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Protein structure prediction and design relies on conformational sampling and
scoring to uncover a global energy minimum. While it is critical to have an accurate
energy function for efficient and precise modeling, the Rosetta energy function
trades the accuracy of quantum mechanical modeling for a substantially faster
combination of approximated score terms. While the Rosetta energy function has
been successfully applied to problems such as ab initio folding, novel fold design,
catalytic enzyme design, and numerous other projects, recent work utilizing
intensive sampling algorithms have identified instances where native structures are
not at the global energy minima. Here, we address two known issues in the energy
function: nonideal bond geometry modeling and double counting between the
statistical sidechain torsion potential and physical score terms. We also introduce
rigorous and sensitive methods designed to quantify energy function performance

and uncover errors.
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Chapter 1
Introduction: Approaches to Conformational Sampling and
Scoring

Life on Earth manifests in an incredible variety of configurations. Even more
amazing is that it all can be described by chains of sugar carrying just four different
types of nucleobases. These nucleobases in turn dictate how sets of twenty standard
building blocks, amino acids, are to be linked to form a polypeptide chain known as
a protein. Diversity emerges from the near-infinite number of ways these amino
acids can be combined. Function emerges from the final complex three-dimensional
conformation adopted by the protein. According to the thermodynamic hypothesis,
a given amino acid sequence will always produce the same protein structure due to
a descent along an energy gradient to the lowest energy conformation?.

Protein conformations can be thought to populate an energy landscape
where there is one deep energy minimum that is the native structure. In protein
structure prediction, a set of thermodynamic equations is used with a
conformational sampling method to evaluate candidate conformations until the
lowest energy structure is discovered. Implementation details vary greatly
depending on requirements of accuracy, speed, and the nature of the experiment.
The remainder of this chapter will cover different approaches to sampling and

scoring.



Conformational Sampling

To illustrate the challenge of conformational sampling, consider Levinthal’s
paradox?. A protein in an extended conformation has an enormous number of
possible conformations due to a very large number of degrees of freedom. Even if
backbone bond torsion angles were limited to three values across a protein of 100
residues, there are still 3198 possible conformations. Protein folding occurs quickly
enough to conclude that not all conformations are sampled and suggests a funnel-
like energy landscape.

Thus, the major challenge facing conformational sampling is how to reduce
the number of sampled conformations without losing the ability to discover the
global minimum. As a first step, some approaches reduce the number of degrees of
freedom as suggested by Levinthal. Although what constitutes the necessary
allowed degrees of freedom is a matter of debate, limiting degrees of freedom to the
torsional ones is common. Furthermore, the allowed torsional degrees of freedom
can be reduced to only backbone phi and psi torsions. This is commonly
accomplished using an internal coordinate representation of atomic coordinates
where each atom is described by its torsional relationship to other atoms, as well as
length, angle, and chemical identity. This is in contrast with Cartesian
representation where every atom is an additional degree of freedom on each axis of
three-dimensional space. While using Cartesian coordinates might be more
expensive than simplified internal coordinates, it has the advantage of providing the

most conformational flexibility. Another approach to reducing degrees of freedom in



the system lies in eliminating solvent modeling and going with an implicit
representation of bulk solvent behavior.

Once a structural model has been determined, the next approach is to
perform a sampling algorithm. In the early days of computational protein modeling,
it was sufficient to use a straightforward minimization algorithm to find the
conformational minimum of a potential energy function3. However, energy functions
have many local minima and this required the global minimum to be directly
accessible from the starting point of minimization. Energy minimization could be
used to refine a structure from electron density data, but not to fold a protein ab
initio from an extended conformation.

To increase the radius of convergence of protein folding algorithm, it has to
be able to escape local minima. In 1975, Levitt and Warshel performed alternating
cycles of minimization and normal mode thermalization to fold a simplified
representation of the bovine pancreatic trypsin inhibitor4. Normal mode
thermalization explores changes in protein coordinates producing the most
significant movements and presents a new conformation to resume minimization
from.

About the same time, Martin Karplus was the first to molecular dynamics on
protein structures, where the potential energy forcefield is combined with kinetic
energy modeled by Newton’s laws of motion to model protein dynamics®. Variations
on the full protein single-trajectory sampling include constraining regions while
fully sampling the rest, steering trajectories with dynamic constraints, and umbrella

sampling to uncover an ensemble of conformations. A range of integration



algorithms for numerically solving the equations of motion have been developed
with an emphasis on limiting accumulation of numerical errors and ensuring energy
conservation. While molecular dynamics could potentially arrive at a global
minimum from an extended conformation, it is better suited for exploring short
timescales due to the huge computational requirements to simulate the
femtosecond timescale of bond vibrations.

A fourth method for searching protein conformation space, introduced by Li
and Scheraga, relies on Metropolis Monte Carlo®. A stochastic sampling method, the
Monte Carlo algorithm relies on many repeated runs to produce a probability
distribution modeling potential conformations of the given sequence. Within an
individual Monte Carlo trajectory, sampling starts with gradient-based minimization
of the starting structure, and then samples a random structural perturbation before
another minimization. Li and Scheraga sampled single dihedral changes, but other
approaches may make more drastic perturbations. If the energy of the next
minimization is accepted by the Metropolis criterion, the cycle begins anew. The
Metropolis criterion introduces randomness while relying on the log-linear

Boltzmann distribution

E

F(state) oc e *T
to bias sampling toward more energetically favorable conformations. As a result,
the same starting point produces a distribution of structures that can be processed
to predict a native conformation - usually using a combination of energy function
scoring and clustering. Monte Carlo sampling has the advantage over normal mode

thermalization since sampling transitions are weighted rather than uniform.



To further reduce conformational sampling space, the Rosetta software
package uses a refinement of the Metropolis Monte Carlo algorithm where initial
rounds of structure perturbation are performed by sampling homologous backbone
conformations of three or nine residues in length’. The idea is that local interactions
biases secondary structure formation while long-range interactions stabilize them
and determine tertiary structures. Final stages limit perturbations to individual
backbone torsions that don’t disturb the global fold. In addition to backbone
conformation searches, Rosetta performs Monte Carlo sampling of sidechain
torsions where degrees of freedom are restricted to highly populated discrete
conformations. Throughout the entire trajectory, the temperature of the guiding
Boltzmann distribution is reduced in order to perform simulated annealing. By
permitting sidechain conformations of any residue type regardless of identity, this

sampling approach can be extended to perform protein design.

Energy Function

A protein energy function aims to model system energy of a protein
conformation relative to other possible conformations. Conformational sampling
leverages the thermodynamic hypothesis to describe a native conformation as the
one with the lowest energy of all. Thus, an accurate energy function is extremely
important. However, it still needs to be fast enough to allow conformational
sampling to quickly assess every perturbation it explores. Scheraga found that the
energy minimization step of his Monte Carlo protocol using the ECEPP/2 energy

function took up 95% of the compute time®. There are three approaches when it



comes to developing an energy function - using physical score terms, using
knowledge-based score terms, or a combination of both.

Physical score terms are models of chemical interactions parameterized
using experimental data. In general, physical terms used in protein structure
prediction are optimized for that scale and tend to rely on pairwise-decomposable
approximations rather than detailed multibody quantum mechanical calculations.
These approximations are often derived as averages of underlying quantum
mechanical calculations on model systems such as small peptides. Popular packages
that use physical forcefields include CHARMM, AMBER, and GROMACS8-19,

Physical terms can be categorized as bonded and unbonded. Bonded terms
model chemical bonds between atoms. For instance, in the first protein energy
minimization published, atomic bond length and angles were modeled using
harmonic constraints parameterized on Ramachandran and Sasisekharan’s studies3.
In place of harmonic constraints, the more expensive Morse potential may be used if
vibrational spectra need to be accurately modeled. Implementation of dihedral
terms varies, but they typically model discrete barriers using a periodic Fourier
function.

Unbonded terms describe interactions between neighboring atoms. The
Lennard-Jones potential is commonly used to simultaneously describe Pauli
repulsion and van der Waals attraction. Since it is expensive to compute interaction
of distant atom pairs that have insignificant van der Waals energies, a distance
cutoff is often used. More challenging to model are electrostatic interactions. Using

Coulomb’s Law is a simple approximation, but not an ideal model since atoms do not



have point charges. Delocalization of electrons in molecules cause charges to be
shared among many atoms and be influenced by induction and polarization effects.
However, Coulomb’s Law is still commonly used due to its simplicity. Alternative
models include particle mesh Ewald and the multipole algorithm. Water modeling
can be treated as a special case of electrostatics by explicitly modeling water
molecules, but it is also common to go with an implicit solvent model. These range
in computational complexity from the pairwise-decomposable Lazaridis-Karplus
solvation model to one of the more expensive multibody Generalized Born or
Poisson-Boltzmann variants (which can also take care of electrostatics
modeling)11.12,

Knowledge based potentials are rooted in reproducing distribution of
features found in native proteins. The most common justification for deriving
energy in this manner lies with the assumption that the native features obey the
Boltzmann distribution and can be compared to a reference state, which then allows
for a “potential of mean force” to be used!3. While there is criticism that a Boltzmann
distribution only applies to an ensemble of the same sequence at one temperature,
numerous theoretical and empirical justifications have been developed to support
this approach!4-17. Advantages to statistical score terms include their simplicity,
accuracy, computational speed, and increased radius of convergence due to a
smoother energy landscape. Downsides to this approach include uncertainty about
an appropriate reference state and issues with double-counting within an energy

function where interactions responsible for a feature distribution is already



modeled by another term, physical or statistical’®19. Some examples of knowledge-
based scoring functions include RAPDF, DOPE, DFIRE, and GOAP1620-22,

Statistical potentials can operate on the residue level or the atomic level.
Residue-level representations use residue identity in one-body potentials and
additionally Ca, Cp, or sidechain centroid coordinates in distance-based two-body
potentials. One-body residue-level potentials often encode torsional distributions,
such as a Ramachandran potential or a sidechain conformation potential. They are
also used to encode the propensity of the residue occurrence in a given context such
as secondary structures. Two-body residue-level potentials include pairwise
Ramachandran, sequence-dependent, and hydrophobic burial potentials. Atomic
distance-based potentials are preferred in pure knowledge-based scoring functions.
For example, the DFIRE potential computes the number of atomic pairs within a
given radius?l. Variations on the type of atoms considered for the DFIRE potential
varied from backbone/C[(-only to residue-specific heavy atom types, but authors
found the latter to give best performance. The GOAP energy function builds off of
DFIRE, but also includes angle-dependent terms to control bond geometries?2.

Many software programs also opt to combine physical potentials with
statistical potentials. This confers the advantages of both provided care is taken in
balancing the contributions. The granularity and generalizability of physical score
terms is combined with the speed and simplicity of knowledge-based terms.
Knowledge-based terms also provide the ability to compensate for inaccuracies in
physical terms caused by missing models (such as quantum mechanical or entropic

effects) or incorrect parameterization. The Rosetta energy function uses the



physical-based Lennard-Jones atomic distance potential, Laziridis-Karplus implicit
solvation model, and a Coulomb electrostatics term?3. It also used knowledge-based
backbone and sidechain torsional terms, hydrogen bonding model, and a term
describing the probability of a given amino acid for a backbone phi-psi value”’.
Recent work on the Rosetta energy function has focused on balancing the energy
function, eliminating double-counting, and integrating the Coulomb potential with
the hydrogen bond model1923.

Even though the Rosetta energy function has continued to evolve, recent
publications using powerful sampling algorithms have attributed the energy
function as the limiting factor in Rosetta structure prediction by identifying
instances where native structures are not at the global energy minimum?24-26,
Furthermore, this energy function - when used for protein design - has a low
success rate: influenza binder designs only showed binding on 2 out of 88 total
designs?’. Recent comparisons of crystallized design structures to Rosetta
predictions consistently showed inaccurate histidine conformations.

As Rosetta pushes toward prediction and design of small molecule binders
and enzymes, where sub-angstrom accuracy is required, the energy function plays
an increasingly important role in its performance. Areas to be targeted include
coupling solvation, hydrogen bonding, and screened electrostatic interactions,
properly accounting for partial charge distribution in pairwise scoring of
electrostatics, modeling nonideal bond geometries, and addressing double-counted

interactions between knowledge-based torsional potentials and physical potentials.
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In this thesis, [ focus on addressing the latter two targets - modeling
nonideal bond geometries and correcting double counting between the sidechain
torsional potential and physical score terms. I also introduce rigorous and sensitive

methods designed to quantify energy function performance and uncover errors.
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Chapter 2

Relaxation of Backbone Bond Geometry Improves Protein
Energy Landscape Modeling

Abstract:

A key issue in macromolecular structure modeling is the granularity of the
molecular representation. A fine-grained representation can approximate the actual
structure more accurately, but may require many more degrees of freedom than a
coarse-grained representation and hence make conformational search more
challenging. We investigate this tradeoff between the accuracy and the size of
protein conformational search space for two frequently used representations: one
with fixed bond angles and lengths and one that has full flexibility. We carry out
large-scale explorations of the energy landscapes of 82 protein domains under each
model, and find that the introduction of bond angle flexibility significantly increases
the average energy gap between native and non-native structures. We also find that
incorporating bonded geometry flexibility improves low resolution X-ray
crystallographic refinement. These results suggest that backbone bond angle
relaxation makes an important contribution to native structure energetics, that
current energy functions are sufficiently accurate to capture the energetic gain
associated with subtle deformations from chain ideality, and more speculatively,
that backbone geometry distortions occur late in protein folding to optimize packing

in the native state.
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Introduction

Macromolecular structure prediction and design efforts are challenged by the
vast size of the conformational space available to macromolecules. For example,
even a small 100 amino acid protein has thousands of degrees of freedom. While
some approaches model this full parameter space explicitly282° most structure
prediction and design efforts attempt to reduce the complexity of the problem by
reducing the dimensionality3°-32. For example, Rosetta33 typically uses an internal
coordinate system with fixed bond angles and lengths, as well as idealized aromatic
ring structures. Only torsion angles are allowed to vary, reducing the dimensionality
of the above 100-residue protein example from thousands to hundreds. This
reduces the size of the search space and makes gradient based minimization more

efficient34.

One potential problem with any reduced dimensionality description is that
the accuracy of the representation may be compromised, resulting in inaccurate free
energy evaluations. The reduced representation may restrict the molecule from
accessing low energy states that require relaxation of the constrained variables.
Similar problems arise from the common simplification that electron distributions
around atoms can be approximated by fixed-point charges centered on the nuclei.
The resulting inaccuracies in the electrostatic energy are the subject of current work

on polarizable force fields with off-atom charges3>:36,

Determining whether a more detailed, higher dimensionality description

warrants the increase in the difficulty of conformational search for the lowest
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energy state is a challenging problem in itself. Here we describe a general approach
to comparing different dimensionality protein representations, and use it to
investigate the tradeoff between the changes in conformational space size and
model accuracy associated with ideal versus flexible bond length and angle

representations.

Results

Protein structure prediction is a global optimization problem involving a
search for the lowest energy structure. Comparing the effectiveness of alternative
polypeptide chain representations is not trivial: introduction of additional degrees
of freedom will almost always result in lower energy models both close to the native
structure and far from the native structure, and the effects of this on conformational
search can be quite complex. The most straightforward approach—carrying out ab-
initio structure prediction calculations using different representations and
evaluating the success in prediction—is challenging, as it is very difficult to

converge global searches over the vast protein conformational space.

We have taken an approach to tackling the representation granularity
problem that reduces the stochastic variation inherent in Monte Carlo global
optimization. Large sets of models are generated which span the conformational
space, and the lowest energy structures in each RMSD interval are collected. These
states collectively represent the low-lying minima in the energy landscape. Changes

in model representation and optimization method are then evaluated by relaxing
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each model in the set and evaluating the energy gap between models inside and
outside of the native energy minimum: representations leading to larger energy
gaps (normalized based on the spread in energies among the models) are

considered better than those with smaller gaps.

We used this approach to compare fixed and flexible bond angle
representations, and optimization in internal coordinates versus Cartesian
coordinates (described in Methods and illustrated in Figure 1).

INTERNAL
COORDINATES

ANGLE
(C1-C2-C3)

LENGTH
(C1-C2)

(C3-xy,2) (C4 - x,y,2)

(C2-x,y,2)

CARTESIAN

(C1-xy2) COORDINATES

Figure 1. Internal coordinate vs. Cartesian coordinate repre- sentation. Internal coordinates
describe a protein structure in terms of angles, lengths, and torsions; Cartesian coordinates
describe a protein’s conformation using the (x, y, z) position of each atom.
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Large numbers of conformations for 82 different proteins were optimized in the
different representations for a range of weights on the bonded geometry term. The
results are summarized in Figure 2. Figure 2A illustrates some of the energy
landscapes for which there was a marked difference between representations. It is
evident that the energy gap between close-to-native conformations and far-from-
native conformations is larger in the flexible bond angle representation (Figure 24,
right) than in the fixed representation (Figure 2A, left); indeed for protein 2nr7
(bottom row), there is no energy gap in the fixed representation but a clear gap in

the flexible representation.
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Figure 2. Backbone flexibility increases the native energy gap. (A) Examples of energy
landscapes for individual proteins resulting from fixed bond length and angle relaxation
(left) and from bond angle relaxation (right). The y-axis is the Rosetta energy normalized by
rescaling the energies such that the 95th percentile and fifth percentile fall on 1 and 0,
respectively. The x-axis is the RMSD to the native structure. The discrimination measure is
provided at the bottom right of each panel; the better the energy funnel, the more negative
the value. For these four proteins, the energy gap between the native structure and far from
native structures increases with flexible bond relaxation. (B) Illustration of the
discrimination calculation. The discrimination measure is the average of energy gaps
sampled at seven points on the landscape. The energy gap for each division is computed by
finding the difference between the lowest energy structure to the left of the division and the
lowest energy structure to the right. The red diamonds represent the lowest energy
structure in each bin. In this case, the lowest energy structure to the left of each division will
always be the far-left structure. (C) Backbone flexibility increases the native energy gap
across the 82 protein benchmark set. For each value of the bond constraint scaling factor on
the x-axis, 900 conformations for each of the 82 proteins were relaxed five times. The
discrimination measure was computed from the resulting 4500 structures as outlined in
panel B, and the values for the 82 proteins were averaged. More negative values indicate
larger native energy gaps. At values of the scaling factor less than 0.37 (the lowest value
shown on the x-axis) the bonded geometry begins to deviate from that observed in native
crystal structures (data not shown). The ideal geometry calculations are not influenced by
the scaling factor; the small amount of variation at different values of the scaling factor
indicates the amount of noise in the averages. The results for all three protocols converge at
high values of the scaling factors as expected since the backbone geometry is near ideal
even for the flexible protocols.
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It is not feasible to inspect energy landscapes for 82 proteins for many
different parameter values; instead, to quantify the magnitude of the energy gap, we
developed a discrimination measure described in the methods section and outlined
in Figure 2B. We computed the average energy gap over all 82 proteins for fixed
internal geometry, flexible internal geometry, and Cartesian geometry. Figure 2C
summarizes the dependence of the energy gap on the weight on the bond geometry
potential. Consistent with the selected example landscapes in Figure 2A, flexible
protocols performed significantly better (more negative discrimination scores
indicate larger energy gaps) over the full set compared with the fixed protocol. As
expected, all three methods yield similar energy gaps at high covalent restraint
weights, where the two flexible models converge on the ideal geometry case. No
difference in energy gap is seen between the flexible protocol variants. These plots
suggest that lower covalent weights than shown on the figures would improve
discrimination, but doing so leads to structures with physically unreasonable bond

angles and lengths.

We hypothesized that flexibility in certain bonds may be more important to
the energy gap than others. For example, flexibility in backbone geometry may play
a much larger role in sharpening the energy landscape than flexibility at the tip of a
side chain. To identify which degrees of freedom were responsible for the improved
discrimination, we repeated the discrimination experiments with different subsets
of the bond angles and lengths free to vary in internal coordinate space; the results

are summarized in Figure 3. We found that most - but not all - of the increase in
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energy gap is obtained by allowing only the backbone angles to deviate from the
ideal values. Allowing only sidechain angles or only t (N-Ca-C) angles to vary had
less effect. Allowing variation in bond lengths alone (Figure 3B) had little effect on
energy gap overall, but subtly increased the discrimination score as the constraints
increased. Allowing both angles and lengths to vary performed worse than keeping
bond lengths fixed (Figure 3A). The poorer performance of angles + lengths
flexibility, as well as the slight change in flexible bond length discrimination with
higher constraint weight, is likely due to the high bond length spring constants
causing the quasi Newton optimization algorithm to take shorter steps and
increasing the convergence time3’.

A B

-0.010 : —-0.010 -
-0.015 -0.015

-0.020 -0.020

-0.025 -0.025

-0.030 -0.030

Discrimination Score
Discrimination Score

-0.035 -0.035

ol -@- Control: Ideal Geometry
-0.040 ‘ All Angles and Lengths Flexible -0.040 -@- Control: Ideal Geometry
o ~¥- All Angles Flexible ‘ All Lengths Flexible
~0.045 - Backbone Angles Flexible ~0.045] - Bfackbone Lengths Flexible
d ~%— Tau Angles Flexible & - Sidechain Lengths Flexible
Sidechain Angles Flexible % C-alpha Lengths Flexible
=0.050 1.0 10.0 0:030 1.0 10.0
Bond Constraints Scaling Factor Bond Constraints Scaling Factor

Figure 3. Backbone angle flexibility is the dominant contributor to the increased native
energy gap conferred by bonded geometry optimization. (A) The benchmark set
calculations described in Figure 1(C) were repeated allowing different subsets of angles to
relax during internal coordinate minimization. Keeping bond lengths fixed but allowing all
angles to vary led to better discrimination than varying all bond lengths and angles. Most of
this improvement resulted from varying all the backbone angles; minimization of sidechain
angles or the tau angle (N-Ca-C’) had a smaller effect. (B) Varying bond lengths show no
effect on discrimination except for a slight decrease in performance at higher weights likely
caused by increased convergence time due to shorter steps during quasi Newton
optimization.
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As described above, because of the computational cost associated with
optimizing large numbers of structures, the above comparisons of representations
involved relaxation of large numbers of already generated models. For this purpose
we used Rosetta FastRelax, an efficient local optimization procedure33. However, it
is formally possible that new minima exist when the additional degrees of freedom
are added, but local optimization fails to identify them. Therefore, we carried out
more aggressive global optimization on a subset of targets to see if new local
minima emerged due to the additional model flexibility. For 10 of the targets from
the original test set, we used the large-scale parallel loop hash (PLS) sampling
procedure?® starting from 200 input structures per target. Either standard ideal
geometry FastRelax or FastRelax using flexible bond geometry was used for local
optimization in the PLS protocol. As shown in Figure 4, allowing relaxation of
backbone-bonded geometry again increased the energy gap between native and
non-native structures. Hence, it is unlikely that relaxing bonded geometry creates

new minima with energies comparable to the native structure.
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Figure 4. The increase in energy gap with flexible bond optimi- zation is observed even with
extensive sampling. Large-scale parallel loophash sampling (PLS) optimization was
performed for 10 proteins, and the discrimination score was computed. The increase in
energy gap with bond flexibility is similar to that observed with more local optimization in
Figure 1.

As a final test of the importance of flexible bond angles in protein structure
modeling, we compared X-ray structure refinement with ideal backbone geometry
to refinement with flexible backbone geometry. X-ray refinement has recently been
implemented in Rosetta38, and hence this comparison could be readily made using
the alternative minimization protocols described above. We refined idealized (bond
geometries set to their ideal values) high-resolution structures against truncated (to
4A) reciprocal space crystal diffraction data; the truncation was to a resolution
where bond non-ideality is not specified by the data alone. Idealizing structures
provides a common starting point and helps pinpoint the effect of adding bond angle
flexibility. The R-free values after refinement with flexible bond angle optimization

were consistently lower than after refinement with ideal bond angle optimization
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(Figure 5), further highlighting the importance of flexible bond angles in defining

native structures.

Average Rfree - Flexible Angles

0'1&18 0.20 0.22 0.24 0.26 0.28 0.30
Average Rfree - Fixed Ideal

Figure 5. Crystallographic refinement with flexible bonds gives a better fit to low-resolution
data than fixed bond refinement. (A) In all but one case, flexible refinement yields a lower
average R free. (B) Comparisons of models for 2rk6 after ideal (blue) and flexible (green)
refinement. The map is built from high-resolution data - not the low-resolution data used
for refinement - to better represent the improved fit.

Having determined that flexible bond angles - particularly backbone angles -
yield energy landscapes with the native structure in a deeper minimum, we
proceeded to experiment with the FastRelax protocol to identify the most efficient
local optimization protocol. Figure 6 shows the results on several different non-ideal
FastRelax variants. 270 decoys were optimized under each protocol; the average
energy over the set is plotted as a function of average protocol run time. The first
observation is that protocols making use of Cartesian optimization were more
effective in reducing the energy than protocols optimizing internal coordinates
alone. Of the internal coordinate optimization protocols, lowest energies were
obtained when all angles but no lengths were allowed to deviate during refinement.

Finally, the lowest overall energies were observed by running a two phase protocol,



22

where the structure was first optimized in internal coordinates with bond lengths
fixed, then optimized in Cartesian space. This combined protocol performs
considerably better than either internal coordinate torsion angle optimization or

Cartesian optimization alone (compare Fig 6 left, red circles with Fig 6 open black).
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Internal Coordinate or Cartesian Optimizati
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-180}g| H®
=190}
>
o
g
w =200}
s
-
1]
3
2 -210f
Q
o
g
g —220f
< -@— Ideal
-9 BB angles
=230 | -y— All angles
- BB angles/lengths
—%— All angles/lengths
=240 —&— Cartesian
0 50 100 150 200 250 300 350 400

Average Time (s)
Figure 6. Combined internal coordinate and Cartesian relax is more effective than either one
alone. A representative set of starting models was relaxed using different protocols (col-
ors) and the average energy over all calculations (y-axis) was determined as a function of
run time (x-axis). At 200 s (black vertical bar), the minimization method within the relax
proto- col was changed as indicated in the inset box (for example, ideal-Cartesian indicates
that the first 200 s used ideal bond internal coordinate minimization, and the second 200 s,
Car- tesian minimization (all DOFs variable). The best performance (lowest energies after
400 s) was obtained using protocols that kept bond lengths fixed in the first phase and
switched to Cartesian minimization in the second phase.

The improved performance of the protocol with fixed bond length internal
coordinate optimization followed by Cartesian optimization may be rationalized as
follows. In the initial phases of optimization, restricting degrees of freedom has the

advantage of allowing exploration further in conformational space and avoiding
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trapping in local minima not accessible with more ideal geometry. Restricting bond
lengths has the further advantage of speeding up the internal coordinate
optimization. On the other hand, Cartesian minimization is likely to be much more
effective in finding the lowest energy structure in the immediate neighborhood and

hence is very effective at the late stages of optimization.

Allowing bond flexibility during refinement increases running time
somewhat: our combined refinement protocol takes approximately 110 seconds for
a 100 residue protein compared to about 40 seconds for the fully ideal protocol.
Most of the runtime increase is due to Cartesian optimization, where the large bond
length spring constants require significantly more minimization cycles for

convergence.

Methods

To assess the accuracy of different dimensionality protein representations,
we focus on the energy gap between the native and non-native conformations; for
folding to occur, the energy of the native structure must be very much lower than
non-native conformations. Identifying the lowest energy non-native conformations
from scratch for large numbers of alternative representations is computationally
intractable. Therefore, we initially generated a set of very low energy structures
spanning conformational space using a large-scale space search procedure?®. The
number of representatives at each RMSD distance from the native structure was

normalized to prevent overrepresentation of any particular area of conformational
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space. The resulting structures are densely packed and energetically competitive
conformations (or “decoys”) of the native sequence (Figure 2A). Changes in model
representation and local optimization methods are then evaluated by minimizing
each pre-calculated structure in the new force field, allowing it to descend to its new
local minimum. The difference in energy between models inside and outside of the
native energy minimum is then evaluated: model representations leading to larger
energy gaps (normalized based on the spread in energies among the models) are

considered better than those with smaller gaps (Figure 2B).

We apply this approach to comparing fixed and flexible bond representations
in the context of the Rosetta force field. Rosetta modeling calculations generally
involve an internal coordinate representation based on a “fold tree*0”. The standard
fold tree only allows backbone and sidechain torsions (for rotamers) as degrees of
freedom during minimization, bond angles and lengths are kept fixed. Flexible bond
geometry was implemented by allowing bond lengths and angles to vary in the
internal coordinate space optimization. The implementation allows selective
restrictions of subsets of DOFS, for example, letting only the backbone angles vary.

We compared internal coordinate optimization to Cartesian-space
optimization (Figure 1); in the former, minimization is guided by gradients with
respect to bond and torsion geometries; in the latter, by gradients with respect to
the (x,y,z) coordinates of each atom. By definition, Cartesian-space minimization
permits flexible bonds and planarity. For both representations, parameters for
harmonic bond length and angle force constants were taken from CHARMM322°.

Additional constraints using CHARMM32 parameterization were also added to
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control improper torsions in Cartesian space. A global weight was used to control
the scaling of the bonded versus non-bonded terms. MolProbity was used to validate
bond angle and length distributions to ensure structure predictions were physically

realistic#!.

Local optimization protocol

To compare fixed ideal internal coordinate minimization, flexible internal
coordinate minimization, and Cartesian minimization, the standard Rosetta local
optimization protocol - FastRelax*? - was adapted to optionally allow minimization
of covalent degrees of freedoms (bond angles and lengths), as well as minimization
in Cartesian space. We also modified the FastRelax protocol to carry out first
internal coordinate optimization, which may have a larger radius of convergence34,
and then Cartesian minimization.

The original FastRelax protocol uses multiple iterations of repulsive weight
annealing with combinatorial rotamer optimization and minimization to optimize
energies (ramp-repack-min). There are five cycles each consisting of four iterations
of ramp-repack-min starting with repulsive at 2% of full strength, followed by 25%,
55%, and 100% successively. Only minimization permits flexible bonds; the rotamer
set used in repacking has ideal bonds.

Fixed ideal internal coordinate relax uses the original FastRelax protocol
described above. Flexible internal coordinate relax uses the same protocol, but frees
the bond angle degrees of freedom during minimization. Cartesian relax starts with

3 rounds of flexible angle internal coordinate minimization and then performs the
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remaining two rounds of FastRelax in Cartesian space. Command lines are provided

in the Supplemental Materials.

Discrimination benchmark

The benchmark we use to evaluate the discriminatory power of the Rosetta
force field consists of 82 small globular proteins3943 covering a diverse set of
topologies. All proteins are monomers between 55 and 224 residues in length, have
crystal data with <2A resolution, and with crystal-stabilized regions visually
identified and removed. For each protein, 40000-200000 decoys were generated
using biased and unbiased ab-initio sampling runs3? followed by extensive loop
building and relaxation using the Rosetta full-atom energy function and PLS26.
Additional PLS runs were seeded with the native structure to further increase
sampling density near the native state. The resulting decoy structure sets comprise
many competitive low-energy non-native conformations, sometimes lower in
energy than close-to-native structures. All these conformations were pooled and
1000 representative low-energy structures from each protein were chosen to evenly

cover the range of possible RMS values.

To test each set of parameters and flexibility settings, we ran 5 FastRelax
trajectories per starting model, producing 369,000 decoys in total. This short
refinement balances the need to let each structure optimize against the new
parameter set and computational feasibility. Each full test of a parameter set

consumed ~50,000 CPU hrs.
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Discrimination measure

To quantify the discriminatory ability of a parameter set we used the
following procedure, given a large set of structures and their energies. First, energy
values are normalized by rescaling the energies such that the 5th percentile and
95th percentile energies take the values of 0 and 1, respectively. Then, for each
protein a separate discrimination score s is calculated (Figure 2B) at 7 different RMS
values r = [1.0,1.5,2.0,2.5,3.0,4.0,6.0], by taking the normalized energy difference of

the lowest-energy structure below and above the dividing line at each r.

S = . min E; —
i,RMS(i)€[0,r]
r€{1,1.5,2,2.5,3,4,6}

o min E;
i,RMS(i)E(r,0]

The total discrimination score is then calculated as the average score over all
proteins and all values of r. The score is constructed such as to capture changes in
discrimination at various resolutions, with a lower score indicating better overall

discrimination.

Backbone Conformational Sampling

To further assess discrimination under more aggressive search, we used the
parallel loophash sampling protocol (PLS)2¢ on a subset of the 82 proteins used
above. In each iteration of PLS, a set of input structures are selected and local
structure segments are randomly replaced with segments found in the PDB.

Variants are relaxed and the lowest energy variants are accumulated and filtered by
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a diversity criterion. PLS is able to generate large backbone conformational changes

and samples a significant portion of conformational space around a given topology.

While PLS is a powerful sampling protocol, it was not computationally
feasible to run it for all 82 proteins and all parameter sets. Instead, ten proteins
without disulfide bonds (which complicate topology sampling) were randomly
selected from the set. One PLS run for each structure was performed, starting with
200 low-energy decoys per protein, evenly selected across the range of possible
RMS values and excluding any decoys created from native-biased ab-initio
algorithms. Each run sampled with 8,192 cores for 6 hours on the Intrepid Blue
Gene/P supercomputer at Argonne National Laboratory. Upon conclusion of the

runs, the energy landscape was well covered over a large range of RMS values.

Crystallographic refinement

A set of eight crystal structures that had been solved using high-resolution
crystal data, along with their deposited structure factors, was chosen from the PDB.
The structures were “idealized” by forcing ideal geometry and minimizing with
constraints on the atom positions of the deposited structure, resulting in a model
with ideal geometry and very low RMS deviation (generally less than 0.24) from the
original model. The crystallographic data was then truncated to 4A - a resolution
too low for the data to identify deviations from ideal geometry - and the structures
were refined against the truncated data using Rosetta-Phenix refinement in internal

coordinates38. Two separate refinement trajectories were run: one where bond
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geometry was allowed to deviate from ideality, and one where it was not. After both
refinements, the free R factor (using the reflections marked as free in the deposited

structure) of the ideal and non-ideal models was calculated.

Optimizing FastRelax for Flexible Geometry

To optimize the FastRelax protocol for the larger search space and dual
representations, we used a small benchmark of 270 compact decoys, generated by
the Rosetta ab-initio protocol described earlier3?, with randomly selected sidechain
conformations. Because the centroid structures were minimized with a different
energy function than used for full-atom minimization (which is used by FastRelax),
the comparison is not biased by the starting minima of the benchmark set. For each
FastRelax cycle, we computed the average final energy and elapsed time from start.
The relax protocols were performed for 400 seconds. The weights on the energy
function score terms were the default Rosetta (score12) weights (ref) with the
addition of the cart_bonded global bonded term (set to a weight of 0.5). We tested a
variety of different FastRelax protocols utilizing various combinations of fixed

internal coordinate, flexible internal coordinate and Cartesian minimization.
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Chapter 3

Correcting Double Counting In The Rosetta Sidechain
Torsion Potential

Abstract

Biomolecular modeling requires a balance between accuracy and speed. To
accomplish this, Rosetta uses a combination of statistical and physical potentials in
the energy function. The former captures distributions of protein features while the
latter directly models the physical interactions responsible for the resulting
features. As a result, there can be significant overlap between score terms; leading
to double counting of the features that describe a well-folded protein. In particular,
the statistical potential used to describe sidechain torsion distribution as a function
of backbone torsion angles (Dunbrack rotamer library) overlap with physical terms
which score backbone-sidechain and intra-residue interactions. Consequently,
rotamer distributions are skewed to those favored by the overlapping physical
terms. Using a probability distribution to model sidechain conformation in place of
intra-residue physical terms gives better prediction, but still suffers from backbone-
sidechain double counting between adjacent residues due to the inter-residue
scoring still in place. To address this, we eliminated redundancies from the rotamer
library probabilities. In this paper, we describe a method for sampling physical
Rosetta potentials over sidechain conformational space and using the observed
energies to modify the rotamer library probabilities. We also describe a method of
using electron density data to evaluate the impact of energy function changes on a

large set of high-resolution protein structures. By training on this benchmark, we
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were able to correct 13% of the errors by adding physical intra-residue score terms

while adjusting the rotamer library to compensate for double counting.

Introduction

Modeling protein energetics is a challenging problem that has been
addressed by a variety of approaches. From the simple Engh-Huber potentials used
by X-ray crystallographers to perform density fitting#*# to intensive molecular
dynamic trajectories that step through time intervals of 2 femtoseconds, each
approach is ultimately a compromise between detail and speed. The Rosetta
forcefield uses a combination of physical and statistical potentials to express total
system energy as a linear combination of scoring terms’. Physical potentials
explicitly model chemical interactions while statistical potentials capture
distributions of structural features determined by a broad range of underlying
chemical interactions. Physical energies are expressed directly by the functional
form of the term while statistical energies are computed by taking the negative
logarithm of observed probabilities. A significant drawback to this approach is the
redundancy that arises when a statistical potential implicitly models the same
interaction already described by another score term because it encodes all energetic
contributions causing the observed distribution.

In Rosetta, the statistical Dunbrack rotamer library is used to score sidechain
conformations#>. Sidechain torsion distributions taken from the PDB exhibit peaks
known as rotamers for each of the chi angles for each residue. In the library,

rotamers are described by their mean value and standard deviation. Additionally,
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rotamer probabilities depend on the backbone phi and psi torsions, binned every 10
degrees from -180 to 180 degrees. Sidechain conformations are scored by a
combination of the probability of their rotameric identity and deviation from the
rotamer well center where the former is scored using the negative logarithm of the
probability and the latter using a harmonic constraint based on the standard
deviation of the rotamer well. Furthermore, the last chi of the aromatic residues and
ASN, ASP, GLN, GLU are modeled using asymmetric probability density functions
conditioned on the rotamer identities of the preceding chis and backbone torsions
and scored accordingly. Using conformational probabilities along with physical
score terms is a fast and effective way to predict sidechain conformations.

Due to double counting of intra-residue interactions between the rotamer
library and the physical intra-residue score terms, we simply turn off the physical
intra-residue score terms in Rosetta and rely solely on the rotamer library. Although
the physical score terms have finer granularity, the rotamer library gives better
sidechain conformation predictions; presumably due to parameterization issues
with the physical score terms or because it captures unmodeled interactions such as
quantum mechanical or entropic effects (Table 1). This approach largely eliminates
rotamer library double counting. However, it is important to note that the rotamer
distributions are not exclusively determined by intra-residue interactions. There is
still overlap that arises when rotamer probabilities are influenced by local
backbone-sidechain interactions such as hydrogen bonding with an adjacent
residue. The rotamer library implicitly scores this hydrogen bond by giving this

rotamer a higher probability while the hydrogen bond term in Rosetta also favors it.
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This leads to inaccurate evaluation of rotamer energies and incorrect rotamer
distributions!® (Fig 6). Due to performance, the rotamer library should not be
removed, but it can be modified to work with inter-residue score terms.
Furthermore, it can be modified to work with physical intra-residue score terms to

improve modeling resolution.

Figure 6. ASN and VAL exhibit backbone-dependent double counting. ASN is able to
make a hydrogen bond when the backbone psi torsion is at 105°. The rotamers within
hydrogen bonding distance are more probable, thus decreasing the rotamer score relative
to others. When the Rosetta hydrogen bond term also decreases the rotamer energy, the
sum of the two misrepresents the true rotamer energy relative to other potential rotamers
at this backbone conformation. The same situation occurs with VAL and the repulsive score
term, except that this rotamer is doubly disfavored when the backbone psi torsion is at
170°. (Fig 6A was created by Song, et al'9)

In molecular mechanics, torsional potentials are adjusted so that the new
potentials combined with the existing physical forcefield will sum up to give
energies that are equal to detailed quantum mechanic calculations on small
peptides3®. A similar approach can be performed for Rosetta where inter-residue

energies are subtracted from the rotamer potential energies. In other words, adjust
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rotamer probabilities to compensate for the influence of other Rosetta energy terms
on rotamer distributions of modeled structures. The result is a new rotamer library
that will correctly sum with all score terms to give native rotamer distributions (Fig
7). In this paper, we describe a method to compute corrections to the rotamer
library by scoring potential rotamers on a collection of protein fragments and a

sensitive benchmark that uses experimental data to verify and guide corrections.

Figure 7. Phi-psi dependent probabilities for a serine rotamer are adjusted based on
the influence of the Rosetta energy function. A. Plots showing the phi-psi torsion
dependence of probabilities for each of the three serine rotamers. B. A serine fragment
representing the red box highlighted in A. The same fragment is shown with each of the
three rotamers built in their ideal conformations. Scoring each fragment reveals any
rotamer-dependent difference seen by the Rosetta energy function. C. Three fragments from
the highlighted region in A with the same rotamer. Average rotamer-dependent scoring
difference is obtained by sampling each rotamer on all fragments within the same phi-psi
torsion bin. D. Plots showing the phi-psi torsion dependence of probabilities accounted for
by the Rosetta energy function. E. The corrected rotamer probabilities are computed by
subtracting the probabilities in D from A.
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Results

To correct the double-counting issue, we designed a protocol to subtract
double-counted interactions from the rotamer library. By using the fragment-based
rotamer sampling described in the methods section and a modified Rosetta energy
function to consider only double-counted score terms, we were able to compute
corresponding Rosetta energies for every rotamer probability in the library. In each
phi-psi torsion bin, all rotamer probabilities sums to one. By using observed
energies to compute a Boltzmann distribution and then normalizing across all
rotamers in a phi-psi bin, we effectively created a rotamer library based on Rosetta
energies. To account for undersampling and noise, a Gaussian convolution was
applied to smooth the data. From there, we divided each rotamer library probability
by the corresponding Rosetta-derived rotamer probability and renormalized. If all
rotamers in a given phi-psi bin have equal Rosetta energy, the rotamer library
probabilities will all be corrected by the same amount and returned to their original
values after normalization. If a rotamer is scored lower than others, the rotamer
library probability ends up being lowered to account for the double counting.

Using this protocol, two libraries were made - one correcting double counting
interactions present in the default Rosetta energy function and the other correcting
double counting from using physical intra-residue terms modeling Lennard-Jones
and solvation in addition to the default terms. Including the physical intra-residue
terms and accounting for double counting permits us to have the best of both where
we benefit from the specificity of the physical terms while retaining the rotamer

library’s ability to fill in for unmodeled interactions.
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To assess the performance of the rotamer probability correction protocol, we
needed a sensitive benchmarking protocol that was fast enough to use in an
iterative workflow. Exhaustively sampling conformational space to fit new
parameters is computationally intractable and confounds efforts to group errors by
residue type. Instead of relying on combinatorial sampling of all degrees of freedom
to investigate changes guiding the conformation of a single residue, we chose to
perform RTMin rotamer recovery on a fixed backbone. RTMin starts with native
conformations and allows Rosetta to delete and rebuild sidechains one residue at a
time. For each sidechain rebuild, Rosetta samples and minimizes all potential
rotamers, then chooses the lowest energy conformation. The benchmark determines
recovery by computing the change in electron density correlation between the
native and rebuilt sidechain conformations (Fig 8). The sidechain is then returned to
native before the next sidechain is rebuilt. This RTMin rotamer recovery protocol is

fast and deterministic.
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Figure 8. Recovery of native conformation after a sidechain rebuild is determined by
electron density data. A. Rosetta chose the correct sidechain conformation. B. Rosetta chose
the incorrect sidechain conformation. C. There is not enough electron density data to
determine recovery of native conformation. This sidechain is not included in the
calculations. Electron density correlation values to determine each of the three scenarios
were manually determined by inspecting many structures.

To ensure that the RTMin protocol results are well correlated with energy
function issues instead of confounding factors such as undersampling or ambiguous
experimental data, we increased sampling and filtered sidechains from the results.
We sampled all available rotamers in the rotamer library plus conformations one
standard deviation to either side of the two rotameric chi closest to the backbone.
Filters on the sidechain results only allowed well-defined sidechains, mainly defined
by electron density correlation. The end result is an extremely sensitive benchmark
that captures energy function errors and allows one to easily group them by local

features.
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Table 1 shows rotamer recovery results for several score functions. Results
shown in Table 1 were generated using a different data set from the one used for
method development, parameter fitting, and rotamer probability corrections.
Talaris2013 is the default score function that we are working from. For comparison,
the predecessor to talaris2013, score1246, is shown. The switch to talaris2013,
which involved many changes to the energy function, corrected nearly 20% of the
errors in the rotamer recovery set. Observing the performance of Rosetta without

the rotamer library shows that it is needed, even if physical intra-residue terms are

substituted.
Run Error Rate % Error Correction
Scorel2 5.57% -24.61%
Talaris2013 4.47% 0%
Talaris2013 7.38% -65.10%
-rotamer library
Talaris2013 6.37% -42.51%

+ physical intra
- rotamer library

Corrected Run Recovery % Error Correction
Talaris2013 4.28% 4.25%
Talaris2013 4.02% 10.06%

+ physical intra
Talaris2013 3.88% 13.20%

+ physical intra

+ dun_dev 0.3

Table 1: Comparison of rotamer recovery error rates for different energy functions. The
top four entries all use the uncorrected rotamer library while the bottom three entries show
variations on the energy function used for corrections and assessment. Percent error
correction is calculated as the amount of errors corrected out of the error count for the
default score function, Talaris2013.

Adjusting the rotamer library probabilities using the correction protocol shows a

decrease in error rate across all categories. While recovery improves after
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correcting for backbone-sidechain double counting, better results are seen when
adding physical intra-residue score terms. This shows that sidechain conformation
prediction benefits from the granularity in scoring that the rotamer library cannot
provide. Loosening the harmonic constraints that restrain sidechains to the center
of their rotamer wells shows further improvement. This is presumably due to
double counting between the constraints and the intra-repulsive score term leading
to unnecessarily tight distributions around rotamer means. Also encouraging is that
all residues show improvement in rotamer recovery on the test set (Fig 9). This
shows that the correction method is generally applicable and is not subject to

tradeoffs.
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Figure 9. Adding physical intra-residue score terms and adjusting the rotamer library for
the double counting improves rotamer recovery for every residue type.

To assess the corrections in a more general manner, we turned to several
benchmark protocols (Table 2). A variation on the RTMin rotamer recovery protocol
described above is the standard Rosetta rotamer sampling protocol PackRotamers;
which performs combinatorial rotamer optimization in place of greedy sampling
and minimization. In contrast to RTMin, PackRotamers assesses cooperative
influences in sidechain conformation sampling. It also places more emphasis on
scoring with rotamer probabilities since the sidechains do not minimize and

potentially incur a harmonic penalty for deviation from the rotamer well center.
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Finally, we did not consider the native sidechain conformation during PackRotamers
sampling. When performed on the same set of structures and filtering results based

on the same criteria, we continue to show improved recovery.

Default Talaris2013 | Corrected Talaris2013
+ physical intra
RTMin rotamer recovery 95.53% 96.12%
PackRotamers rotamer recovery | 85.38% 85.50%
KL Divergence 0.0035 0.0023
Decoy Discrimination -0.1566 -0.1702

Table 2. Using the corrected rotamer library with physical intra-residue scoring terms
shows improvement in all of the benchmarks.

We were also interested in the question of whether rotamer distributions of
Rosetta models were more closely aligned with native rotamer distributions. To
obtain Rosetta-representative rotamer distributions, we used the PackRotamers
protocol. Figure 10 shows the per-residue Kullback-Leibler distances to the native
rotamer distribution for default and corrected Rosetta. A distance of zero signifies
that the distributions are identical. In this figure, longer sidechains show a higher
divergence due to a larger conformational space and lower chance of randomly
making a correct prediction. Longer sidechains are also more prone to overfitting by
amplifying probabilities of common rotamers at the expense of rare rotamers.
Significant improvements in LYS, ARG, and MET show that our RTMin rotamer
recovery improvements are due to correctly accounting for energy function

influence on rotamer probabilities.
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Figure 10. Adding physical intra-residue score terms and adjusting the rotamer library for
the double counting improves modeling of the rotamer distribution for most residues when
performing the PackRotamers rotamer sampling protocol. Orange compares the native
distribution to the default Rosetta rotamer library and score function. Blue shows the same
comparison with the use of intra-residue score terms and adjusted rotamer library.
Significant improvements in distributions of the longer sidechains show that the rotamer
library corrections are correctly accounting for the energy function influence rather than
overfitting to high-frequency sidechain conformations.

The gold standard for benchmarking Rosetta energy function changes is the
decoy discrimination benchmark using the energy landscape modeling discussed in
chapter 1. In contrast to rotamer recovery, it permits all degrees of freedom to be
minimized. This time around, we elected to use a modified version of the decoy
discrimination protocol previously described. Since the quantitative funnel measure

only looks at the energies of the lowest scoring structures across the landscape, we
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reduced the energy landscape to 1000 representative structures and performed
Batchrelax2¢ instead of Fastrelax. Batchrelax performs comparative optimization of
a batch of structures, alternating between Fastrelax cycles and culling cycles that
reduce the batch size by eliminating a proportion of the highest-energy structures
each time. Additionally, the decoy discrimination scoring metric was slightly
modified to reduce noise caused by low-population regions. As Table 2 shows, the
average normalized energy gap increased by more than 1%. The corrections trained
on rotamer recovery without backbone or nonideal degrees of freedom still have the
effect of improving energy function performance when using additional degrees of

freedom.

Discussion

Double counting of energetic interactions is a known weakness of using
knowledge-based potentials in conjunction with other potentials. In Rosetta, the
double counting between the sidechain torsion potential and intra-residue score
terms was resolved by simply turning off the physical intra-residue score terms.
However, the effect of inter-residue score terms was still unaccounted for. Song, et
al. found specific examples of double counting and manually adjusted rotamer
probabilities to address them?°. This approach is labor-intensive and does not
capture unknown errors. In this paper, we describe a method to compute
corrections to the rotamer library by quantifying the influence of the Rosetta energy

function on rotamer distribution. We show how adjusting the rotamer probabilities
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to account for double counting can resolve errors in prediction of sidechain
conformation.

Improvement in rotamer recovery between the current energy function and
the best performing energy function is not rooted in any one change, but rather it is
a cumulative difference over several modifications. Corrections to the default score
function resolved backbone-sidechain double counting. The primary driver of these
errors is likely the electrostatics term, as demonstrated by the improvements in
serine rotamer recovery. It is a smooth long-range potential that falls off slowly
enough to have an impact on a large range of situations cases where the energy gap
between potential conformations is small.

More significant than correcting the default score function is being able to
generally apply this method to correct any modification of the energy function, as
well as extend the energy function in ways that was previously impossible due to
double counting. For this paper, we demonstrated that we were able to add the
physical intra-residue score terms back in and see an improvement in rotamer
recovery. Untested is the potential to rebalance the energy function in ways that
were not possible due to double counting. For instance, the electrostatics term could
potentially be upweighted now that it’s influence on rotamer distributions is
removed.

This paper demonstrates that it is feasible to quickly make direct corrections
to knowledge-based potentials for any given energy function modifications. This
method was applied to correcting double counting in the sidechain conformation

library, but could be extended to address double counting of the backbone torsion
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potential. While physical score terms have finer granularity and more
generalizability, they suffer from incorrect parameterization and missing models. By
allowing knowledge-based potentials to supplement physical potentials rather than

displacing them, the energy function becomes more accurate and useful.

Methods

Dataset

For this paper, we used the Richardson top8000 database of high-resolution
crystal structures. For the conformation sampling step of the rotamer library
corrections, we used 6832 structures. For the protein core benchmarks, 4000
structures with electron density maps were taken from the top8000 set and split

into a training set and a test set.

Dunbrack Rotamer Library Corrections

The rotamer library double counting correction protocol adjusts all rotamer
library probabilities to reflect contributions made by the Rosetta energy function.
The Dunbrack rotamer library lists rotamer probabilities for phi and psi backbone
torsion values at every 10 degrees from -180 to 180 degrees. To account for double-
counting influence on rotamer distribution at a given phi and psi torsion pair, we
need to compute the corresponding Rosetta energy for each rotamer at this grid
point. Initially, we set out to enumerate all backbone conformations on a five-
residue fragment and build all rotamers at each step. However, we recognized that

we were not accurately accounting for the average local environment seen at each
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backbone conformation. By using a large set of high-resolution crystal structures to
construct fragments, we can sample local backbone torsions for each residue type.
During the rotamer sampling step, averaging over all fragments within a phi-psi bin
gives us a typical Rosetta energy for that bin. This has the drawback of
undersampling sparsely populated regions of the Ramachandran map, but the
benefit of encoding motif-influenced neighboring backbone torsion distributions is
well worth it. Local backbone torsions for each residue were sampled according to
the DSSP secondary structure type of the sampled residue. Helical fragments are 9
residues in length, loop fragments are 5 residues long, and sheet fragments have up
to 15 residues across 3 strands (Fig 11). To reduce noise during energy calculations,
all neighboring residues were mutated to alanine. Furthermore, any clashing
fragments - defined as having Rosetta repulsive energy greater than 2 - were
discarded. Ultimately, we had a set of fragments representing all residue types

except ALA, GLY, and PRO.

Figure 11. Local backbone torsions for Rosetta energy calculations were sampled as
fragments in a secondary-structure dependent manner. All of the green residues are
mutated to polyalanine. The rotamer energy sampling protocol samples the pink residue at
each rotamer conformation and scores it.
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The next step was to build and score all rotamers for each residue so relative
differences in rotamer energy could be identified. For the purpose of sampling, the
nonrotameric chi probability density function grid points were treated as discrete
rotamers. For each residue, every rotamer available in the rotamer library was built
and minimized using a modified version of the Rosetta energy function that only
scored potential double-counting interactions. Sidechain chis were constrained
during minimization using the same harmonic constraints used by the rotamer
library scoring term. Given that the rotamers were built without any consideration
of local environment, clashes are bound to occur and cause sidechains to minimize
out of the rotamer well. Thus, for each minimization, we checked to see if the
sidechain is still in the rotamer well - if not, it was reset to center and scored
accordingly. To counteract extremely high energy gaps between well-behaved
rotamers and clashing rotamers from dominating the corrections, we established a
maximum energy gap threshold between the lowest scoring rotamer on the
fragment and all others. Any rotamer energies above this relative threshold are
changed to the maximum gap value. This threshold was empirically determined by
the electron density rotamer recovery benchmark to give best recovery at 3 Rosetta
energy units. The final scores were grouped by rotamer, residue type, and phi-psi
torsion bin; then averaged to compute Rosetta energies for corresponding
probabilities listed in the rotamer library.

Finally, we used the computed Rosetta energies to make adjustments to the
probabilities in the rotamer library. First, to account for the downweighting of the

rotamer library scoring term by 0.56 during normal Rosetta use, we scaled Rosetta
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energies up by 1.785 (1/0.56). We computed a map of Boltzmann probabilities
derived from Rosetta energies for all rotamers by normalizing the exponential of the
negative rotamer energies across all rotamers in each residue type and phi/psi bin.
To account for noise and underpopulated phi/psi bins, a Gaussian convolution was
applied to every rotamer across phi/psi space. A Gaussian convolution was also
applied to the probability density distributions for each nonrotameric chi across chi
values. The extent of smoothing was empirically determined using the electron
density rotamer recovery protocol, where rotameric and nonrotameric smoothing
were 1.0 and 0.5 standard deviation respectively. After renormalization, we had the
final map of Rosetta-energy rotamer probabilities to be applied to the rotamer
library as correction factors.

Correcting the rotamer library was a straightforward matter of dividing out the
Rosetta-energy rotamer probabilities from the rotamer library probabilities. A
larger correction is applied to rotamers that are heavily influenced by the Rosetta
energy function. If the Rosetta energy function sees all rotamers as equal, the same
correction is applied to all rotamers and renormalization returns the probabilities to
their original value. The new probabilities are written over the original probabilities
in the rotamer library files and the original rotamer means and standard deviations
remain unchanged. Using the corrections is just a matter of loading the new library

files in place of the original ones.
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Rotamer Recovery

Rotamer recovery is a fixed backbone sidechain rebuild protocol that assesses
Rosetta’s ability to sample and discriminate among various sidechain
conformations. The primary rotamer recovery protocol used in this paper was the
RTMin protocol. In combination with the curated data set described below, this
protocol gives maximum emphasis on energy function errors while reducing effects
of sampling errors. RTMin rebuilds each sidechain one-at-a-time in native context
while sampling every available rotamer and the native conformation. Additionally,
off-center torsions were sampled at one standard deviation to either side of a
rotamer well center for the first two chis of each residue. The lowest scoring
conformation is chosen and compared to the native conformation.

Conformation recovery is determined by difference in correlation to electron
density data between the native conformation and the chosen conformation. The
threshold between recovery and error was determined to be a correlation
difference of 0.13 by running RTMin rotamer recovery on a large set of structures
and manually inspecting the results in PyMOL. The correlation score is normalized
across all residue types, so the same threshold applies equally. When compared to
using difference in chi torsions as a metric to determine recovery, use of electron
density data corrects many mistakes made when using chi difference and is much
more sensitive to subtle errors without increasing false positives.

It is important to have the best signal-to-noise ratio possible when uncovering
energy function issues. By allowing Rosetta to sample the entire rotamer library for

aresidue in native context, undersampling effects are largely mitigated. Sampling
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sidechain torsions one standard deviation to either side of rotamer well centers
further reduces undersampling effects. Additionally, the input data was filtered so
Rosetta only rebuilds well-defined sidechains. Eligible sidechains for rotamer
recovery are determined by filtering with minimum electron density correlation of
0.72 and maximum b-factor of 30. As above with the rotamer recovery threshold,
the minimum electron density correlation was also determined via manual
inspection using PyMOL. Partially defined sidechains were allowed as long as at
least one chi torsion was defined by electron density. Sidechains making crystal
contacts or with multiple pdb conformations are eliminated as well.

For a closer assessment of normal Rosetta use, the PackRotamers protocol
was performed. Instead of greedy sampling and minimization of individual
sidechains, PackRotamers does stochastic combinatorial rotamer sampling across
all sidechains without minimization. Off-rotamer torsions at one standard deviation
to either side of each rotamer chi center were also included. In contrast to RTMin,
native sidechain conformations were not considered during sampling. While all
sidechains were included in sampling, only the well-defined sidechains used by the

RTMin protocol were included in the recovery assessment.

Kullback-Leibler Divergance

The native distribution was taken directly from the same data set used for
rotamer recovery. The distribution consisted of counts for each unique rotamer,
where a rotamer is defined by the combination of chi angles rounded to the mean of

the rotamer well they occupy. Nonrotameric chis are not considered; only the
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rotameric chis preceding the nonrotameric chis are counted. For each parameter
set, the PackRotamers protocol was performed and counts gathered from the
ensuing distribution. Once the counts were obtained for each distribution, the
standard Kullback-Leibler divergence calculation was computed for both per-

residue counts and overall counts.

Batchrelax Decoy Discrimination

The same decoy discrimination protocol described in Chapter 2 was
performed with an emphasis on reducing compute time. First, the input set was
reduced from 4500 structures to 1000 where the RMS range was still evenly
represented. Next, Batchrelax was performed in place of Fastrelax. Batchrelax is a
competitive optimization algorithm that culls the population of structures each time
the ramp-repack-min cycle is repeated. Each batch has 20 structures and are
grouped by starting energy. The culling operation eliminates the highest-energy
20% of the remaining batch. For 1000 structures per PDB target, we performed
Batchrelax on 50 batches and merged the results before computing the

discrimination score.
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