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Abstract

Predicting the protein tertiary structure from its amino acids is a big challenge
in current scientific research. There are huge numbers of protein sequences with
unknown structures. Many computational methods, however, tried to solve this
problem, but they achieved good results only for small size proteins. Most of these
methods were not powerful- especially when applied to huge conformational.
Many studies have attempted to solve this problem using either local search
algorithms or global search algorithms. Other studies, on the other hand, have
used hybrid algorithms that adapted local search-based algorithms as well as
population-based meta-heuristic algorithms. This study introduces g- hill climbing
algorithm as a robust algorithm to solve the ab initio protein tertiary structure
prediction problem. The f- hill climbing Algorithm is used to find the local optimal
solution within the search space by its Iterated Local Search (ILS). Furthermore,
the proposed algorithm predicts the tertiary structure of a protein based on its
sequence- and without any prior knowledge. The proposed algorithm has been
evaluated using two protein sequences; Met-enkephalin (1PLW) and Plant Seed
Protein (LCRN). The results show that the proposed algorithm provides more
efficient solutions- compared to other previous studies.

Keywords: Ab initio, Hill Climbing, Protein Structure Prediction, Protein Folding,
Optimization.

1 Introduction

Predicting protein’s tertiary structure prediction from its amino acids sequence is a current
big challenge in computational biology. There have been many attempts to overcome this
challenge, but the methods used were not efficient in resolving that challenge. There are
two main approaches to protein structure prediction, experimental and computational. X-
ray crystallography, nuclear magnetic resonance (NMR), and cryo-electron microscopy
(cryo-EM) are some of the primary experimental approaches for protein structure
prediction. Although these methods are effective and powerful, they are expensive and
time-consuming [1]. Computational methods , however, become more accurate useful in
predicting the structure of the protein [2]. The computational methods for protein structure
prediction can be classified into three categories:

« Homology modeling —also known as comparative modeling.
« Fold recognition —also known as protein threading.
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+ Ab initio modeling.

The applicability of each method is determined by the degree of similarity of protein to
other sequences in the database. For example, fold recognition relies on the observation
that any newly predicted structure will be almost folded to an existing structure in the
database. This is because the number of newly folded protein structures is not rising
quickly- compared to the number of newly discovered protein sequences; the accuracy of
homology modeling, on the other hand, is determined by the degree in which the targeted
sequence matches other sequences in the protein database. Ab initio approach relies on the
thermodynamic concept that protein's tertiary structure is the lowest free energy
conformation [3]. The difficulty of this approach stems from the fact that it is possible to
deduce the structure of a protein from its amino acid sequence alone- without resorting to
prior knowledge of similar folds. This technique is crucial because there are many proteins
that don’t share any similarities with other structured proteins. Nevertheless, some highly
identical proteins have distinct tertiary structures [4]. An efficient search strategy that can
locate the least energy of a protein with a given energy function is necessary for a
successful ab initio approach to protein structure prediction. There are many methods to
explore protein conformational search space, namely: Molecular Dynamics (MD), Monte
Carlo (MC), Genetics Algorithm (GA), and harmony search algorithm (HSA).

B-hill climbing Algorithm- a recent algorithm that is an extension of the hill climbing
algorithm- shows good results in enhancing the original algorithm [5]. The main advantage
of this algorithm is that it controls the balance between exploration and exploitation during
the search process.

The primary goal of this research is to provide an initial investigation of adapting [ -hill
climbing algorithm for ab initio Protein Tertiary Structure Prediction (PPSP). As compared
to other approaches, B-hill climbing algorithm provides a higher quality solution and more
accurate outcomes- when using a well-studied benchmark set for PPSP.

2 Related Work

There are two main approaches to protein structure prediction, experimental and
computational. This research reviews the main computational methods that attempted to
solve the protein tertiary structure prediction. The methods applied to the protein structure
prediction can be classified into three categories: homology, protein folding, and ab initio.
The homology method identifies an initial three-dimensional structure by comparing the
linear amino acid sequence of the target protein to proteins that have determined structures.
This process typically involves multiple alignments between the target and the
candidate proteins.[6] Homology models , however, cannot fully resolve the issue since
they require an amino acid sequence that closely resembles the target. When a homologous
protein is unavailable, the fold recognition method can be employed. The fold recognition
method can be applied if a homologous protein cannot be discovered. This approach
utilizes templates of well-known structures that have previously been resolved and
published in databases- like the Proteins Database (PDB). Additionally, homology and
threading require prior knowledge of other proteins that have already been solved; the thing
that does not guarantee a complete resolution of the issue. Unlike homology and protein
folding methods, the ab initio strategy is not constrained by templates. It relies solely on
the amino acid sequence to predict the tertiary structure. Additionally, ab initio poses a
significant challenge for the scientific community due to its NP-hard
computational complexity. The ab initio method has been used to apply a wide variety of
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computational algorithms to solve the PTSP. PTSP is an optimization problem as we try
to find the lowest energy of the protein, many optimization algorithms can contribute to
solving such a problem. However, optimization algorithms can be classified into two
categories: physical based algorithms and evolutionary based algorithms. Many physical
based algorithms have achieved good results in optimization including [7] and [8]. On the
other hand, there are many studies that have applied evolutionary based algorithms to solve
PTSP: Harmony search algorithm [9], genetic Algorithms [10] Bees Algorithm [11], and
Simulated Annealing [12] are among the most successful algorithms that solve the
problem. Recently, an extension of the hill climbing algorithm has indicated good results
in enhancing the original algorithm [5]. The main advantage of this algorithm is that it
controls the balance between exploration and exploitation during the search process. Many
optimization and search algorithms suffer from getting stuck in local optima, so, hybrid
algorithms were one of the recommendations. Another advantage of B-hill climbing
algorithm is that it controls the balance between exploration and exploitation during the
search process. Moreover, it enhanced avoiding being stuck in local optima.

3  Protein Tertiary Structure Prediction (PTSP)

The thermodynamic hypothesis states that the tertiary structure of the protein is the
conformation of the lowest free energy; this is the basis for ab initio protein tertiary
structure prediction. [3]. The ab initio protein tertiary structure prediction method, which
predicts the tertiary structure of a protein from its amino acid sequence alone, allows
formulation of the PSPP as an optimization problem that attempts to locate the protein
conformation with the lowest energy. Selecting an appropriate representation of the
conformation and an appropriate energy function is the most significant task in the process
of solving the PSPP using an optimization algorithm. In the following two sections,
problem modeling is presented in accordance with these two aspects of the situation.

3.1 Mathematical Formulation

3.1.1 Problem representation

There are numerous popular representations of polypeptide chains, some of which are
listed in [13]:

Ca coordinates, all-heavy-atom coordinates, all-atom three-dimensional coordinates,
backbone atom coordinates + side-chain centroid, and backbone and side-chain torsion
angles. Some of those representations provide a thorough portrayal, while others provide
a simpler one.

All of the protein's atoms and their interactions lead to the most accurate representation;
nevertheless, this representation is computationally expensive and unnecessary for the
search process [14]. For that, many researchers used a simplified representation to reduce
the computational time and space [15], [16], [17],[18] and [19]. This research, like many
others, employs the backbone and side-chain torsion angles representation. This is a
streamlined representation of the polypeptide chain which is based on the fact that each
type of residue needs a specific number of torsion angles to determine the three-
dimensional coordinates of all atoms.
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The protein is represented in this research as a vector of amino acids, x = (X1, X2, ...., Xm ),
where x1 = (®1(1), ¥1(1), w1(1) , x1(1) , x1(2), ..., xx(N)), X2 = (D2(1), ¥P2(1), w2(1), x2(1),
X2(2), ...; X2(N)), ..., Xm = (Pm (1), Pm (1), om (1), Xm (1), xm (2), ..., xm (N)).

The technique that has been suggested, on the other hand, treats this vector as if it were a
vector of torsion angles, denoted by xi = (x(1), X(2), ..., X(N )), where N is the total number
of torsion angles present in the protein, and where each angle (x(i)) in this vector can be
assigned a value that falls anywhere between [z, z]. As a result, the number of torsion
angles in the protein has an equivalent relationship to the length of the solution. The amino
acid consists of two components: (i) main chain angles (®, ¥, @) and (ii) side chain angles
xi=(xi(1), xi(2), ..., Xm(N)).

The main chain and the appropriate amount of side chain angles (this varies from amino
acid to amino acid) must be present for each amino acid. Therefore, this study focuses on
the vector X = (x(1), x(2), ..., X(N) ) of amino acids in the side chain, where each amino
acid is assigned a torsion angle xi(j)) in the range [—7, =].

3.1.2  Energy function

CHARMM by [20], AMBER by [21], and OPLS by [22] are only a few examples of well-
known physics-based force fields. Unfortunately, customers have a difficulty in modifying
these force field packages to work with their own algorithms [23]. Instead, many
researchers have sought an energy function that may be tailored to their own research
objectives -while still providing adequate performance in assessment studies. Therefore,
in this study, an energy function based on Simple Molecular Mechanics for Proteins
(SMMP) is employed. An up-to-date software suite for modeling proteins. This set of force
fields was initially developed by [24] and updated by [23]. The updated version is used in
this study.

Using SMMP has many advantages, first: the software just needs a single computer to run
at maximum speed and be fully exploited. Second, it is a free and available source. Third,
it is easy for users to make changes to the code and tailor it to their own requirements.
Fourth, there are no hardware specific procedures in the code. It has been tried and
examined in numerous tiny protein simulations, and it has been proven to be a useful tool
for numerical examinations of proteins [15]. Each protein molecule in SMMP is
represented by a set of internal coordinates, and the dihedral angles (®, ¥, w); this indicates
rotations around the chemical bonds in the backbone of the amino acids. In addition, the
dihedral angles Xi in the side chains are flexible. These dihedral angles describe rotations
around the chemical bonds in the side chains. When calculating the internal energy, a series
of energy minimization methods are utilized. These routines are based on the ECEPP force
field and they use two separate parameter sets (ECEPP/2 potential and ECEPP/3 potential)
respectively. SMMP utilized the following energy function in its calculations [24]:

Min f (x) = EL] + Eel + Ehb + Etors (1)
Ajj Bji
EL] - Z]>l(r iz ]) (2)
el = 332 Z]>l( i (3)
Ci D-L-]
Ehb - Z]>l(r iz T 1]0) (4)
t

EtOT'S - Zn U (1 i COS(le X (pn)) (5)
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rij refers to the distance in A between atoms i and j whereas Aij, Bij, Cij, Dij are the
empirical potential parameters. qi and gj are abbreviations for the partial charges that are
carried by atoms i and j, respectively. € stands for the dielectric constant of the
environment, and it is advised that € = 2 be used. The value 332, which can be found in
Equation 3, is the factor that is used to define the energy in kcal/mol. The energetic torsion
barrier of rotation about the bound n is denoted by the symbol Un, the multiplicity of the
torsion angle ¢n is denoted by the symbol kn.

3.2 p-Hill Climbing Optimizer for PTSP: Proposed Method

Recently, a new version of the simple local search is introduced by Al-Betar [5] for
continuous optimization benchmark functions. Its results were successful on IEEE-
CEC2005 datasets [25]. The main advantage of the S-hill climbing is its ability to explore
the wide search space regions trying to find the absolute optima. S-operator controlled by
[ parameter is used to explore the promising search space regions. Making use of the tricky
behavior of the S-operator functions, the existing solution's decision variable values are
examined to determine if they should be replaced with random values drawn from the
possible ranges for those variables.

Technically speaking, g-hill climbing algorithm begins with a tentative solution, X = (X1,
X2, ..., XN ), This tentative solution is transformed into a new nearby solution, Xr = (x",
X", ..., X" at each iteration by employing two operators: N -operator and S-operator.
While N-operator performs exploitation through the neighborhood search of a random
walk, B-operator performs exploration in a manner that is analogous to that of the uniform
mutation operator. Iteration after iteration, up until the stop condition is satisfied, a more
efficient result could be reached by using either the N-operator stage or the B -operator
stage (or both).

To make it clear, assume that the optimization problem is represented as below:
Min f (x) | x € X,

f (x) is the objective function which evaluates the solution X = (X1, X2, . . . , Xn ) which
involves a set of decision variables. Each decision variable xi € Xi is a possible value
range for each decision variable, where Xi € [LBi, UBi], and LBi is the lower bound, and
UBi is the upper bound of the decision variable xi while N is the total number of decision
variables.

An initial solution is chosen at random, and then it is subjected to an evaluation with the
help of the objective function f(x). Using an N-operator, the solution will be improved
iteration by iteration, the function improve(N (x)) will be used in conjunction with an
acceptance rule known as "random walk" [5] such that a random neighboring solution of
the current solution x is visited as follows:

X' =xi+U(0 1) XxNIi€[l,N] (6)

where 1 is a number within the feasible range [1, 2, ... , N], and i is selected at random.
The distance N between the present solution and the next-door solution is the bandwidth
parameter. [3-operator: The present solution is the N -operator neighboring solution. New
solution variables are: either assigned values that are mathematically connected to the
present solution's values , or are selected at random from the f parameter's range as follows:
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o e {xk ra <p
: x;' otherwise

where £ € [0, 1], a uniform random integer between 0 and 1 is produced by ra, and the
value of the decision variable x" is chosen at random from the interval xk Xi. The -hill
climbing pseudocode is shown in Algorithm 1.

ra generates a uniform random number between 0 and 1, and xk € Xi is randomly selected
from the possible range for the decision variable x". Algorithm 1 shows the pseudocode of
the S-hill climbing.

Algorithm 1 g-hill climbing pseudocode
1:xi=LBi+(UBi—LB))xU(0,1),vi=1,2,...,N
2: Calculate(f (x))

3:t=0

4: while (t <Max-t) do

5: x"=improve(N (X))

6 X" =x'

7 fori=1,---,Ndo

8: if (ra <p) then

9 x"=LBi+ (UBi —LBi) x U (0, 1)

10: end if

11:  endfor 12: if (f (x") <f(x) then 13: X=x"
14:  f(x)=f(x")

15: end if

16: t=t+1

17: end while

4  Experimental Results
4.1 Dataset

The algorithm has been tested on two protein sequences from the Protein Data Bank
(1PLW, or "Met-enkephalin™) and (1CRN," or "Plant Seed Protein"), respectively. Many
approaches, including the methodology provided in this study, are evaluated using these
two proteins. Although it was initially isolated from the brain's enkephalin mixture, the
short residue sequence of 5 amino acids that make "Met-enkephalin” enables it to be a
popular model. The 24 backbone and side chain angles in its five amino acids explain the
orientations of 75 atoms in the molecule. Met-enkephalin, although being a relatively small
protein, requires a highly complicated conformational space with more than 10* local
minima [26]. Met-enkephalin has been utilized extensively for testing simulation methods
due to the complexity of its configuration space. In addition, its relatively short sequence
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facilitates extensive computational research. Met-enkephalin is a standard which is used
as measurement by many computational models [27].

The second protein sequence, ‘1CRN’, has 46 amino acids consisting of 327 atoms
described by 238 independent backbone and side chain angles [9].

4.2  Experimental design

A series of experiments have been conducted with different values of the main parameters
to measure the effect of different values on the performance of the proposed g-hill climbing
algorithm. As indicated in Table 1, nine distinct parameter configurations have been
selected for this study. Each case has been examined a total of thirty times for both
benchmark protein sequences. The £ value is selected in different cases with large (i.e.,
0.10), medium (i.e., 0.05), and small (i.e., 0.01) values. Recall, £ is used to explore the
promising search space regions. When the value of f increases, there is a corresponding
increase in exploration, but there is a corresponding drop in exploitation. When 3 has a low
value, the search algorithm prioritizes efficient use of resources by prioritizing exploitation
over exploration in the early stages of the search process. On the other hand, having a big
value for g has resulted in improved exploitation during the first stage of the search.

Table 1: Cases used to evaluate the -Hill Climbing convergence ability.

Cases | g N

casel | 0.01 0.10
case2 | 0.01 0.50
case3 | 0.01 0.90
case4 | 0.05 0.10
case5 | 0.05 0.50
case6 | 0.05 0.90
case7 | 0.10 0.10
case8 | 0.10 0.50
case9 | 0.10 0.90

The N (bandwidth) is the rate at which the angles are chosen, either from the best vector
in memory with the lowest energy value, or at random. Low (i.e. 0.10), medium (i.e. 0.50),
and high amounts (i.e. 0.90) of N have all been examined. If N is set to a value of 0.10,
then the angle's value will be chosen at random from all solutions in memory with a 10%
probability, and from the best vector with a 90% probability. The number of improvised
iterations (NI) is set to N1=100,000 across all 9 cases.

4.3 Results

The energy values obtained for both 'Met-enkephalin' and 'LCRN' for each of the 9 cases
after 30 runs are presented in Table 2 -along with the best, average, and worst results as
well as the standard deviation for each case. The best individual outcomes are shown in
bold, and the best averages are denoted in italics. As indicated in Table 2, case2 and case3
have obtained the lowest energy and best results; that is because B value in both cases is
equal to 0.01, which is low, with N value equals to 0.50 and 0.90 respectively. As
previously explained, when P has a low value, the search algorithm prioritizes exploitation
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over exploration in the early stages of the search process, so case2 and case3 with N =0.90
means that the angle's value will be chosen from the best vector with a 90% probability,
which causes the best and lowest energy value.

The proposed algorithm has determined the lowest energy of Met-enkephalin from the two
versions of the ECEPP force field, ECEPP/2 and ECEPP/3 with o relaxed. However, it
outperformed the lowest energy obtained by both ECEPP/2 and ECEPP/3 with  fixed at
180. The new energy minimum for E/3x = -10.90 and for E/2x = -11.26 while the previous
best energies were: E/2n =-10.72 and E/3n =-10.90 by Zhan et al. [27].

Table 2: Results of g-Hill Climbing for 30 Runs of the 9 Cases.

Met-enkephalin 1CRN
Case best avg worst  std.dev best avg worst std.dev
Casel -998 -877 -673 100 | -150.01  -125.52 -1.68 28.81
Case2 -12.43 -10.87 -10.11 044 -204.81 -156.83 -141.42 16.85
Case3 -1243  -9.05  -7.17 137 | -15556  -115.76 89.87 56.89
Case4 -11.52  -452 -2.57 0.11 -184.85 -130.25 -52.63 31.94
Caseb -3.39 -1.4 0.11 095 | -149.95 578.61  20246.3 3715.17
Caseb6 -1241  -1155 -10.75 051 -201.65 -140.15 -103.25 16.70
Case7 -11.17  -768 -6.16  1.06 | -134.01 -54.50 518.31 129.06
Case8 413 -2.32 -1.3 0.72 | -134.47 281.35  8829.89 1645.14
Case9 -12.39 -11.15 -1059 050 | -165.41  -15431  -108.15 10.98
4.4  Comparative Analysis

Table 3 shows the results of B-Hill Climbing algorithm in comparison to some previous
studies. The proposed algorithm has obtained the best results recorded until now for the
Met-enkephalin protein- which are -12.43 for ECEPP/3 force field by Zhan et al. [27].
and -12.91 for ECEPP/2 by Zhan et al. [27], Meirovitch et al. [28], and Li and Scheraga
[26]. Moreover, the algorithm has outperformed some other previous results by
Androulakis et al. [29] and Eisenmenger et al. [23].

Table 3. The lowest energies (in kcal/mol) obtained in previous studies of Met-enkephalin
and in this study based on ECEPP/3 and ECEPP/2 force fields with o relaxed or fixed at

180°.
Source Force field Energy
Eisenmenger & Hansmann (1997) ECEPP/3 with © = 180 -10.85
Androulakis et al (1997) ECEPP/3 -11.70
Lixin Zhan (2006) ECEPP/3 -12.43
Lixin Zhan (2006) ECEPP/3 with ® = 180 -10.90
Classical HSA ECEPP/3 -11.95
B-Hill Climbing ECEPP/3 -12.43
g-Hill Climbing ECEPP/3 with o =180 -11.26
Eisenmenger&Hansmann (1997) ECEPP/2 ® =180 -10.72
Meirrovitch et. al (1994) ECEPP/2 -12.91
Lixin Zhan (2006) ECEPP/2 -12.91
Lixin Zhan (2006) ECEPP/2 ® = 180 -10.72
Eisenmenger&Hansmann (1997) ECEPP/2 ® =180 -10.72
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Meirrovitch et. al (1994) ECEPP/2 -12.91
B-Hill Climbing ECEPP/2 -12.91
p-Hill Climbing ECEPP/2 ® =180 -11.21
Table 4. The internal coordinates of the lowest energy for Met-enkephalin
p-Hill Climbing Zhan Androulaksi Eisenmenger
Torsion E/3 E3n E/3 (a) E/3 (a)n E/3 (b) E/3(b)n
Tyrl XL 17320 180.00 -173.20 59.90 -173.20 -174.20
X2 7930 9277 -100.70 94.10 -100.50 -85.20
X6 16630 180.00 13.70 -21.30 13.60 2.80
¢ -83.10  -162.92 -83.10 168.10 -83.50 -162.70
155.80  -40.62 155.80 0.90 155.80 -41.70
© -177.10  180.00 -177.10 180.00 177.20 180.00
Gly2 ® 15420 65.62 -154.20 126.80 -154.30 65.80
v 85.80  -89.02 85.50 -21.20 86.00 -87.00
© 168.50  180.00 168.50 180.00 168.50 180.00
Gly3 ¢ 83.00  -153.34 83.00 83.70 83.00 -157.30
v 7500  34.24 -75.00 -61.60 -75.10 34.90
® -170.00  180.00 -170.00 180.00 -169.90 180.00
Phe4 xL 5390 5221 58.90 58.60 58.80 52.40
X2 9450  -97.06 -85.50 92.90 -85.50 -96.00
¢ -136.80 -155.95 -136.80 -128.20 -136.90 -158.80
1910  160.10 19.10 18.80 19.10 159.50
® -174.10  180.00 -174.10 180.00 -174.10 180.00
Met5 XL 5200  -66.82 52.90 55.70 52.90 -66.10
X2 17530  -180.00 175.30 -178.60 175.30 -179.60
X3 18010  180.00 -179.90 177.00 -179.90 -179.90
X4 5860  180.00 -178.60 -179.30 -178.60 60.10
¢ -163.40 -79.33 -163.40 -162.10 -163.40 -82.40
v 160.80  129.64 160.80 7.50 160.80 134.10
® 180.00  180.00 -179.80 180.00 -179.80 180.00
Energy (kcal/mol)  -12.43  -11.26 -12.43 -10.90 -11.71 -10.85

The internal coordinates of the lowest energy for the Met-enkephalin protein found in this
study (columns 3&4), Zhan study (columns 5&6), Androulaksi study (column 7), and the
& Hansmann study (column 8) are shown in Table 4. The label E/3 denotes the
configurations obtained using ECEPP/3 force field. As indicated in Tables 3 and 4, the
lowest energies that have been obtained in this paper match the previous best results
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exactly for both ECEPP/3 and ECEPP/2 force fields while it outperformed the lowest
energy using the ECEPP/3 and ECEPP/2 force fields with o fixed at 180°.

5 Conclusion

In this paper, the problem of predicting the protein tertiary structure from its sequence is
considered. The Iterated Local Search (ILS) of the B- hill climbing Algorithm is used to
find the local optimal solution within the search space after modelling protein tertiary
structure prediction problem- as an optimization of an objective function. The proposed
algorithm has solved this problem successfully. A series of experiments has been
conducted to measure the influence of different parameters and operators on the
convergence of - hill climbing Algorithm.

The experimental results of two different proteins have showed that B- hill climbing
Algorithm is able to obtain good results and can determine the lowest energy of Met-
enkephalin from the ECEPP/3 force field. With the peptide dihedral angles o relaxed,
while it outperforms the lowest energy recorded for the ECEPP/3 force field with o fixed
at 180° the new energy recorded is -11.26 while the previous lowest energy was -10.90.
One avenue for future research is to hybridize our proposed algorithm with other
population-based metaheuristic algorithms, and another avenue is to try other beta
operators such as self-adaptive mutation. Moreover, more benchmarks can be investigated
to further test the performance of the proposed algorithm.
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