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Design of Peptide Analogues with Improved Activity Using a Novel
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Recent advances in the treatment of the peptide design problem have led to the ability to select
novel sequences given the structure of a peptide backbone. Despite these breakthroughs, issues
related to the stability and functionality of these designed peptides remain sources of frustration.
In this work, a novel method that addresses these issues for the computational design of peptides
and proteins is introduced. The method is based on (i) in silico sequence selection for a template
fold using a novel integer linear program (ILP) formulation and (ii) validation of fold stability
and specificity through rigorous calculations of ensemble probabilities for the selected sequences.
Through experimentally based functional analysis, the approach is shown to provide several
peptide sequences with 6-7-fold improvement in activity over the synthetic therapeutic peptide
compstatin, a 13-residue cyclic peptide that binds to complement component C3 and inhibits
complement activation.
1. Introduction
The problem of peptide and protein design, first
suggested almost two decades ago, begins with a known
three-dimensional protein structure and requires the
determination of an amino acid sequence compatible
with this structure. At the outset the problem was
termed the “inverse folding problem”1,2 given that
protein design has intimate links to the well-known
protein folding problem.3 In contrast to the characteristic of protein folding to associate a given protein
sequence with its own unique shape, the inverse folding
problem exhibits high levels of degeneracy; that is, a
large number of sequences will be compatible with a
given protein structure, although the sequences will
vary with respect to properties such as activity and
stability.
Experimentalists have explored the realm of sequence
space through the application of mutagenesis, rational
design, and directed evolution techniques to the problem
of protein design. Rational design relies on the use of
simple rules deduced from known protein structures,
and although this approach has been successful, the
allowable sequence space is highly restricted.4,5 The goal
of directed evolution is to obtain incremental improvements in protein properties by iterating between mutagenesis and screening.6,7 Although the major benefit
of these experimental techniques lies in their ability to
appraise and improve properties that can be screened
correctly, they also entail potential drawbacks. For one,
there is a restriction on the number of mutants that can
be screened experimentally, typically in the range of
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103-106 sequences.8 This capacity-related limitation is
further compounded by the fact that single random
mutations (e.g., random point mutagenesis by errorprone PCR7) have low probabilities for improving a
particular property, while simultaneous multiple mutations tend to dilute the possibilities for improvement.
One remedy has been the coupling of directed evolution
and limited site-directed mutagenesis techniques, which
transforms the difficulty into identifying the positions
that should be targeted.9
In contrast, computational protein design allows for
the screening of overwhelmingly large sectors of sequence space, with this sequence diversity subsequently
leading to the possibility of a much broader range of
properties and degrees of functionality among the
selected sequences. Allowing for all 20 possible amino
acids at each position of a small 50-residue protein
results in 2050 combinations, or more than 1065 possible
sequences. From this astronomical number of sequences,
the computational sequence-selection process aims at
selecting those sequences that will be compatible with
a given structure using efficient optimization of energy
functions that model the molecular interactions.
In an effort to make the difficult nature of the energy
modeling and combinatorial optimization manageable,
the first attempts at computational protein design
focused only on a subset of core residues and explored
steric van der Waals based energy functions through
exhaustive searches for compatible sequences.10,11 Over
time, the models have evolved to incorporate improved
rotamer libraries in combination with detailed energy
models and interaction potentials. Although the consideration of packing effects on structural specificity is
sometimes sufficient, as shown through the design of
compatible structures using backbone-dependent rotamer libraries with only van der Waals energy evaluations for a subset of hydrophobic residues,12,13 there has
been extensive research into the development of models
including hydrogen-bonding, solvent, and electrostatic
effects.14-17 These functional additions to the design
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models are especially important for full sequence design
since packing interactions no longer dominate for noncore residues (e.g., surface and intermediate residues).
The incorporation of these additional noncore residues
increases the potential for diversity and therefore
enhances the probability for improving functionality
when compared to the parent system. An additional
complication is the need to account for changes in amino
acid compositions and inherent propensities through the
appropriate definition of a reference state.15,18,19 Overall,
there is no consensus between model parametrizations,
and it is unclear which methods are more valid and
suitable for generic protein design.
Once an energy function has been defined, sequence
selection is accomplished through an optimization-based
search designed to minimize the energy objective. Both
stochastic and deterministic methods have been applied
to the computational protein design problem. Stochastic
approaches are appealing because their heuristic nature
can be used to control termination, and both genetic
algorithms20 and Monte Carlo methods19,21 have been
applied to the protein design problem. However, these
methods involve some element of chance and thus can
lack consistency and reliability in locating the global
minimum.22 Deterministic methods, such as the deadend-elimination algorithm,23 offer the advantage of
convergence to a consistent solution. Nevertheless, these
methods might not be globally deterministic in that
heuristic modifications must be applied to make convergence tractable for complex systems.19,24 In particular, one restriction for the dead-end-elimination method
is the requirement for a pairwise representation of
the energy function. More recent methods attempt to
avoid the problem of optimizing residue interactions
by manipulation of the shapes of free energy landscapes.25
Several sequence-selection approaches have been
tested and validated by experiment, thereby firmly
establishing the feasibility of computational protein
design. The first computational design of a full sequence
to be experimentally characterized was the achievement
of a stable zinc-finger fold (ββR) using a combination of
a backbone-dependent rotamer library with atomistic
level modeling and a dead-end-elimination-based algorithm.26 Despite these accomplishments, the development of a computational protein design technique to
rigorously address the problems of fold stability and
functional design remains a challenge. One important
reason for this is the almost universal specification of a
fixed backbone, which does not allow for the true
flexibility that would afford more optimal sequences and
more robust predictions of stability. Moreover, several
models that attempt to incorporate backbone flexibility
highlight a second difficulty, namely, inadequacies
inherent in energy modeling.21 Obviously, there is a
need for empirically derived weighting factors, but the
dependence on specific heuristics might also hinder the
generic nature of these computational protein design
methods. Such modeling-based assumptions also raise
issues regarding the appropriateness of the optimization
method and underscore the question of whether it is
sufficient merely to identify the globally optimal sequence or, more likely, a subset of low-lying energy
sequences. An even more difficult problem relevant to
both flexibility and energy modeling is to correctly model
the interactions that control the functionality and
activity of the designed sequences.

In this work, a novel two-stage computational peptide
and protein design method is presented not only to
select and rank sequences for a particular fold but also
to validate the stability and specificity of the fold for
these selected sequences. The sequence-selection phase
relies on a novel integer linear programming (ILP)
model with several important constraint modifications
that improve the tractability of the problem and enhance its deterministic convergence to the global minimum. In addition, a rank-ordered list of low-lying
energy sequences is identified, along with the global
minimum-energy sequence. Once such a subset of
sequences has been identified, the fold validation stage
is employed to verify the stabilities and specificities of
the designed sequences through a deterministic global
optimization approach that allows for backbone flexibility. The selection of the best designed sequences is
based on rigorous quantification of energy-based probabilities.
The directed formulation can be seamlessly integrated
into an overall predictive method for structure stability
and specificity, and this method can be used to predict
designed peptide analogues with enhanced immunological activities.27 The underlying hypothesis is that improved stability and specificity can lead to improved
activity when certain functionally important features
are conserved. This computational peptide and protein
design approach is applied to the problem of property
improvement for a synthetic cyclic peptide that inhibits
complement activation. The wild-type system, compstatin, a 13-residue peptide with a disulfide bridge, has
been resolved structurally via NMR spectroscopy.28 The
application of the presented approach has led to the
identification of sequences displaying substantial improvements in inhibition activity, as validated through
immunological assays.27
2. Theory and Methods
2.1. In Silico Sequence Selection. To correctly
select a sequence compatible with a given backbone
template, an appropriate energy function must first be
identified. Desirable properties of energy models for
protein design include both accuracy and rapid evaluation. Moreover, the functions should not be overly
sensitive to fixed backbone approximations. In certain
cases, additional requirements, such as the pairwise
decomposition of the potential for application of the
dead-end-elimination algorithm,23 might be necessary.
Instead of employing a detailed atomistic-level model,
which requires the empirical reweighting of energetic
terms, the proposed sequence-selection procedure is
based on optimizing a pairwise distance-dependent
interaction potential. Such a statistically based empirical energy function assigns energy values for interactions between amino acids in the protein on the basis
of the R-carbon separation distance for each pair of
amino acids. Such structure-based pairwise potentials
are fast to evaluate, and have been used in fold
recognition and fold prediction.29 One advantage of this
approach is that there is no need to derive empirical
weights to account for individual residue propensities.
Moreover, the possibility that such interaction potentials lack sensitivity to local atomic structure is addressed within the context of the overall two-stage
approach. In fact, the coarser nature of the energy
function in the in silico sequence-selection phase might
prove beneficial in that it allows for an inherent flexibility to the backbone.
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A number of different parametrizations for pairwise
residue interaction potentials exist. The simplest approach is the development of a binary version of the
model such that each contact between two amino acids
is assigned according to the residues types and the
requirement that a contact be defined as occurring when
the separation between the side chains of two amino
acids is less than 6.5 Å.30 An improvement of this model
is based on the incorporation of a distance dependence
for the energy of each amino acid interaction. Specifically, the R-carbon distances are discretized into a set
of 13 bins to create a finite number of interactions, the
parameters of which were derived from a linear optimization formulated to favor native folds over optimized
decoy structures.31,32 The use of a distance-dependent
potential allows for the implicit inclusion of side chains
and the specificity of amino acids. The resulting potential, which involves 2730 parameters, was shown to
provide higher Z scores than other potentials and place
native folds lower in energy.31,32 Recent work has
resulted in improvements through the use of physical
constraints and extension of the parametrization to
include β-carbon interactions to better represent sidechain placement.33
The linearity of the resulting formulation based on
this distance-dependent interaction potential is also an
attractive characteristic of the in silico sequence-selection procedure. The development of the formulation can
be understood by first describing the variable set over
which the energy function is optimized. First, consider
the set i ) 1, ..., n, that defines the number of residue
positions along the backbone. At each position i, there
can be a set of mutations represented by j{i} ) 1, ...,
mi, where, for the general case mi ) 20, ∀i. The
equivalent sets k ≡ i and l ≡ j are defined, and k > i is
required to represent all unique pairwise interactions.
With this in mind, the binary variables yji and ylk can be
introduced to indicate the possible mutations at a given
position. That is, the yji variable indicates the type of
amino acid that is active at a position in the sequence
by taking the value of 1 for that specification. Then, the
formulation, for which the goal is to minimize the energy
according to the parameters that multiply the binary
variables, can be expressed as
n mi

min ) min
yji,ylk

n

mk

∑
∑ ∑ ∑Ejlik(xi,xk)yji ylk
i)1 j)1k)i+1l)1

subject to

objective can be reformulated as a strictly linear (integer
linear programming) problem34
n mi

yji, ylk ) 0 - 1

(2)

subject to
mi

yji ) 1
∑
j)1

∀i

yji + ylk - 1 e wjlik e yji

∀ i, j, k, l

0 e wjlik e ylk

∀ i, j, k, l

yji, ylk ) 0 - 1

∀ i, j, k, l

This reformulation relies on the transformation of the
bilinear combinations to a new set of linear variables,
wjlik, and the addition of the four sets of constraints
serves to reproduce the characteristics of the original
formulation. For example, for a given i, j, k, l combination, the four constraints require wjlik to be 0 when
either yji or ylk is equal to 0 (or when both are equal to
0). If both yji and ylk are equal to 1, then wjlik is also
enforced to be 1.
The solution of the integer linear programming (ILP)
problem can be accomplished rigorously using branchand-bound techniques,34,35 making convergence to the
global minimum-energy sequence consistent and reliable. Furthermore, the performance of the branch-andbound algorithm is significantly enhanced through the
introduction of reformulation linearization techniques
(RLTs). Here, the basic strategy is to multiply appropriate constraints by bounded nonnegative factors (such
as the reformulated variables) and introduce the products of the original variables by new variables in order
to derive higher-dimensional lower-bounding linear
programming (LP) relaxations for the original problem.36 These LP relaxations are solved during the course
of the overall branch-and-bound algorithm and, thus,
speed convergence to the global minimum. The following
set of constraints illustrates the application of the RLT
approach to the original composition constraint, the first
set of constraint equations listed in formulation 2. First,
the equations are reformulated by forming the product
of the equation with some binary variables or their
complements. For example, by multiplying by the set
of variables ylk produces the following additional set of
constraints
mi

∀i
∀ i, j, k, l

mk

Ejlik(xi,xk)wjlik
∑
∑
∑
∑
i)1 j)1k)i+1l)1

yji,ylk

mi

yji ) 1
∑
j)1

n

min ) min

ylk
(1)

The parameters Ejlik(xi,xk) depend on the distance between the R-carbons at the two backbone positions (xi,
xk), as well as the type of amino acids at those positions.
The composition constraints require that there be
exactly one type of amino acid at each position. For the
general case, the binary variables appear as bilinear
combinations in the objective function. Fortunately, this

yji ) ylk
∑
j)1

∀ i, k, l

(3)

Equation 3 can now be linearized using the same
variable substitution as introduced for the objective. The
set of RLT constraints then becomes
mi

wjlik ) ylk
∑
j)1

∀ i, k, l

(4)

Finally, for such an ILP problem it is straightforward
to identify a rank-ordered list of the low-lying energy
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sequences through the introduction of integer cuts34 and
repetitive solution of the ILP problem.
In general, these (ILP) formulations belong to the
class of NP complete problems.34 Most available (ILP)
codes use a branch-and-bound procedure to search for
an optimal integer solution by solving a sequence of
related LP relaxations. By using the enhancements
outlined above, in combination with the commercial (LP)
solver CPLEX,35 a globally optimal (ILP) solution is
generated in less than 5 CPU min on an HP J-2240
workstation.
2.2. Fold Stability and Specificity. Once a set of
low-lying energy sequences has been identified via the
sequence-selection procedure, the fold stability and
specificity validation stage is used to identify the most
optimal sequences according to a rigorous quantification
of conformational probabilities. The foundation of the
approach is grounded on the development of conformational ensembles for the selected sequences under two
sets of conditions. In the first circumstance, the structure is constrained to vary, with some imposed fluctuations, about the template structure. In the second
condition, a free-folding calculation is performed for
which only a limited number of restraints are likely to
be incorporated (in the case of compstatin and its
analogues, only the disulfide bridge constraint is enforced) and with the underlying template structure not
being enforced. In terms of practical considerations, the
distance constraints introduced for the templateconstrained simulation can be based on the structural
boundaries defined by the NMR ensemble (in the case
of compstatin and its analogues, a deviation of 1.5 Å is
allowed for each nonconsecutive CR-CR distance from
the known NMR structures), or they can simply allow
some deviation from a subset of distances provided by
the structural template, hence allowing for a flexible
template on the backbone.
The formulations for the folding calculations are
reminiscent of structure prediction problems in protein
folding.37 In particular, a novel constrained global
optimization problem first introduced for structure
prediction using NMR data38 and later employed in a
generic framework for the structure prediction of proteins39 is employed. The global minimization of a
detailed atomistic energy force field Eff is performed over
the set of independent dihedral angles, φ, that can be
used to describe any possible configuration of the
system. The bounds on these variables are enforced by
simple box constraints. Finally, a set of distance constraints, Edis
l , l ) 1, ..., N, that are nonconvex in the
internal coordinate system, can be used to constrain the
system. The formulation is represented by the following
set of equations

min Eff
φ

(5)

subject to
ref
Edis
j (φ) e Ej j ) 1, ..., N

φLi e φi e φU
i i ) 1, ..., Nφ
Here, i ) 1, ..., Nφ corresponds to the set of dihedral
angles, φi, with φLi and φU
i representing lower and
upper bounds, respectively, on these dihedral angles.
In general, the lower and upper bounds for these
variables are set to -π and π. Eref
are reference
j

parameters for the distance constraints, which assume
the form of a typical square-well potential for both the
upper and lower distance violations. The set of constraints is completely general and can represent the full
combination of distance constraints or smaller subsets
of the defined restraints. The force-field energy function,
Eff, can take on a number of forms, although the current
work employs the ECEPP/3 model.40
The folding formulation represents a general nonconvex constrained global optimization problem, a class of
problems for which several solution methods have been
developed. In this work, the formulations are solved via
the RBB deterministic global optimization approach, a
branch-and-bound method applicable to the identification of the global minimum of nonlinear optimization
problems with twice-differentiable functions.37,38,41-45 A
converging sequence of upper and lower bounds is
generated, with the upper bounds on the global minimum obtained by local minimizations of the original
nonconvex problem and the lower bounds belonging to
the set of solutions of the convex lower bounding
problems that are constructed by augmenting the objective and constraint functions through the addition of
separable quadratic terms.
In addition to identifying the global minimum-energy
conformation, the global optimization algorithm provides the means for identifying a consistent ensemble
of low-energy conformations.44,46,47 Such ensembles are
useful in deriving quantitative comparisons between the
free-folding and template-constrained simulations. In
this way, the complications inherent in the specification
of an appropriate reference state are avoided because a
relative probability is calculated for each sequence
studied during this stage of the approach. The relative
probability for template stability, ptemp, can be found by
summing the statistical weights for those conformers
from the free-folding simulation that resemble the
template structure (denoted as the set temp), and
dividing this sum by the total of the statistical weights
for all conformers from the free-folding simulation
(denoted as the set total).

ptemp )

∑

exp(-βEi)

∑

exp(-βEi)

i∈temp

(6)

i∈total

Here, exp(-βEi) is the statistical weight for conformer
i. Figure 1 illustrates an intersection of the sets of
conformers from the template and free-folding simulations. Specifically, the free energy (using a harmonic
approximation to the entropy) is calculated for each
unique conformer, and these values are used to calculate
the corresponding statistical weight. The sum of all
statistical weights represents the denominator of eq 6,
whereas the sum in the numerator is computed only
from those conformers that are structurally similar to
the template. For compstatin, the template-constrained
optimizations required approximately six CPU hours on
a single P-III 600-MHz processor running Linux. The
free-folding optimizations were run on a cluster of 64
P-III 600-MHz processors running Linux, and the
parallelized branch-and-bound algorithm utilized about
4-5 h by wallclock per sequence.
2.3. Peptide Synthesis and Complement Inhibition Assays. Peptide synthesis and purification was
performed as described previously.48,49 The inhibitory
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Figure 1. Illustration of intersection of sets, plotted as RMSDs (root-mean-squared deviations) from average template structure versus
energy. The ellipses identify the general set of points from either the template or free-folding simulations. Horizontal lines indicate
possible cutoff values for defining the allowed flexibility.

activities of compstatin and its analogues on the complement system were studied by measuring their effects
on the classical pathway. Complement activation inhibition was assessed by measuring the inhibition of C3
fixation to OVA-anti-OVA complexes in normal human
plasma. Briefly, microtiter plates were coated with
ovalbumin, followed with anti-ovalbumin antibodies and
normal human plasma (generally diluted 1/160) in the
presence or absence of peptides diluted in gelatin
Veronal buffer2+ (VBS, 0.1 gelatin, 0.5 mM MgCl2, 2
mM CaCl2). Complement activation was assessed using
a goat anti-human C3 HRP conjugated antibody to
detect deposition of activated C3b/iC3b. Color was
developed by adding peroxidase substrate, and optical
density was measured at 405 nm. The concentration of
the peptide causing 50% inhibition of C3b/iC3b deposition was taken as IC50 and used to compare the
activities of various peptides. All peptides were analyzed
at least three times.
Results and Discussion
3.1. Compstatin: Wild-Type. Compstatin is a 13residue cyclic peptide and a novel synthetic complement
inhibitor with the prospect of being a candidate for
development as an important therapeutic agent (see
Figure 2). The binding and inhibition of complement
component C3 by compstatin is significant because C3
plays a fundamental role in the activation of the
classical, alternative, and lectin pathways of complement activation. Although complement activation is part
of normal inflammatory response, inappropriate comple-

Figure 2. Sequence of compstatin in its smallest active form is
Ile1-Cys2-Val3-Val4-Gln5-Asp6-Trp7-Gly8-His9-His10-Arg11-Cys12Thr13-NH2, with Cys2 and Cys12 forming a disulfide bond. The
structure of compstatin was solved and shown to include a type I
β-turn between residues Gln5-Asp6-Trp7-Gly8, with NOE data
suggesting the formation of this flexible yet definitive type
β-turn.28

ment activation can cause host-cell damage, which is
the case in more than 25 pathological conditions,
including autoimmune diseases, stroke, heart attack,
Alzheimer’s disease, and burn injuries.50 Compstatin
was initially identified through screening of a phagedisplayed random peptide library with C3b, a proteolytically activated form of complement C3, and later
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truncated to a 13-residue peptide without loss of activity.48 More recently, compstatin has been tested in a
variety of clinically relevant models.
The sequence of compstatin in its smallest active form
is Ile1-Cys2-Val3-Val4-Gln5-Asp6-Trp7-Gly8-His9-His10Arg11-Cys12-Thr13-NH2, with Cys2 and Cys12 forming a
disulfide bond. The structure of compstatin was solved
and shown to have a type I β-turn between residues
Gln5-Asp6-Trp7-Gly8, with NOE data suggesting the
formation of this flexible yet definitive type β-turn. It
is significant to add that several immunogenic peptides
adopt functional β-turn structures, which further support the promise of compstatin for future drug development.
As a result of its importance, compstatin has been the
subject of extensive structure-function studies involving a variety of peptide analogues.49,51 Along with the
turn structure-spanning residue Gln5-Gly8, the termini
of compstatin form a hydrophobic cluster stabilized by
the disulfide bond and involving residues Ile1, Cys2,
Val3, Val4, Cys12, and Thr13. Moreover, acetylation, in
addition to preventing disruption of this hydrophobic
cluster by removing the positive charge from the amino
terminus, was found to significantly reduce proteolytic
susceptibility and N-terminal processing of the peptide.49
It is well-known that turns are potential sites for
molecular recognition, and initial observations had
suggested that the turn residues of compstatin were
important for inhibitory activity. However, it was
unclear as to whether the β-turn was acting only to
provide structural stability or whether it was also
important for functional recognition. β-turn substitution
analogues demonstrated that other sequences with type
I turn preferences were functionally inactive and suggested that side-chain interactions exist between turn
residues and C3.49 In total, analogues of compstatin
have indicated that Val3 and the four residues of the
β-turn are essential for retaining activity.49
More recent functional and NMR-based structure
analyses of rationally designed compstatin analogues
have unveiled several important observations concerning structure-activity correlations.51 The rationally
designed analogues involved either single or double
alanine substitutions between Cys2 and Cys12, as well
as single, double, and triple substitutions of the four
turn residues. In regard to the β-turn, it was determined
that the turn structure is a necessary but not a sufficient
condition for activity and that flexibility of the turn is
also essential for activity. Moreover, it was determined
that Trp7 is likely to be involved in a direct interaction
with C3. Consideration of the hydrophobic cluster also
indicated that, in addition to being held together by the
disulfide bridge, this component of compstatin is involved in binding and activity with C3, but is not alone
sufficient for activity. In addition, the difficulty in the
optimization of the compstatin system has been demonstrated using both experimental combinatorial and
rational design techniques.51 Both studies led to the
identification of an approximately 2-fold more active
analogue.
3.2. In Silico Sequence Selection. The first stage
of the design approach involves the selection of sequences compatible with the backbone template through
the solution of the ILP problem. The formulation relies
only on the R-carbon coordinates of the backbone

residues, which were taken from the NMR-average
solution structure of compstatin.28
A full computational design study from compstatin
would result in a combinatorial search of 2013 ≈ 8 ×
1016 sequences. However, in light of the results of the
experimental studies of the rationally designed peptides,
a directed, rather than full, set of computational design
studies was performed. First, because the disulfide
bridge was found to be essential for aiding in the
formation of the hydrophobic cluster and prohibiting the
termini from drifting apart, both residues Cys2 and
Cys12 were maintained. In addition, because the structure of the type I β-turn was not found to be a sufficient
condition for activity, the turn residues were fixed to
be those of the parent compstatin sequence, namely,
Gln5-Asp6-Trp7-Gly8. In fact, when stronger type I β
sequences were constructed, which was supported by
NMR data indicating that these sequences provided
higher β-turn populations than compstatin, these sequences resulted in lower or no activity.51 Therefore, the
further stabilization of the turn residues, which would
likely be a consequence of the computational peptide
design procedure, might not enhance compstatin activity. This is especially true for Trp7, which was found to
be a likely candidate for direct interaction with C3. For
similar reasons, Val3 was maintained throughout the
computational experiments.
After the compstatin system had been designed to be
consistent with those features found to be essential for
compstatin activity, six residue positions were selected
to be optimized. Of these six residues, positions 1, 4,
and 13 have been shown to be structurally involved in
the formation of a hydrophobic cluster involving residues at positions 1, 2, 3, 4, 12, and 13, a necessary but
not sufficient component for compstatin binding and
activity. The remaining residues, namely, those at
positions 9-11, span the three positions between the
turn residues and the C-terminal cystine. For the wildtype sequence, these positions are populated by positively charged residues, with a total charge of +2 coming
from two histidine residues and one arginine residue.
On the basis of the structural and functional characteristics of those residues involved in the hydrophobic
cluster, positions 1, 4, and 13 were allowed to select only
from those residues defined as belonging to the hydrophobic set (A, F, I, L, M, V, Y). In addition, this set
included threonine for position 13 to allow for the
selection of the wild-type residue at this position. In
positions 9-11, all residues were allowed, excluding
cystine and tryptophan. A set of 50 low-lying energy
sequences are listed in Table 1. The cutoff of 50 lowlying energy sequences is somewhat arbitrary, and a
larger set of sequences can easily be generated and
passed to the second stage of the approach. More
generally, the variation at each position can be characterized by statistical analysis. Table 2 summarizes the
preferred selection at each position according to the
composition of the lowest-lying energy sequences.
The sequence-selection results exhibit several important and consistent features. First, position 10 is
dominated by the selection of a histidine residue, a
result that directly reinforces the composition of the
wild-type compstatin sequence. In contrast, position 11
is found to have the largest variation in composition,
with both polar, hydrophobic and charged residue being
part of the set of optimal low-lying energy sequences.
At position 9, a subset of the residues chosen for position
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Table 1. Example Set of 50 Low-Lying Energy Sequences
Predicted by the in Silico Sequence-Selection Method
iter

energy

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

-85.473
-85.120
-84.923
-84.862
-84.711
-84.683
-84.453
-84.265
-84.241
-83.934
-83.912
-83.715
-83.696
-83.654
-83.503
-83.475
-83.345
-83.315
-83.245
-83.077
-83.033
-82.726
-82.137
-82.107
-81.353

1 4 9 10 11 13 iter
A
V
V
V
A
A
A
A
A
A
V
V
A
V
A
A
A
A
A
A
A
A
A
A
A

Y
Y
Y
Y
Y
Y
Y
V
Y
Y
V
V
Y
V
V
V
Y
Y
V
Y
V
V
V
V
V

A
A
A
A
A
A
A
A
A
A
A
A
F
T
T
T
T
T
T
F
T
T
T
T
F

H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H

T
V
A
T
V
A
T
T
F
H
V
A
H
T
V
A
T
H
T
H
F
H
T
H
H

V
A
V
A
A
V
A
V
F
V
A
V
V
A
A
V
F
F
A
F
F
V
F
F
V

26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

energy
-81.133
-81.038
-80.789
-80.734
-80.734
-80.481
-80.367
-80.260
-80.225
-80.181
-80.129
-79.958
-79.941
-79.925
-79.870
-79.851
-79.838
-79.830
-79.816
-79.720
-79.581
-79.500
-79.461
-79.346
-79.322

1 4 9 10 11
A
A
A
A
V
A
V
V
V
V
V
A
A
A
V
A
A
A
A
A
A
A
A
F
A

Y
Y
Y
V
A
Y
Y
Y
Y
A
Y
Y
A
V
Y
Y
Y
V
Y
Y
V
Y
Y
Y
A

T
T
T
F
F
F
T
T
T
F
F
T
F
T
F
T
F
A
A
F
T
T
F
A
F

H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H

13

V
V
F
V
D
V
H
F
H
F
T
V
H
A
F
A
A
A
H
V
H
A
H
A
H
V
V
V
T
A
F
A
F
V
F
V
A
A
H
A
D
V
T M
T
A
A
V
H
F

Table 2. Preferred Residue Selections for Positions 1, 4,
9, 10, 11, and 13 of in Compstatin, as Compared to the
Wild-Type Sequence
position

wild type

optimala,b

1
4
9
10
11
13

I
V
H
H
R
T

A, V
Y, V
T, F, A
H
T, V, A, F, H
V, A, F

a Only residues with greater than 10 representations among the
lowest-lying energy sequences are considered optimal. b Listed in
decreasing order of optimality.

11 is selected. When considering those positions involved in the hydrophobic cluster of compstatin, it is
evident that valine provides strong forces at each
position. However, the results for position 4 contrast
with those for positions 1 and 13 in that tyrosine, rather
than valine, is the preferred choice for the lowest-lying
as well as a large majority of the low-lying energy
sequences.
It should be noted that, because the compstatin
structure was determined via NMR methods, there
exists an ensemble of 21 structures for which alternative
templates could be derived. These alternative templates
were studied as a means of incorporating backbone
flexibility into the sequence-selection process, and the
results proved to be consistent and in qualitative
agreement with those for the average template structure.
3.3. Fold Stability and Specificity Calculations
for Selected Sequences. On the basis of the sequenceselection results a handful of optimal sequences were
constructed for use in the second stage of the computational design procedure (see Theory and Methods).
Because the goal of this work is to gauge the functional
improvements of the designed peptides, the first step
was to perform the fold stability calculations for the
parent peptide sequence (the nonacetylated form of
compstatin, for which the NMR structure is available,
was used as a basis). For future reference, the fold
stability predictions are analyzed according to their
relative probabilities using three different classifica-

Figure 3. Set of sequences tested for fold stability.
Table 3. Control Sequences Used in Fold Stability
Calculations
sequence
X1
X2

I
L

C
C

V
V

V
V

Q
Q

D
D

W
W

G
G

A
W

H
H

R
R

C
C

T
G

tions. These groupings, denoted as classes, correspond
to those sequences exhibiting (i) more than 3 times, (ii)
between 1/2 and 3 times, and (iii) less than 1/2 the
stability of the parent peptide sequence.
Two additional control experiments were performed
to validate these classifications. The sequences used in
these trials are shown in Table 3. Sequence X1 corresponds to the conservative substitution of histidine to
alanine in position 9, whereas sequence X2 includes a
histidine-to-tryptophan substitution in position 9 along
with substitutions in both positions 1 and 13. The
reasoning for the substitution in sequence X1 is that
the introduction of the smaller alanine residues provides
additional flexibility for the β-turn,51 thereby leading
to a potential increase in activity. In fact, moderate
increases in activity over the wild-type compstatin are
observed for both sequence X1 and sequence X2. Fold
stability calculations indicate that both sequences belong to class ii, thereby verifying the consistency of the
classifications and results.
3.3.1. Significance of Mutations in Set A. For all
sequences further characterized via the fold stability
calculations (see Figure 3), residue 10 was set to
histidine, a prediction consistent with the composition
of the parent peptide sequence. Moreover, because the
variation in the residue composition for position 11 was
predicted to be rather broad, position 11 was restricted
to be arginine in subsequent sequences (except set C).
The first set of sequences was constructed to better
analyze the effect of the tyrosine substitution at position
4, with the justification for focusing on this substitution
being an attempt to assess the unusually dominant
selection of tyrosine at position 4. The consistent element of the sequences belonging to set A is the assignment of tyrosine to position 4. To further isolate any
substitution with respect to the parent peptide sequence, sequences A1-A3 assume the parent compstatin composition of histidine at position 9. Moreover,
sequence A1 resembles the parent peptide sequence at
positions 1 and 13 as well, whereas sequences A2 and
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A3 are constructed so as to add the valine substitutions
incrementally, first at position 13 for sequence A2 and
then at both positions 1 and 13 for sequence A3. All
three sequences fall within class ii according to their
fold stability results, with sequences A1 and A3 exhibiting substantial increases in fold stability over the parent
peptide sequence. These results highlight the significance of the tyrosine substitution at position 4 and
might help to further clarify certain features of the
proposed binding model for the compstatin-C3 complex.51 Specifically, a previous peptide analogue with
alanine substitutions on both sides of the β-turn provided activity equivalent to that of the original compstatin sequence. These observations, in addition to the
increased turn flexibility afforded by the alanine substitutions, led to the proposition that the presence of
side interactions of Val4 in the binding and activity of
compstatin was not required. This corroborates the
ability to make the valine-to-tyrosine substitution.
Two additional sequence selections were made to
incorporate additional computational and experimental
observations. First, on the basis of the results of the
control sequence X1, which exhibited increased activity
and comparable fold stability when compared to the
original compstatin sequence, a similar histidine-toalanine substitution was made for sequence A4. For
sequence A5, position 9 was changed from histidine to
phenylalanine, in accordance with the computational
results, indicating a strong preference for phenylalanine
at this position. On the basis of the fold stability
analysis, both sequences were grouped in class ii, with
sequence A5 demonstrating the highest relative stability
in sequence set A.
3.3.2. Significance of Mutations in Set B. To
further explore the combination of position 9 substitutions with the presence of tyrosine at position 4, several
additional sequences were constructed. The B1 and B2
constructions represent a reduction in the number of
simultaneous mutations from the parent peptide sequence. In effect, these two sequences correspond to the
individual combinations of sequence A2 with both
sequence A4 and sequence A5 such that position 1 is
taken from sequence A2 while position 9 matches the
substitutions incorporated into sequences A4 and A5.
An additional sequence, B3, is formulated as a combination of sequence A3 and the position 9 substitution of
histidine to tryptophan as taken from control sequence
X2. Each of the three designed sequences demonstrates
a significant increase in fold stability relative to the
original compstatin sequence and is classified as belonging to class i.
3.3.3. Significance of Mutations in Set C. Another
set of two additional sequences was identified with the
only difference between them being the specification of
the residue at position 4. For sequence C1, tyrosine was
assigned to position 4, whereas sequence C2 was
selected to have valine at this position. For both
sequences, threonine was specified at positions 9 and
11, and positions 1 and 13 were set to isoleucine and
valine, respectively. The choice of isoleucine for position
1 helps to reduce the number of simultaneous changes
from the parent peptide sequence.
For both sequence C1 and sequence C2, the stability
calculations indicate a substantial decrease in stability
when compared to the parent peptide sequence; that is,
both sequences belong to class iii. Nevertheless, between
sequences C1 and C2, there is strong evidence for the

Figure 4. Percent of complement inhibition as a function of
peptide concentration for the parent peptide compstatin, the most
active analogue D1, and an inactive linear peptide used as a
negative control.

preference of tyrosine at position 4. This prompted closer
examination of the residue selections at positions 9 and
11, the two remaining positions not involved in the
hydrophobic clustering of compstatin. In particular, the
specification of threonine at both positions 9 and 11
results in a negative net charge balance due to the
aspartate at position 6, especially because of the replacement of arginine by threonine at position 11. This
validates further the placement of arginine at position
11 for the previous set of sequences.
3.3.4. Significance of Mutations in Set D. The
final set of sequences was designed in accordance with
additional reductions in the number of simultaneous
mutations relative to the parent peptide sequence.
Specifically, sequences D1 and D2 resemble sequences
B1 and B2, respectively, with threonine instead of valine
as the C-terminal residue, a specification matching the
composition of the original parent peptide sequence.
Both sequences provide significant increases in fold
stability, and are grouped with sequences B1-B3 in
class i. For sequences D1 and D2, the differences with
respect to the parent peptide sequence are isolated to
the single residues before and after the β-turn. Both the
position-4 tyrosine and the position-9 phenylalanine
substitutions provide enhancements to the fold stability
of the compstatin structure and represent unforeseen
and unpredictable enhancements over the parent peptide sequence.
3.4. Experimental Studies. A number of the designed sequences presented above were constructed and
tested experimentally for their activities, without NMRbased structural analyses being performed. Because the
ultimate goal is to enhance the functional activity of
compstatin, such achievements must be complemented
and verified through experimental studies. Rather than
performing massive chemical synthesis of peptide analogues, we tested a few selected analogues against the
theoretical predictions. Specifically, one or two analogues were tested experimentally per category in
Figure 3. Figure 4 shows the experimentally measured
percent complement inhibition as a function of peptide
concentration for compstatin, the analogue D1, and the
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be used to predict analogues with enhanced immunological properties.
4. Conclusions

Figure 5. Comparison of relative inhibitory activities and fold
stabilities of designed sequences. Theoretical fold stability shown
as darkly shaded bars, and experimental inhibitory activity shown
as lightly shaded bars. Experimental data are not available for
several cases (A1, A2, A3, D2, B3). Three classifications of both
relative fold stability and relative activity are made according to
the characterization of the parent peptide sequence. The classes
represent (i) more than 3 times, (ii) between 1/2 and 3 times, and
(iii) less than 1/2 of either the fold stability or the activity of the
parent compstatin sequence.

inactive linear analogue C2A/C12A (with Cys2-Ala and
Cys12-Ala replacements). Peptide D1 is currently the
most active compstatin analogue available. The C2A/
C12A analogue is inactive51 and has been used as a
negative control for the inhibition measurements. Figure 5 summarizes the results from the inhibitory
activity experiments in comparison to the theoretical
fold stability results. Qualitatively, the predicted increases in fold stability and specificity are in excellent
agreement with the results from the experimental
studies. That is, when considering sets of seuqences (as
described above), the computational methodology identifies changes that give rise to real improvements. This
is especially significant given that the predictions correspond more directly to fold stability enhancements
whereas the experiments directly test inhibitory function.
Although the computational approach is formulated
to select and screen sequences in an effort to enhance
the fold stability of the template structure, efforts were
made to elicit structure-function alterations that would
avoid the disruption of elements essential for compstatin
activity. The results validate the underlying hypothesis
that improved stability and specificity can lead to
improved activity when conserving certain functionally
important features. This result is significant because
such a directed (rational design) formulation can be
integrated into an overall predictive method for structure stability and specificity. The comparison between
experimental and computational results indicates that
the most active compstatin analogues are sequences D1
and B1, as suggested by the optimization study. The
common characteristic of these two sequences is the
substitutions at positions 4 and 9, the two positions
flanking the β-turn residues Gln5-Asp6-Trp7-Gly8. In
particular, the combination of tyrosine at position 4 and
alanine at position 9 provides key residues for increased
activity and leads to an approximate 6-7-fold improvement over the parent peptide compstatin. This study
provides new analogues that outperform analogues
identified by either purely rational or experimental
combinatorial design studies. In addition, these results
are direct evidence that a computational method can

A novel computational structure-activity-based methodology for the de novo design of peptides and proteins
was presented. The method is completely general in
nature, with the main steps of the approach being
obtaining NMR-derived structural templates, combinatorially selecting sequences on the basis of optimization
of parametrized pairwise residue interaction potentials,
and validating fold stability and specificity using deterministic global optimization. As proof of concept,
experimental data were used to formulate a directed
design study for the case of the complement inhibitor
peptide compstatin. The optimization study led to the
identification of many active analogues, including a
6-7-fold more active analogue, as validated through
immunological activity measurements. These results are
extremely impressive and represent significant enhancements in inhibitory activity over analogues identified
by either purely rational or experimental combinatorial
design techniques. The work provides direct evidence
that an integrated experimental and theoretical approach can make the engineering of compounds with
enhanced immunological properties possible.
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