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The engineering of tailored proteins with desired properties holds great interest for applications ranging
from medecine, biotechnology and synthetic biology and nanotechnologies. In recent years, structure-based
computational protein design (CPD) approaches have demonstrated their potential to adequately capture
fundamental aspects of molecular recognition and interactions and have already enabled the successful
(re)design of several enzymes (see for example [1]).

One of the main challenges of CPD lies in the exponential size of the conformational and sequence
protein space that has to be explored which rapidly grows out of reach of computational approaches. In the
simplest form, the CPD problem assumes a fixed protein backbone and, for each type of amino acid
considered at a given position, allows the side-chains to move only among a set of discrete and low-energy
conformations, called rotamers. CPD is thus formulated as an optimization problem which consists in
choosing combinations of rotamers at designable specified positions such that the fold has minimum energy
(global minimum energy conformation or GMEC). This problem has been proven to be NP-hard [2]. If
several meta-heuristic methods have been applied to it, there also exist methods which solve the GMEC
exactly. The most usual is based on the Dead-End Elimination (DEE) theorem [3]. Such exact methods offer
several advantages. First, they ensure that discrepancies between CPD predictions and experimental results
come exclusively from the inadequacies of the biophysical model and not from the algorithm. Next, because
provable methods can determine that the optimum is reached, they may actually stop before meta-heuristic
approaches. Finally, empirical studies on solving the GMEC problem reported that the accuracy of meta-
heuristic approaches tend to degrade as the problem size increases [4].

In this work, we show that a recent combinatorial optimization technique, defined in the field of “Cost
Function Networks” (or Weighted Constraint satisfaction, [5]) can push CPD beyond the limit of usual tools.
We propose a new design strategy which starts from a PDB structure, selects mutable and flexible residues
identified on the basis of the functional and structural knowledge on the target protein, in particular the
amino acid burial in the structure which is captured by the solvation radius [6] and exploits energy fields to
reach a final CPD instance. A CPD instance defines an exponential space of possible sequences with
associated conformations (choice of rotamer) and the ability to compute the energy of any sequence-
conformation configuration using a pairwise energy matrix.

Following this methodology, we have built 35 design cases, involving free proteins, or proteins bound to
a cofactor, a ligand or a protein. The studied systems have all been extracted from previously published
papers about protein engineering, in silico protein design or protein structural studies. The size of the design
cases include from 3 to 119 mutable residues and encompass spaces from 4.10%° to 2.10**°.

For each of these cases, we tried to identify the GMEC using either Osprey 2.0 (a common open source
CPD software [7]), or modeled the problem as a Cost Function Network and solved using toulbar2 (a
dedicated open source CFN solver?) or reformulated it as an Integer Linear programming problem (ILP) and
solved it using the commercial IBM ILOG Cplex ILP solver. Within a time-out of 100 hours per design,
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Osprey solved 18 cases, CPLEX solved 27 cases and toulbar2 solved 30 instances. No instance unsolved by
toulbar2 could be solved by other approaches. With a shorter time-out of 10 minutes, these numbers reduced
to 11, 13 and 30, showing the efficiency of the CFN approach.

In practice, finding the GMEC is not always sufficient and a gap-free ensemble of solutions close to (and
including) the GMEC is sought in order to design a larger library of protein mutants to be tested
experimentally. Indeed, the energetic model used is only an approximation and the GMEC may not be the
actual most stable configuration. Furthermore, the most stable configuration may be so stable that it loses the
original function of the parental wild type protein. We therefore compared the capabilities of Osprey and
toulbar2 for generating the set of all suboptimal solutions within a 2 kcal/mol threshold of the optimum.
Among the set of 30 cases for which a GMEC could be previously identified, Osprey 2.0 was able to produce
such an ensemble for just one of the simplest design cases (taking around 37 hours), while toulbar2
successfully produced all ensembles for the 30 cases, taking less than 7 hours in all cases.

The produced ensembles could contain up to 8.10° different conformations, but never represented more
than 3.10° different sequences (and often much less). We more thoroughly analyzed 4 cases for which the
number of sequences was below 300. Their energy was lower than the wild type model by as much as 20
kcal/mol. We expected that mutations would favor the introduction of bulkier amino acids in order to fill up
the free space in the core of proteins. However, changes in amino acid sizes were subtle, probably because of
the lack of molecular flexibility in the underlying model and the discretization generated by rotamers. After
submitting the best conformation of each unique sequence to energy minimization, we observed important
decreases in energy (up to 60 kcal/mol) but the superposition of the structures before and after minimization
only showed slight rearrangements of side chains and backbone. This clearly indicates that slight geometrical
adjustments can significantly lower model energies. This minimization also often changed the GMEC,
showing the importance of ensemble generation and post-minimization based re-ranking.

Beyond providing a design framework and computational tools to facilitate the optimization of highly
combinatorial design cases, our approach also has the potential to speedup methods that integrate more
flexibility as long as they reduce to the same type of optimization problems [8]. This is even more important
as this considerably expands the size of the search space or may require solving a large number of GMEC
instances
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