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Lecture 7
Computational Protein Design

This lecture presents the automated protein design and experimental validation of a novel
sequence, as described in [1].

1 Introduction

Given a 3-D backbone structure, the protein design problem is to find an optimal sequence
that satisfies the physical chemical potential functions and stereochemical constraints. Pro-
tein design is an “inverse folding problem”, and fundamental for understanding the protein
function.

2 Overview of Methodology

Following is the methodology used in [1] :

Given a backbone fold of a target structure, [1] first developed an automated side-chain
selection algorithm to (1) screen all possible amino acid sequences, and (2) find the optimal
sequence and side-chain orientations. Then the experimental validation by using NMR is
applied to evaluate the computed optimal sequence.

3 Algorithm Design

Input: Backbone fold (Zif268), represented by structure coordinates.

Output: Optimal sequence (FSD-1)

Overview:

(1) The algorithm considers specific interactions between (a) side-chain and backbone and
(b) side chain and side chain.

(2) The algorithm scores a sequence arrangement, based on a van der Waals potential
function, solvation, hydrogen bonding, and secondary structure propensity [1].

(3) The algorithm considers a discrete set of rotamers, which are all allowed conformers of
each side chain.

(4) The algorithm applies the dead-end elimination (DEE) to prune rotamers that are
inconsistent with the global minimum energy solution of the system.
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Details:

The inputs of the algorithm are structure coordinates of the target motif’s backbone,
such as N, Cα, C and O atoms, and Cα-Cβ vectors. The residue positions in the protein
structure are partitioned into core, surface, and boundary classes. The set of possible amino
acids at the core positions is {Ala, Val, leu, Ile, Phe, Tyr, Trp}. The set of amino acids
considered at the surface positions is {Ala, Ser, Thr, His, Asp, Asn, Glu, Gln, Lys, Arg}.
The combined set of both core and surface amino acids are considered for the boundary
positions.

Notes: The total number of possible amino acid sequences is equal to the product of possible
amino acids at each residue position. For instance, suppose that there are 7 possible amino
acids at one core position, and 16 possible amino acids at each of 7 boundary positions, and
10 possible amino acids at each of 18 surface positions. Then searching space consists of
7 ∗ 167 ∗ 1018 = 1.88 ∗ 1027 possible amino acid sequences.

The algorithm is divided into two phases:

Phase 1 (Scoring): The different scoring functions are defined for core, surface and
boundary residues separately. The scoring function for core residues uses “a van der
Waals potential to account for steric constraints and an atomic solvation potential fa-
voring the burial and penalizing the exposure of nonpolar surface area” [1]. The surface
residues apply a hydrogen-bond potential and secondary structure propensities, and a
van der Waals potential. The residues at the boundary positions utilize a combination
of both core and surface scoring functions.

Phase 2 (Pruning): The algorithm applies DEE to find and eliminate rotamers that
are dead-ending with the global minimum energy solution. A rotamer r at the residue
position i will be eliminated (or dead-ending) if there is another rotamer t at the same
position such that:

E(ir) − E(it) +
∑

j

min
s

[E(irjs) − E(itjs)] > 0,

where E(ir) and E(it) represent rotamer-template energies, while E(irjs) and E(itjs)
represent rotamer-rotamer energies for rotamers i and j.

Results:

Figure 1 shows the comparison of optimal computed sequence FSD-1 computed and the
target sequence Zif268, while Figure 2 gives the structure comparisons between these two
sequence.
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Figure 1: Comparison of computed sequence FSD-1 and the target sequence Zif268 [1]. Sequence

of FSD-1 aligned with the second zinc finger of Zif268. The bar at the top of the figure shows

the residue position and the open bars indicate the 20 surface positions. The alignment matches

positions of FSD-1 to the corresponding backbone template positions of Zif268. Of the six identical

positions (21 percent) between FSD-1 and Zif268, four are buried (lle7, Phe12, Leu18, and lle22). The

zinc binding residues of Zif268 are boxed. Representative nonoptimal sequence solutions determined

by means of a Monte Carlo simulated annealing protocol are shown with their rank. Vertical lines

indicate identity with FSD-1. The symbols at the bottom of the figure show the degree sequence

conservation for each residue position computed across the top 1000 sequences: filled circles indicate

more than 99 percent conservation, half-filled circles indicate consrvation between 90 and 99 percent,

open circles indicate conservation between 50 and 90 percent, and the absence of a symbol indicates

highest occurence at each position is identical to the sequence of FSD-1. Single-letter abbreviations

for amino acid residues as follows: A, Ala; C, Cys; D, Asp; E, Glu; F, Phe; G, Gly; H, His; I, lle;

K, Lys; L, Leu; M, Met; N, Asn; P, Pro; Q, Gln; R, Arg; S, Ser; T, Thr; V, Val; W, Trp; and Y,

Tyr.
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Figure 2: Structure comparisons of computed sequence FSD-1 and the target sequence Zif268 [1].

Comparison of the FSD-1 structure (blue) and the design target (red). Stereoview of the best-fit

superposition of the restrained energ minimized average NMR structure of FSD-1 and the backbone

of Zif268. Residue 3 to 26 are shown.

4 Complexity Analysis

Let n denote the number of residues, and r denote the (maximum) number of possible
rotamers for each residue.

We first analyze the time complexity of DEE pruning in Phase 2. For each rotamer at
a specific residue position i, it takes O(nr) to search all r possible amino acids in all other
n − 1 positions to find

∑
j mins[E(irjs) − E(itjs)]. Comparisons with other rotamer at the

same position i take r ·O(nr) = O(nr2) time. Since we need to consider all possible rotamers
at every position i, the total DEE pruning takes n · r · O(nr2) = O(n2r3) time.

Although the DEE pruning method in Phase 2 takes polynomial time, unfortunately, the
scoring in Phase 1 takes exponential time rn, since we have to compare each set of possible
amino acids in each residue position.

Notes: In fact, the optimization problem in protein design has been proved NP-hard.

5 Experimental Validation

The solution structure of computed sequence FSD-1 was obtained by using 2D 1H NMR
spectroscopy. Sample NMR spectra are shown in Figure 3. X-PLOR plus the standard pro-
tocols for hybrid distance geometry-simulated annealing was used to calculate the structure.
Figure 4 and 5 show an ensemble of 41 structures that are consistent with good geometry
and distance constraints within a small tolerance.



Lecture 7, Computational Protein Design 5

Figure 3: The NMR spectra of computed sequence FSD-1 [1].

Figure 4: NMR structure determination of FSD-1 [1].
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Figure 5: Calculated structures of FSD-1 [1].
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