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Specific protein–protein interactions are crucial in signaling networks and for the assembly of multi-protein
complexes, and represent a challenging goal for protein design. Optimizing interaction specificity requires both
positive design, the stabilization of a desired interaction, and negative design, the destabilization of undesired
interactions. Currently, no automated protein-design algorithms use explicit negative design to guide a sequence
search. We describe a multi-state framework for engineering specificity that selects sequences maximizing the
transfer free energy of a protein from a target conformation to a set of undesired competitor conformations . To test
the multi-state framework, we engineered coiled-coil interfaces that direct the formation of either homodimers or
heterodimers. The algorithm identified three specificity motifs that have not been observed in naturally occurring
coiled coils. In all cases, experimental results confirm the predicted specificities.

Computational protein design provides a rigorous test of our
understanding of proteins. In effect, a design algorithm translates our hypotheses about protein structure and function into
amino acid sequences. Experimental analysis of these sequences
reports on the validity of the hypotheses. Recent design efforts
have resulted in the realization of a novel backbone fold1, the
redesign of a folding pathway2 and the design of a zinc finger
domain that does not require metal binding for stability3.
Most design studies follow the ‘inverted-folding’ strategy in
which an optimal sequence for a preexisting backbone is selected
by the design algorithm4. Protein structure is represented by a
fixed backbone and a rotamer-based description of side chain
conformation5. Amino acid sequences are selected that mini-

mize a potential energy function when computationally modeled in the target conformation. We refer to this procedure as
‘single-state’ design. The potential energy functions used in protein design include empirically weighted contributions derived
from molecular mechanics potentials, secondary structure
propensities, structural database statistics and surface-area
scaled terms that depend on hydrophobic/polar (H/P) character6,7. Because they combine a diverse set of energetic and statistical considerations, we refer to these as ‘hybrid’ potential energy
functions. This general approach has led to numerous impressive results from several groups2,3,8–13.
These successes suggest that the automated stabilization of
fixed structures may be considered a solved problem. However,
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Fig. 1 A GCN4-derived scaffold for coiled-coil design. a, A helical wheel diagram of the pCAP sequence. Positions allowed to vary in the design calculation are denoted by ‘X’. These positions form the interface of the central heptad. The pCAP sequence is identical to an N-terminally capped variant of GCN4 (ref. 60) with the asparagine at position 16 shifted by one heptad level to position 9. b, Constructs used for the experimental
characterization of designed sequences. ‘H6’ denotes a (His)6-tag; ‘SH’, a (Gly-Gly-Cys) linker; and ‘PKA’, a protein kinase A-tag.
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Fig. 2 Positive and negative design states. a, Schematic representation of competing states included in the design calculations targeting the homodimer conformation. Competing states are included to enforce homospecificity (upper right), solubility (lower right) and stability (lower left). The
aggregated state is modeled as the target conformation embedded in a medium with a dielectric constant of 65. Each sequence considered by the
genetic algorithm is subjected to conformational optimization in each of the four states. The fitness score for a given sequence is the transfer free
energy from the target state (homodimer) to the ensemble of competing states (heterodimers, aggregated state and unfolded state). ∆Gspec and
∆Gunf are transfer free energies between states and can be measured experimentally. b, Energy diagram for two protein sequences in different conformational or associative states. A solid green line indicates the energy of the target state, the coiled-coil homodimers. The dashed magenta lines
indicate the energies of competing states, including the unfolded protein, aggregated protein and the coiled-coil heterodimers. Sequence 1 minimizes the energy of the target state and would be incorrectly selected by the single-state design algorithm. The single-state design algorithm cannot
recognize that the heterodimers are more stable than the homodimers because stabilities are computed only for the target state. The multi-state
algorithm would correctly select sequence 2, because its transfer free energy from the target state to the ensemble of competing states is more positive than for sequence 1 (Eq. 3).

single-state approaches do not explicitly address discrimination between multiple states, which is a central feature of molecular specificity. Examples include proteins that selectively
bind one small molecule without binding chemically related
compounds, allosteric proteins that change conformation in
the presence of a regulatory ligand and enzymes capable of
binding transition states more tightly than ground states. To
maximize specificity for a target state, the design algorithm
must both stabilize the desired physical result (positive design)
and destabilize undesired conformations, arrangements or
states (negative design).
We present a general method for the automated design of
specificity in molecular recognition. Following previous
work1,14,15, we represent each design requirement as a separate
state that the protein can adopt. The algorithm achieves specificity by selecting sequences calculated to have an energetic preference for the target state over the negative design states. We
refer to this procedure as ‘multi-state’ design. Using a coiled-coil
model system for molecular recognition, we show that the use of
multiple states in our calculations is necessary. The multi-state
algorithm discovers new specificity motifs unreported in naturally occurring coiled coils.

A design intended to select two coiled-coil sequences that preferentially associate into homodimers and do not crosshybridize with each other is illustrated (Fig. 2). Four states were
modeled. The first state is defined as the folded homodimer conformation, which is the target state. The second state is the
folded heterodimer conformation, which is included as a competing state to select against sequences that cross-hybridize. The third
state is the unfolded state of the polypeptides, which is included as
a competitor to select against sequences that are unstable. The
fourth state is the aggregated state, which is included as a competitor to select against sequences with poor water solubility.
Free energies were evaluated for candidate sequences in each
of the four states. The fitness of a sequence was defined as its
computed transfer free energy from the target state to the
ensemble of competing states (Fig. 2b). Single-state design algorithms select sequences with the lowest computed energy in the
target state (sequence 1, Fig. 2b). The multi-state design algorithm selects sequences that maximize the fitness (sequence 2,
Fig. 2b), ensuring specificity towards the target state.
A genetic algorithm was used to evolve a population of
sequences that maximize the transfer free energy from the target
state to the ensemble of competing states. To distinguish different classes of solutions within the population, we clustered the
Design of specific coiled-coil interfaces
100 sequences of highest fitness into four groups using
We chose a dimeric coiled coil as our design scaffold because it BLASTClust17. The sequence with the largest transfer free energy
represents the simplest protein–protein interface. Coiled coils from each cluster is reported (Table 1; Fig. 3).
have a characteristic heptad repeat (a–g, Fig. 1a). Positions a and
d are typically occupied by hydrophobic residues, positions e Identifying specific pair interactions
and g by charged residues and positions b, c and f by polar The designed sequences incorporate both previously identified
residues. We redesigned positions a, d, e and g in the central hep- and new amino acid motifs. To identify the pairwise interactions
tad of the prototypical and well-studied homodimeric coiled coil in these motifs that are responsible for the computed specificity,
GCN4 (ref. 16). Eight residues (four per helix) were varied, gen- computational double-mutant cycles were performed. In the
erating two distinct sequences. All non-proline amino acids were cases of sequences iv and vi (Fig. 3), specificity was achieved by
considered at the designed positions, allowing for a total of patterning charged residues on the protein surface, which occurs
naturally in coiled coils18 and has been used in protein engineer8 × 109 possible sequence outcomes.
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Fig. 3 Results of design calculations. a, Positions of designed residues in
the central heptad of pCAP (Fig. 1). b, Designed homodimer sequences.
The arrangement of residues for both the homodimer and heterodimer
species is shown for each sequence pair. The target state of the design is
indicated by the direction of the equilibrium arrow. Single letter abbreviations are used for the amino acids. Basic and acidic residues are shown
in blue and red, respectively. c, Designed heterodimer sequences. The
arrangement of residues for both the homodimer and heterodimer
species is shown for each sequence pair. d, Omitted state sequences.
Sequences result from calculations omitting one or more competing
states (Table 1). The competing states omitted from each calculation are
indicated at the top of the panel.

ing studies19. Several novel sequence patterns also emerge.
Volume complementarity between a Trp side chain and a Gly
side chain confers specificity in sequences i and v (Fig. 4a). Poor
packing between a Leu side chain at heptad position a against
β-branched side chains at positions g′ and a′ accounts for the
homospecificity of sequence ii. In sequences iii and vii, a Glu side
chain at heptad position d favors a basic amino acid at position
e′ over a hydrophobic alternative (Fig. 4b). Because position d of
the heptad repeat is located in the hydrophobic core of the coiled
coil, these sequences contain buried polar residues computationally engineered to confer specificity.
Multiple design goals require multiple states
To test whether multiple states are required to achieve our design
criteria, we performed a second set of calculations in which one
or more competing states were omitted (sequences ix–xiii,
Fig. 3d; Table 1). The calculations with limited sets of competitors demonstrate that the neglect of any state yields inferior
results relative to the results obtained with the full set of competitors. The omission of the aggregated state gives rise to sequences
with fewer charged residues (compare sequences ix and x with i
and vi). Although it is not clear whether the aggregated state is
required for the success of our design, the loss of polar residues at
surface positions is generally undesirable. Designs lacking both
the aggregated and unfolded states lead to sequence pairs predicted to be specific but also unstable (sequences xi and xii). When
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Table 1 Calculated (using the OPLS-UA potential) and observed thermodynamic quantities for designed sequence pairs
Sequence pair
States1
(A / B)
Hom Het Unf Agg
i
WGLK / EILK
*
C
C
C
ii
RLEK / IILK
*
C
C
C
iii
KILV / RLER
*
C
C
C
iv
EVLR / KILD
*
C
C
C
v
EGLK / WILR
C
*
C
C
vi
KILR / EILD
C
*
C
C
vii
RIER / ELLK
C
*
C
C
viii RILR / EIEL
C
*
C
C
ix WGLL / EILR
*
C
C
–
x
RVLR / EILL
C
*
C
–
xi HFVN / VSFR
*
C
–
–
xii DDDE / HHHR
C
*
–
–
xiii EILK / EILK
*
–
C
C
EILK / EILK
–
*
C
C

∆GFitness
(kcal mol–1)2
+4.3
+3.8
+3.8
+3.7
+4.7
+4.7
+4.5
+4.4
+5.7
+6.4
+50.2
+109.3
+5.7
+5.7

∆Gspec,calc
(kcal mol–1)3
+9.7
+7.1
+7.6
+4.8
–12.1
–8.7
–5.6
–12.2
+12.8
–6.8
+50.2
–109.3
0.0
0.0

∆Gspec,obs
(kcal mol–1)
+0.9
+3.0
+1.6
+2.7
–1.7
–2.5
–2.5
–1.7

∆Gunf,calc
(kcal mol–1)4
+1.8 / +2.9
+1.4 / +2.1
+2.7 / +1.6
+3.1 / +1.1
+3.0
+2.9
+2.9
+2.3
+3.4
+3.9
–16.7
–10.4
+2.9
+2.9

∆Gunf,obs
(kcal mol–1)
–5.4 / +1.6
–3.8 / +1.9
–0.5 / –3.6
–0.9 / –1.9
–0.6
–0.9
+1.7
–1.6

∆Gagg,calc
(kcal mol–1)5
+4.8 / +5.1
+4.6 / +4.6
+4.3 / +4.5
+4.9 / +4.6
+4.8
+4.8
+4.7
+4.6
+4.9 / +3.9
+4.4
+4.6 / +4.1
+4.9
+5.1 / +5.1
+5.1

The target state for each calculation is denoted with an asterisk, competing states with a ‘C’, and states omitted from the calculation with a minus
sign. The abbreviations for the states are Hom, homodimers; Het, heterodimers; Unf, the unfolded state; and Agg, the aggregated state.
2Transfer free energy from target state to ensemble of competitors.
3∆G
spec is defined as the free energy change when the two homodimers are rearranged to form the two heterodimers.
4∆∆G
unf is defined as the free energy difference between the unfolded and target states, subtracted by the same value for the pCAP (KVLE / KVLE)
sequence. For homodimer species, ∆∆Gunf is reported for both sequences (A / B).
5∆G
agg is defined as the free energy difference between the aggregated and target states. For homodimer species, ∆Gagg is reported for both
sequences (A / B).
1
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Fig. 4 Predicted specificity motifs.
a, Sequence pair i (Table 1). In the AA
homodimer, a Trp residue (green)
occupies a space created by a Gly
residue on the opposite helix (white).
In the AB heterodimer, a Glu residue is
opposite the Gly residue. The Glu
residue extends into solvent, leaving a
cavity in the hydrophobic core of the
coiled coil. The Trp residue is placed
opposite an Ile residue and cannot
pack into the core. b, Sequence pair iii.
In the BB homodimer, a Glu residue at
the heptad d position (orange) is in
close contact with an Arg residue at
the opposing e′ position (cyan). In the
AB heterodimer, the Glu is opposite an
uncharged residue (Val). Figures were
generated with VMD61.

b

the homodimer competitor is omitted from the heterodimer
design, all association specificity is lost (sequence xiii). Omission
of the heterodimer competitor from the homodimer design
results in the same loss of specificity (sequence xiii). We conclude
that both positive and negative design states must be considered
to achieve specificity in our calculations.
Experimental validation of designed sequences
To test the energetic predictions, sequence pairs i–viii were
expressed, purified and characterized experimentally. We first
determined whether the target species form parallel dimeric
structures by measuring whether the apparent melting temperatures (Tm) of C-terminally disulfide-bonded–target coiled coils
vary with peptide concentration18. All of the Tms were observed
to be concentration independent. These data rule out the possibility that the disulfide-bonded coiled coils form higher order
oligomers or adopt antiparallel conformations. For six of the
species, the dimer oligomerization state was confirmed independently by analytical ultracentrifugation.
A disulfide-exchange assay was used to measure directly the
equilibrium between the homodimer and heterodimer states of
the designed coiled coils (Fig. 5a,b). In each instance, specificity

a

for the desired association state was achieved (Table 1; Fig. 5c).
Two sets of predictions are shown. The first set is computed with
the OPLS-UA potential energy function, which was used in the
design calculation20. In addition, we report specificities calculated identically, using the CHARMM19 potential energy
function21, which was applied after the design to evaluate the
selected sequences. Both sets of predictions correlate with the
measured values (the square of the correlation coefficient (R2) is
0.7 for both OPLS-UA and CHARMM19).
To test our predictions of unfolding free energies, stabilities
were measured for sequences i–viii by urea denaturation. All
measurements were taken in 5 mM phosphate buffer, consistent
with the low salt environment used for the design calculation.
For homodimer species, melts of unmodified coiled coils were
performed. For heterodimer species, disulfide-bonded coiled
coils were studied to prevent the formation of a mixed population of dimers. The data were fit assuming a two-state bimolecular (homodimers) or unimolecular (heterodimers) folding
reaction (Fig. 6a,b). Stabilities were extracted from the data and
referenced to that of the pCAP peptide, the parental sequence for
the design calculation. We compared the stabilities predicted
using the OPLS-UA20 and CHARMM19 potential energy func-

c

b

Fig. 5 Specificity of designed coiled coils. a, One member of each sequence pair was expressed in E. coli with an N-terminal His6-tag (red), whereas
the other was expressed without the tag (blue). The proteins were allowed to exchange helix partners in the presence of redox reagents, which facilitated the breaking and reforming of disulfide bonds, until equilibrium was reached. The exchange reaction was then quenched, radioactively
labeled and analyzed by SDS-PAGE. b, Autoradiograph of electrophoretically separated exchange reaction. The top band is composed of
His6-tagged homodimers; the middle band, heterodimers; and the bottom band, untagged homodimers. Sequence pairs are colored corresponding
to whether they were expressed with (red) or without (blue) a His6-tag. c, Specificities calculated using the OPLS-UA potential energy function20
(blue circles; slope = 3.5 and R2 = 0.7) or the CHARMM19 potential energy function21 (red squares; slope = 2.3 and R2 = 0.7) plotted against the measured values. Lines of best fit are shown in solid blue (OPLS-UA) and dashed red (CHARMM19). The diagonal is shown as a solid black line. The quadrants of the graph are labeled to indicate where the computation correctly predicts measured specificity.
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Fig. 6 Stability of designed coiled coils. a, Urea denaturation of designed homodimer coiled coils. Sequences are identified by lower case roman
numerals (Table 1). The pCAP sequence is denoted ‘wt’. Curves were fit using a two-state bimolecular model. b, Urea denaturation of
disulfide-bonded dimers of designed heterodimer coiled coils. Curves were fit using a two-state unimolecular model. Sequences are identified by
lower case roman numerals (Table 1). c, The calculated stability for each of the designed species (eight homodimers, four heterodimers and the scaffold) is plotted against the observed value. Blue circles denote values calculated using the OPLS-UA potential energy function20, and red squares are
those using the CHARMM19 potential energy function21. Lines of best fit are shown in solid blue (OPLS-UA; slope = 0.1, R2 = 0.1) and dashed red
(CHARMM19; slope = 0.9, R2 = 0.6). The diagonal is shown as a solid black line.

tions21 with the experimental stabilities. All target species are
predicted to be more stable than the pCAP peptide by the
OPLS-UA potential energy function. In contrast, stabilities calculated with the CHARMM19 potential are in closer agreement
with the observed values.
Discussion
Our design algorithm differs from previous efforts2,3,8,9 in two
ways. First, we select sequences that maximize the transfer free
energy of a protein from a target state to an ensemble of explicitly represented competitors, rather than optimizing the computed potential energy for a single target state. As a result,
sequence optimization is necessarily distinct from structural
optimization, and structural optimization must be performed
separately for each state22. The computed specificities are used to
guide the subsequent sequence search. Second, we evaluate conformational free energies using a standard molecular mechanics
potential energy function with a continuum solvent model
(MM/CS) rather than a hybrid energy function. This allows us to
directly compare predicted and observed free energies. Although
MM/CS potential energy functions are still under development,
they are more thoroughly parameterized and tested than hybrid
energy functions. Because they can account for the energetics of
small molecules, nucleic acids and proteins, they are expected to
be more general than hybrid energy functions. Finally, the use of
a standard molecular mechanics potential energy function
allows for its modular substitution with improved potentials, as
advances (such as polarizable potential energy functions)
emerge from other fields of computational chemistry.
Specificity in protein design
Specificity is, by definition, a multi-state property23. The probability that a designed protein will adopt a target conformation or
state is given by:

Ptarget = (e–Atarget/RT) / (∑target, competitorse–A/RT)

(1)

where Atarget is the free energy of the target conformation, and A
is the free energy of each conformation in the sum in the denominator.
Single-state design is predicated on maximizing the numerator of Eq. 1, neglecting the effects of sequence variation on the
denominator (the partition sum). This approach has been used
nature structural biology • volume 10 number 1 • january 2003

successfully to engineer specificity15,24. However, if any competitor conformation structurally resembles the target conformation, optimization for the target will be correlated with
optimization for the competitor, and the single-state strategy
will likely break down14,25,26.
Failure of single-state design is observed in lattice models of
proteins, resulting in heteropolymer sequences that fold into
multiple conformations27. To address this deficiency, a new generation of lattice-design algorithms selects sequences that
directly optimize Ptarget in Eq. 1 rather than target stability28–30.
Although optimizing Ptarget may seem computationally prohibitive, given the large number of states that could contribute to the
denominator in Eq. 1, it has been noted31,32 that the partition
sum is dominated by a small number of low-energy conformations that are structurally similar to the target. The partition sum
can thus be approximated by modeling this subset of near-native
conformations.
The differences between the single-state and multi-state
strategies are highlighted by the manner in which they achieve
the ‘hydrophobic in/polar out’ pattern observed in naturally
occurring proteins. This pattern reflects the realities that
buried charges can be destabilizing and that an excess of
hydrophobic residues at the surface can lead to aggregation. In
single-state design algorithms, the unfolded and aggregated
states are not modeled. Consequently, the selection of charged
residues at buried positions is discouraged by penalizing the
burial of polar surface area, by excluding polar residues from
buried positions7,12 or by constraining amino acid composition33. Likewise, hydrophobic residues are often excluded from
consideration at surface positions to prevent aggregation.
Although sequence constraints may be expedient for enforcing
‘hydrophobic in/polar out’ patterning, protein function often
depends on exceptions to this rule34–40. In the multi-state
approach, the patterning of hydrophobic and polar residues
arises as a natural consequence of simultaneous competition
against the unfolded and aggregated states. Thus, polar
residues are not excluded from the cores of proteins; their
selection is based on an energetic balance between the requirements for stability and specificity.
The multi-state approach only offers an advantage for designing against undesired competitors states that are known and can
be modeled. With respect to unknown competitors, the
single-state and multi-state approaches are equivalent. One must
49
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hope that specificity against unknown competitors will arise fortuitously as a consequence of sequence optimization for the target state. To assess the magnitude of such fortuitous specificity,
we measured ∆Gspec for seven pairs of homodimer sequences that
were not deliberately designed to disfavor cross-hybridization
with each other (iA/iiiB, iA/ivB, iiA/iiiB, iiA/ivB, iiiA/ivB, ivA/iiB
and ivA/iiiB; Fig. 3)). The ∆Gspec values for these pairs range from
–0.1 to 1.1 kcal mol–1, averaging 0.6 kcal mol–1 (data not shown).
Seven of the eight engineered sequence pairs (sequences i–viii,
Fig. 3; Table 1) show values of ∆Gspec exceeding in magnitude the
largest value of ∆Gspec that arises fortuitously.
Assessment of the physical model
Comparison of experimentally measured free energies with predicted values reports on the accuracy of the physical model used
for design, which includes the side chain rotamer library, the
backbone representation and the potential energy function. The
results demonstrate that MM/CS energy potentials are capable
of conferring functional specificity on designed proteins.
However, the quantitative agreement between energetic predictions and measured values leaves room for improvement.
As observed by others, we find that the accuracy of energetic
estimates strongly depends on the number of rotamers used to
model side chain conformations41. The library we used included
1,064 rotamers to represent the 19 non-proline amino acids.
Optimizing the side chain coordinates in the presence of the
fixed backbone after rotamer placement was necessary to achieve
energy values that could be compared across all states9,42.
Our physical model does not consider backbone movements
of the protein, which could mitigate unfavorable interactions in
the negative design states. This limitation probably contributes
to the overestimation of the specificities by both the OPLS-UA20
and CHARMM19 potential energy functions21 (Fig. 5c).
Incorporating backbone flexibility in the multi-state framework
should be possible by including several fixed backbone conformations for each of the competing states.
All potential energy functions contain errors. The design
process likely inflates the cumulative error in the force field used
for the design calculation. Presumably, the genetic algorithm
selects sequences for which errors in the OPLS-UA potential
energy function are correlated and preferentially stabilize the
target state. In contrast, the designed sequences are expected to
sample errors that are present in the CHARMM19 potential
energy function randomly, yielding a more accurate assessment
of their stabilities. The differences in the OPLS-UA and
CHARMM19 stability predictions derive from the bonded and
Lennard-Jones terms in the potential energy function (data not
shown). The results suggest that cross-validation by independent potential energy functions could be used to identify
designed sequences that likely contain accumulated errors before
time-consuming experimental efforts are initiated.
Conclusion
We have presented a general method for incorporating specificity into protein design. Each positive and negative design
requirement is embodied as a separate state in our algorithm. We
have verified experimentally that this multi-state framework
produces functionally specific protein–protein recognition. The
use of a molecular mechanics potential energy function with a
continuum solvent model allows for comparison of the predicted and observed free energies. The results suggest that the use of
several potential energy functions may help to minimize the
effects of errors present in these functions.
50

Our framework for multiple competing states is applicable
beyond the simple protein–protein interactions that we have
considered here. For example, larger sets of orthogonal coiled
coils could be designed to direct complex self-assembly processes. Competing states in which a protein is bound to ‘decoy’ ligands could be used to direct the design of specific
small-molecules (for example, see ref. 14). Finally, an explicit
framework for the stabilization of the transition state of a reaction relative to its ground states should be possible43.
Methods
Rotamer library and optimization. Backbone coordinates for a
symmetric idealized coiled coil were generated from a mathematical model using parameters optimal for Val and Leu residues at heptad positions a and d44 (Fig. 1). The most commonly occurring
rotamers for an α-helix were taken from the backbone-dependent
library of Dunbrack and Karplus45. Sufficient rotamers for each
amino acid were extracted to account for 95% of all observed conformations. Sulfhydryl and hydroxyl hydrogens were added with
dihedral angles of –60°, 60° and 180°. Rotamers were built onto the
backbone structure and energy minimized using either the
OPLS-UA20 or CHARMM19 (ref. 21) geometric and van der Waals
potential energy terms and a 20° square-well dihedral restraint20.
Additional rotamers were then introduced, offset from the minimized values by 1.3 s.d. in the χ1 dihedral angle45 for lysine, methionine, glutamine, glutamate and arginine, and in χ1 and χ2 for all
other amino acids (20° for the hydrogen dihedrals above). Atom
positions for additional rotamers were energy minimized, with
their dihedral angles held fixed. Rotamer probabilities were optimized following Koehl and Delarue46. Because the mean-field algorithm does not guarantee convergence to the global minimum47,
each sequence in Table 1 was repacked 50× with different random
initial rotamer probabilities. The results agreed to within
0.01 kcal mol–1, suggesting that the repacking algorithm identifies
the globally optimal conformation for these sequences.
Energy function. The potential energy of the system is approximated in a pairwise factorable form46 and decomposed into the following contributions:
Utotal = UGeom + ULJ + UMTK / γ

(2)

UGeom consists of the bonded energy terms from the OPLS-UA20 or
CHARMM19 (ref. 21) force field. UMTK / γ is identical to the FDPB / γ solvation energy48, with the electrostatic energies calculated from
PARSE parameters48 using the modified Tanford-Kirkwood algorithm49. The solvent and protein dielectric constants used were 80
and 4, respectively. Pairwise surface areas were calculated similarly
to Street and Mayo50. Separate scaling factors were stored for backbone and side chain atoms at each position. The scaling factors were
selected so that the pairwise-calculated buried surface would equal
the exact buried surface areas for all residues in the GCN4 structure
(PDB entry 2ZTA)16. For sequences i–viii (Table 1), the average difference between pairwise computed and exact surface area was 68 Å2.
U LJ is the Lennard-Jones potential energy. For one-body energies,
the Lennard-Jones function with OPLS-UA or CHARMM19 parameters was used. For interactions between rotamers (two-body energies), we used a fuzzy Lennard-Jones function. Lennard-Jones
interaction energies were calculated with radii scaled51 by 0.9, and
negative (favorable) interaction energies were set to zero. Surface
area buried between side chain rotamers was assigned an energy
density of –16 cal mol–1 Å–2; this value was derived from two constants taken from the literature. First, the experimentally determined surface-area energy density for transfer of acetyl-X-amide
analogs of non-polar side chains from water to octanol52,53 is
21 cal mol–1 Å–2. Second, the FDPB / γ solvation model assigns a
surface-area energy density for transfer of hydrocarbons from water
to vacuum48 of 5 cal mol–1 Å–2. The difference between these values,
–16 cal mol–1 Å–2, is the surface-area energy density for transfer from
vacuum to octanol, the appropriate value for the fuzzy LennardJones function.
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Design targets and competitors. The eight designed positions in
each calculation are located in two distinct polypeptides, A and B
(Fig. 1). Free energies for the coiled-coil states were calculated
using the coiled-coil backbone template subject to mean-field
repacking of side chains. The free energy of the unfolded state
was calculated in two steps according to the following scheme:
D↔2M↔2U, where D is the folded dimer, M is a monomer α-helix
and U is the unfolded polypeptide monomer. Free energies for
monomer helices were calculated using an isolated helix backbone subject to mean-field repacking of side chains. The free
energy for unfolding of the monomer helices was computed using
the AGADIR parameters54. We added a sequence-independent
constant to the energy of the unfolded state so that the stability
of the pCAP sequence would evaluate to 3 kcal mol–1, its measured stability at 1 µM concentration. The aggregated state was
modeled as the target conformation embedded in a medium with
a dielectric constant of 65 rather than 80. This value yields an
energy gap between the native and aggregated states of the
pCAP sequence comparable to its stability at 1 µM concentration.
Inclusion of the aggregated state as a competitor guarantees that
the designed sequences will have an unfavorable transfer free
energy to a solvent of lower dielectric constant. The free energies
of states involving heterodimers were decreased by RTln(2) to
account for the entropy of mixing.
Each state in the design consisted of two copies of the A and B
polypeptides in different environments and arrangements. The
homo- and heterodimer states consisted of the appropriate
arrangements of the A and B sequences evaluated in the folded
conformation. Three unfolded-state competitors were considered,
corresponding to the unfolding of AA, BB or one copy of AB, with
the other polypeptides remaining folded. Designs targeting the
homodimer state included two aggregated state competitors, and
those targeting the heterodimer state included one. These competitors involved the transfer of single coiled coils to the lower dielectric environment, analogous to the unfolded-state competitors.
Fitness function. The fitness of a given sequence is defined as the
transfer free energy of that sequence from the target state to the
ensemble of competing states (Fig. 2b).
Fitness ≡ –RTln(∑competitorse–Ac / RT) – Atarget

(3)

where Ac is the free energy of the competing states, Atarget is the free
energy of the target state and RT is evaluated at room temperature.
Genetic algorithm. An initially random population of 4,800 discrete sequences was propagated for 30 generations. Three rules dictated the composition of subsequent generations once fitness
scores were evaluated. First, the most-fit sequence of each generation was automatically propagated. Uniform crossover recombination was then used to generate 99% of the remaining sequences55.
Finally, mutation of single sequences at 20% probability per site
was used to generate the remainder of the population. Sequences
chosen for the recombination and mutation processes were selected randomly, biased by fitness scores such that Ps* (the probability
of selecting sequence s*) was
Ps* = (e–(Fs* / σ)) / (∑se–(Fs / σ))

(4)

where Fs is the fitness of member s, σ is the standard deviation in
fitness for the current generation and the sum in the denominator extends over the entire population. We performed each
design calculation three times with different random initial
sequence populations. These calculations identified the same
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best sequence, suggesting that the genetic algorithm finds the
global optimum.
Cloning and expression. The pCAP and pCAP-SH-PKA constructs
(Fig. 1b) were appended to the TrpLE′ leader sequence56. All constructs were cloned into the pET24a vector (Novagen) using standard molecular biology techniques. Mutations were introduced
using the method of Kunkel57 and verified by DNA sequencing. The
pCAP and pCAP-SH-PKA peptides were purified from inclusion bodies and cleaved from the TrpLE′ leader sequence with cyanogen bromide. Peptides in the pH6-CAP-SH-PKA construct were purified by
nickel-NTA affinity chromatography directly from cell lysates. Final
purification of all peptides was performed by reversed-phase HPLC.
Peptide identities were confirmed by electrospray mass spectrometry. Protein concentrations were determined using the method of
Edelhoch58.
Measurement of specificity. Redox exchange reactions were performed at 10 µM peptide concentration in 5 mM Tris-HCl, pH 9.0,
50 µM β-mercaptoethanol and 100 µM 2-hydroxyethyl disulfide18. The
reactions were equilibrated overnight and quenched by the addition
of iodoacetamide to 10 mM for 1 h. The peptides were labeled by
incubation with 5 U protein kinase A (Sigma) at 37 °C for 3 h at final
concentrations of 5 µM peptide, 5 mM Tris-HCl, pH 9.0, 0.005% (v/v)
Triton X-100, 40 µM ATP and 10 µCi [γ-P33]ATP. The labeled mixture
was analyzed by SDS-PAGE using the Tris-tricine system59 in the
absence of reducing agents. Gel bands were quantitated on a
Phosphorimager (Molecular Dynamics). ∆GXspec is defined as –RTln(KX /
KpCAP), where KX ≡ [AXBX]2 / ([AXAX][BXBX]) and KpCAP denotes the equilibrium constant for the pCAP sequence. Results from exchange reactions initiated from the pure homodimer and pure heterodimer
forms of the protein agreed to within 0.1 kcal mol–1 in all cases, indicating that equilibrium had been reached18.
Measurement of stability. ∆∆Gunf is equal to the difference in stability (∆Gunf) between each designed peptide and the original pCAP
peptide. ∆Gunf was determined by urea denaturation in 5 mM potassium phosphate, pH 7.1, monitored by circular dichroism spectroscopy at 222 nm and 4 °C on an Aviv DS-62A spectropolarimeter at
5 µM peptide concentration. Data were converted to the fraction of
dimer unfolded. Where a folded baseline was unavailable, data were
collected at low concentrations of urea in the presence of 20% (v/v)
trifluoroethanol (TFE), a potent helix-inducing solvent. A folded
baseline was then extracted from this data. For well-folded species,
20% TFE did not affect the y-intercept or slope of the baseline (data
not shown). Where an unfolded baseline was unavailable, a value of
zero was assumed. A two-state bimolecular model was used to fit the
homodimer data, and a two-state unimolecular model was used to fit
the disulfide-bonded heterodimer data. Stabilities were measured
for sequence vii A in both the disulfide-bonded and unmodified
forms to serve as a calibration between the data sets.
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