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ABSTRACT
Memetic Algorithms are intrinsically concerned with exploit-
ing all available knowledge about the problem under study.
The incorporation of problem domain knowledge is not an
optional mechanism, but a fundamental feature of the MAs.
In this paper we present a Memetic Algorithm to tackle the
three dimension protein structure prediction problem. The
algorithm uses a structured population and incorporates a
simulated annealing algorithm as a local search strategy.
The algorithms takes advantage of the knowledge stored in
the PDB. The algorithm was tested on six proteins and re-
sults show its ability to predict good tertiary structures.
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1. INTRODUCTION
Proteins are large biological macromolecules composed by

one or more chains of amino acid residues [3]. The three-
dimensional structure of a protein gives researchers very im-
portant information about the function of the protein in the
cell [3]. The prediction of the 3-D structure of polypeptides
based only on the amino acid sequence is NP-complete [2],
and it is a problem that has challenged biochemists, biolo-
gists, computer scientists and mathematicians over the last
40 years [1]. In this work, we propose a memetic algorithm
that uses a population of thirteen agents with a hierarchical
structure. It also incorporates the information stored in the
Protein Data Bank to reduce the search space. The perfor-
mance of the algorithm is evaluated using six target protein
sequences of amino acids residues.

2. PROPOSED MEMETIC ALGORITHM
In order to tackle the 3D-PSP problem we designed a

memetic algorithm [4] that uses a structured population and
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incorporates a Simulates Annealing implementation of the
local search strategy (Alg.1).

Algorithm 1 Pseudocode of the Memetic algorithm

Input: timemax: time to run, S: aminoacid sequence
Output: solbest: best solution found

//Generate random initial population
1: pop← initialPopulation(S)
2: pop← updatePopulation(pop)
3: solbest ← pop[0].pock[0]; gen← 0
4: count← 0; radio← 90
5: repeat
6: for each agenti, i = 1 : 12 do
7: par1 = pop[b(i− 1)/3c].pock[rand(1 : 5)]
8: par2 = pop[i].pock[rand(1 : 5)];
9: pop[i].cur ← crossover(par1, par2)

10: end for
11: for i = 1 : 12 do
12: pop[i].cur ← localSearchSA(pop[i].cur, radio)
13: pop[i].cur ←mutation(pop[i].cur)
14: end for
15: radio = radio− 1
16: pop← updatePopulation(pop) //Restart control
17: if solbest >= pop[0].pock[0] then
18: count + +
19: else
20: count← 0
21: solbest ← pop[0].pock[0]
22: end if
23: if count == noImprovement then
24: pop← restartPopulation(pop)
25: end if
26: until maxtime
27: return solbest

3. COMPUTATIONAL EXPERIMENTS
The memetic algorithm was coded using AmberTools 14.

We used the energy AMBER potential energy function. The
algorithm was ran ten times for 24 hours for each one of six
protein sequences: 2EVQ (12 res.), 1K43 (14 res.), 1DEP
(15 res.), 1E0Q (17 res.), 1RPV (19 res.) and 1L2Y (20
res.). The algorithm reaches low energy values while at the
same time reaches good solutions in terms of RMSD. Figure
1 shows an example of the convergence of the algorithm for
the best solution and the average of the population. It is
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Figure 1: Convergence of the MA for one run on protein
1RPV. Picks show a restart of the population

possible to see every time that a restart procedure is per-
formed and its contribution to improve the overall solution
quality. The same behaviour occurs when the APL is not
used. In order to measure the contribution of the use of
the APL, we modify the MA to instead of selecting angles
from the APL, they are randomly generated. The results
are shown in Table 1 and Table 2 . Both algorithm con-
verge to similar energies, but the algorithm using APL also
reaches solutions with better RMSD. It shows that select-
ing angles from the APL guides the algorithm to a more
correct solutions. The p-values computed using a Wilcoxon
test, indicates that the difference between the results of both
algorithms are statistically significant (Table 2).

Although the use of energy as a fitness function is a com-
mon place in the 3D-PSP, it does not guarantee that the
best energy solution will have the best RMSD when compare
with the experimental protein. The quality of the predicted
structures were evaluated by similarity comparisons with the
structures of the experimental proteins obtained from the
PDB. Quality measurements have been made in terms of
the root mean square deviation (RMSD) between the posi-
tion of the Cα atoms of the predicted and the experimental
structures. In Figure 2 we show the ribbons representation
of three resulting proteins.

Table 1: Best solution found by the memetic algorithm using
APL.

Protein
APL

Energy RMSD
2EVQ -94.2 (-70.2 ±14.7) 3.58 (2.87 ±0.84)
1K43 -558.6 (-515.2 ±36.4) 2.50 (2.71 ±0.83)
1DEP -304.2 (-272.7 ±24.4) 1.43 (1.03 ±0.44)
1E0Q -280.9 (-236.7 ±32.2) 7.08 (4.77 ±2.10)
1RPV -1027.9 (-937.3 ±76.9) 2.15 (1.88 ±0.46)
1L2Y -261.9 (-225.7 ±32.4) 5.43 (4.04 ±1.10)

(a) 2EVQ (b) 1K43 (c)
1DEP

Figure 2: Ribbon representation of the experimental (red),
lowest RMSD (blue) and predicted (green) 3-D structures.
The Cα of the experimental and the predicted 3-D structure
are fitted. Amino acid side chains are not shown for clarity.
Graphic representation was prepared with PYMOL.

Table 2: Best solution found by the memetic algorithm with-
out the use of APL

Protein
No APL p-value

Energy RMSD Energy RMSD

2EVQ -92.6 (-40.8 ±39.7) 3.76 (2.76 ±1.05) 8.398−2 4.922−1

1K43 -447.8 (-405.0 ±29.1) 5.05 (4.77 ±1.23) 1.953−3 1.953−3

1DEP -377.3 (-239.2 ±102.3) 4.12 (4.28 ±0.46) 3.750−1 5.889−3

1E0Q -141.2 (-49.4 ±59.0) 5.04 (5.41 ±1.16) 1.953−3 4.922−1

1RPV -1075.1 (-947.3 ±58.4) 5.66 (5.66 ±0.56) 5.566−1 1.953−3

1L2Y -187.4 (-23.8 ±86.0) 5.01 (5.39 ±0.59) 1.953−3 9.766−3

4. CONCLUSION
In this paper, we introduced a novel search strategy for the

PSP problem. The search strategy is based on a memetic al-
gorithm that incorporates in the search process the informa-
tion extracted from the PDB data, by a Angles Probablity
List. Results showed that the proposed algorithm is able to
find good solutions in terms of Energy and also in terms of
RMSD when compared to the experimental structure. Addi-
tionally, results of the computational experiments show the
contribution of the incorporation of the APL in the algo-
rithm, since it allows the algorithm to reach solutions more
similar to the experimental ones.
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