
heuristics. These heuristics represent the workers who are used to improve solutions. The algorithm is given bellow.
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Algorithm 1: MBO algorithm

Begin
Initialize the parameters
Randomly generate the queens
For a pre-defined maximum number of mating-flights
For each queen in the queen list
Initialize energy, speed and step
Generate a drone
While energy > 0
Probabilistically chooses drones
If a drone is selected
Then add its sperm to the queen’s spermatheca
Endif
Update the queen’s internal energy and speed
Mutate the drone
End While
End for
Generate broods by crossover and mutation
Use workers to improve the broods.
Replace the least-fit queen with the best brood
Remove the best brood from the brood list
End for
End.

Our goal, in this work, is to propose an adaptation of this algorithm to the problem. The main difference between the original
algorithm and our algorithm is the use of the workers after generating each queen and each egg. This avoids the problem of
discontinuity in the conformation and improves the quality of the solutions. Each phase of the algorithm is described below.

5.1 Initialization
The first phase of the algorithm is to initialize the six parameters: number of queens, number of flights by queen, number of
broods per queen, number of workers (number of heuristics used), number of brood improvements (by workers) and the size of
the spermatheca.

5.2 Generating a random set of queens
This set represents the initial feasible solutions of the problem. We use the following algorithm to randomly generate feasible
queens.

Algorithm 2: Queen generating algorithm

Begin
Put the first two monomers on the grid
Update the table of absolute coordinates
While (not end of the chain)
Select the next monomer
Generate randomly a direction belonging to {0, 1, 2} witch position in not occupied on the grid
If such position exist then
Put the monomer on the grid
Update the table of absolute coordinates
Else generate another queen
End if
End while
End.
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5.3 Initialization of energy, speed, and step of the Queen
At the beginning of each mating flight, the values of energy and speed of the queen are initialized randomly in the interval
[0.5, 1]. Step is the amount of energy expanded after each coupling; it is given by Formula (1).

0.5 x Initial energy

Step = 1)

Spermatheca Size

5.4 Generating a Drone
A drone D consists of a genotype and a mask used to hide half of its genes. The generation of the genotype and the mask is
performed randomly.

5.5 Selecting the drone for the mating
A drone is selected for mating according to the probability prob (Q, D) given in (2).

Difference

prob(Q,D)= € Sreed @)

Where difference is the absolute difference between the fitness of the genotype of queen Q and drone D. The genotype of the
selected drone is placed in the queen spermatheca.

5.6 Update of energy and speed
After each mating between a queen and a drone, the speed and the energy of the queen are diminished by Formulas (3) and (4),
respectively:

Speed (t+ 1) = a x Speed (1) ©)
o : speed reduction factor between 0 and 1
Energy (t + 1) = Energy () — Step )
5.7 Drone genotype mutation
The mutation mechanism is to change certain genes of the genotype with a probability that uses the speed of the queen. We

generate a random number between 0 and 1. If this number is less than the speed of the queen, the mutation takes place. The
purpose of this mutation is to generate a new drone capable of mating with the queen.

We repeat the execution of the algorithm from step e until the energy of the queen becomes zero.

5.8 Crossover

At the end of step g, each queen performs a crossover between her genotype and those present in her spermatheca. Each
crossover gives an egg (solution represented by a genotype). The number of genotype in the spermatheca may be reduced. The
same genotype can therefore be selected several times for the crossing. To avoid having the same offspring, we opted for a
crossover at random points.

5.9 Improvement

The genotypes resulting from the previous step are improved by the workers (problem specific heuristics). For our problem, the
role of workers is to correct and improve the eggs (i.e. the solutions resulting from the crossing of the queen with the genotypes
of drones). The correction approach that we have adopted is to keep the correct parts of the chain and correct the parts
containing monomers overlays. It should be noted that taking into account all possible corrections is expensive. For this reason,
we have opted for a fixed number of corrections (a parameter giving the number of improvements). The best correction will be
retained. Our approach is to make a series of random changes of bits that caused the infeasibility. Each change must verify the
feasibility of the solution.

5.10 Replacement
In this step, the bad queens of the current population are replaced by the best broods found in step i.

The algorithm ends when all the mating flights are completed.
6. Experimental Study

The experiment has been performed on a computer with an Intel Pentium 4 processor clocked at 3.0 GHz with 1 GB memory. The
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programming has been done with the Java language.

To validate our approach, a comparison with benchmarks is needed. The chains of proteins taken into account by the benchmarks
are limited in size (< 100) and have specific configurations (Table 2) [25]. Table 2 is composed of 04 columns. The first column
represents the number of the protein and the second column contains the structure of the protein. The index used in the protein
structure represents the repetition factor of the sequence, (HP), is equivalent to HPHP. The fourth column represents the length
of the protein, and the last column represents the optimal number of H-H contacts, found in [25] (this value corresponds to
minimum energy conformation).

N°seq protein L NB_contacts

H-H

1 (HP),PH (HP), (PH), HP (PH), 20

2 H(HP,); H; 24

3 (P2H); H (PsH,); 25

4 P (P;H;); PsH; P, H, P H (HP,), 36 14

5 Py H (PyH;); Ps Hap Ps (H3P2); H Py Hs 48 23

6 H(PH).H; P H(P;H), P; (HPs), HP H, (PH), H 50 21

7 P;H;PHgP;H1oPHP;H,P;H:PH,PHP 60 36

8 Huz(PH)((P;H,),P;H)5(PH),H1. 64 42

9 HyP4H1;Ps(H,P3)sHP, (H,P,),HPH 85 53

10 P;sH;P;H, P H;(PH,)sH,PgHP,HPsHPH,PH P, H;PH ,PHP,HPH; PeH; 100 50

Table 2. Benchmarks used [25]

Before comparing the MBO results with benchmarks, we adjust the MBO parameters.

6.1 MBO Parameters Setting

Adjusting the parameters of a metaheuristic is done experimentally or through another metaheuristic that can be the metaheuristic
itself (case of adaptive and self adaptive meta heuristics). We have used the Hill Climbing algorithm to adjust MBO parameters.
This algorithm improves an existing solution, by searching in its neighborhood. The stagnation in a local optimum is the major
disadvantage of this algorithm. We have noted that the increase of the parameter values has the effect of improving the solution
until a stagnation state. Table 3 summarizes the parameters found for each chain of the Benchmark.

N°of Nb- | Nb- spermatheca Nb- Nb- Nb-

chain | Queen | fligh -size Brood improvement | failure
1 30 20 100 40 40 446
2 30 20 100 60 80 540
3 30 20 100 80 80 267
4 50 20 100 150 250 698
5 50 20 200 500 500 780
6 50 20 200 500 500 445
7 50 20 200 600 600 456
8 50 20 200 600 600 686
9 50 20 200 600 600 522
10 50 20 200 600 600 728

Table 3. MBO Parameter setting
The meaning of each parameter is given below.

* NB-queen represents the number of queens. This parameter determines the number of algorithm iterations. Number of iterations
= (NB-queens x NB-flights).

» NB-flights represents the number of flights for each queen.
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* Spermatheca-size limits the number of drones in the queen spermatheca and determines the step (amount of energy to
decrease).

* NB-broods represents the size of the final population.
* NB-improvement represents the number of iterations to be done to correct and improve a brood.
* NB-failures is used to stop the process if there is no improvement of the solution after a number of iterations.

For good diversification, at the beginning of the algorithm, the probability of accepting solutions must be high. The probability
(2) gives a high value if the speed is maximum. We have fixed the value of £ t0 0.9.

We used a single worker. Its role is to ensure the feasibility of the conformation and improve the solutions.
To validate our approach for larger sizes and random configurations, we have introduced the notion of upper bound (M).

6.2 Calculation of the Upper Bound

To calculate the upper bound M, we have first noted the following: the distance between two H monomers that may be adjacent
is always odd and the difference is equal to 1. A monomer which is located at an even distance from another monomer can
therefore never be adjacent (See Figures 4 and 5).

—

Figure 4. Adjacency of H monomers (odd distance)

7
. . 3 . ®
00000000 020)
L ] 3 .

Figure 5. Example of adjacency of H monomers (odd distance in the chain)

6.2.1 Procedure for calculating the bound M
1. Number the H monomers. (Figure 6).

2. Consider that each H is a vertex of a graph G.

3. Each vertex not corresponding to the first or the last H of the chain can be linked to two edges. The vertices corresponding to
the first or the last H of the chain are linked to at most three edges.

4.Draw an edge between two vertices of G if the distance between the two vertices corresponding to monomers in the chain is
odd (Figure 7).

Execute step (4) beginning with the first summit after the second, etc., without violating Condition (3). The number of edges in
the constructed graph is the upper bound M for the chain.

Example:
202020 O>-@-@--0-@
Figure 6. Numbering H monomers in the chain

This bound can be used to evaluate the quality of the solution found by MBO. Let X be the solution found by MBO, X* the
optimal solution, M the upper bound, and f (X) the fitness of a solution. It is clear that f (X) < f (X *) <M and R=""<1.IfR
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is close to 1, then f (X) is close to M, and since f(X) < (X *) <M then f(X) is close g(() f(X *). However, if R is not close to 1, we

cannot conclude anything. For protein chains longer than 100, we calculate R = ———

M
6.3 Comparison of MBO Results with Benchmark Results
We compare the results of MBO with the optimal solutions found in [25].
N*seq protein size optimal solution | MBO solution bound M Ratie MBO/opt | Ratio opt/M
1 20 9 9 9 100% 100%
2 24 9 9 9 100% 100%
3 25 8 8 8 100% 100%
4 36 14 14 16 100% 87%
5 48 23 23 24 100% 96%
6 50 21 18 24 86% 87%
7 60 36 31 40 86% 90%
8 64 42 34 43 81% 98%
9 85 53 21 57 7% 93%
10 100 50 39 56 78% 89%

Table 4. Comparison of the MBO results with those of the benchmark

0 5 :0 0 A A e A |
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20 24 25 36 48 50 60 64 85 100
protein size

Figure 8. Comparative Graph between the MBO
solutions, the benchmark and the bound

®
fitness

Figure 7. Construction of graph for calculating the
bound (bound M = 8)

We note from Table 4 and Figure 8 that the optimal solution is reached for a chain length less than 48. We also note that the
bound is equal to the optimum value for a chai n length less than 25.To better appreciate the quality of the MBO solutions, we
calculate the performance ratio:

10 .
. MBO ratio,
Performance ratio = L —
f orPT ; 10 090
L0 ratio
Performance ratio OPT _ i
/i D IR X

i=1
The ratios are high because we have used a small problem size. Therefore it indicates that MBO behaves well compared to the
benchmark.

6.4 Comparison of MBO Results with Other Metaheuristics
We compare the MBO results to the r esults of ACO (Ant Colony Optimization), constraint programming (CP), the (hybrid) ant
colony / constraint programming presented in [25]

chain | protein size cp ACO CPIACO MBO OPT
1 20 9 9 9 2 9
2 24 a9 ) a9 9 9
3 25 8 8 8 8 8
4 36 14 14 14 14 14
5 48 16 16 17 23 23
6 50 15 14 15 18 21
7 60 30 31 30 31 36
8 64 34 25 39 34 42
9 85 37 37 38 41 53
10 100 33 30 36 39 50

Table 5. Comparison between MBO, ACO, CP, ACO / CP [25]
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We note (Table 5) that all the approaches s have found the optimum if the size of the chain is less than 36 (sequence 4). MBO
found the optimum up to a size of 48 (sequence e 5). For chains of length greater than 36, MBO offers a better solution than the
three other approaches, except for the sequence 8 w here CP/ ACO provides a good result.

6.5 Experimentation of MBO for rand only generated chains
We have experimented MBO for randomly generated chains longer than100. For this we have used the Bound M. The results
found are summarized in Table 6.

Protein | MBO cost bound | R=MBO/bound
Size

149 65 100 0.65

262 118 192 0.62

300 124 203 0.61

Table 6. Test for chains of length greater than 100

Beyond the length 300, the ratio R becomes small. In these conditions we cannot conclude anyt hing about the quality of the
solution. For a chain of length less than 300, the ratio R is between 0.61 and 0.65. This means that the solutions found are quite
close to the optimal solution.

6.6 Scalability Study
Table 7 and Figure 9 show the execution time of the algorithm for different problem sizes:

Chain | Execution
size time
20 0.5
24 1.92
25 4.1
36 66
48 507
50 561
60 1351
64 1492
85 2021
100 3258

Table 7. Execution time (in min) for different problem sizes

3500

¥ = 0.000x* — 0.139x% + 12.24x% — 407.6x + 4403 /
3000 /
2500

2000 /
1500 /
1000 /’

"

20 40 60 80 100 120

Figure 9. Representation of the execution time depending on the size of protein
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We have approximated the equation of t he curve representing the execution time depending on the problem size. We have used
the Microsoft Excel approximation tool. The equation found is: y=0.0001x*-0.139x°+12.24x%-40 7.6x+440. The degree of the
polynomial is equal to 4.

7. Conclusion

In this paper, we are interested in the protein folding prediction. We have used the HP two-dimensional model for the protein.
The protein folding prediction being NP-complete, we have solved it using a metaheuristic inspired by the process of reproduction
and evolution of bees, named MBO. The main contributions of this paper are as follows:

We have adapted MBO to the proteins folding problem, with a slight modification. This modification consists in using the
workers at the time of generation of queens and the production of eggs. This avoids the problem of discontinuity in the
conformation and improves the quality of the solutions. We have used the Hill Climbing algorithm to automatically adjust the
MBO parameters for each chain. This avoids using the same parameters for all chains. We have shown that our results are very
close to the exact results (performance ratio= 0.90) for small problems sizes. We have defined an upper bound for the value of the
objective function and have used this upper bound to validate the results found by our approach for large instances. We have
shown that for chains of length ranging from 149 to 300, the report performance varies between 0.61 and 0.65. This means that
the solutions found by our approach for large problems sizes are quite close to the optimal solution. We have shown that MBO
generally gives better results than those provided by CP, ACO and ACO / CP. Finally, we have shown that our approach is
scalable. The equation representing the execution time of the algorithm with respect to the size of the problem is a polynomial of
degree 4. Thus we believe that BBO represents a good approach for protein folding prediction.
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