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Protein is fundamental for life and thus protein design has been one of the hottest research issues since a couple of
decades ago and computational approach has been developed with some significant design cases with experimental
verification. One of the fundamental building blocks of computational protein design is to predict side-chain conformation
of backbone structure. This paper first reviews prior efforts of computationally predicting sidechains of a given backbone
and then reviews computational protein design efforts based on side-chain prediction. The paper views computational
protein design problem as three categories: Redesign, De novo design of Type I, and De novo design of Type II. Some wellknown computer programs and algorithms related with computational protein design are also reviewed.

INTRODUCTION
Life functions via protein structure where its molecular shape
or geometry plays one of the most fundamental roles. Being
a linear sequence of amino acids of twenty types, the primary
determinant of molecular shape is the type of each amino acid
because the interactions between side-chains and between sidechains and backbone determine the conformation.
The prediction of protein structure from an amino acid
sequence is known as protein folding problem which is one of
the most fundamental, attracted, and challenging research issues
in computational biology. Folding problem is known NP-hard in
computational term which practically means that the problem is
extremely hard, infeasible in principle, to computationally find the
optimal solution for a protein of moderate size with contemporary
mathematical and computational capability. Once folding problem
is well-understood, it might be possible to understand protein
function from the predicted structure of a given sequence.
Consider an inverse problem: Given a target structure, predict the
amino acid sequence that shall fold into the target structure. This
problem is called protein design problem and is not easier, in fact
much harder, than folding problem because it contains folding
problem. Consider a third problem: Given a fixed backbone
structure (i.e., the coordinate of atoms in the backbone is
determined) of a fixed amino acid sequence, predict the optimal
conformation of the side-chains of all amino acids. This problem
is called side-chain prediction problem, SCP-problem in short.
“P” sometimes translates to “positioning” or “placement” and
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the problem is also sometimes called the side-chain “modeling,”
“optimization,” “selection,” or “packing” problem. The optimality
is defined by the minimum potential energy of the structure
determined by the conformation of all side-chains where the
energy is given as a function of empirical forces such as the van
der Waals, electrostatic, hydrogen bonding forces, etc. It is known
that the SCP-problem itself is already NP-hard. Folding problem,
and thus protein design problem as well, is usually regarded to
contain SCP-problem as a subproblem.
From computational theory point of view, the NP-hardness of
a problem implies that there does not exist an efficient algorithm,
a polynomial time algorithm in practice, for correctly solving the
problem. Therefore, an ordinary approach to NP-hard problems
is to devise heuristics in that an efficient search of solution space
to find a good solution, instead of finding an optimal or correct
solution, is of primary concern. Therefore, a heuristic approach
is inevitable for both the SCP-problem and protein design
problem. Most prior heuristic approaches to protein structure
problems begin with the empirical observation that the energetics
of protein structure can be explained by decomposing it with
the interactions between side-chains and between side-chains
and backbone. In other words, two-body interaction is a good
approximation of the nature of this problem.
This paper reviews computational methods for solving the
SCP-problem and protein design problem. We admit that this
review is rather limited from biological point of view because our
main research interest and background are mathematical and
computational. The predictions produced by such computational
methods should be accompanied by the verification and
validation through wet lab experiments. Section 2 reviews rotamer
library which is the basis for the SCP-problem and computational
protein design problem. Section 3 reviews the SCP-problem and
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Section 4 the computational protein design problem.

ROTAMER LIBRARY

Chandrasekran and Ramachandran counted rotamers in the three
protein structures available (Chandrasekaran and Ramachandran,
1970). Janin et al. showed that determined protein structures
clustered certain χ-angles for many amino acids (Janin et al.,
1978). James and Sielecki showed that the distributions of χ1
and χ2 angles were more focused than previously observed by

Protein structure is determined by fixing dihedral angles at
rotational bonds. While each dihedral angle can take any value
from 0 to 360 degrees in theory, there is a range of dihedral
angles that each rotational bond prefers in determined protein
analyzing five high resolution enzyme structures (James and
structures from statistical point of view. A backbone structure
Sielecki, 1983). In 1987, Ponder and Richards derived the first
is determined by two types of dihedral angles, φ and ψ, at each
rotamer library, say PR87, consisting of 67 rotamers derived from
alpha-carbon Cα and a side-chain structure is determined by
19 well-solved protein crystal structures (Ponder and Richards,
dihedral angles denoted by χ. A side-chain may have zero to four
1987). Each amino acid is associated with a set of rotamers
dihedral angles. For example, alanine and glycine have no side(except alanine and glycine because their side-chains do not have
chain dihedral angles and thus their side-chains have no degreeany degrees of freedom) and the set of the 18 sets of rotamers
of-freedom contributing to structure; Cystein has one side-chain
for the 18 types of amino acids is called the rotamer library. A
dihedral angle; Asparagine has two dihedral angles; Glutamine
rotamer library is usually derived by statistical analysis of the sidehas three dihedral angles; Arginine has four dihedral angles and
chain conformations observed in the solved protein structures in
thus its side-chain has a great contribution to protein structure.
Protein Data Bank (PDB) (Dunbrack Jr., 2002; Dunbrack Jr. and
A rotamer (rotational isomer) is a single conformation of sideKarplus, 1993, 1994; Kono, 2009).
chain and a rotamer library is a collection of rotamers for each
Since the first one, PR87, a number of rotamer libraries
residue type (Dunbrack Jr., 2002). A rotamer is usually defined
were reported roughly categorized into three major groups
as a combination of frequently observed dihedral angles. The
(Dunbrack Jr., 2002; Park et al., 2004): backbone-independent,
concept of rotamer can be considered as an extension of the
backbone-dependent, and secondary structure-dependent.
seminal work of Ramachandran and colleague in 1965 on the
A backbone independent library does not take account for
backbone conformation in that some regions of the map are
backbone conformation in the library definition. PR87 belongs
Figure 1 shows examples for rotamer instances of DCindep97. Figure 1(a) through
usually avoided (Ramakrishnan and Ramachandran, 1965) and
to this category. Dunbrack and Cohen reported one of the most
(d) are the chemical formulae for cystein, asparagine, glutamine, and arginine, Figpopular backbone-independent one, DCindep97,
ure 1(e) through (h) stick models with rotatable bonds, and Figure 1(i) through (l)
consisting of 341 rotamers from 518 chains with
the collection of rotamer instances, respectively.
≤2.0Å resolution using the Bayesian statistical
analysis (Dunbrack Jr. and Cohen, 1997) (later
updated in 2002).
Figure 1 shows examples for rotamer instances of
DCindep97. Figure 1(a) through (d) are the chemical
formulae for cystein, asparagine, glutamine, and
arginine, Figure 1(e) through (h) stick models with
rotatable bonds, and Figure 1(i) through (l) the
collection of rotamer instances, respectively.
A backbone-dependent library takes into
account
for the backbone structures in the library
(a)
(b)
(c)
(d)
definition. McGregor et al. observed the possibility
of correlation between rotamer preferences and
secondary structures (McGregor et al., 1987) and
Schrauber et al. observed large deviation (for both
energetic and geometric aspects) from rotamer
values of PR87 and attempted to extend PR87
based on 20 degree granularity of χ1 and χ2 angles
(Schrauber et al., 1993). Dunbrack and Karplus
(e)
(f)
(g)
(h)

(i)

(j)

(k)

(l)

Fig. 1. Example of rotamer instances in DCindep97. Hydrogens are removed.: (a), (b), (c),
and (d): the chemical formulae for cystein, asparagine, glutamine, and arginine; (e), (f), (g),
and (h): the respective stick models with rotatable bonds; (i), (j), (k), and (l): the respective
collection
bdjn
.org of rotamers.

A backbone-dependent library takes into account for the backbone structures in

FIGURE 1 I Example of rotamer instances in DCindep97.
Hydrogens are removed.: (a), (b), (c), and (d): the
chemical formulae for cystein, asparagine, glutamine,
and arginine; (e), (f), (g), and (h): the respective stick
models with rotatable bonds; (i), (j), (k), and (l): the
respective collection of rotamers.
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observed a stronger correlation between rotamer preferences and
backbone angles and first devised the most popular backbonedependent library, DK93, from 132 chains in 126 structures with
≤2.0Å resolution (Dunbrack Jr. and Karplus, 1993). Backbone
angles φ and ψ are divided into 20 degree by 20 degree blocks.
Dunbrack and Cohen (1997) later extended DK93 to DCdep97,
consisting of 466,829 rotamers, by the Bayesian analysis of
the crystal structures of 850 chains with ≤1.7Å resolution with
10 degree by 10 degree granularity blocks. It seems that a
backbone-dependent library can produce a solution of better
quality and thus is more popular. Secondary structure dependent
library reflects the secondary structures but seems less popular.
Good reviews on rotamer library are available (Pupo and Moreno,
2009; Dunbrack Jr., 2002). Pupo and Moreno suggests that the one
proposed by Xiang and Honig (Xiang and Honig, 2001) might be
the best. Studies for better using rotamers are continuing (Harder et
al., 2010; Scouras and Daggett, 2011; Shapovalov and Dunbrack
Jr., 2011; Bhuyan and Gao, 2011; Alexander et al., 2013).

SCP-PROBLEM
Given a rotamer library, the SCP-problem can be regarded as
a problem of optimally assigning a rotamer at each residue
from a rotamer library on the fixed backbone so that the total
energy E of a predicted structure is minimal among all possible
combinations of rotamers at all residues. Backbone coordinates
are not modified during the solution process. Let B and Σ denote
the backbone and the side-chains, respectively. Then, E to be
minimized consists of two terms as follows:

where EBΣ is the energy between B and the side-chain of each
residue in Σ and EΣΣ is the energy between the side-chain σi Σ
and another side-chain σj Σ, i≠j (Desmet et al., 1992). In theory,
E consists of self-energy, the energy of pair-wise combinations,
that of triplet-wise combinations, and so on, among backbone
and all side-chains. Hence, in principle, the true SCP-problem
is to solve a minimization problem of all possible N-body
interactions (Hopfinger, 1973; Maranas and Floudas, 1994) which
is inapproximable (Chazelle et al., 2004b) (i.e., it is unlikely that
there exists a polynomial time algorithm that can guarantee a
good approximated solution of the problem). Thus, this problem
cannot be solved correctly with current computing technology
even with an empirical force field (Petrella et al., 1998; Samudrala
and Moult, 1998a; Xiang and Honig, 2001).
Fortunately, it turns out that modeling the SCP-problem as a
collection of 2-body problems suffices from both practical and
empirical point of view (Hopfinger, 1973). Consider the van der
Waals interaction between non-bonded atoms is the only force
in the system and is modeled by the (12-6) Lennard-Jones form
(Holm and Sander, 1992; Eriksson et al., 2001; Kingsford, 2005;
Kingsford et al., 2005). Then, the 2-body interaction formulation
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of Eq. (1) is given as

where σ is a side-chain of a residues and dij is the Euclidean
distance between the centers of a pair of atoms ai and aj . Aij
and Bij are parameters of a force field such as AMBER (Assisted
Model Building with Energy Refinement) (Cornell et al., 1995) or
CHARMM (Chemistry at HARvard Macromolecular Mechanics)
(Brooks et al., 1983) that depend on atom types. Once rotamers
are assigned at all residues, dij’s are determined between each
pair of atoms, one from a rotamer and the other from either
another rotamer or backbone, and so is the corresponding
energy. If it is necessary, other forces such as electrostatic force
and hydrogen bonding energy can be similarly incorporated.
Each of the backbone and side-chains has its own potential
energy called self-energy which is regarded as constant and
thus can be eliminated from formulation. The NP-hardness of
the SCP-problem is proved by reducing the satisfiability problem
(Pierce and Winfree, 2002) or the unconstrained quadratic 0-1
programming problem (Fung et al., 2005) to the decision problem
of the SCP-problem. Without the use of rotamer library, the SCPproblem should become a nonlinear programming problem in a
high-dimensional continuous space and is much harder than its
already hard integer linear programming (ILP) counterpart of the
problem. The SCP-problem has many important applications:
homology modeling (Bower et al., 1997; Petrey et al., 2003;
Xiang and Honig, 2001; Dunbrack Jr. and Karplus, 1993), protein
folding (Xiang and Honig, 2001; Bower et al., 1997), NMR (Nuclear
magnetic resonance) and X-ray structure refinement (Kuszewski
et al., 1995), protein design (Dahiyat and Mayo, 1996), etc.

Mathematical programming approach
The view of Eq. (2) allows the SCP-problem to be formulated as
a mathematical optimization problem known as an integer linear
programming (ILP) problem as follows (Eriksson et al., 2001; Fung
et al., 2005; Kingsford et al., 2005; Zhu, 2007).

Subject to
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where n represents the number of residues and mi the number
of rotamers at the i-th residue. Eq. (4), together with Eq. (6),
asserts that one, and only one, rotamer rik is assigned to the sidechain σi of the i-th residue (because one, and only one, binary
variable xik is unit) and thus the interaction between the rotamer
and backbone is accounted for in Eq. (3). Eq. (5), together with
Eq. (6), asserts that one, and only one, interaction between rik
and rjl is accepted between σi and σj, respectively (by having an
appropriate binary variable xijkl unit). It is called an integer linear
programming problem because of these two types of integer
variables and all equations are linear in the variables.
In 2000, Althaus et al. initially formulated the SCP-problem
as an ILP-problem and then they first tried to solve LP (Linear
programming)-relaxation of some binary decision variables and
used the branch-and-bound method if the relaxation does not
properly produce an integral solution (Althaus et al., 2000, 2002).
Note that LP can be solved much more efficiently than ILP can be,
using algorithms such as the simplex method by Danzig (Dantzig,
1949), the ellipsoid method by Khachian (Khachian, 1979), the
interior point method by Karmarkar (Karmarkar, 1984), etc. In
2001, Eriksson et al. observed that the LP-relaxation of the ILPformulation of the SCP-problem always found integral solutions
(Eriksson et al., 2001). Similar observations were made by Klepeis
et al. (Klepeis et al., 2003, 2004), Kingsford et al (Kingsford et al.,
2005) etc. In 2007, Zhu proved that the problem can be MILP
(mixed integer linear programming)-relaxed by decomposing
the SCP-problem into n(n − 1)/2 transportation problems where
the coefficient matrix of the transformed formulation was totally
unimodular (Zhu, 2007). Thus, the SCP-problem can be now
formulated as an MILP problem which can be solved much
faster than its ILP counterpart. Chazelle et al. formulated the
SCP-problem as a quadratic integer programming that could be
relaxed into semidefinite programming (SDP) which was solved
in polynomial time by an interior-point method (Chazelle et al.,
2003, 2004b). However, current SDP solvers are very limited to
solving the small-sized problems. While it might have limitation
for moderate sized or big proteins, studies on mathematical
optimization approach are continuing in pursuit of both to better
understand problem nature and to devise computationally
efficient algorithms (Xie and Sahinidis, 2006; Canzar et al., 2011).

Search space reduction
A mathematically sound result was reported for the SCP-problem
before mathematical programming approach started. In 1992,
Desmet and colleagues initially reported the dead-end elimination
(DEE) algorithm that pruned rotamers that were guaranteed to be
incompatible with the global minima thus significantly reducing
problem size and solution space (Desmet et al., 1992). This work
is important because the MILP formulation remains NP-hard and
thus the reduction of problem size is critical even for moderate
size proteins. The idea is as follows: For each rotamer rij at each
residue σi, to decide if it can be pruned, DEE evaluates its energy
Eij (determined by both backbone and the rotamers assigned

bdjn.org

to all the other residues) to compare with the case of another
rotamer rij’ at σi. The original Desmet DEE is

where is the index of the target residue (which is being
tested) and a is the index of an alternative to the target rotamer
t (which is being tested if it can be eliminated from solution). Eq.
(9) implies that a rotamer can be removed if its best-case energy
is worse than the worst-case energy of its replacement at the
same residue. Eq. (9) may iterate as many as the total number
of possible rotamers that can be assigned to the protein. The
rationale of DEE is that the reduction of the computation to find
solution with the reduced rotamer set sufficiently justifies the
computation additionally required by the DEE algorithm.
In 1994, Goldstein improved Desmet DEE by looking at the
difference of two rotamers at each residue given as the following
(Goldstein, 1994)

Eq. (10) means that a rotamer t can be removed if there exists
another rotamer a at the same residue such that the total sum
of the energy difference that t and a determine is significant. The
Goldstein DEE reduces solution space with a marginal increment
of computation more than Desmet DEE does.
Other studies followed in order to improve the power of space
reduction but with the cost of computation increment (Fung et
al., 2008b; Gordon and Mayo, 1998; Looger and Hellinga, 2001;
Pierce et al., 2000; Gordon et al., 2002; Xie and Sahinidis, 2006).
Despite of its efficiency for small to moderate-sized proteins,
DEE in general quickly deteriorates as protein size increases.
This property is particularly important because the SCP-problem
remains NP-hard with the remaining rotamers after the DEEfiltration. Piece et al. contains a detailed analytical analysis of the
performances of various DEE algorithms (Pierce et al., 2000).

Heuristic methods
As mathematical optimization approach leaves the problem NPhard and the DEE often still leaves relatively big solution space,
most practical and popular approaches are based on heuristic
methods of various kinds. There is another, possibly more
important, issue for real problems: The SCP-problem involves
more than just rotamers; there are other factors that would be
better to take into consideration but difficult to formulate in a
compact mathematical optimization problem. Various types of
heuristic algorithms were reported since the report of the first
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rotamer library: Simulated annealing (Lee and Subbiah, 1991;
Holm and Sander, 1991; Shenkin et al., 1996; Tuffery et al.,
1993), genetic algorithm (Tuffery et al., 1991, 1993), Monte carlo
simulation (Holm and Sander, 1991, 1992; Xiang and Honig,
2001), graph theoretic with heuristic search (Canutescu et al.,
2003; Samudrala and Moult, 1998b; Xu, 2005).
Along with the report of the PR83 library, Ponder and Richards
presented an idea how to use it to predict structure based on
two criteria: avoidance of steric overlap and complete filling of
available space (Ponder and Richards, 1987). In this very first
work, the idea of clash check of both backbone vs. side-chain
and side-chain vs. side-chain was already presented where the
steric overlap was measured by a table of interatomic contact.
For example, two hydrogen atoms were regarded clashing if
the distance is less than 2.0Å; between hydrogen and carbon,
the distance was 2.4Å; between two carbon atoms, 3.0Å, etc.
Dunbrack and Karplus also showed how to use their DK93
library (Dunbrack Jr. and Karplus, 1993) with an idea similar to
Ponder and Richards (Ponder and Richards, 1987): After an initial
assignment of rotamers at residues, a structure was refined based
on the clash measured by the potential energy.
SCWRL (Side-chain with rotamer library) (Canutescu et al.,
2003; Krivov et al., 2009) is probably the most popular program
used today. SCWRL3 (2003) uses DCdep97 library (Canutescu
et al., 2003) and SCWRL4 (2009) uses SD11 (reported later by
Shapovalov and Dunbrack in 2011) (Shapovalov and Dunbrack
Jr., 2011). SCWRL uses an interaction graph G=(V, E) with vertices
in V representing residues and edges in E positive interaction
between at least two rotamers, one from each residue. Then,
G goes through a decomposition phase consisting of three
steps. The first step is edge-decomposition where e E with an
interaction weaker than a threshold is removed after appropriately
increasing the self-energy of the vertices of e to account for the
interaction. Then, Goldstein DEE is performed to eliminate some
rotamers. Sufficient repetition of this step reduces G to a forest G’,
possibly with several disconnected components, called clusters
in SCWRL. The second step is graph-decomposition where each
cluster is decomposed into a set of biconnected components (A
graph is biconnected if the removal of a single vertex still leaves
the graph connected). The third step is tree-decomposition
which transforms G’ to a special binary tree. To define e
E of G(E, V), SCWRL4 uses a priori defined convex polytope,
called kDOP, bounding each geometric object such as rotamer,
subrotamer, etc. to accelerate clash checking between two
rotamers (Klosowski et al., 1998). SCWRL4 uses both repulsive
and attractive terms, with CHARMM param19 potential (Brooks
et al., 1983), for both van der Waals and hydrobonding forces,
but much simplified form compared to Lennard-Jones formula.
To optimize several parameters, SCWRL uses statistical learning.
The rationale of decomposition of SCWRL is based on the
observation of Canutescu et al. (Canutescu et al., 2003): A graph
can be decomposed into a number of biconnected components
to find the optimal solution for each component by observing that
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each residue with a single rotamer or a single neighbor can be
eliminated from the graph. We mention that SCWRL4 implements
the TreePack algorithm, reported by Xu and Berger running five
times faster on average and up to 90 times faster than SCWRL3
by constructing and decomposing the geometric neighborhood
graph (Xu and Berger, 2006), to improve the performance of
earlier SCWRL3.
CIS-RR (Clash-detection guided iterative search with rotamer
relaxation) consists of two phases (Cao et al., 2011): CIS and RR.
CIS phase is similar to SCWRL in that it assigns initial rotamers
and update to avoid clashes among rotamers as much as
possible (but the definition of clash is a bit not clear). A simpler
potential function is used with the CHARMM param19. RR phase
is to modify the dihedral angles of rotamers so that the energy of
each rotamer can be minimized in its neighborhood by the local
minimization with the conjugate gradient method. RR phase is
based on the work (Wang et al., 2005). However, it seems that
solution improvement is marginal compared to the increase
of computation time after the CIS phase. CIS-RR is further
improved to be faster into RASP (Rapid side-chain predictor)
using a cocktail of DEE, graph-based search, Monte Carlo
search, and backtracking (Miao et al., 2011). CIS-RR and RASP
use learning process to optimize parameters.
The nature of the SCP-problem is a combinatorial optimization
problem but with properties difficult to precisely translate into
combinatorial terms only. In addition, the adjustment of dihedral
angles of combinatorially optimal rotamers may improve solution
quality. Hence, it seems that heuristic approach to find a reasonably
good solution within a reasonable amount of computation time is
probably the best strategy. To achieve this goal, good tactics might
be to find (T1) an efficient way to represent the potential function
easier to evaluate than the current popular Lennard-Jones form,
(T2) an effective way to reduce solution space, and (T3) an efficient
search strategy to traverse solution space.
Regarding on T1, many prior studies use simpler rational
polynomial functions possibly with truncations at both extreme
ends in order to evaluate faster but less with a significant
discrepancy from the (12, 6) Lennard-Jones form. The tradeoff between computation time and solution quality of potential
function should be carefully studied and a more carefully traded
method might be desirable. DEE algorithms are obviously very
effective method for T2 and almost all prior works use one of
DEE algorithms at a certain stage regardless a mathematical
optimization or a heuristic is used, frequently before an
optimization procedure. For T3, a computationally effective and
efficient way for detecting clash seems critical. It is notable
that, while the detection of clash between rotamers can be
conveniently handled as a geometry problem, such an approach
has not been explicitly treated in prior studies. We believe that
an efficient way of explicitly managing geometry based on the
geometrization concept might be very much useful for resolving
the three tactical points, perhaps simultaneously.
In fact, geometric properties such as solvent accessibility,
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FIGURE 2 I An example of molecular voids and tunnels
(PDB accession code: 1JD0). Computed and visualized
by the BetaVoid program (Kim et al., 2014): (a) The
Connolly voids for water, (b) a zoom-up of one
Connolly void, (c) the Lee-Richards void with the atoms
contributing to the boundary, and (d) a tunnel.

contact surfaces, excluded volume, etc. have been used as
important measures for the quality of protein structure (Eyal et
al., 2004; Kussell et al., 2001). In this regard, authors’ group has
been developing a formal geometric theory under the concept
of a new discipline called Molecular Geometry. The BetaVoid
program (Kim et al., 2014), freely available at the Voronoi Diagram
Research Center (VDRC, http://voronoi.hanyang.ac.kr), is one
of the computational tools immediately useful for the quality
evaluation of designed protein structure and perhaps for many
other applications in structural biology in general. Figure 2 shows
molecular voids and tunnels computed by the BetaVoid program
and another under development (Kim et al., 2013). Figure 2(a) and
(b) show the entire voids and the zoom-up of one particular void,
respectively. Figure 2(c) shows the same void computed with the
atoms contributing to the void boundary. Note that the boundaries
of the voids in Figure 2(a) and (b) are Connolly surface and that
of Figure 2(c) is Lee-Richards solvent accessible surface, both
corresponding to water molecule (i.e. a sphere with the radius
1.4Å ) (For the definition of Connolly surface and Lee-Richards
surface, see (Kim et al., 2010c)). Figure 2(d) shows a tunnel that
water molecule can pass through. Further BetaVoid functions can
be easily added upon request of collaboration.
Authors’ group has recently reported the first version of the
BetaSCP algorithm and program (Ryu and Kim, 2013) based on
the geometrization concept using the Voronoi diagram of atoms
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(Kim et al., 2005; Kim and Kim, 2006), the quasitriangulation (Kim et al., 2006, 2010a), and the
beta-complex (Kim et al., 2010b). This algorithm
decomposes an SCP-problem into a number of
small SCP-problems in the neighborhood of each
residue where the neighborhood is defined by the
Voronoi diagram and beta-complex. Then, each
small SCP-problem is formulated as an MILPproblem solved by CPLEX library. Experiment
with some tested structures shows that the
solutions were within 0.01% of optima with time
complexity linear with the number of residues.
This version, however, solves small proteins
and computational requirement is still high.
The second version under development,
BetaSCP2, solves problems of arbitrary size
very efficiently with excellent results. The basic
idea of BetaSCP2 is to use geometrization more
explicitly in a more clever way. The solution
quality seems to outperform both SCWRL4 and
CIS-RR with computation time slightly more than
SCWRL4 yet significantly less than CIS-RR.

COMPUTATIONAL PROTEIN DESIGN
Challenges in protein design
A protein can be defined by specifying its amino acid sequence
which directly one-to-many maps to RNA sequences where
each again one-to-one maps to a DNA sequence of a gene,
assuming that translation and transcription are error-free. While
a new amino acid sequence can be encoded into a bacterial
gene through the symbolic information produced by computer
keyboard, such a sequence may or may not be expressed as a
meaningful protein. Designing a protein with a desired structure
and function is in theory possible but in practice remains a
challenge yet in both time and effort.
An amino acid sequence of a fixed length n maps to a set S of
n
20 sequence instances, i.e. exponential to n. Even if a tiny subset
S shows a function similar to the desired one, the size of
is
still huge for human to examine. If n is not fixed, such a set
is
even larger. Designing a protein with a target function is to choose
an appropriate element of , hopefully the best one from a set of
criteria. An example: For a protein of 100 residues, there are 20100
possible combinations of protein sequences and for each of these
sequences, there could be about 10100 energetically reasonable
conformations. Note that 10100, called a googol, is regarded as
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the upper bound of the number of atoms in universe. Lest and
Chothia actually showed that proteins with sequence similarity ≤
10% could have remarkably similar structures (Lesk and Chothia,
1982). However, it is also well-known that a random sequence of
amino acids does not produce protein just like a set of random
alphabets does not make a Shakespear. Designability of a protein
is a notion to explain if a protein structure is designable or not
and in this regard such a random sequence is not designable.
Hence, there are measures to access the designablity of a protein
structure: The well-packedness and density of protein structure is
such one and many early designed proteins did not packed well
in their interior.
Protein design is an engineering effort about nano-machinary
which has been a target for nanotechnolgy, a term defined by
Norio Taniguchi (Taniguchi, 1974). In his seminal paper “Molecular
engineering” (Drexler, 1981) and the book “Engines of Creation,”
(Drexler, 1987), Eric Drexler explicitly pointed out protein design
issue inheriting the Richard Feynman’s 1959 talk “There’s Plenty
of Room at the Bottom.”
Gutte’s early work, in 1975, on the synthesis of an artificial
enzyme still showing enzymic activity is probably the beginning of
protein engineering, but without any computational aide (Gutte,
1975, 1977). In 1978, Hutchison et al. designed a method for
changing a specific nucleotide in a DNA sequence with high
efficiency (HutchisonIII et al., 1978). Mas and collaborators
produced chimeric phosphoglycerate kinases that contained one
domain from human enzyme and the other from yeast enzyme
and showed that the 35% difference in amino acid sequences
between native enzymes and the chimeras had only a small effect
on substrate binding and conformational changes occurring
during catalysis (Mas et al., 1986). Thus, it is not surprise that
proteins can be extremely tolerant to single mutations (Rennell et
al., 1991). The fraction of functional proteins decreases roughly
exponentially with the number of substitutions, although the
severity of this decline varies among proteins (Bloom et al., 2005).
Knowles, using point mutations, described the types of change
of an enzyme and discussed the effects on the protein anatomy
(i.e. structure and stability) and protein physiology (i.e. enzyme
specificity and mechanism) focusing on catalysis at active sites
(Knowles, 1987; Ackers and Smith, 1985). In the review paper on
de novo design, Richardson and Richardson mainly discussed
experimental approach (Richardson and Richardson, 1989).
Up to this point, protein engineering was purely experimental,
without any computational aide, and is inherited today by directed
evolution (J ckel et al., 2008; Verma et al., 2012; Lutz, 2010;
Chen, 2001) to get incrementally improved structure through
mutagenesis and screening (In these days, directed evolution is
also sometimes guided by computational methods (Wong et al.,
2007; Verma et al., 2012)). However, protein design based on only
experiment faces challenges of two kinds (Klepeis et al., 2004):
i) the space of mutations is too large to thoroughly examine, and
ii) single random mutations rarely improve a property of interest
and simultaneous multiple mutations may dilute the possibilities
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for improvement. Computational approach to protein design
emerged to supplement experimental approach by overcoming
these difficulties. Ponder and Richards first rotamer library in
1987 (Ponder and Richards, 1987) was the basis of the birth of
computational protein design which started as an elaboration of
Drexler’s 1981 suggestion. In fact, Ponder and Richards work was
done from folding point of view. It is important to note that the
two approaches are not mutually exclusive but are supplementary
to each other. Experimental approach should be supported by
computations to explore alternatives and computational approach
should be verified by experiment.

Definition of computational protein design
Consider a set S of sequences is mapped to a set of points
in a high dimensional space, a Euclidean space to make the
analogy simple. Let
S be a densely clustered subset of the
points where each has a structure close to the target structure.
Assuming that there exists such a sufficiently large set , the
best practical, engineering approach is to find one sequence
element s S, whose structure is not necessarily close to the
target structure, and traverse the space to reach another point s’
S in the vicinity of s with a certain measure f . Hence, the issue
is how to find an initial point (i.e. sequence) s, the definition of
vicinity v, and the fitness measure f. Obviously, there are multiple
ways to each of these three issues and thus it is not surprising to
anticipate different solutions to designing a protein which show
different specificity. Since each solution needs to be verified
and validated, in vitro and in vivo exploration of the set S does
not make sense from both time and cost point of view. Thus,
computational protein design should be a prerequisite prior to wet
lab studies if a significant solution is to be found. Drexler’s early
speculation in 1987 (Drexler, 1987) about the popularity of protein
design using Computer Aided Design (CAD) system is still being
pursued in various research efforts which takes different ways to
define the three factors.
Protein design studies can be categorized into three major
groups from computational point of view: redesign, de novo
design of Type I, and de novo design of Type II. In the redesign
category, given a protein structure in that backbone coordinates
and residue types are fixed, we want to modify some residue
types with or without perturbing backbone dihedral angles at and
around the modified residues. At each case of residue modification
and backbone perturbation, the SCP-problem is solved with a
certain definition of cutoff radius to trade solution quality with
computation time. Thus, in redesign, a given backbone can
be considered to give the seed s and residue modification and
backbone perturbation the vicinity function v. De novo design of
Type I assumes backbone coordinates are fixed (thus protein
size in terms of the number of residues is also fixed) but residue
types are not fixed. The method first determines the type of
residues and then solves a redesign problem. De novo design of
Type II assumes neither backbone coordinate fixed nor residue
types fixed (Protein size may be fixed). Thus, this method first
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determines protein sequence and predicts its secondary structure
and topology using a homology modeling technique. Then, it
determines backbone coordinates. Then, it solves a redesign
problem. Thus, all methods repeatedly solve the SCP-problem.

Efforts for developing design programs
Computational protein design can only be done through software
and an algorithm does not make much sense unless it is
implemented into a program that can be easily used by designer
who is not necessarily a programming expert. In this regard, a
few significant programs are briefly reviewed. Many other good
reviews are also available (Lippow and Tidor, 2007; Park et al.,
2004; gu Kang and Saven, 2007; Lazar et al., 2003; Butterfoss
and Kuhlman, 2006; Damborsky and Brezovsky, 2009; Lutz, 2010;
Pokala and Handel, 2001). For the potential functions for protein
design, see (Boas and Harbury, 2007; Mendes et al., 2002; Pokala
and Handel, 2004, 2005); for electrostatics, in particular, see
(Vizcarra and Mayo, 2005).
Dahiyat and Mayo’s seminal work (Dahiyat and Mayo, 1997) is
considered the first significant work on computational de novo
protein design which designed a protein of 28 residues using the
PR87 rotamer library and DEE algorithm with a fixed backbone
(FSD-1, a protein that adopts the zinc finger fold). It designs full
sequence of residues for all parts of protein such as the buried
core, the solvent-exposed surface, and the boundary between
core and surface, beginning with a backbone fold and an SCPsolver based on the DEE algorithm. It was used to find a new
design for promoting stability of target protein over the wild type
(Malakauskas and Mayo, 1998; Shah et al., 2007), to design
calmodulin (Shifman and Mayo, 2003), etc. The effort by the Mayo
group has grown up as the ORBIT (optimization of rotamers by
iterative techniques) program.
The most popular protein design program is Rosetta, developed
by David Baker group at University of Washington, which can
be considered as the most powerful program of the De novo
design of Type II. According to (Leaver-Fay et al., 2011), Rosetta
was initially written in FORTRAN77 as two separate programs for
protein structure prediction by Simons et al. (Simons et al., 1997)
and for protein design by Kuhlman and Baker (Kuhlman and
Baker, 2000), merged, mechanically ported to C++ and evolved
thereafter. The principles and methods implemented in Rosetta
algorithms for de novo design is summarized in (Rohl et al., 2004)
For the functionality Rosetta program, see (Das and Baker, 2008;
Leaver-Fay et al., 2011). Rosetta has also been used for various
applications: Predicting RNA structures (Das et al., 2010), proteinDNA interfaces (Morozov et al., 2005; Ashworth and Baker, 2009),
domain boundary prediction (Kim, 2005), etc. RosettaDesign
was used to design mCrel homing endonuclease (Ulge et al.,
2011), Kemp Eliminase KE70 (Khersonsky et al., 2011), designing
enzyme more powerful than natural one (R thlisberger et al., 2008;
Jiang et al., 2008), increasing antibody-antigen affinity (Lippow
et al., 2007), engineering peptide transcription factors that
oligomerize with high specificity (Grigoryan et al., 2009), molecular
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replacement problem (DiMaio, 2013), an inhibitor of influenza
hemagglutinin (Fleishman et al., 2011), design of protein-protein
interfaces (Karanicolas et al., 2011), to design enzyme catalysts
(Siegel et al., 2010), to predict the transiently formed state of a
T4 lysozyme mutant (Bouvignies et al., 2011), design of proteins
targeting the conserved stem region of influenza hemagglutinin
(Fleishman et al., 2011), etc.
In protein design, one of the very important issues is how to
reflect backbone flexibility appropriately (Yin et al., 2007a,b;
Friedland et al., 2008; Smith and Kortemme, 2008). Friedl et al.
(Friedland et al., 2008) generated an ensemble of ten near-native
backbone structures to represent backbone variations using
the Monte Carlo simulation of backrub, which is a motion that
modifies backbone geometry locally in that the Cα sweeps around
a circle perpendicular to an axis passing through two Cα s in the
immediate neighbor. By sampling the rotational axis, say by each
10 degree, the perturbed backbone ensemble can be produced.
Rosetta also implements backrub algorithm (Lauck et al., 2010). A
good review on backbone flexibility is by Mandell and Kortemme
(Mandell and Kortemme, 2009).
Floudas’ group at Princeton University views protein design
problem in a two- stage framework (2003): the selection of
sequences and rank the fold specificities of the selected
sequences. For the first stage, i.e. sequence selection, assuming
a single or an ensemble of backbone structures are given, they
formulated a quadratic assignment like model in an integer
programming problem formulation (Klepeis et al., 2003, 2004)
and its improvement to an ILP formulation for a faster solution
process (Fung et al., 2005, 2007) using CPLEX program (ILOG
S.A., 2003). The mathematical optimization model incorporates
all possible combinations of amino acids at all residues where
the cost coefficients are derived by the energy which depended
on the distances between alpha carbons on backbone which can
be flexible. Rather than being a continuous function, the energy
parameters, i.e. the cost coefficients, were stored in a finite set
of discrete bins. To reflect flexibility of backbone, the weighted
average force field defined by an ensemble of structures from
NMR (Fung et al., 2007) or molecular dynamics simulation
result (Fung et al., 2008b,a) was used. The second stage
actually contains the SCP-problem for a selected sequence on
backbone(s) which was solved using an NMR structure refinement
program called CYANA (Combined assignment and dynamics
algorithm for NMR applications). The potential energy of hundreds
of random structures generated from CYANA was evaluated
using TINKER program to be ranked. Floudas’ design method,
later named WISDOM (Smadbeck et al., 2013), has been applied
to find entry inhibitors for HIV-1 (Bellows et al., 2010a), to design
new compstatin variants (Bellows et al., 2010b; de Victoria et al.,
2011; Tamamis et al., 2011), to design complement component
3a receptor (C3aR) agonists and antagonists (Bellows-Peterson
et al., 2012), to design lasso peptide antibiotic (Pan et al., 2011).
Maranas from Pennsylvania State University has developed
the IPRO (iterative protein redesign and optimization) program
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which designs a protein library with targeted ligand specificity by
minimizing the binding energy with the desired ligand (Saraf et
al., 2006). IPRO belongs to de novo design of Type I and relies
on identifying mutations in parental sequences which propagates
down to the combinatorial library. It is based on the cycling of
sequence design, ligand redocking, and backbone movement.
Optimization is done by MILP formulation based on the cost
coefficients measured by the CHARMM parameters. IPRO
has been used to computationally altering the effector binding
specificity of a regulatory protein (Fazelinia et al., 2007), cofactor
specificity (Khoury et al., 2009), to design the binding portions
of antibodies to have high specificity and affinity against any
targeted epitope of an antigen (ie. the antibody complementarity
determining regions (CDRs) that are most likely to be able to
favorably bind the antigen) (Pantazes and Maranas, 2010), etc.
Transfer of a binding site onto an existing protein scaffold is also
incorporated to IPRO (Fazelinia et al., 2009).
Desjarlais and Handel at UC Berkeley developed a protein
redesign program for a fixed backbone called ROC (repacking
of cores) based on genetic algorithm for optimization and was
used to design the hydrophobic core of proteins (Desjarlais
and Handel, 1995). ROC was further developed into the design
program called SoftROC that can perturb backbone by randomly
adjusting φ and ψ angles using Monte Carlo sampling of dihedral
angles and genetic algorithm for optimization in 1999 (Desjarlais
and Handel, 1999; Chowdry et al., 2007). Another notable case
is Hellinga group at Duke University, mainly applying DEE with
fixed backbone for designing receptor and sensor proteins
with novel ligand-binding functions (Looger et al., 2003) using
the Dezymer program (developed by Hellinga and Richards
(Hellinga and Richards, 1991)) even if it has been retracted due to
technical problem. Hellinga group reported design to introduce
iron and oxygen binding sites in thioredoxin (Benson et al., 1998,
2000), to confer novel enzymatic properties onto ribose-binding
protein (Dwyer et al., 2004), etc. Medusa by Dokholyan group
at University of North Carolina (Ding and Dokholyan, 2006) is
another example using fixed backbones: A specified amino acid
is mutated and Monte Carlo simulation is used to find the best
rotamer at the residue. In a flexible backbone method, when
backbone strain is detected, conjugate gradient minimization
is done for the total energy with respect to backbone dihedral
angles. Medusa has been also used for RNA fold prediction
(Sharma et al., 2008),

Bellows, M.L., Fung, H.K., Taylor, M.S., Floudas, C.A., de Victoria, A.L.,
and Morikis, D. (2010a). New compstatin variants through two de novo
protein design frameworks. Biophys j 98, 2337–2346.

CONCLUSION

Brooks, B.R., Bruccoleri, R.E., Olafson, B.D., States, D.J., Swaminathan, S.,
and Karplus, M. (1983). CHARMM: A program for macromolecular energy,
minimization, and dynamics calculations. J Comput Chem 4, 187–217.

The relationship between structure and amino acid sequence is
important for understanding life. As life functions based on protein
structure, the prediction and design of protein structure has long
been one of the most intensive research areas. In this paper,
we reviewed the side-chain prediction problem and the protein
design problem, mainly from computational point of view because
algorithms for solving such problems are not much sensible unless
they are fully implemented to be used by domain experts.
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