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Protein design has become a powerful approach
for understanding the relationship between amino
acid sequence and 3-dimensional structure. In the
past 5 years, there have been many breakthroughs
in the development of computational methods that
allow the selection of novel sequences given the
structure of a protein backbone. Successful design
of protein scaffolds has now paved the way for new
endeavors to design function. The ability to design
sequences compatible with a fold may also be useful
in structural and functional genomics by expanding
the range of proteins used for fold recognition and
for the identification of functionally important do-
mains from multiple sequence alignments. © 2001

cademic Press
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INTRODUCTION

Protein design has emerged as a powerful method
for understanding the underlying physical princi-
ples that dictate protein folding and function. Sub-
stantial progress in scaffold design has been made in
the past few years, largely because of the develop-
ment of energy functions describing the forces that
determine protein structure and optimization meth-
ods that allow an enormous number of sequence
possibilities to be evaluated. Most design efforts
have targeted small protein scaffolds, with the goal
of understanding the balance of forces that stabilize
protein structure. In some cases, the designed pro-
teins have been tested experimentally to validate
and parameterize energy functions. More recently,
other computational metrics have been introduced
to evaluate and improve the methods (see below).

This review focuses on recent advances in compu-
tational protein design. First we discuss the optimi-
zation methods and energy functions used to design
protein scaffolds and the problems that have yet to
be solved. More recent forays involving design of
269
function will then be discussed along with the com-
putational challenges that these loftier goals re-
quire.

OPTIMIZATION METHODS

Rotamer Libraries and the Fixed Backbone
Approximation

One of the challenges in protein design is selecting
an optimal solution from the enormous number of
sequence and structure possibilities. Ponder and
Richards (1987) addressed this in a seminal study,
where they proposed that protein design calcula-
tions could be simplified greatly if one assumed a
fixed backbone and that side chains exclusively
adopt statistically preferred conformations or rota-
mers. These assumptions make the search space
discrete and more computationally feasible by effec-
tively casting the design problem as one of identify-
ing the lowest energy combination of side-chain
rotamers for a backbone template. Furthermore, by
simply selecting the most favorable rotamers for a
given sequence, ;70% of the x1 rotamers can be
predicted correctly (Dunbrack and Cohen, 1997).

Nevertheless, the sequence–structure space is
still large. For a 100-residue protein in which all 20
amino acids are permitted at every position, with
only two rotatable bonds and five conformations
each, there are 500100 sequence–structure solutions.
Ponder and Richards (1987) considered only a hand-
ful of residues and a hard-sphere van der Waals
energy function and were able to perform an exhaus-
tive search for compatible sequences, but this is not
practical for total sequence design of large proteins.
Improved optimization methods and energy func-
tions have since been developed, expanding the
range of tractable problems to the computational
design of entire proteins. However, the use of dis-
crete rotamer libraries and fixed backbones remains
an important simplifying assumption in these new
methods, as described below.
1047-8477/01 $35.00
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Search Algorithms

An excellent overview of the strengths and weak-
nesses of various search algorithms was recently
reported (Desjarlais and Clarke, 1998), and imple-
mentations of these algorithms were evaluated
quantitatively (Voigt et al., 2000). They fall into two
broad categories. Stochastic algorithms (including
Monte Carlo methods and Genetic algorithms) semi-
randomly sample sequence–structure space and
move toward lower energy solutions, while deter-
ministic algorithms (e.g., Dead End Elimination and
Mean Field methods) perform semiexhaustive
searches.

Monte Carlo (MC) methods and variations thereof
are the simplest stochastic methods (Metropolis et
al., 1953). In the context of design, a starting struc-
ture is perturbed by a random change in residue
type or rotamer at some position. If the change de-
creases the energy of the structure, it is accepted.
Otherwise, the Metropolis criterion is used to accept
or reject the change; in this case, a Boltzmann
weighted probability calculated from the tempera-
ture and the old and new energies is compared to a
random number. If the random number is lower
than the Boltzmann probability of the move, it is
accepted. This permits energetically uphill moves
and escape of local minima. The temperature can
also be adjusted to allow energy barriers to be over-
come or slowly annealed to decrease the probability
that higher energy changes will be accepted (Lee
and Subbiah, 1991). Other similar methods have
also been described (Wernisch et al., 2000).

Genetic algorithms (GAs) evolve populations of
solutions by cycles of operations based loosely on
concepts in genetics and evolution (Holland, 1993).
A population of random sequences and rotamers are
generated for the target backbone. Structures with
lower energies mate with one another, exchanging
sequences and rotamers to form hybrids that often
have better energy and therefore get selected. Mu-
tations that alter an amino acid identity or rotamer
conformation add diversity to the gene pool. High-
energy structures are eliminated from the popula-
tion. This process of recombination, mutation, and
selection is repeated iteratively until convergence is
achieved (Tuffery et al., 1991). Hybrid algorithms
using GAs followed by MC have also been reported
(Desjarlais and Handel, 1999).

The advantage of stochastic methods is that they
can deal with problems of significant combinatorial
complexity because they do not require an exhaus-
tive search. GAs are particularly effective in explor-
ing a large sequence space and surmounting energy
barriers because of the nature of the moves. The
disadvantage is that there is no guarantee that
these methods will converge to the global minimum
energy solution or even the same solution when run
multiple times (Voigt et al., 2000).

In contrast, deterministic methods, such as Self-
Consistent Mean Field (SCMF) optimization and
Dead End Elimination (DEE), always converge on
the same solution. SCMF uses a multicopy represen-
tation (or ensemble) of side chains such that many
amino acid types/rotamers are placed at each resi-
due position of the template. Each rotamer in the
ensemble is initially assigned a uniform Boltzmann
probability. The rotamer probabilities at all other
positions are used to calculate a weighted-average
energy for each rotamer at each position. From these
energies, a new Boltzmann probability is calculated
for each rotamer, thus generating a new ensemble.
This process is repeated iteratively until the rota-
mer probabilities converge (e.g., self-consistency is
achieved). However, SCMF is not guaranteed to con-
verge to the global minimum energy solution (Lee,
1994).

Being a quasi-exhaustive method, DEE is guaran-
teed to converge on the global minimum energy so-
lution (Desmet et al., 1992). The effectiveness of
DEE for a combinatorial search is due to the sys-
tematic elimination or pruning of high-energy rota-
mers or rotamer combinations. A requirement is
that the energy function must be written as the sum
of individual and pairwise terms. Additionally, for
extremely complex problems, DEE may fail to con-
verge. To address these limitations, recent improve-
ments to the DEE algorithm have been developed
that dramatically increase efficiency and the size of
problems that can be addressed (Goldstein, 1994;
Gordon and Mayo, 1999; Wernisch et al., 2000).

hus, as demonstrated in a quantitative comparison
f these methods, DEE currently seems to be the
ost powerful method for finding the global mini-
um energy solution (Voigt et al., 2000). However,

s the complexity of problems increases, a combina-
ion of stochastic and deterministic methods may
ltimately prove to be the best compromise between
ccuracy and speed.

ENERGY FUNCTIONS

Describing the interactions in a protein accurately
is the second key element to protein design and
probably the most difficult. Energy functions for pro-
tein design must be fast and accurate, yet not over-
sensitive to the fixed backbone approximations and
discreteness of the rotamer library (reviewed in Gor-
don et al. (1999)). While structure-based pairwise
potentials are fast and appear to have utility for fold
prediction, they lack sensitivity to local structure at
an atomic level that is required for design. There-
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271REVIEW: COMPUTATIONAL PROTEIN DESIGN
fore, most current protein design efforts use atomic-
level molecular mechanics force fields as a founda-
tion (Gordon et al., 1999). In this section we discuss
he different terms in energy functions used for de-
ign.
Molecular mechanics force fields, such as AMBER,
PLS, DREIDING, ECEPP/2, and CHARMm, are
sually composed of van der Waals, electrostatics,
ihedral angle, bond-angle, and bond stretching
erms (Brooks et al., 1983; Mayo et al., 1990; Nem-
thy et al., 1992; Cornell et al., 1996; Jorgensen et
l., 1996). Since ideal geometry is always assumed
or protein design calculations, the last two terms
re not considered. The parameters for van der
aals terms are determined from small-molecule

rystal structures. Partial charges and dihedral an-
le parameters are derived from electron distribu-
ions from quantum theory. These parameters are
urther adjusted by simulations that attempt to re-
roduce experimental data, such as small molecular
rystal structures and heats of vaporization.

While these models work reasonably well for all-
tom molecular dynamics simulations, they require
onsiderable modification for protein design calcula-
ions. Energies must be adjusted to reduce artifacts
esulting from the use of discrete rotamers and fixed
ackbones. Energy terms that describe solvation
ust be added. A reference state needs to be defined,

ince the relevant value for protein design is the
ifference in energy between the folded and the un-
olded states (Koehl and Levitt, 1999a; Wernisch et
l., 2000). Finally, these terms must all be weighted
ppropriately. Since DEE-type search methods re-
uire the decomposition of energies into the sum of
airwise interactions, approximations that allow
onpairwise energies to be cast as pairwise terms
re also important. Even methods that are not re-
tricted by pairwise calculations can be sped up tre-
endously by such approximations.

an der Waals

Despite the overall requirement for accurate en-
rgy functions, fairly simple functions have worked
ell for designing protein cores (Hurley et al., 1992;
ellinga and Richards, 1991; Lee, 1994; Kono et al.,
998; Jiang et al., 2000). This is because cores are
he easiest part of the protein to describe energeti-
ally if one restricts the composition to hydrophobic
esidues.

In some recent studies aimed at probing the role of
acking on structural specificity, core variants of
34 cro, ubiquitin, GCN4, and Gb1 were designed
Desjarlais and Handel, 1995; Dahiyat and Mayo,
996, 1997; Lazar et al., 1997). This was done with a
ackbone-dependent rotamer library for a subset of
ydrophobic amino acids and a simple van der
aals potential to score acceptable sequences. Re-
arkably, stable well-structured proteins were pre-

icted with just this term. Subsequent structural
haracterization of select designs demonstrated im-
ressive resemblance to the predicted structures,
nd reasonable correlations were observed between
redicted and experimental energies (Dahiyat and
ayo, 1996; Lazar et al., 1997, 1999; Johnson et al.,

1999). Part of the reason that this worked was be-
cause polar amino acids were excluded from the
core. Nevertheless, it is clear that van der Waals
potential is a dominant term that must be included
in the force field, with all-atom representations of
protein to accurately reflect local structure.

Van der Waals energies are typically calculated
with a Lennard–Jones 6–12 potential, which has a
mild attractive term and a strong repulsive term.
The repulsive term causes the energy to become
highly unfavorable as atoms approach each other. In
molecular dynamics simulations, this has the impor-
tant effect of preventing atoms from overlapping. In
contrast, for protein design, the repulsive term must
be softened to avoid overpenalizing slight overlaps
that inevitably result from using discrete rotamers
and a fixed backbone. One strategy that has been
used is to uniformly scale the van der Waals radii
down by 5–10% (Desjarlais and Handel, 1995; Da-
hiyat and Mayo, 1997b; Kuhlman and Baker, 2000).
Radii scaling softens the effect of the repulsive com-
ponent of the van der Waals term and implicitly
allows for some level of flexibility in fixed backbone
templates, although it also adversely affects the at-
tractive component of the energy. In practice, re-
duced radii can lead to a slight overpacking of the
hydrophobic core, but if carefully calibrated can lead
to proteins with higher stability, perhaps because of
increased buried hydrophobic surface area (Dahiyat
and Mayo, 1997a). Another strategy that avoids al-
tering the Lennard–Jones potential is expansion of
the rotamer library near the database values (Lazar
et al., 1997; Desjarlais and Handel, 1999). This has
the unfortunate consequence of expanding the
search space, limiting its use to small systems. A
related strategy is to minimize the structures of
clashing rotamer pairs. The minimized energy is
then used as the energy for that rotamer pair
(Mendes et al., 1999; Wernisch et al., 2000).

Typically, one calculates van der Waals interac-
tions between side chain and backbone, side-chain
pairs, and intra-side-chain atoms. Intra-side-chain
interactions are sometimes excluded. This can be
justified by using only highly energetically favorable
rotamers or supplementation with a torsion angle
term.
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Solvation

While van der Waals energies are described quite
well by molecular mechanics force fields, electrostat-
ics, hydrogen bonding, and solvation in the context
of a protein in water are not (Edinger et al., 1997).
This is not surprising since the force fields are usu-
ally calibrated with in vacuo simulations and exper-
iments. In addition, water itself is an extremely
complicated substance to model and parameterize
because of its polarizability, interactions with polar
groups, and entropic contributions due to the hydro-
phobic effect. Inclusion of explicit waters in calcula-
tions is often done in molecular mechanism simula-
tions, but this is prohibitively expensive for design;
thus other approximations must be used (Wesson
and Eisenberg, 1992).

The hydrophobic effect is typically modeled by
assuming that the penalty for exposing nonpolar
groups to water is dependent on the surface area
(Eisenberg and McLachlan, 1986; Ooi et al., 1987).
The solvation energy is calculated from the change
in solvent accessible surface area, multiplied by an
atom-dependent atomic solvation parameter; these
solvation parameters are typically derived from
transfer free energies of amino acids between water
and vacuum or some organic solvent (Wolfenden et
al., 1981; Fauchere et al., 1988). The addition of
olvation terms to the energy function has been
hown to greatly improve correlations between pre-
icted and experimental energies for core design
Dahiyat and Mayo, 1996) and has been used to
redict native-like sequences as assessed by profile
cores (Koehl and Delarue, 1994; Raha et al., 2000).
In their traditional form, solvation parameters

enalize exposure of hydrophobic groups and reward
xposure of polar groups. More recently, solvation
arameters were derived from fitting experimental
rotein stabilities to a solvation expression that in-
ludes an additional term favoring hydrophobic
urial (Eriksson et al., 1992; Dahiyat and Mayo,
996; Street and Mayo, 1998). Other terms have also
een added that penalize polar burial (Dahiyat et
l., 1997; Raha et al., 2000) (see below).
One of the main issues in estimating solvation

energies is that surface area calculations have been
computationally intensive, because pairwise calcu-
lations overestimate buried areas. The problem is
that the same area of a given atom may be masked
by several atoms. However, it is possible to avoid
overcounting by using empirical scaling factors that
underestimate atom–atom overlap. Wodak and Ja-
nin (1980) described such a method almost 20 years
ago for models that represented side chains as large
pseudo-atoms. Recently, Street and Mayo (1998)
have made considerable improvements to this strat-
egy using actual atoms. We have developed a hybrid
approach that uses a combination of pseudo-atoms
and actual atoms to calculate atomic surface areas
additively (Pokala and Handel, in preparation).

Electrostatics

Electrostatic interactions such as hydrogen bond-
ing and salt bridges are important for defining pro-
tein structural specificity and function, but are ex-
tremely complicated to model. One problem is that
the strength of interactions depends on the local
environment, which can range from completely bur-
ied to solvent exposed, making uniform treatments
inaccurate. Water molecules also interact directly
with polar atoms in a protein, competing with other
polar groups for interactions. The interaction of wa-
ter with itself is effected by charges in a protein.
Thus, solvation and electrostatics are inextricably
linked (reviewed by Bashford and Case (2000)). In-
dividual charges placed in a protein affect the pro-
tein stability in a manner very sensitive to the local
microenvironment (self-energy). Burial of charges is
usually unfavorable; in fact, favorable interaction
energies from a buried charged pair are more than
offset by unfavorable desolvation energies (Hendsch
and Tidor, 1994; Waldburger et al., 1995; Hendsch et
al., 1996).

There are two classes of electrostatics/solvation
models. Semiempirical models are dependent on sol-
vation parameters fit directly from experimental
data to approximate the self-energy. The simplest
model is the use of a distance-dependent dielectric to
screen coulombic interactions, coupled with a sur-
face area-dependent term that favors the exposure
of polar groups and penalizes their burial, as de-
scribed above (Koehl and Delarue, 1994). These
types of models provide, at best, qualitative solu-
tions since they do not represent the environment-
dependent nature of electrostatic interactions
(Hendsch and Tidor, 1999). It has been shown that
the distance-dependent dielectric/surface area
model gives poor correlations with the more accu-
rate energies calculated by Poisson-Boltzmann
methods (Edinger et al., 1997) (see below). However,
better parameterizations can improve these models
significantly (Mehler, 1996).

Despite their shortcomings, simple models have
been successfully applied in protein design and it
may generally be the case that they are perfectly
adequate for design of protein scaffolds (Dahiyat et
al., 1997; Raha et al., 2000). These models may be
accurate enough to penalize unduly unfavorable in-
teractions, which may be all that is necessary. As
Warshel and Papazyan (1998) point out, many sim-
ple models can work well at the protein surface, if
they use a large effective dielectric constant. How-
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ever, it is likely that more accurate environment-
dependent models will result in even better designs
and will be required for accurate prediction of sta-
bilities (see below). Furthermore, protein–protein
interactions often involve buried polars that help to
impart specificity usually at the expense of stability,
and enzymes require buried polar residues as part of
their catalytic mechanism. As protein design efforts
address more complex problems such as binding and
function, more accurate electrostatic models will be
necessary. Since these will be an important addition
to the next generation of design algorithms, we dis-
cuss them here.

An environment-dependent model was recently
described by Lazaridis and Karplus (1999). It is
based on the hydration shell model, which assumes
that the self-energy of a group is related to the
number of waters of hydration that are excluded by
other atoms in the molecule. Their model is param-
eterized with experimental small-molecule heat ca-
pacity data (Lazaridis and Karplus, 1999). A novel
feature of this method is that it does not require
surface area calculations for either polar or nonpolar
atoms. While there has been no direct experimental
verification, the successful design of native-like se-
quences using this model as part of an energy func-
tion has been reported (Kuhlman and Baker, 2000).

Another class of more accurate models depends on
analytical approximations to the Poisson–Boltz-
mann (PB) continuum dielectric model (reviewed in
Honig et al. (1993). This model assumes that the
protein and water can be treated as the classical
physics problem of a low-dielectric charged object
(protein) in a high-dielectric medium (solvent). The
finite-difference (FDPB) numerical implementation
has been remarkably successful in quantitatively
predicting solvation energies and pKa shifts of side
chains in proteins from their canonical values in free
amino acids (Bashford and Karplus, 1990; An-
tosiewicz et al., 1994), as well as the effects of charge
substitutions on protein stability (Spector et al.,
2000). For these reasons, it is considered the current
“gold standard” model for protein electrostatics. Un-
fortunately, it is also computationally expensive,
making it impractical for total protein design. Nev-
ertheless, it provides a useful benchmark to cali-
brate and compare faster approximate methods.

One such method is the Tanford–Kirkwood model.
The solvent-excluded volume of a protein is approx-
imated as a sphere, and protein charges are mapped
to the sphere, individually or in pairs (Tanford and
Kirkwood, 1957). The energy of charges in a low-
dielectric sphere embedded in a high-dielectric me-
dium can then be calculated analytically. While sim-
ple, this model was recently used by Makahatadze
and colleagues to identify electrostatically strained
sites in ubiquitin, which were then stabilized by
generating appropriate mutations (see Loladze et al.
(1999)).

Approaches that are even more sensitive to the
local geometry have been developed. Solutions to the
Poisson equation may be approximated with an im-
age charge approach (Moult and James, 1986).
Briefly, a charge buried at some depth in a low-
dielectric sphere can be shown to have a self-energy
equivalent to the coulombic interaction energy it
would have with an image charge placed at a specific
distance in the external medium. Shielding energies
can be calculated in a similar manner. Both the
image charge and its location in the external me-
dium can be calculated from the radius of the sphere
and the depth of the real charge in the sphere. These
calculations are fast enough to include in dynamics
simulations and ab initio structure prediction of
peptide and protein structures (Abagyan and
Totrov, 1994). Further improvements have been
achieved by the use of shell charges, rather than
point charges. These enable accurate prediction of
pKa shifts in proteins (Havranek and Harbury,
1999).

Another continuum dielectric approximation is
the Generalized Born (GB) model. Briefly, this
model uses a Born radius for each atom to confer
environment-dependence on self-energies and
charge pair energies. The Born radius is essentially
equivalent to the ionic radius of an atom. In the
original formulation used for molecular dynamics of
small molecules, Born radii were first precalculated
for each atom by FDPB, making it computationally
intensive. Methods to analytically calculate Born
radii directly from structure have been developed
recently (Hawkins et al., 1995; Qiu et al., 1997;
Dominy and Brooks, 1999; Onufriev et al., 2000). In
these implementations, the Born radii are depen-
dent exclusively on the volumes of, and distances to,
neighboring atoms. The agreement between ener-
gies calculated in this manner and with the FDPB is
quite good. In addition, small-molecule solvation en-
ergies can be predicted with good accuracy. Our
group and others have developed modifications that
reduce the error of the analytical method for calcu-
lating solvation energies of proteins quickly and ac-
curately. It has been shown that the analytical Born
model is capable of calculating pKa shifts in proteins
to an accuracy similar to that of FDPB (Onufriev et
al., 2000).

One problem with the environment-dependent
electrostatics models is that they are, unlike the
simpler coulombic models, not readily and exactly
decomposed into sums of rotamer pair energies,
since they are dependent on all the atoms in the
molecule. To address this, we have developed an
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274 POKALA AND HANDEL
approximation that estimates Born radii for all at-
oms in all rotamers in a precalculation step (Pokala
and Handel, in preparation). While not exact, it does
approximate the energies well and extends the util-
ity of this model to DEE-type search methods that
require rotamer pair energies.

Hydrogen Bonding

Hydrogen bonding interactions play an important
role in stabilizing secondary structures and impart-
ing specificity to proteins. Because there is an opti-
mum distance between donor and acceptor groups,
the simplest expression resembles a van der Waals
term and has both an attractive and a repulsive
component. Explicit hydrogen bonding terms are in-
cluded in some force fields, such as DREIDING. In
this case, the strength of the interaction is depen-
dent not only on the distances between the donor
and the acceptor groups, but also on the orientation
of the bond vectors. Other force fields such as
AMBER, OPLS, and CHARMm treat hydrogen
bonding implicitly, through the electrostatics and
van der Waals energies. Explicit inclusion of a hy-
drogen bonding term led to the design of coiled coils
with increased thermal stability (Dahiyat et al.,
997).

ther Terms

Secondary structure propensities have also been
sed as constraints for sequence design. Dahiyat et
l. (1997) found that the addition of a secondary
tructure term was helpful for predicting stability
hanges due to mutations at helical surface posi-
ions. In contrast, it appears that beta-sheet propen-
ities are highly context dependent so this strategy
ay not be useful for designing beta sheets (Minor

nd Kim, 1994, 1996). Related to helical propensi-
ies are helix dipole and helix capping effects. Due to
avorable electrostatic interactions with the helix
ipole as well as capping interactions with the back-
one, basic residues near the C-terminus of helices
nd acidic residues near the N-terminus appear to
e stabilizing (Blaber et al., 1993; Chakrabartty et
l., 1994; Doig et al., 1994; Doig and Baldwin, 1995).
hese observations have been cited by Mayo and
olleagues to rationalize the improved stabilities of
ome of their designed variants (see Dahiyat et al.
1997); Strop et al. (2000)). While empirical second-
ry structure propensities and helix dipole con-
traints may have practical utility in design, it
hould be noted that these effects, in principle, can
e accounted for with the van der Waals and elec-
rostatic energy terms (Srinivasan and Rose, 1999).
utting It All Together

For molecular mechanics simulations, the individ-
al energy terms are typically added together to
btain the energy of a protein. Unfortunately, the
pproximations required for protein design do not
ermit this, and the energy terms must be appropri-
tely parameterized and scaled with respect to one
nother. In addition, the unfolded state must be
onsidered implicitly, if not explicitly.
Optimization of the energy function has been ad-

ressed in few different ways. One approach in-
olves finding a potential function that maximizes
he Z-score (number of standard deviations from the

mean) of the energy of the wild-type sequence rela-
tive to an ensemble of random sequences (Chiu and
Goldstein, 1998). Optimizing the Z-score amounts to
increasing the energy gap between the wild-type
sequence and other possible sequences and has been
suggested as a method for ensuring specificity. Us-
ing this approach, Street et al. (2000) optimized an
energy function and used it to redesign six to seven
surface b-sheet positions, in one case generating a
variant that was slightly more stable than the nat-
ural protein.

A related strategy described by Kuhlman and
Baker (2000) involved placing, one by one, all amino
acid types at all positions in several protein struc-
tures, while keeping all other side chains and con-
formations fixed. The weighting factors on terms in
the energy function were then optimized to maxi-
mize the Boltzmann probability of the natural resi-
due type at each position. With this approach, the
authors were able to optimize their energy function
and design sequences that had significant identity
with natural sequences and similar profile charac-
teristics (Kuhlman and Baker, 2000).

Despite the successes of these knowledge-based
optimization approaches, it is possible that the en-
ergy function could be biased. These methods as-
sume that the wild-type sequence is the most stable,
but it is well established that naturally occurring
sequences are not optimized for stability (Shoichet et
al., 1995). In addition, for the purposes of functional
design, it may be more important to predict a se-
quence of a specified (but not necessarily optimal)
stability. Accordingly, another approach is to opti-
mize the weighting factors to predict the energies of
mutant proteins. An early example of this strategy
involved modifying the substrate specificity of
a-lytic protease. In this study, the basis and test sets
were composed of Ki’s of mutant boronic acid-based
inhibitors. The van der Waals, coulombic, electro-
statics, and torsion terms were treated together and
scaled with surface-area-dependent solvation ener-
gies. The resulting function was successfully used to
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redesign the active site of the protease such that its
substrate specificity was changed (Wilson et al.,
1991) (see below).

The best successes so far for predicting the ener-
gies of designed proteins has been for hydrophobic
core repacking. Our group has predicted the relative
stabilities of several ubiquitin, 434 cro, and T4 ly-
sozyme core variants with fair accuracy, using just a
van der Waals function and a rotamer library with
fine sampling (Lazar et al., 1997; Desjarlais and
Handel, 1999). Mayo and colleagues were able to
predict the relative Tm’s of several GCN4 core mu-
tants with the addition of surface-area dependent
energy terms (see Dahiyat and Mayo (1996)). We
have recently parameterized a more general energy
function for both core and surface design that can
predict the relative stabilities of ;200 mutants from
seven different proteins to an error of ;1 kcal/mol
(Pokala and Handel, in preparation).

Calculation of stabilities requires a reference
baseline state or an explicit unfolded state. For the
solvation and entropic energies, it is not the absolute
energy that is important, but rather the change in
energy upon folding. For other energies, one must
account for the fact that residues with more atoms
will necessarily contribute larger (either favorable
or unfavorable) absolute energies than smaller res-
idues.

Most reference state models assume that the
unfolded state occupies a large ensemble of essen-
tially random structures, which implies that the
energy is composition dependent but not sequence
dependent. It should be noted, however, that there
are some examples of proteins that have residual
structure in the unfolded state (Shortle and
Meeker, 1986). A common and simple structural
model for the unfolded state is an extended trip-
eptide group (Dahiyat and Mayo, 1996; Koehl and
Levitt, 1999a; Wernisch et al., 2000). Usually, a
conformational ensemble of a residue type is
scored with the same energy function as the folded
protein and averaged. One can also place a residue
at all positions in several proteins and calculate
the average energy associated with that residue
type (Raha et al., 2000). Alternatively, Kuhlman
and Baker (2000) derived reference values for res-
idue types by empirically fitting these parameters
in concert with the energy function scaling coeffi-
cients, as discussed above. We also note that their
reference state energies scale quite well with wa-
ter/vacuum transfer free energies of side chain
analogs, although the significance of this is not
clear. Finally, Harbury et al. (1998) described an
nergy of permutation derived from host– guest
tability data for the special case of designed
oiled-coils of different structure, but identical
ompositions.

REMAINING CHALLENGES IN SCAFFOLD DESIGN

Backbone Flexibility

Most protein design efforts to date assume that
the backbone is fixed; after all, the goal has been to
design a sequence that will adopt a fold as close to
the target as possible. With this as a simplification,
it seems that the currently available methods are up
to the task of designing medium-sized proteins. Al-
though there have only been a few examples of full
de novo designs that have been experimentally val-
idated (Dahiyat and Mayo, 1997; Bryson et al., 1998;
Walsh et al., 1999), the success of localized core,
surface, and interface designs suggests that it is not
unreasonable to expect that the design of stable
proteins on the order of a few hundred residues will
soon be routine.

What then are the next hurdles? While the fixed
backbone assumption has been useful for scaffold
design, and may be adequate for certain applications
such as generating hyperstable proteins, it does
have limitations. Similar to problems associated
with using discrete rotamers, a fixed backbone can
cause rejection of what would otherwise be accept-
able sequence solutions. Yet in reality, proteins are
tolerant to mutations that would be nonpermissible
if the backbone was rigid because they can adjust to
relieve the strain (Alber et al., 1988; Baldwin et al.,
1993; Lim et al., 1994). More optimal sequence so-
lutions would be predicted if backbone flexibility
could be incorporated into design algorithms.

However, this is not a trivial problem. Backbone
flexibility massively increases the search space. Sec-
ond, one must develop energy functions that can
quantitatively rank backbone conformations. Fi-
nally, it is not sufficient to predict sequences that
can be accommodated by slightly perturbed back-
bone conformations; ultimately it will be important
to predict the backbone and side-chain structures.
This is significantly more challenging than side-
chain prediction in the context of a fixed backbone.
Nevertheless, a few attempts to design proteins with
backbone flexibility have been described.

One approach is to generate an ensemble of re-
lated backbones, design a sequence for each of them
using fixed-backbone algorithms, and then select the
best backbone–sequence combination (or the con-
verse: design a sequence for a particular backbone
and then find the backbone variant it best fits).

For symmetric protein structures, such as coiled-
coils and TIM barrels, one can describe the backbone
structure by parametric equations (Crick, 1953;
Murzin et al., 1994a,b). This greatly reduces the
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number of main-chain conformations and ensures
that there will be reasonable backbone conforma-
tions within the ensemble. Using this type of ap-
proach, Harbury et al. (1998) designed two-, three-,
and four-stranded right-handed coiled-coils, folds
not observed in natural proteins at the time. Even
more impressive was the fact that the predicted
structure of the tetramer matched the crystal struc-
ture in atomic detail.

Unfortunately, the parametric approach has not
yet been generalized to the vast majority of folds,
which are usually nonsymmetric. For nonsymmetric
proteins, one approach is to treat secondary struc-
ture elements as rigid bodies that can move with
respect to one another (Su and Mayo, 1997), as has
been observed in natural proteins (Baldwin et al.,
1993; Lim et al., 1994). Using this strategy, Su and
Mayo (1997) redesigned core sequences for several
backbone variants of Gb1. They found that for small
but significant backbone perturbations, the optimal
core sequences were identical to that predicted for
the unperturbed backbone, suggesting that perhaps
current energy functions are not sensitive to small
changes. However, slightly different sequences were
predicted for larger perturbations (Su and Mayo,
1997).

Other approaches for generating backbone fami-
lies include using coordinates from molecular dy-
namics simulations of natural proteins, individual
structures from NMR ensembles, or structures from
different crystal forms. Regan and co-workers used
structures from an NMR ensemble to design rubre-
doxin-like metal binding sites in Gb1 (see Farinas
and Regan (1998)). They identified viable sites that
would have been missed if the average coordinates
of the ensemble had been used. An advantage of
these backbone-family methodologies is that they
permit the use of fixed-backbone algorithms and
energy functions.

The most general approach that has been de-
scribed allows explicit backbone flexibility at all po-
sitions in the backbone. Obviously, this expands the
search space tremendously so deterministic optimi-
zation algorithms are unlikely to be practical. How-
ever, explicit backbone flexibility is well within the
reach of Genetic and Monte Carlo algorithms. Using
explicit backbone flexibility, our group designed two
stable core variants of 434 cro that were predicted to
be unstable in the context of a fixed-backbone model.
However, in contrast to the reasonably good predic-
tion of energies for sequences designed with a fixed
backbone, prediction of stabilities with the flexible
backbone was poor. This underscores the inherent
difficulties of scoring backbone structures with stan-
dard force fields and led to the use of an empirical
constraining potential that emphasizes the preser-
vation of local geometry (Desjarlais and Handel,
1999).

Loops and Turns

A simpler problem than total protein or core de-
sign with respect to backbone flexibility may be the
design of loops and turns (Thanki et al., 1997). Fur-
thermore, important functional residues reside in
loops. It is possible that once a stable fold is
achieved, loops can be engineered to have different
functions, as is the case for natural proteins (e.g.,
antibodies and TIM barrels). Although much
smaller in magnitude than total design, sufficient
conformational sampling and accuracy of the energy
function remain important issues. A particularly im-
portant development for automated loop design has
been the construction of an exhaustive classification
of loop and turn structures observed in proteins and
their sequence preferences (Oliva et al., 1997). Such
loop libraries may be used in a manner analogous to
how rotamer libraries are used for side chains, re-
ducing the number of backbone conformations that
need to be searched.

Outlook and Utility of Scaffold Design

While the major goal of scaffold design has been to
understand and analytically describe the forces that
determine the structure and stability of proteins,
scaffold design does have some practical applica-
tions. One very important industrial application is
the design of thermostable proteins or those with
better solubility characteristics. Mayo and col-
leagues have reported several examples of proteins
that are more stable than the wild-type parent be-
cause of modifications to buried, surface, or interfa-
cial residues (Malakauskas and Mayo, 1998).

Sequence design may also become a useful genom-
ics tool for fold recognition by virtue of the ability to
predict diverse sequences compatible with a fold
(Koehl and Levitt, 1999b; Kuhlman and Baker,
2000; Raha et al., 2000). Artificial sequences that are
compatible with a given fold can be used to supple-
ment the database of natural sequences that adopt
that fold, in order to further refine profile definitions
for threading-based prediction methods. This may
become particularly powerful once backbone flexibil-
ity can be dealt with.

Finally, it has also been suggested that analysis of
families of designed sequences for a fold may aid in
the identification of functional positions in proteins.
In natural protein sequences, residues of both func-
tional and structural importance are conserved.
However, artificial sequences that are selected on
the basis of predicted stability will conserve only
structurally important residues. It has been ob-
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served that positions that are conserved in natural
sequences, but not in artificial sequences, are those
known to be functionally important (Raha et al.,
000).

BEYOND SCAFFOLD DESIGN—
DESIGN AND FUNCTION

The ultimate goal of protein design is the creation
of proteins with desired functions. While this cur-
rently seems somewhat of a fantasy, it was not that
long ago that designing protein scaffolds also
seemed inconceivable. Nevertheless, some progress
has been made in this area.

In general, protein function requires binding an-
other molecule. Proteins bind molecules to trans-
duce signals and to maintain cell structure. En-
zymes bind transition states to catalyze reactions.
Designing ligand binding sites in proteins is there-
fore an important step toward designing functional
proteins.

Design of Peptide–Protein Interactions

The design of proteins that can bind peptides has
much in common with scaffold design and is acces-
sible with current design tools. Along these lines
DeGrado and co-workers designed a two-helix recep-
tor that recognizes the calmodulin binding domain
(CBD) of calcineurin, making a three-stranded
coiled-coil complex (Ghirlanda et al., 1998). This was
initially done by a combination of a core repacking
algorithm (Desjarlais and Handel, 1995) and man-
ual placement of potential salt bridges. Unfortu-
nately, the first-generation design oligomerized with
itself and did not bind the target peptide. In a second
round, charged residues were manually chosen to
disfavor oligomerization of the receptor and promote
a bimolecular interaction between the receptor and
the CBD (Ghirlanda et al., 1998). These data empha-
size the important concept of “negative design” for
imparting specificity (O’Shea et al., 1992; Ghirlanda
et al., 1998; Street et al., 2000).

Design of Alternative Conformations

Proteins often undergo conformational changes
upon ligand binding, and these changes regulate
protein function. Understanding how to control
these changes will be an important goal of functional
design. Mayo, Springer, and colleagues have shown
that computational protein design can be used to
predict sequence changes that lock a protein into
specific conformations. Integrin I is a cell-surface
adhesion receptor that binds the complement com-
ponent iC3b. Two crystal forms of the integrin I
domain showed that it adopts two conformations,
termed the open state and the closed state, and
these were hypothesized to represent the active and
inactive conformations, respectively. In order to test
this, Shimaoka et al. (2000) redesigned the hydro-
phobic core of this domain, using either the open
state structure or the closed state structure as tem-
plates. They showed that the affinity of core variants
designed to mimic the open state bound ligand with
higher affinities than variants designed to mimic the
closed state.

Design of Substrate Specificity

Closer to enzyme design is the modification of
substrate specificity. One noteworthy study focused
on changing the substrate specificity of a-lytic pro-
tease. Peptides containing Leu or Ile at the P1 posi-
tion are poor substrates. Using an energy function
that was optimized as described above, the authors
computationally screened active site mutants that
were predicted to improve activity for the Leu sub-
strate. This was accomplished with a fixed-backbone
protein model, discrete side-chain rotamers, and an
exhaustive search over 1.4 3 106 sequence-rotamer
conformations. They then computationally re-
screened the Leu-improved subset to identify those
that preferred Leu over Ile. The best prediction was
experimentally characterized and found to have an
improved activity toward the Leu substrate that
quantitatively matched the predicted improvement.
In addition, the designed enzyme had a .200-fold
preference for Leu over Ile, exactly the goal of the
design (Wilson et al., 1991).

esign of Metal Binding Sites

A somewhat more difficult problem is conferring
inding or activity onto a protein lacking that func-
ion. One strategy is to identify catalytic groups in
n enzyme known to perform a reaction of interest
nd transplant those groups to the appropriate po-
itions in another protein. This is precisely the idea
ehind the DEZYMER program of Hellinga (Hell-
nga and Richards, 1991) and related approaches
Clarke and Yuan, 1995; Klemba et al., 1995).
riefly, a set of residues and ligand in a predefined
eometry are defined. A protein backbone is then
nterrogated for positions that can accommodate the
esired side chains and ligand. The other peripheral
esidues are replaced and repacked, if necessary.
his program has been used to design zinc, blue
opper, and Fe-S metal sites in thioredoxin, a pro-
ein that does not naturally support metal binding
Hellinga et al., 1991). Perhaps the most impressive
eries were variants designed to mimic the metal
ite in superoxide dismutase (SOD) (Benson et al.,
000). These designed proteins were found to have
atalytic activities whose efficiencies depended
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strongly on the location and burial of the metal
center in the protein, illustrating structural princi-
ples that can be discovered by design. Future studies
of the designed and natural SODs are likely to re-
veal further insight into the role that the protein
matrix plays in modulating redox activity.

A complementary approach has been described
recently for generating artificial backbone templates
around a desired ligand binding site. Metal binding
sites found in natural proteins can be described and
parameterized by a few geometric descriptors, such
as the positions of ligand-chelating residues, orien-
tation of backbone groups, and symmetry. These
parameters can be used to restrain the location and
orientation of the backbone. The backbone is built
around the metal binding site and is used as a tem-
plate for designing the nonchelating residues that
stabilize the scaffold and position the binding resi-
dues. Using this process, Lombardi et al. (2000) re-

orted the successful design of a di-iron site into an
rtificial four-helix bundle scaffold.

nzyme Design

Extension of computational methods to broader
lasses of enzyme function will be a significantly
reater challenge. It is thought that all enzymes
erive much of their catalytic power by binding to
nd stabilizing the transition state of a reaction
Pauling, 1948). Based on this premise, Jencks
1969) proposed that antibodies raised against tran-
ition state analogs should have catalytic activity.
any groups have shown that this is indeed the case

reviewed by Lerner et al. (1991)). To date, approx-
imately 100 different reactions have been catalyzed
by antibodies raised against transition-state analog
haptens; these include activities never observed in
nature, such as the Diels–Alder reaction
(Gouverneur et al., 1993; Romesberg et al., 1998).

Despite the remarkable successes of catalytic an-
tibodies, they do suffer from the fact that few have
catalytic efficiencies comparable to those of natural
enzymes, in part because transition state analogs
only approximate the shape and charge distribution
of the transition state (reviewed by Hilvert (2000)).
Another problem is that design and synthesis of
transition state analogs can be difficult and time-
consuming. Finally, the scaffold is restricted to the
antibody fold, limiting the scope of accessible reac-
tions.

In principle, these limitations can be addressed by
computational design of enzymes. However, it will
require improvements in energy functions, espe-
cially for the treatment of charged and polar groups.
For example, enzymes bury functionally important
polar groups, but buried positions in most designs
are restricted to hydrophobic residues. Enzymes
must be stable, yet flexible enough to undergo the
structural fluctuations associated with substrate
binding, catalysis, and product release, and this will
require the incorporation of backbone flexibility in
design algorithms. The resulting increase in combi-
natorial complexity will also require the develop-
ment of even more efficient optimization methods.
Despite these hurdles, based on the advances de-
scribed herein, it appears that the field is ready to
tackle functional design.

This work was supported by a National Science Foundation
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