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One of the challenges of computational de novo protein design is to find a
protein sequence that adopts a desired conformation disfavoring alternative low
energy conformations. A protein adopts a specific fold when the interactions that
stabilize the native state collectively outweigh the interactions present in all the
possible alternative states. To stabilize a protein in a specific fold one can either
reduce the energy of the protein in the target conformation(positive design) or
increase the energy of the alternative conformations(negative design). Here we
describe a new protocol that simultaneously stabilizes the target state and
destabilizes the possible alternative low energy states of de novo design

proteins. The new protocol performs a contact analysis of the alternative states



to identify residues that are participating undesired contacts and then performs a
multi state sequence optimization of those positions. After iterations of
sampling,analysis and optimization the protocol is able to increase the energy of
the alternative states and improve the sampling close to de novo design

structure.
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Chapter One: Introduction to Computational de
novo protein design.

Significant progress has been made in the field of protein design during the last
three decades. The problem of protein design is to find amino acid sequences
that are compatible with a given protein structure[1]. Early work done by Ponder
and Richards[2] introduced the basic elements of modern protein design. Their
strategy consisted of the use of a side-chain rotamer library and an energy
function to sample the allowed sequences of a particular structure. Hellinga and
Richards refined this strategy by including simulated annealing as the
optimization method that guides the design process.[3] The new method
consisted of random walks in sequence space generated by movements either in
rotamer space (modification of the rotamer at a random position) or vibrational
space (small changes in the side chain torsion angles) that are selected using

the Metropolis-Hastings algorithm.

Most of the early work on protein design was focused on the redesign of the
hydrophobic core of stable proteins[4, 5] and helical bundles[6-8]. Desjarlais and
Handel redesigned variants of the core of the page 434 cro protein, a five helix
DNA-binding protein. Five, seven and eight mutations were made to the core of
the cro protein and two of the designs had similar stabilities when compared to

the native cro protein[4]. Lazar and Handel use the same strategy to redesign



the core of ubiquitin, and all the designs were destabilized compared to native
structure. This suggested that B-sheets required more stringent packing of the
side chains than a-helices[5]. Bryson and DeGrado designed a novel globular
protein by redesigning a coiled-coil peptide into a three-helix bundle[6]. Harbury
and Kim designed novel right-handed coiled-coils from parametrically generated
a-helices.[7] This work demonstrated that it was possible to design new proteins

from scratch using computer-generated protein backbones.

The Mayo group developed an alternative strategy for protein design based on
the Dead End Elimination Theorem (DEE)[9, 10]. DEE is used to shrink the size
of conformational space by reducing the number of available rotamers. Using
this technique Dahiyat and Mayo designed a completely new sequence for a f3a
protein based on the zinc finger domain[11]. This design can be considered as
the first de novo designed protein since its sequence contained no information

from the natural evolution of the fold.

One of the landmarks of the protein design field was the design of Top7, the first
artificial protein to adopt a novel fold not observed in nature[12]. Kuhlman and
Baker sketched out a topology for an a/f protein that was not present in the
Topology of Protein Structure Server (TOPS)[13]. The protein backbone for Top7
was assembled from fragments of the proteins present in the Protein Data Bank
following a strategy that resembled the protein structure prediction protocol

developed by the Baker Group[14]. The sequence was designed using the



RosettaDesign protocol that uses a Metropolis Monte Carlo procedure[15]. The
Monte Carlo does not guarantee convergence to a globally optimum minimum
but has the advantage of being very fast and that it can be trivially parallelized.
Through the designing of a novel topology the authors found an excellent way to

test the maturity of the techniques and tools of protein design

One of the most interesting applications of computational protein design is to
create new or improved enzymes for therapeutical and industrial purposes.
Bolon and Mayo used the DEE optimization strategy to add histidine-mediated
nucleophilic hydrolysis of p-nitrophenyl acetate catalytic activity to the inert
thioredoxin protein[16]. Kaplan and DeGrado designed de novo diiron proteins
able to catalyze a phenol oxidase reaction[17]. Zanghellini and Baker developed
a geometric hashing algorithm that allowed rapid identification of proteins in the
PDB that might accommodate the active of an arbitrary reaction[18]. The Baker
group successfully designed enzymes that catalyzed retro-aldol[19], Kemp

elimination[20] and Diels-Alder reaction[21] using this method.

Design of protein-protein interfaces is another interesting area of protein design
because of it applicability for therapeutics and material design. Kortemme and
Baker developed computational methods to predict energy ‘hot spots’ in the
protein-protein interface[22] by performing a computational alanine scan.
Shifman and Mayo increased the affinity of calmodulin to one of its targets by

redesigning the interface using a physically based force field and the DEE



theorem[23]. Huang and Mayo created an artificial heterodimer by designing an
interface between two monomeric proteins[24]. Most recently the Baker group
has one-component[25] and two-component[26] molecular cages by designing

interfaces between cyclic homooligomers.

Most of the advances of the protein design field have been focused on the
redesign of existing proteins. De novo protein design has progressed more
slowly because it has the additional difficulty of generating feasible protein
backbones that lack any evolutionary sequence information. The advantage of
de novo designed proteins with custom made backbones is that they can be
specifically tailored for the desired function. Progress in de novo design will
open the door for a new generation of enzymes and protein-based materials by

allowing to do more than just repurposing natural proteins.

The Challenge of de novo design

Computational de novo protein design is a stringent test of our knowledge of the
principles that govern structural biology. Full understanding of these principles
will allow us one day to design custom made proteins for industrial and
therapeutic purposes. The design of de novo proteins consists of three steps:

backbone generation, sequence optimization and in silico validation[8, 12, 27].



Backbone generation

Backbone generation is the process of building protein backbones for a
particular target topology. Backbones can be generated either parametrically[7,
28] or through combinatorial sampling of fragments from known structures[12]. In
Rosetta[29], protein backbones are generated through combinatorial sampling
of fragments of proteins from the PDB whose secondary structure matches the
one of the target topologies. The fragments are randomly inserted into an
extended chain using an algorithm that resembles the Rosetta de novo protein
structure prediction protocol[12, 27]. The length of the secondary structure
elements need to be optimized in order to generate protein backbones
consistently. The length of the loop regions can be derived using the rules
defined by Koga, Tatsumi-Koga and Baker (Figure 1)[27]. These rules predict the
orientation of secondary structure elements based on the lengths of the loops
that connects them. Following these rules increases the probability of sampling
the desired conformation during the Monte Carlo simulation. Once backbones
with the desired topology have been produced, the next step is to find

sequences that are compatible with the backbone geometry.
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Figure 1. Koga and Baker fundamental rules. a, gp-rule. L (left-handed) and
R (right-handed) BB-units are illustrated (see Fig. 1d for chirality definition). The
dependence of chirality on loop length is shown in the histograms. b, Ba-rule. P
(parallel) and A (antiparallel) Ba-units are illustrated. The dependence of
orientation (P versus A) on loop length is shown in the histograms. c, ab-rule. d,
Chirality (L versus R) of a BB-unit. The chirality is defined on the basis of the
orientation of the Ca-to-Cp vector, CaCp, of the strand residue preceding or
following the connecting loop. u is a vector along the first strand and v is a
vector from the centre of the first strand to the centre of the second strand.
Figure adapted from Koga et al. Principles for designing ideal protein
structures(2013).



Sequence Design

Protein sequence design is an optimization problem where the amino acid
sequence of a protein is optimized to adopt a target conformation. Monte
Carlo[30-32] and Dead-End elimination theorem[9, 10, 33-37] are the most
widely used methods in sequence design. The optimization process is guided by
a score function that can be either a molecular mechanics potential energy
function,a knowledge-based potential[38-40] or a hybrid between both

approaches[15].

Molecular mechanics potential energy functions incorporate ‘bonded’ and ‘non-
bonded’ terms that approximate the energetic state of the system[41]. Bonded
terms apply to sets of two or four atoms that are covalently linked and constraint
the bond lengths and angles near their equilibrium values. The bonded terms
also include a torsion potential that models the periodic energy barriers
encountered during bond rotation. The non-bonded terms consist of the
Lennard—-Jones (LJ) function (which includes van der Waals attraction and

repulsion) and Coulomb’s law[42, 43].

Knowledge-based (or statistical) potentials take advantage of the vast amount of
data that has been collected in the Protein Data Bank. These potentials use the
Boltzmann equation, AG = -RT/n(pobs/Pexp), to derive effective potentials from

statistics of observables in a structural database[39, 44].



Hybrid score functions, like the Rosetta score function, are a combination of
empirical terms from molecular mechanics potential energy functions and
knowledge-based potentials[11, 15, 39]. The advantage of this type of score
function is that it can correct for errors in the energy function by incorporating
statistical data, and can be tuned for specific problems such as calculating

binding energies or sequence design.

The Rosetta score function is a linear combination that includes, among other
terms, a standard 12—-6 Lennard—Jones potential with van der Waals radii and
well depths from the CHARMM19 parameter set, a repulsive term that connects
with the 12—6 potential at E = 0, a solvation term computed using the Lazaridis—
Karplus implicit solvation model, an approximation to electrostatic interactions in
proteins based on PDB statistics[15], and a orientation-dependent hydrogen

bonding potential[45].

Two strategies used in protein sequence design are fixed and flexible backbone
design. In fixed-backbone design the atoms of the protein backbone are held
invariant and only the side chain atoms are allowed to move during the
optimization process[2, 3, 46]. Flexible-backbone design is usually performed by
reducing the repulsive term of the Lennard-Jones potential[11] or through cycles

of fix-backbone design followed by full-atom gradient based minimization[12, 27].



Fixed-backbone design in Rosetta is performed using Monte Carlo optimization
and simulated annealing[15]. In each step of the optimization process, the side
chain of a random position is replaced by other rotamer obtained from the
Dunbrack rotamer library[47] and the resulting structure is accepted or rejected
according to the Metropolis criterion[48]. After a fixed number of steps, a side-
chain only torsional conjugate-gradient step minimization is performed to reduce

the repulsion between side chains that are packing against each other[15].

In Silico Validation

Computationally designed sequences can be tested in silico using a protein
structure prediction protocol. Structure prediction is the problem of predicting the
three dimensional structure of protein from its amino acid sequence. Structure
prediction is the inverse problem of protein design, and as such it can be used to

test if designed proteins are predicted to adopt the target fold.

The two main approaches in protein structure prediction are homology modeling
and ab initio prediction. In homology modeling a multiple sequence alignment is
used for the selection of templates that are used to construct the model[49-51].
This strategy is based on the observation done by Chothia and Lesk that
structural similarity is more conserved that sequence similarity[52]. Ab initio
structure prediction methods are based on the thermodynamic hypothesis

formulated by Anfinsen[53] that stipulates that the native structure corresponds



to the global free energy minimum under the given set of conditions. These
methods use a sampling method to explore conformational space, and a score

function to approximate the free energy of the conformation[54, 55].

Ab initio structure prediction is a stringent method to test the energetic
consistency of the design. Sampling near the designed structure can be

disfavored if the designed protein has destabilizing interactions (Figure 2. A). |

t

is also possible that the designed sequence adopts an alternative conformation

that has lower energy (Figure 2.B). A well designed protein sequence should
have a funnel-like energetic landscape with the designed conformation
occupying the bottom of the energy funnel (Figure 2.C). The next chapter
describes the use of methods described in this chapter for the design of a de

novo protein that adopts the P-loop topology.

10
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Figure 2. Example of three different energy landscapes. Each red point in
the plot represents a structure generated by the Rosetta ab initio structure
prediction protocol, the green points are trajectories of the designed structure
after optimization with conjugated gradients minimization. The x-axis is the
root mean square deviation (RMSD) of the structure when compared to the
conformation of the designed structure and the y-axis is the score of the
structure according to Rosetta’s score function. a) Energy landscape of a
designed protein with poor sampling in the near-target region, most of the
sampling is concentrated at 10A RMSD. b) Energy landscape of a designed
protein with and alternative minima at 8A RMSD. c) Energy landscape of a
designed protein with a sharp energy funnel close to the designed structure.
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Chapter Two: de novo design of the P-loop 2x3
fold

The P-loop 2x3 is a Rossmann-like fold composed of a core of five parallel beta
strands and five alpha helices (Figure 3). This topology is mostly observed in
phosphate binding proteins like kinases and nucleoside binding proteins. The P-
loop fold has a competing topology, the Flavodoxin fold, that needs to be
destabilized to ensure proper folding to the target topology. The Flavodoxin fold
and the P-loop 2x3 have a similar topology. The main difference between these
folds is that strands one and three are swapping their position in the beta sheet
(Figure 4). Flavodoxins are electron-transfer proteins involved in a variety of
photosynthetic and non-photosynthetic reactions in procaryotes.These proteins

obtain their redox activity through binding of flavin mono nucleotide cofactor[64].

N

Figure 3. P-loop 2x3 topology. a)Diagram of the top view of the P-loop 2x3
fold, alpha helices are shown in circles and beta strands in triangles. The
helices in blue are forming contiguous beta-alpha-beta domains while the
helices in blue represent crossover domains where the beta strands are not
pairing with each other. b) Side view diagram of the P-loop 2x3 fold. The
numeration in the beta strands represents the relative position of the strand to
the N-terminus. 12
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Figure 4. Comparison between the P-loop 2x3 topology(left) and the
Flavodoxin (right) topology. The Flavodoxin topology differs from the P-
loop2x3 topology in that strands one and three are swapped in their relative
position in the beta sheet.

Computational Design

The first step of the design process consisted of optimizing the length of the
secondary structure elements. This was done by running several folding
simulations that differ on length of the secondary structure elements that
composed the structure. The combination of elements that generated the P-loop
2x3 topology, while disfavoring the competitor structure, was selected. Since the
P-loop 2x3 topology has many strands that can pair in multiple orientations it
was necessary to decompose the optimization process into three different steps

in order to increase the sampling efficiency.

13



The first step consisted of sampling from strand one to strand three, the second
used the best combination of step one and added helix three and strand four and
the third step used the best combination of step two and added helix four and

strand five (Figure 5).

Step 1 Step 2 Step 3

2 Rl ARG

Figure 5. Steps used for the combinatorial sampling of the secondary
structure lengths.

The structures generated by the folding simulation for each combination where
analyzed by counting the observations of the target fold and the competing fold.
For step one (Figure 6) the sampled combinations varied the length of the first
helix and the adjacent loops. The strands were fixed at lengths 7,5, and 7 to
disfavor the swapping of strands one and three because that would necessarily
reduce the number of backbone-backbone hydrogen bonds. The combination
that was selected for this step had the highest ratio of samples in the target
conformation to competing the conformation. The same procedure was repeated

for steps two and three obtaining the length combinations shown in Figure 7.

14
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Figure 6. Step 1 of the secondary structure length optimization.
Folding simulations were ran for combinations that sampled for the
optimal length of the first helix (6.c, red circle) and the adjacent loop
elements (6.c, orange lines). The N-termini and C-termini loops of
helix one were sampled for lengths between 2 to 5 residues and the
helix was sampled between 10 and 15 residues producing a total of
96 possible combinations. 8000 folding simulations were run for each
of the 96 combinations and the results are shown aggregated in figure
6.a. The major line divisions in figure 6.a represent the length of the
N-termini loop connected to the first helix (label on the top). Each
major division is further divided into 6 bins labeled from 10 to 15(6.a
bottom) that represent the length of the first helix and each of this
sub-bins is further divided in 4 bin(unlabeled) that represent the
length of the loop connected to the C-termini of the first helix. The red
bars represent the number of counts for the desired topology (6.c¢)
and the green bars the number of counts of the alternative topology
(6.b).
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The optimized length combination of secondary structure elements was used to
generate of a set of protein backbones. The backbones were used for the design
of several thousand sequences using the flexible-backbone design protocol. The
designed models were filtered by total score and RosettaHoles score[56]. The
top 20 designs according to this metrics were validated in silico using the ab
initio structure prediction protocol on the Rosetta@HOME distributed computing

platform. Most of the tested designs didn’t produce a clear energy funnel but a

C

Figure 7. Top view diagram of the P-loop 2x3 topology with the optimized
secondary structure element lengths. Helices are shown in circles and beta
strands with triangles. The arrows in the left of the triangles indicate the
direction of the pleat of the last strand residue. In red are the number of
residues of the different secondary structure elements. The length of all the
loops are consistent with the Koga and Baker fundamental rules.
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few of them looked promising. Those designs were manually redesigned over 70
design iterations of the cycle shown in figure 8. Twelve designs where picked for
experimental testing based on the criteria that they displayed consistent energy

funnel and that the desired topology was being sampled at lower energy than the

alternative topology (Figure 9).

backbones designs
i e Ky Ky ff ¢
sequence f%?i Srse 58 éﬁ??
design "{' P filter
> 1 f%ﬁ i > f%ﬁ

& Y o
SEie X?ﬁ i

add constraints manual

feed structures design

sequence
analysis

SEEERENGEERRER
e il Gl o ]
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Figure 8. de novo protein design workflow. Protein backbones are
generated using the method described in chapter | (top left).These backbones
are then used for sequence design and posterior filtering. The most promising
designs then go through a round of manual redesign using the stand alone
Foldit application. The new sequences are then further analyzed for their
compatibility with fragments on the PDB and then validated using the ab initio
structure prediction protocol. If the design is successful the predicted
backbone is reused in a new iteration of the design protocol. The points
shown in green in the energy landscape shown in this figure(bottom left)
represent minimization trajectories of the design model, the red and blue
points represent the desired topology and the alternative topology
respectively.
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Figure 9 Energy landscape of the 12 designs selected for
experimental validation. The structures colored in red are adopting
the P-loop 2x3 fold the ones in blue adopt the competing fold. The x-
axis show the rmsd of the models when compared to the design
structure and the y-axis the energy of the model as calculated by the
Rosetta score function.
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Experimental Results

The twelve that were picked for experimental validation were expressed, purified

and characterized. Circular dichroism (Figure 11) and spectroscopy and size-

exclusion chromatography combined with multi-angle light scattering (SEC-

MALS) was used for the characterization. Seven of the designs expressed where

soluble enough for experimental characterization. The results are shown in

Figure 10.
design expressed solubility ap-protein circular dichroism Oligomerization
spectrum
n no n/a n/a n/a
“ yes high no dimer
n no n/a n/a n/a
n yes low no dimer
n no n/a n/a n/a
n yes high yes monomer/dimer
“ yes high yes monomer
“ no n/a n/a n/a
n yes high yes monomer
“ yes low yes aggregate
n yes low yes aggregate
n no n/a n/a n/a

Figure 10. Aggregated results of the experimental characterization of the
12 ordered P-loop2x3 designs. Expression of the protein was determined
through SDS-PAGE, solubility was classified as high if concentration after the
elution from the Nickel affinity column with 12 mL of elution buffer was higher
than 2 mg/mL. The oligomerization state was determined by SEC-MALS.
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Figure 11 Circular Dichroism spectra of the tested designs.
An initial scan was done for each protein at 25°C (blue line) and
then additional scans where performed at 50°C (green line), 75°C

(red line) and 95°C (cyan line). After the scan at 95°C the

samples were cooled down back to 25°C and an additional scan
was taken at 25°C (purple line)
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Five designs produced circular dichroism spectra compatible with a a ap-protein

and those where send to the collaborators at the Northeast Structural Genomics

consortium (NESG) for H-=">°N HSQC NMR analysis and structure determination.
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Figure 12 H-">°N HSQC NMR spectra
of designs 36, 39, 48, 50 and 52.
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NOE-based distance constraints

Intraresidue 786
Sequential 862
medium range [1 <|i-j|<5] 846
longrange [|i-j|2=5] 1107
Hydrogen bond constraints 68
Dihedral-angle constraints 212
Total 3881
Structural Statistics
Distance violations per 0.1-02A 02-05A 05A
model (Calculated using sum
over r’-6)
6.25 0.7 0
Dihedral angle violations per 1-10° >10°
model
9.35 0
RMSD All backbone atoms All heavy atoms
1.8A 2.4 A
Ramachandran Most favoured regions Allowed regions Disallowed regions
plot statistics
Molprobity analysis 98.2% 1.7% 0
Clashscore Raw score Z-score
20.08 -1.92

Figure 13. top: Cartoon representation of the design structure (blue) and NMR

structure (red). bottom: NMR structure statistics calculated among 20 refined

structures.
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Design 50 had the highest number of well defined peaks on the H-">N HSQC

(Figure 12) and so it was the most promising for NMR structure determination.
The NMR structure of design 50 (Figure 13) shown that it was adopting the
desired fold accurately (1.12A Ca-RMSD to the designed model and a 2.40A full-
atom RMSD) with only 8 out of the 62 residues that form the core of the protein

in rotamer different to the one of the design model.

Discussion

By following the rules described by Koga and Baker[27] it is possible to design
novel a+B proteins with a high degree of accuracy. The rules are extremely
useful for the design of loop regions but it is still necessary to do combinatorial
sampling for strands and helices in order to get geometrically consistent
backbones. It is necessary, and highly time consuming to the designer, to design
against alternative conformations that might arise from rearrangements of the
secondary structure elements. This can be achieved by carefully selecting the
length of the secondary structure elements and through tight packing of the
designed protein core in the desired conformation. The next and final chapter
describes a new computational protocol that tries to solve this problem by

performing iterative multistate negative design.
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Methods

Protein Expression and Purification

All designed sequences were ordered from Genescript cloned into pET21b
vector with a 6xHis tag at the C terminus. The proteins were expressed in

Escherichia coli BL21 Star(DE3) cells. The cells were grown in MJ9 minimal
media with "N ammonium sulphate as the sole nitrogen source and '?C glucose

as the sole carbon source. The cultures were grown overnight at 18°C. Bacterial
pellets were collected by centrifugation and cell lysis was done using BugBuster
buffer (EMD Millipore). The soluble fraction of the lysate was collected by
centrifugation and purified using nickel affinity columns. The columns where
prepared by eluting 40 mL of binding buffer (PBS) before adding the
samples.The columns where washed with 40 mL of PBS 30mM Imidazole, pH7.4
and the proteins where eluted with 12 mL of elution buffer(PBS). The purified

proteins were then dialyzed overnight into PBS buffer.

Circular dichroism.

Circular dichroism data were collected on an Aviv 62A DS spectrometer. Far-
ultraviolet circular dichroism spectra of designed proteins were measured from
260 to 200 nm for 14—25 mM protein samples in PBS buffer (pH 7.4) at various
temperatures of 25, 50, 75 and 95 uC in a 1-mm-path-length cuvette. The protein
concentrations were determined from the absorbance at 280 nm (ref. 50) using

an ultraviolet spectrophotometer (NanoDrop, Thermo Scientific).
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Size-exclusion chromatography combined with multi-angle light scattering.

SEC-MALS experiments were performed using a miniDAWN TREOS static light-
scattering detector (Wyatt Technology) combined with a HPLC system (LC 1200
Series, Agilent Technologies). One hundred microlitres of 400—700mM protein
samples in PBS buffer (pH 7.4) was injected into a Superdex 75 10/300 GL
column (GE Healthcare) equilibrated with PBS buffer at a flow rate of 0.5 ml
min®'. The protein concentrations were calculated from the absorbance at 280
nm detected by the HPLC system. Static light-scattering data were collected at
three different angles, 41.4u, 90.0u and 138.6u, at 658nm. These data were
analyzed using ASTRA software (version 5.3.4, Wyatt Technology) with a change

in the refractive index with concentration (dn/dc value) of 0.185 ml g2'.
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Chapter Three: lterative Multistate Negative
Design of protein folds

Introduction

There has been considerable progress in the field of de novo protein design
during the last two decades. Dahiyiat and Mayo designed a completely new
sequence for a structure based on the zinc finger domain[11]. Harbury and Kim
designed novel right-handed coil-coils from parametrically generated a-helices.
[7]. Kuhlman and Baker successfully designed Top7, a de novo protein that has a
new sequence and adopts a novel fold that hasn’t been observed in nature[12].
More recently Koga and Baker have identified a set of rules for the design of de

novo a+f proteins[27].

All of this designs have been made using the single state positive design
approach. This design strategy consists on finding a sequence that minimizes
the energy of the target structure. What is relevant for a protein fold is not the
absolute energy of the target structure but the energy of the target structure
relative to all the other accessible conformations[57]. Methods have been
developed for multi state design that try to simultaneously stabilize the target
state and destabilize a set of alternative states[58, 59]. These methods require a
discrete set of states that need to be known in advance. For ab initio protein fold
design such set of states is not know a priori and exhaustively enumerating all

this states is unfeasible.
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We developed a method that performs iterative mutistate negative design of a
protein sequence by incorporating alternative conformations sampled using
Rosetta’s ab initio structure prediction protocol. The method works by identifying
contacts between residues that are present in the alternative structures but not
in the target fold. The residues that form these contacts are then scanned
against a list of candidate mutations in an effort to maximize the energy gap
between the designed state and the alternative state. The new optimized
sequence is then evaluated by running it through the ab initio structure
prediction protocol and the results are used in the next iteration. The new
protocol can improve the energy landscape of the designs by improving the
sampling in the region close to the design structure and eliminating or increasing

the energy of alternative conformations.

Results

In the case of protein fold design a complete enumeration of all the possible
conformations that a sequence might adopt is not feasible. The alternative
strategy used in this work was to identify low energy competitor states and then
optimize the protein sequence to simultaneously stabilize the target state and
disfavor alternative states. This new protocol has to be run iteratively because

changes in the protein sequence can alter the low energy competitor states
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The new multistate optimization protocol is an iterative protocol that consists of

the following steps:

1. Initial single state protein design.

2. ldentify low energy competing states using ab initio protein structure
prediction.

3. Analyze the contacts present in the low energy alternative states.

4. Perform multi-state negative design calculation over the residues identified in
the previous step.

5. Return to step 2.

The crucial steps of the optimization protocol are step 3, identifying the
problematic residues, and step 4, mutate those residues to destabilize the
alternative states. A more thorough description of the algorithm can be found in

the methods section.

Residue Contact Analysis

Contact matrices for the target fold and the alternative states are calculated from
an energy landscape generated using the Rosetta ab initio structure prediction
protocol(Figure 14A). From each decoy contact matrix the target contact matrix
is subtracted the results are summed to generate the contact difference matrix
shown in Figure 14.B. The areas in that are colored in blue in the contact

difference matrix represent contacts that are consistently present in the decoy
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structures but not in the target structure. The dark red areas represent contacts

that are under sampled.
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Figure 14. lllustration of contact analysis.
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After the difference matrix is generated the pairs of residues that make
unwanted contacts are sorted by their abundance and organized into a graph
(Figure 15). Each group in the graph represents a cluster of unwanted
interactions. The edges in the graph shown in solid lines represent contacts

between residues that are present in more than 90% of the decoys.
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Figure 15. Contact a'nalysis of the unwanted residue interactions
present in the alternative low energy conformations. The nodes
represent residue positions the analyzed protein, the edges represent the
interaction between two residues. In solid lines are represented the
contacts that appear in more than 85% of the low energy alternative
states. In this particular example the are four interaction groups with
more than two nodes. The residues in groups that have more than two
elements and that have at least two edges connected to them are the
ones that are selected to be optimized by the multistate negative design
algorithm.

The nodes in each group are sorted by their number of edges and the nodes that

have only one edge are removed. The remaining nodes are combined into a list

30



by iterating over the groups and picking the node with the highest degree from
each group. This list contains the candidate residues that need to be mutated to
avoid unwanted interactions. The list is sorted by degree because mutating a
residue with high degree can disrupt many interactions simultaneously reducing
the number of mutations necessary to avoid the alternative state-stabilizing

interactions.

Multi-state negative design

The list of interactions compiled in the previous step is used to guide the multi-
state negative design calculation. Each of the selected positions is scanned by
simultaneously changing the side chain in the target and in the low energy
decoys. At each position only mutations which are compatible with the backbone
and and degree of burial of the residue are considered. The effect of each
mutation is scored based on the energy gap between the target structure and the
lowest energy alternative states (Figure 16). The score is a weighted sum of the
difference in energy gap before and after applying the mutation. The mutation is
accepted if the score is positive (the gap between the target and the decoys
increased) and the energy of the target is lower or close to the energy of the
initial structure. The optimization protocol uses a greedy approach optimizing

first the residues with higher node degree.

Since each mutation introduced during the optimization process changes the

energy landscape the decoys need to be recalculated by running the ab initio
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structure prediction protocol over the new optimized sequence. The mutations
introduced in each optimization step are limited to be more than two and less
than ten to ensure changes in the energy landscape and at the same time avoid

drifting too much from the input sequence.

AE(aa, pos) =[mut_test_score(aa,pos) - alt_state_init_score] - [target_test_score(aa,pos) - target_init_score]

—AEi(aa,pos)

E AEi(au, pos) * e ke
score(aa, pos) = -

—AEi(aa,pos)
e kt

Figure 16. Score function used during the multistate negative
design. AE(aa, pos) is the energy difference between the alternative
state and the target state when mutation aa is introduced at position
pos. The score(aa,pos) is a weighted sum score the AE(aa, pos)
calculated over all alternative states i.

Test cases

Ferredoxin fold

The ferredoxin fold is an a+ fold composed of 4 strands and two helices. A
smaller version of an already existing ferredoxin was generated by changing the
loop regions for new shorter ones from fragments of proteins in the PDB. The
standard protocol for sequence design was then run over the new backbone and
the newly generated sequence was then evaluated by running it through the ab

initio structure prediction protocol. The resulting energy landscape for the design
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sequence showed an alternative minima around 10 A rms to the target design

that was heavily sampled(Figure 17, top left).

Two iterations of the multistate negative design protocol eliminated the

alternative minima and increased the sampling in the region close to the target.

The new generated energy landscape has a narrower and better defined funnel

when compared to the original.
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Figure 17. Energy landscape of the initial design and iterations one
and two for the ferredoxin fold. The x-axis represents the RMSD to the
target structure and the y-axis represent score in Rosetta energy units.

top: Energy landscape colored by density, darker regions represent zones
of the landscape with higher sampling. bottom: Energy landscape colored

by fraction of contacts present in the target structure.
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Two-Helix Bundle

In this example the original design is composed of two alpha helices connected
by a 3 residue loop that pack against each other. This structure was generated in
a puzzle by the Foldit players[60]. The energy landscape of the original design
was primarily concentrated in two clusters around 5 and 7 A rms(Figure 18).
After the first iteration the sampling improves in the region below 5A rms and by
the fifth iteration most of the sampling is concentrated around 3A rms with a few
samples below 1A rms. The sampling improved considerably by the fifth iteration

generating a smooth energy funnel towards the designed structure.

original design iteration 1 iteration 5
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Figure 18. Energy lansdcape of the initial design and iterations
one and five for the two-helix bundle. The x-axis represents the
RMSD to the target structure and the y-axis represent score in Rosetta
energy units. top: Energy landscape colored by density, darker regions
represent zones of the landscape with higher sampling.

Three-Helix Bundle

This example was also generated by Foldit players and consists of a single chain
three-helix bundle. In the original design the sampling was highly concentrated
in the area between 9-10A rms(Figure 19). After five iterations the energy of the
sampling improves increasing significantly in the area below 2A rms and by the

tenth iteration most of the sampling is concentrated in this region.
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Figure 19. Energy lansdcape of the initial design and iterations five and
ten for the three-helix bundle. The x-axis represents the RMSD to the target
structure and the y-axis represent score in Rosetta energy units. top: Energy
landscape colored by density, darker regions represent zones of the
landscape with higher sampling.

P-loop fold

The P-loop fold is an a+B Rossmann-like fold composed of 5 helices and 5
strands in 54132 orientation. In the original design the sampling is concentrated
in a cluster around 10A. The structures in this cluster contain many of the
contacts present in the designed structure suggesting that the design is partially
folded. After the first iteration some of the contacts that support the cluster are
destabilized and the sampling is increased in the area around 5A rms. By the
third iteration the sampling has improved even further with samples as low as 2A

rms from the designed structure.
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top: Energy landscape colored by density, darker regions represent zones
of the landscape with higher sampling. bottom: Energy landscape colored
by fraction of contacts present in the target structure.



Discussion

lterative multi state negative design can effectively improve the energy
landscape of de novo design proteins by eliminating unwanted interactions that
might form during the folding of the protein. This new method should increase
the chances of a design to fold to the correct structure by destabilizing the
alternative states. This hypothesis can be tested by using the protocol on a set
of targets topologies designed using the standard RosettaDesign protocol and
then comparing the experimental results of optimized proteins against

unoptimized.

The protocol captures many aspects of the sequence maturation process that
are usually done manually by the designer. It is able to identify and fix problems
in designs that are difficult and time consuming to discover. One of the
advantages of this new method that it is able correct small inconsistencies
present in the backbone due to unrealistic geometry. Instead of running the
expensive ab initio structure prediction calculation on a large sample of designed
proteins expecting the designer, using the iterative protocol, can ran few designs
that will be 'matured' during the iterations and in many cases generating a

consistent energy landscape.

The strategy defined in this protocol, iterative identification of problematic
residues and multi state negative design, can be extended to solve other

problems different from de novo fold design. Iterative multi state negative design

37



can be used during the design of protein-protein surface interactions by
changing the sampling method from ab initio structure prediction to global
docking and doing the contact analysis on the residues on the predicted
interface. The protocol could also be applicable to ligand docking design by

using the same logic.

Methods

Single state sequence design

Single state sequence design was performed using the flexible backbone and
Solvent Accessible Surface Area (SASA) layers strategy[27].

This method consists in iterations of fixed backbone sequence design with the
RosettaDesign algorithm[12] followed full atom minimization using the FastRelax

algorithm[61].

lterative multistate design protocol

The new protocol was implemented using the Pyrosetta[62] programming

interface for the Rosetta3 software suite[63].

The new multistate protocol consists of the following steps:

1. Initial single state protein design.
2. Sampling of the alternative states using ab initio protein structure

prediction.
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3. Extraction of the lowest thousand energy structures from the sampled
decoys.

4. Residue contact analysis of the low energy alternative states.

5. Identification the small subset of residues that are mostly responsible for
the unwanted contacts present on the alternative states.

6. Assemble lists of candidate mutations for the selected residues by analysis
the surface exposure of those residues.

7. Reduce the candidate mutations to those that are compatible with the
backbone of the target by fragment analysis.

8. Perform multi-state negative design calculation over the residues identified
in the previous step.

9. Return to step 2.

The ab initio structure prediction protocol (step 2) used in this work was run on

the Rosetta@home distributed platform as described[65].

During the multistate negative design(step 7) mutation are rejected if they

destabilize the input structure by more than 10 Rosetta energy units.
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