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Abstract

Protein design is a problem that can be use-
ful in different areas like the understanding
of some diseases or the production of biofu-
els. Answer set programming is a very recent
approach to declarative problem solving. The
goal of this work is to solve the protein design
problem using answer set programming.

This paper presents an answer set program-
ming implementation to solve the protein de-
sign problem. The protein design problem con-
sist in determining the amino acids to form a
specific protein. In this work, three dead-end
elimination algorithms were implemented. Re-
sults showed that the solving time of the ASP
approach increases exponentially with the in-
crease of the number of rotamers considered.

1 Introduction

Proteins are biochemical compounds that take
an important role in living cells. There are
many different types of proteins each having a
different function in the world. Some of the
proteins types are enzymes, antibodies, struc-
tural components, receptors and transporters.
The function of a protein is determined by its
structure and therefore it is important to de-
termine the best protein structure for a specific
function.

There are many problems related to pro-
teins. Some of these problems are structure
prediction, protein design, energy calculation
and mutation prediction. In this work we will
focus on the protein design problem. The pro-
tein design problem consists in determining the
best components of a protein for a given pro-
tein structure. This way it is possible to design
the best protein for a specific function given
that the function of a protein greatly depends
on its structure.

The goal of this work is to develop a pro-
gram that solves the protein design problem
using answer set programming. Answer Set
Programming (ASP)[1, 2] is a very recent ap-
proach to declarative problem solving. Diffi-
cult search problems, like protein design prob-
lems, can be solved using ASP.

2 Proteins

Proteins have a very important role in life.
Each protein has a different function in the
world. Some of the proteins types are en-
zymes, antibodies, structural components, etc.
Proteins are biological compounds that are
formed by a sequence of amino acids, also
called residues. The sequence of amino acids in
a protein defines the three-dimensional struc-
ture into which the protein folds and this struc-
ture is called the backbone. Each protein has
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Figure 1: Amino Acid Structure

a specific function and that function greatly
depends on its structure.

There are 20 essential amino acids. Each
amino acid has an amine and a carboxyl func-
tional group that are common to every amino
acid and a side-chain that varies. The side-
chain is specific for each amino acid, varying
in physical properties. Figure 11 illustrates the
general structure of an amino acid.

The side-chain of an amino acid can have
up to four dihedral angles, χ1, χ2, χ3 and χ4.
A dihedral angle is measured on a sequence of
four atoms where the first three atoms form
a plan and the last three atoms form another
plan. Not all amino acids have the four degrees
of freedom.

Each conformation of the side-chain of an
amino acid is called a rotamer[3, 4]. There are
infinite conformations, or rotamers, for each
amino acid side-chain since the dihedral an-
gles can be given with arbitrary precision. It
is commonly considered only a representative
discrete set of dihedral angles and this set is
determined by a statistical analysis of the con-
formations that occur in nature[5].

2.1 Protein Design

Each protein has a specific function that is
greatly determined by its structure. Predict-
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ing the sequence of amino acids that form a
protein with a specific function can be very
useful in different areas such as therapeutics,
treatment of diseases, the digestive process of
animals or even the production of biofuels.

The protein design problem consists in de-
termining a set of amino acids and respective
side-chain conformations to form a protein.
The set of amino acids of the protein folds into
a well-defined three-dimensional structure[6].
It is relevant to design a protein for a spe-
cific function, i.e., determining the set of amino
acids that folds into a specific structure.

Many computational methods have been de-
veloped to solve the protein design problem[4,
6, 7, 8, 9]. The objective of protein design is
to determine the set of amino acids that folds
into a defined backbone structure minimizing
the energy of the protein. In the protein design
problem is common to keep the backbone of
the protein fixed and determine the best side-
chain conformation of each amino acid. So the
structure of the protein, the amine and the
carboxyl groups of each amino acid are fixed
and given as input. The problem therefore be-
comes to determine the set of rotamers that
minimizes the total energy of a protein, i.e.,
identify the global minimum energy conforma-
tion (GMEC). Hence, protein design becomes
an optimization problem.

The energy of a protein can be given by the
sum of the energy of the backbone, the inter-
action energy between two rotamers at differ-
ent positions and the interaction energy be-
tween each rotamer and the backbone of the
protein[10]. Given that it is common to keep
the backbone fixed, the term related to the en-
ergy of the backbone becomes irrelevant for the
optimization problem and the energy function
can be expressed as[11]:

E =
∑
i

E (r(i)) +
∑
i

∑
j,j<i

E (r(i), r(j))

where E (r(i)) is the energy of the interaction
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between the rotamer r(i) at position i and the
backbone of the protein, and E (r(i), r(j)) is
the energy of the interaction between rotamer
r(i) at position i and rotamer r(j) at position
j.

The protein design problem, which is NP-
hard [12], has an enormous solution space.
Many approaches have been developed to ob-
tain the optimal or near optimal solutions for
the protein design problem. These approaches
use different methods such as the Monte Carlo
search algorithm[7], dead-end elimination[8,
13], genetic algorithms[6, 14] and the branch-
and-terminate algorithm[9].

In the recent past have been developed pro-
grams that are related to the protein design
problem, like SCWRL4[15], SHARPEN[16],
Rosetta[17] and ProtSAT[10]. SCWRL4[15]
is a program used for prediction of protein
side-chain conformations. SHARPEN[16] is
a scalable distribution of an open-source li-
brary for protein design and structure pre-
diction. Rosetta[17] is a well known open-
source program that can be used in several
areas like structure prediction and protein de-
sign. ProtSAT[10] is a SAT-based program for
protein design.

3 Answer Set Programming

Answer Set Programming (ASP) is an ap-
proach to declarative problem solving[1, 2].
ASP is commonly applied to difficult, NP-
Hard, search problem. The idea is to create a
program that is the definition of the problem,
the constraints and facts, instead of creating a
program that is an algorithm to solve the prob-
lem. Knowledge representation and nonmono-
tonic reasoning, logic programming with nega-
tion, databases and Boolean constraint solv-
ing are the roots of ASP[18]. In the ASP ap-
proach, a problem is solved by representing the
problem as a logic program such that the so-

Figure 2: General solving process

lutions of the program correspond to the solu-
tions of the problem. An ASP solver can then
be applied to the logic program to compute
(i.e. search for) the solutions.

An ASP program[19] is a set of rules. A rule
is a representation of some knowledge. ASP
programs can have several answer sets. An an-
swer set[19, 20, 21], or stable model, of a logic
program is a set of literals that satisfies all the
rules of the program, i.e., that make all the
rules of the program true.

Most ASP solvers use grounders as front-
end. A grounder is a tool that for a given log-
ical program computes an equivalent variable-
free version of the program (a ground pro-
gram), i.e., replaces the variables in the rules
with all possible instantiations. The grounders
lparse2 and gringo3 are the most commonly
used grounders for ASP. Figure 2 shows the
general process of solving an ASP program,
i.e., shows the input (logic program) accepted
by the grounder which gives its results to the
solver and the solver outputs the answer sets
of the input program.

Answer set programming can be applied not
only to decision problems but also to optimiza-
tion problems. There are two functions in ASP
for optimization problems: minimize and max-
imize. It is possible to compute the optimal
solution, if there is one, applying ASP to op-
timizations problems. If the problem does not

2http://www.tcs.hut.fi/Software/smodels/
3http://potassco.sourceforge.net/
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have a solution, then the information that the
program is unsatisfiable is returned. ASP can
also be applied to multi-criteria optimization
problems[22].

The input languages of lparse and gringo,
the two grounders mentioned before, are very
similar to the Prolog4 language. In ASP it is
common to used predicates. The arguments of
a predicate can start with capitalized letters
or lower letters. Arguments starting with cap-
italized letters mean that they are not instan-
tiated. Arguments starting with lower letters
mean that they are instantiated with objects of
the world. ASP is considered a closed world,
i.e., only the known facts are considered to be
true and only the objects that appear in some
fact are considered to exist. Everything else is
considered to be false or do not exist.

There are several Answer Set Programming
solvers. In this work we used clasp[23, 18]. As
ASP grounder we used gringo.

4 Implementation

Two approaches were developed to solve the
protein design problem. The protein design
problem consists in determining the set of
amino acids and respective side-chain that
form a protein with a specific function, min-
imizing the total energy of the protein. In our
case we made a simplification to the problem.
It is considered that the backbone of the pro-
tein is fixed and only the side-chains are de-
signed. It is also considered only a discrete
set of rotamers using the Dunbrack Backbone-
Dependent Rotamer Library[24]. These ro-
tamers are given as input. For the energies is
used the source code of Rosetta[17] to compute
the score of the interactions between each pos-
sible rotamer and the backbone and the inter-
actions between each pair of rotamers at differ-
ent positions. The positions to design are also

4http://www.swi-prolog.org/

given as input, therefore it is possible to design
the entire protein or only a subset of specific
positions. Figure 3 illustrates the considered
protein design problem.

In a first approach was developed an ASP
program to determine the optimal set of ro-
tamers for a given protein. The program takes
as input the backbone positions of the protein
to design, the residues of each position and the
energy values of all rotamers considered using
the score function of Rosetta and the rotamer
library mentioned before. The program pro-
duces as output a side-chain conformation for
each protein position designed. In this first ap-
proach, only a side-chain prediction is made,
i.e., the backbone of the given protein is kept
fixed and the residues (or amino acids) of the
protein received by the protein backbone are
kept fixed as well. Only the best set of ro-
tamers is determined.

The second approach to the problem is sim-
ilar to the first approach. The difference be-
tween the two approaches is that the second
one does not keep the residues fixed. The back-
bone of the protein given as input is fixed and
the amino acids and respective side-chains are
flexible. The objective is to determine the set
of amino acids and respective side-chain that
minimize the total energy of the protein.

Two codifications of the problem were de-
veloped: a simple codification and codification
with two optimization criteria. The first cod-
ification is very simple and the set of rules of
the program represents the problem as it was
described. In a first phase we created the pred-
icates to represent the information of the prob-
lem. Then the rules to represent the problem
restrictions were implemented, for example, a
rule that says that each position of the pro-
tein must have exactly one amino acid. Finally,
the optimization rule was implemented, which
minimizes the total energy of the solution.

In the second codification we modified the
predicates used so that the negative energies
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Figure 3: Schema of the problem

of the interactions are represented with differ-
ent predicates. The idea of this approach is
to use a multi-criteria optimization. In these
new predicates the energies have the absolute
value once the information about being a neg-
ative energy is in the name of the predicate.
This way we can have two optimization crite-
ria: minimize the positive energy values and
maximize the negative energy values. In this
approach the two optimization criteria have
the exact same priority so that the optimal so-
lution can be found.

Besides the two codifications of the problem,
were implemented three dead-end elimination
algorithms. The dead-end elimination (DEE)
method consists in eliminating the rotamers
that cannot belong to the optimal solution[8,
13]. Three algorithms were implemented :
Original DEE[25], Simple Goldstein[25, 8] and
Simple Split[25, 8]. The three algorithms were
implemented using Java. The Original DEE
algorithm was also implemented using ASP.

5 Results

To test the DEE algorithms implemented and
the codifications made to solve the protein de-

sign problem we used 10 proteins. The Pro-
tein Data Bank (PDB) id5 of the proteins are:
1MFG, 1BE9, 2GZV, 2EGN, 2FNE, 1RZX,
1N7F, 1QAU, 1TP3 and 1I92. To restrict the
input information data in order to understand
the capacities of the codifications made, only a
subset of positions were designed for each pro-
tein. We choose to design, for each protein, 17,
15, 12 and 10 positions. The chosen positions
are positions with a low solvent accessibility,
i.e., positions near the core of the protein where
most of the amino acids are hydrophobic[14].
For each set of positions we decided to con-
sider three sets of amino acids. For the first
approach where only the side-chain conforma-
tions are determined, the amino acids of each
position are given as input. For the second ap-
proach where not only the side-chain but also
the amino acids of each position must be de-
termined, we consider two sets of amino acids:
the 20 essential amino acids; and only the hy-
drophobic amino acids.

For each protein, the PDB files were ex-
tracted from the Protein Data Bank. We used
an adapted source code of Rosetta[17] to com-
pute the discrete set of possible rotamers given

5http://www.pdb.org
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the PDB file of each protein and respective po-
sitions to be designed. Rosetta was also used
to compute all the necessary energy interaction
scores.

Regarding the results of the Original DEE
algorithm, the Java approach is better than
the ASP approach. The results also showed
that in some cases the Simple Split algorithm
is faster than the Original DEE algorithm im-
plemented using ASP. The Original DEE algo-
rithm eliminates on average 11,93% of the ro-
tamers. The Simple Split algorithm eliminates
62,52% of the rotamers on average.

In the problem codifications tests we used
the rotamers and interactions of each protein
with and without using a DEE algorithm first.
In other words, we tested the codifications us-
ing the possible rotamers given by Rosetta and
also tested the codifications using the result
of applying the Simple Split algorithm to the
original rotamers. We choose to use the Simple
Split algorithm because it is the most power-
ful, i.e., is the algorithm that eliminates the
largest number of rotamers.

For the instances designing 17 positions only
for the approach in which the backbone of
the protein is kept fixed, i.e., the amino acids
in each position are given as input, were
computed the optimal solutions. The results
showed that both codifications, the simple and
the double optimization, do not differ much.
It also showed that using the DEE algorithm
first, as it decreases the number of rotamers,
allows to solve a larger number of instances.
For the instances that are solved without DEE
we can see that using DEE does not increase
significantly the total time.

There are 120 instances (12 for each of the 10
proteins). Of these 120 instances, 40 consider
the 20 essential amino acids, other 40 consider
only hydrophobic amino acids and the remain-
ing 40 consider the amino acids given as in-
put. Table 5 shows the percentage of solved
instances with and without using the Simple

Amino Without With
Acids DEE DEE

All 0%(0/40) 0%(0/40)

Hydrophobic 0%(0/40) 70%(28/40)

Fixed 100%(40/40) 100%(40/40)

Table 1: Percentage of Solved Instances
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Figure 4: Graphs of Simple Codification Re-
sults

Split DEE algorithm.

Figure 4 shows the relation between the
number of rotamers and the time required to
compute the optimal solution. The time scale
is logarithmic in order to better illustrate the
results. It is possible to verify that the time
increases exponentially with the number of ro-
tamers given as input. Also, figure 4 shows
that above around 110 rotamers is not possi-
ble to compute the optimal solution under 3
hours (the limit imposed).

6 Conclusion

The main goal of this work was to verify the
capacity of answer set programming when ap-
plied to the protein design problem.

Our work has two main differences from the
existent tools. First, our approach guarantees
the optimal solution for the given input infor-
mation. Most of the existent tools do not guar-
antee the optimality of the solution. Second,
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our approach uses ASP, a language never used
before to solve the protein design problem.

In this work were developed two codifica-
tions for the protein design problem. The
two approaches do not differ much regard-
ing the number of solutions and the solving
time. We also implemented dead-end elimina-
tion methods[8, 13] using ASP and Java.

With this work we can conclude that ASP is
not very good when there is a large amount of
input rotamers. Results showed that for more
than around 110 rotamers no solution is given
to the protein design problem (see figure 4). In
figure 4 it is possible to verify that the solving
time of ASP increases exponentially with the
increasing of the number of rotamers.

Moreover, the results showed that the im-
plementation of the Original DEE algorithm in
ASP for a larger number of rotamers is worse
than the implementation in Java of the same
algorithm. In some cases, the Simple Split al-
gorithm, which is more powerful than the Orig-
inal DEE algorithm, if implemented in Java is
faster than the Original DEE algorithm imple-
mented in ASP.

However, it is also possible to conclude that,
for a small number of rotamers, ASP is very
fast. In the codifications of the protein de-
sign problem, results showed that for less 50
rotamers, it takes less than one second to com-
pute the optimal solution. Regarding the Orig-
inal DEE algorithm implemented, it is possible
to see that for a small number of rotamers ASP
is faster than Java.

ASP can be very good with search and op-
timization problems with a small amount of
input information. When applied to the pro-
tein design problem, as it has a large amount
of information regarding interactions between
rotamers, ASP may not be the best approach.
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