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CHAPTER |

RECONSTRUCTION OF SAXS PROFILES FROM PROTEIN STRUCTURES
Overview

The objective of my dissertation isto use small angle Xray (SAXSand Neutron
scattering experimental datan canjunction with in silico structure prediction methods to
produce protein models in agreement with the experimental restraints. To achieve this, |
developed an algorithm, BCL::SAS to generate a replica of what an experimental SAS profile
would look like fom a rigid protein model. This algorithm can operate on complete protein
models and models comprised of the backbone atoms of secondary structure ele(GSks).
This provides a method to compare models produced by BCL::Fold with experimental SAXS /
SANE profiles.
Significance

| wrote a review article on how other groups have tackled the problem of SAXS profile
reconstruction. This review article was praised as one of the best reviews on SAXS profile
reconstruction by John Tainer and Robert Rambo. rEason this article was significant was
because it was the first review in the field to explore multiple methods of SAXS profile
construction and provide a history and rationale behind the methods. It succinctly explained
the necessary theory and limtians of the proposed methods. This chapter is a reproduction of
Reconstruction of SAXS Profiles written in 2[4]3.
Innovation

At the time ofthis writing, no other method# the worldwere using the Debye method

with GPU acceleration to reconstruction SAx&iles from protein modks.



Introduction

Small angleXray scattering (SAXS) is1 &xperimental structural characterization
method for rapid analysis of biological macromolecules in solyo8, 5-8] SAXS is inherently
a low resolution method because samples move freely in solution during data acquisition
resulting in spherically averadescattering intensity curvesBecause the samples do not need
to be crystallized, they can be studied in different pH environments and concentrations leading
to insightful structurefunction relationships. The overall SAXS scattering profile is caldwst
subtracting the scattering profile of the blank buffer solution from the profile of the sample
dispersed in solution. SAXS data has been used to fiket @ protein models bycomparing
the SAXS profile of each model with the experimental $xfes[9, 10]. The SAXS profile has
been incorporated as a term in the scoring function to obtain a protein modssistent with
the experimental SAXS dafdl]. An exciting feature in modern SAXS is identifying and
modeling protein flexibility from an ensemble set of different conformers to fit experimental
SAXS datHL2, 13]. This requires a large library of starting conformers as input to the algorithm
[14]. After a suitable library of conformers has been generated or found, the experimental SAXS
data are used as a constraint in an algorithm to determine which combination of conformers
optimally fit the data. The scattering intenstity is represented by a linear combination of the
selected conformers. In this process the algorithm must decide 1) Which conformers to use and
2) How many conformers are required to accurately recreate the experimental SAXS profile.
Critical to the suaess of this task are the underlying algorithms used to compute a SAXS profile
from a proposed protein model. In this review we highlight different methods to accomplish
this task. We recognize that these methods are not exhaustive of all methods, bateep a

samplingof different approaches that provide insight to the process of computing SAXS profiles



from atomic coordinates For a more comprehensive review of small anglayXscattering

theory we recommendeveralreviews[2, 3, 5, 15].

X-Ray Scattering Rewe

X-Ray scattering is observed when differences in electron density exist in a given sample
and XRays generated from a source device pass through the sample. Although both coherent
and incoherent scattering is possible, we will confine our consideratmieeherent scattering
because incoherent scattering is negligible weak at very small §8jldslastic (without energy
change) electron scattering is influenced by all atomic orbitals. Because atomic orbitals have
different shapes according to their atomicogip, the Xray scattering provides information on

the structure of the target sample.

The scattering process occurs as electrons resonate with the frequency ofrines X
passing through the object. As the electrons resonate, they emit coherent segondaes
which undergo both constructive and destructive interference. Because of destructive
interference, the superposition of waves with all possible phases will lead to zero scattering at a
scattering angle of ‘2[2]. The scattering maximum 1(0) will be thetically observed at a
scattering angle of zero where all waves are in phase. Because of the high intensity of the
incident XRay beam, a beam stop is placed between the detector and the beam to prevent it
from distorting the scattering profile.l(0) must therefore be computed rather than

experimentally observed.



Scattering Detector
Angle =26

Collimator

Momentum
Transfer Vector

X-Ray Source

Purified sample

Figurel: SAXS Experimental Setup:-Rays with a constant wavelengttare first focused by the collimator and thei
pass through the purified sample in solution. A small fraction of tRays scatter as they encounter electrons in ti
sample. The dettor captures these scatteredRays as intensity values. The final scattering profile is the differe
between the profile of a blank buffer solution and a solution containing the purified sample

To illustrate the scattering process, consider a linearly polarized monochromgiay X

beam incident on a single electron with charge e and mass m. The periodic electric field of the

incident Xray produces a force on the electrof=(.E) whereFis the overall force the electron
experiences, gis the charge of the electron ariis the electric field of the incidentRay. This
force causes the electron to oscillate with the sameqgfrency aghe XRay The equations

governing this behavior are shown below beginning with the electric field equation:

F FQ 1.1

where Eis the electric fieldg is the maximum value of the electric field,is the frequency of

ocillation of the wavdfield, tistime,and A & G KS LKI &S O2yaidl yido

motion we equate the two equation of force:

3 ('X=|= nFE NFQ 1.2

Where m is the mass arais the acceleration. The acceléam the electron experiences due to

the periodic electric field is computed by dividing by the mass:



Where the amplituded, is:

1.4

The electromagnetic radiion at a given distance with magnitude r from the charge q that
experiences acceleratiom has an electric field component:
n+OEI 1.5
i
Where c is the speed of light, r is the magnitude of the position vectas, the chargea is the
acceleration, and' is the angle betweem and r. If the position of r is perpendicular to the
incident beam (which is true for SAXS experiments) the®@z | YR &Ayh T MO

simplification with the electric field component and stihging A, for a:

. né o nn L 1.6
Ol oia m a0 |

Now imagine instead of a single electron, we have an electron cloud. As incideyg X
pass through an electron cloud witheétorigin at the center, most of them travel through the
cloudwithout scattering, while a small fractiogl1%) of the incident Xays are scattered. This

can be seen from the scattered to incident amplitude ratio:

Q 1.7

F G w

—lo

where e is the charge of an electron,is the constant Thomson scattering length and r is the

distance from the object to the detector.

/
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Because 4is small, the scatteretb-incident amplitude ration reveals that a single electron
scatters a very small fraction of the incidertRdys. For example, at a sample to detector

distance of threameters (typicafor SAXs experiments), the amplitude ratisn

I c®pypm a 1.9
; p T

i ad

Tablel. Numerical values of critical constants in Thompson Scattering

Name Value

ge Electron charge 1.602 x 16°C

m. Electron rest mass 9.107 x 1G'kg
© Spekof light 2.998 x 18m/s

6, Permittivity of free space 8.854 x 13 C/N-nt

For a fuller description of the physics ofa§ scattering and the mathematics of waves we refer

to the notes of Dr. Robert Bless[d§].

Because the scattered waves are coherent, the resulting amplitudeadated and the

intensity is given by the absolute square of the amplif@iie

S e 1.10

where A is the resulting amplitudes of all scattered waves and | is the scattering intensity. In

Thompson elastic scattering all secondaryeshave the same intensity and is given by:



Q I € 1.11
o ool P ALE

q

Where } is the primary intensity and is theintensity of the secondary waves. The terrfirac®
is the classical electron radiusdr is the distancérom the object to the detector. For small

anglesthe polarization factor (1 _ c& )/2 is approximately one leaving:

Q p 1.12
O— 00— O
aw |1

The Momentum Transfer Vector

We will assume the amplitdand intensity of all secondary waves to be one for this
discussion. With this framework, each secondary wave is represented by the complex function
e s KSNBE . Aa GKS LKIaSo . 801 daS GKS FYLX AGdzRS
their phase. The phase of the scattered wave depends on the position of the oscillating

electrons in space.

Figure2. X-Ray Scatteng: Adapted from Small Anglerdy Scattering2]. Incident (g) and Scattered
Rays (s) with the derivation of the momentum transfer vector q



The phase of the secondary wavesigs X Y dzf G A LX A SR oObetwéektBe LI (K F
scattered and incident waves. In the diagram, we jagepresent the direction of the incident
beam and we let s represent the direction of the scattered beam. The path difference of a point

P, specified by, against the origin O is:-(s-S). The phase is given by:

q" 1.13
. —»Vv Vv e A>

The term (sso) is symmetric to the incident and scattered beam with magnitude of
HAAY ' @ Ly G4KAa&a NBLINBaSyidGlraGAzy * NBLNBaSyilda K
vector q is independent of the distance to the detector and the wavelengtlarid defines the
scattering curve in reciprocal space with units ef.AThe momentum transfer vector has the
same directionas@& 20 | YR GKS YI 3IyAGdzZRS A &so)dA PSSy o0& adzo?
1 {OE+ 1.14

SAQ

GKSNBE H‘ A& nil& Sve @ferltaigiaS M@ yiagnitude of the momentum
transfer vector g. In the literature, this term has been defined multiple ways and one must be
aware of the convention used. For example the symbols h and s have been used in place of g.
Sometime siRSFAYSR ad& & I O6HAAY 0Ok< GAGK Ij I' W {®
a0FGGSNRY3 |y3atfSo Ly GKAa NBGASs 6S dzasS (KS
scattering angle. Large interatomic distances contribute primarily to the scattereay X
intensity at small scattering angles, whereas short interatomic distances primarily contribute to
Xray intensity at large scattering angles. The information content of a SAXS profile is small
compared to other high resolution experimental techniques heeathe overall scattering

profile represents the orientationally averaged contribution of all atoms in all orientations. The



SAXS scattering curve contains information related to the overall shape of the molecule and is

routinely used for the validationfestructural modelg17, 18].

The Scattering Intensity Curve can be derived from the Electron Density Function

The term electron density is frequently used in the literature in the place of electron

¢
(Vo))

yaride RAFTTFSNBYyOS 2N O2y 0N} ado tKS St SOGNRY
g2t dzySo Ly {!-{ SELSNAYSy(la @yn2i thekefectréhf SO i NP
RSyairde 2F (GKS alYLXS:E "m Aa GKS St SOGNRY RSy:
scattering is not observed because the waves scattered in any direction will cancel out. During a
SAXS experiment the electron densitytloé buffer solution is subtracted from the density of

the combined sample and buffer solution leaving the electron density of the sample without

0l O13INRdzyR a2fdziaz2yed ¢KS St SOGNRY RSnégathvé & T dzyC
values. Itg a histogram of equivalent pairwise atomic distances in a given sample. Because of

the solution subtraction, the electron density it is zero everywhere except for defined electron

distances in the sample where identical distances add together.
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Figure3: The pairwise distance distribution functioadapted from Xay solution scatteringSAXS) combined with
crystallography and computation: defining accurate macromolecular structures, conformations and assemblieated by
solution Pair-wise distances between each atare represented. The distances are symmetric andepeesented
twice by thedouble arrows. The P(r) function will be zero whenever a particular distance is not defined by the

geometry of the sample.
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scattering curv§?]:

1.16

e CLA ) NN &0 B CoA K

Theoretical scattering curves can be computed for a model of a given shape and
compared with experimental data using either the intensity calculation 1(q) or the distance
distribution function p(). The distance distribution function allows the deduction of the largest

particle dimension dmax and is the distance at which the p(r) drops to zero.
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Figure 4: Originally from SAXS combined with crystallography and computaf®jn This figure depicts tt
experimental SAXS curves and parameters measured for Pyrococcus furiosis PF1282 rubredoxin (m
YRSaAAAYSRQ a0l FF2f RAY LINRPGSAY { n o6 NBaRicSublnits Ygreéng &
the DNAdependent protein kinase (blue). (a) Dmax of the scattering particle is a simple function of m
weight for perfect spheres, but not for proteins that adopt different shapes. Envelopes correspondriiia
models calculated from experimental curves using GASBOR. (b) The experimental scattering curves
protein show that the intensity of scattering falls more slowly for rebredoxin (RG 11 A ; magenta) tt
minicellulosome (RG 82 A; green). (c) Thesli region of the Guinier plot, from which RG and 1(0) can be de
is a function of the RG. (d) Each protein has both a substantially different Dmax as well-@istiplairtion
function, reflecting the different atomic arrangements.

Debye Formula for computing scattering profiles from Atomic Coordinates

Proteins are bilt up from the arrangement of amino acids which are built up from the

arrangement of atoms differing by side chain arrangement. Imagine a protein sample in a fixed
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1.17

where the additional phase factor describes the position of the atom and fj(q) is the amplitude.

The intensity is the absolute square of the amplitude, averaged over all orientations:

1.18

When j=k the phase factor reduces to one. This situation represents the contribution to the
AyliSyariae RAFTFNIOGSR o0& GKS lid2ya lft2ySo ¢t KS

the atoms, according to the relative distan¢jrk). Each amplitude f has a phase:
£ ER 1.19
{LXAGGAYT GKS FG2YAO RATFNIOlAZ2Y 62r1o FTNRBY (K

1.20

)N YN ¢ AESSA o}

In SA% experiments there is no fixed origin because particles are sampled in all orientations.

The phase is dependent on a fixed origin. By averaging over all orientations and restricting
Fd2Yya (G2 0SS &LKSNAOIfI2wKSE bKI&Rdege@iemonKk®E2Y:s 40
orientation. Furthermore, spherical averaging of all orientations is given by:

OENDD 1.21

A O —
A N3O
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This representation of the spherical averaging is known as the Debye[f#}toml he final Debye

formula is:

O D 1.22

) N ) N ¢9 i3

2
2

/E

In this format the amplitudes f are calculated by computing the atomic structure factors. The
atomic diffraction and interference between atom sums can be combined together to give the

form of the Debye equation frequelytcited in the literature:

N e iy 2ENEO e
) RO
where rij = | ri¢rj | are the x,y,z positions of atoms i and j. The Debye formula given above

takes the atomic x,y,z coordinates as input and returns the intensity as a function of momentum
transfer q. This double sum of @toms in a given system for each computed q value has a
computational cost of O@l The quadratic cost is a prohibitive barrier for atomic level
application of the Debye formula for large systems (N > 10,000). In the case of structural
refinement for SXS, the scattering profile must be computed from all pairs of interactions with
atoms in the molecule. In highroughput applications the profile must be computed
thousands of times, while in an iterative ensemble analysis, the profile must be computed
hundreds of thousands of times. Because of the high computational cost, different methods
have been developed to reduce the number of necessary calculations to compute intensity.
Before we discuss the approximations to the Debye formula, we must firstrstaae the

structure factors fi(q) and fj(q).
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Structure Factors and Form Factors

The atomic form factor is a fundamental physical quantity in solid state physics. It is the
Fourier transform of an electron distribution around a nucleus of a given atothcarries
information on the electron wave function. Therdy scattering power of a given atom will
depend on the number of electrons it contains. As the number of electrons contained in an
atom increases (higher atomic number), the scattering powermses. As the scattering angle
increases, the scattering power decreases. A scattering angle of zero results in the maximum
scattering factor for a particular atom which is equal tq the atomic number. The form factor
approximations are based on the cbimation of relativistic Dira&later wave functions and
numerical Hartreg~ock wave function$20-23]. These Hartred-ock structure factors were
computed from q =0 to q = 1.5 at intervals of 0.048 For convenience, they were fit to a 5

gaussian (Cromévliann) analytic function:

1.24

A& N AtA — A

where fv,i (q) is the structure factor of a particular atom at a givevalge in vacuo. The

constants al, a2, a3, a4, bl, b2, b3, b4, and c are the Cilulmen coefficients for a given
atom, and g is the momentum transfen inverse angstroms. Tables for the Crorfvann
coefficients are found in the International Tables forRa&y Crystallograpf4]. This

approximation isvalidinthe-yjd y 3848 F2NJ {! - { &OI 34 SNRY3I5). SELISNA

For larger qqanges, a&@ | dza & Ay | LILINRPEAYIF A2y YdzaAad 618 dza SR

[23].

In addition to the vacuo contribution to the form factors, the solvent makes a dritica

contribution to the overall scattered intensity. The solvent effect is considered by modeling the

14



solvent as an electron gas with density equal to the average electron density of the §2byent
Taking the solvent effect into account, the overall structure factor of the atom is the
combination of the structure factor representing the excludetent subtracted from the form

factor for a given atom:

&N AN &N 1.25

where fs,i is the structure factor of the hypothetical atom that represents the displaced solvent.

The displaced solvent scattering term fs,i is given by:

7 1.26

AN A

GKSNB ~ Aa (K $theSsohemd. (FuEbyfe watsrythis is 0.834€AVi is the solvent
volume V displaced by atom i and is calculated from the van der Waals radius of th¢2atom.
26]. The exponential term is the normalized Fourier transform of the Gaussian sphere. This

sphere corresponds to the excluded volume around the atom.

The electron density surrounding the scattering bodyasculated by computing the
number of electrons per liter of solvent and then converting that to the number of electrons in a
cubic angstrom. This excess electron density is then added to the density of pure water.
Proteins have an electron density arali0.44e A3[5]. The electron density of the solvent
should maximize difference between itself and the electron density of the sample to maximize
contrast in SAXS experiments. The derivation for the electron density of pure wilten

density of 1g/mL is shown below:

grepm(/-1T1AAOPpROAAOITI @ /
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Now that we have reviewed the theory ofrXy scattering and have an idea of the
Debye equation with a costly double sum over all atoms, we are ready to review methods using

the Debye equation designed to maximize accuracy while minimizing computation time.
Fast approximation of the Debye Formula by Pantos and Bordas

In 1994, Pantosand Bordas used an approach to simulate SAXS patterns of large
molecules by building models of closely packed spheres that are much larger than individual
atoms thereby reducing N for the calculation. This was incorporated into the software package
DALAI. They used the Debye formula to compute an intensity profile of the proposed

model27]:

- - . OENtO . . 127

The first sum gives the intensity for spheres in isolation, while the double sum give the
contributions from densitydensity correlations. To reduce the computational task in the double
summations of the Debye equation, all spheres were given the same radius and mass density.
The structure factor product Fi(q)Fj(q) is now constant for each valgeaofl can be pulled out
of the double sum. The Debye formula becomes:
< < s OEfiO .. . 1.28
) ) N-c RO

At this point in the formulation, Pantos and Bordas have not compromised the accuracy

of the calculation for the reduced sphere model. They moved the bulk of the computation to the

initial state of the algorithm. The cailation of rij is still O(N2). To model large structures

requiring a large number of spheres, they approximated pairwise distances between atoms. In

16



this approach pair distances are grouped into a histogram of bin sizes based on the
experimental data redation. Without binning, the number of pairwise distance terms is equal

to N(N-1)/2. In this method the distances were quantized to multiples of dmax/100 where dmax
is the maximum particle dimension. The resolution increases with decreasing bin size and
decreases with increasing bin size. The resolution adjustment blurs the sampling grid by an
undetectable amount in the resolution range of the simulation. The pair distance matrix of rjk
values are now a vector of distances weighted by the number of disganccurring in a given

bin. The scattering formula becomes:

i RN oce i o OEMO 2
) ) Nc RTO

pral

where m(rk) is the bin population at pair distance rk and the limits of the sum are the number of

distance bins.

This method is valid when protein structures are modeled with multiple spheres of
constant radii and mass densityhen this condition is met, the structure factor calculation can
be brought out of the double sum. The Debye calculation can then be binned leading to change
of an O(N2) calculation to O(N). Prior to this calculation the pairwise distances must-be pre
computed and binned which is still an O(N2) calculation. The speed increase by this algorithm is
dependent on the number of spheres used to model the system. An advantage of this method
is that the pairwise distance matrix must only be computed once andlien be reused during

the course of analysis.
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Calculation of SAXS profiles with the Debye formula from coagsained protein models

In 2010, Stovgaard et al, used the Debye formula for calculating the scattering curve
combined with a coarsgrained epresentation of protein structure to address the high
computational coqR8]. This approach led to a significant spagain computational time when
compared with the all atom calculation. In this approximation, amino acids were represented by
two scattering bodies or dummy atoms one representing the backbone, and the other
representing the side chain. These dummy atoms were placed at the respectiie oémass
of the atomic group they represented. They had to estimate 21 form factor values for this
approximation ¢ one for alanine, one for glycine, one for the backbone, and 18 for the
remaining side chains. They recreated these functions for eatlied®1 form factors by binning
the grrange into intervals of equal width (0.01514 and then computing a form factor estimate
for each of the 21 form factor types in each of thdigs. They sampled form factor values from
a training set of 297 structuresith lengths between 50 and 400 residues and calculated a form
factor estimate from the centroid in each bin. The SAXS curves generated through the Debye
formula with dummy atom form factors for 50 proteins were compared with SAXS curves

generated for thesame proteins through CRYSOL with high agreement.

This method is contingent upon the accuracy of the form factor estimates for the
dummy atoms and relies on a training set of 297 proteins to represent amino acids in nature.
Amino acid residues behave fdifently in different environments, and caution must be used to
ensure the training set accurately represents the environment of the protein of interest. The
authors state that two additional developments with this method are needed: 1) a proper

description of the hydration layer and 2) a probabilistic description of the experimental errors

18



associated with a SAXS experiment. This is currently under development in the PHAISTOS

software package.

The incorporation of the hydration layer into the Debye Formuia the form factor equations

In the same year that PHAISTOS was published, the Sali Lab published their approach to
the Debye formula and made their web server FoXs publically av4i28bl&o account for the

displaced solvent and hydration shell, theusture factor contribution for a given atom is given
by:

&N mN A&EN A3& N 1.30

where fv,i (q) is the form factor of a particular atom at a givevatye without the effects of
excluded volume and a water shalhd fs,i is the structure factor for the excluded volume, and

the last term is the structure factor of the hypothetical molecule that represents the displaced
solvent. Si is the solvent accessible surface area for a given heavy atom and fw,i is the form
factor of water. This approach is novel because it models the hydration shell as a function of the
solvent accessible surface area of a given atom. The parameter cl is used to adjust the electron
density contrast while the parameter c2 is used to adjust ltlydration shell thickness. The form

factor of water is given by the sum of all atomic form factors in water:

AN cz/N A& N 1.31

The computed profile was fit to a given experimental SAXS profile by minimigirfpitfunction

with respect to c, c1, and c2:
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1.32
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error of the measured profiles, M is the numberpafints in the profile, and c is the scale factor.

The minimum value of chi was found by a computing c1 on the interval of [0.95, 1.12] and ¢2 on

the interval of [0, 4.0] in steps of 0.005 and 0.1. Linear least squares minimization was

performed to find thevalue of ¢ that minimized chi for each c1 and c2 combination.

Similar to DALAI, FoXs has the form factor calculation moved out of the double sum of
the Debye formula. Instead of modeling uniform space filling spheres, they assumed an identical

modulationof fi(q) for different atoms i:
AN En t%N 1.33

where the modulation function E(q) is equal for all atoms. This approximation creates a system
of different scattering masses but equal shape. The pairwise distance distribution function

represents population at a given distance r and ismiw this approximation as:

mO AnEniy O A 1.34

h

where (r-dij) is the Diraéelta distribution and r is a given pairwise distance. In this
representation, only the form factor with a constant q = 0 is considered, which redhees

value to the atomic number Z of the given value. The intensity is given by:

- - L.OENO, . 1.35
N % Nt O——AO
) () M NS
The modulation function E2(q) is parameterized as:
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The parameter b was determined by computihg SAXS profile with the original Debye formula
using the normapproximated form factors and then computing the SAXS profile with the
approximated form factors and initial guess of the b parameter. The parameter b=0.23+0.01 A
was chosen to minimize theifterence between both profiles from 30 random protein
structures from the Protein Data Bank. This approximation typically speeds to calculation of the

Debye formula by two orders of magnitude.
The explicit incorporation of the hydration layer into the Dgb Formula

In 2011, the Zhang lab at the University of Michigan introduced SAXSTER, an online tool
to improve protein template recognition by using SAXS pr¢8@sin their approach they also
simulate the SAXS intensity profile according to the Debye equation. Instead of summing over all
atoms, they sum over alt@ams plus the explicit water atoms. The equation is:

R ananlSiO

NtO

GKSNB 2 A& G(KS ydzZYoSNJ 2F GRdzYYeé o+ GSNI Y2t SO
hydration shell. The initial structure factor equations are identical to equations previously
shown. To account for the explicit water moléesiaround the model, they started from a face
centered cubic (FCC) lattice system with edge length Lcell. Each point in the lattice represents a
water molecule. The overall structure factor is given by subtracting the excluded solvent from
the atomic formfactor and adding the explicit water contributidrom the lattice. The protein

structure is projected onto the FCC system and only water molecules in the range6os 50

lyeg /h dG2Ya FNB (1SLII® ¢KS RSyaarue 2F GKS g1 GS
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where N is the number of points in the FCC lattice system, V is the volume of the system, k is the
number of unit cells in the x,y,z directions and L = k * Lcell. L represents the maximum length for
each direction. In a FCC lattice systehe water contribution from each corner of the cubic cell

is 1/8 and the contribution from each face is 1/2. There are eight corners and six sides yielding
an effective water contribution of four (8(1/8) + 6(1/2)). Each water molecule consists of 10
electrons yielding 40 (water contribution of four * 10 electrons) electrons per cubic cell. The

number of excess electrons per volume in the hydration shell relative to the bulk water is:

Tt A1 AAOOI T O 1.39
—_— M M
The thickness of thhydration shell is thus controlled by the edge Length of the FCC system. The

threadingd A SR Y2 RSt & I -cafon©chly add theSFAXScbmplitations are given

by:
N e Re §OEMO e
) o)
. . . o 141
mO & N m& N my O O
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molecules are explicitly summed over. In the approximation, a new structure factor must be

=N

deNA SR (2 NEadldsaSyd GKS h
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where 8 OQtlenotes the average over all residues of the same type calculated from 200
randomly selected PDB structures. The term) fi@ computed by the initial structure factor
equations previously shown. This procedure produces 20 effective structure factors for each
amino acid type. In the case of water, its scattering factor is calculated by the modified Debye
equation with n = 3yij = 0 and Fi(q) being the vacuum form factors for either hydrogen or

oxygen.

Spherical Harmonics A second widely used approach to address the computational cost of

SAXS profile reconstruction

In the methods previously described, the orientational agémg of the scattered waves
was computed analytically using the Debye relgti®i

A O 0] I§NIGO 1.43
N3O

Instead of analytically computing the orientational averaging, another method is to use
a mathematical representation of the scattering body (or protein) that uses the rotational
properties of spherical tensors. In this formulation tleattering body is expanded in terms of
an infinite series of spherical harmonics. The orthogonality properties of the basis functions
simplify the averaging of the harmonic series from which an overall scattering intensity can be
computed. These basisrfctions are built from spherical Bessel functions, and normalized

spherical harmonics of degree m and order L. This approach reduces the computational

complexity from O(N2) to O(N).
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The scattering amplitude in vacuo of a particle with N atoms is:

1.44

! \ Z£N A
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is simplified by multipole expansifsi]:

1.45
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harmonics of ordr (L,m). The angular symmetry of YLm is related to the symmetry of the

multipoles: L=0 (monopole) L=1 (dipole), L=2(quadrupole), etc. Substituting the multipole

expansion with spherical harmonics for the exponential term yields:

1.46
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from the proceeding equation:

1.47

1.48
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Because of the orthogonality properties of spherical harmonics, the cross terms cancel and the

intensity calculatio is reduced t{32]:

1.49
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Figure 5: Originally from Models, structures, interactions and scatteri
Accuracy shape representations using spherical harmonigp row: surfac
representations of truncated envelope functions of lysozyme. Second
highresolution ¢/ @St 2 LIS FdzyOdA2ya |yR /b
scattering intensity from lysozyme is shown along with the contributions
different multipoles.

The huge advantage of spherical harmonics is that the complexity is reduced fréin O(N
to O(N). The integrand for averaging over the sphere in the proceeding equation is
approximated by an L = O(gD) banditéd function in a spherical harmonic basis where g is the
momentum transfer vector and D is the maximum dimension of the sample. It is insufficient to
use L smaller than qD/2 because any value less than this violate Nyquist Shannon $a8jpling

for periodic functions. At least L2 = €9 samplig points are needed to provide an accurate
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integration of bandwidth L. Any index above L does not improve the fit for a given gmax, while

any index below L will result in systematic errors in the calcul8#n

CRYSQO¢.The incorporation of the hydration shell using spherical harmonics with multipole

expansion to compute SAXS profiles from atomic coordinates

By the early 1990s amy there were many studies showing the importance of modeling
the water molecules surrounding a given macromolecule when recreating SAXS profiles from
atomic coordinates. For example, Grossman et. al compared experimental SAXS profiles with
SAXS profilesomputed from different configurations of dimers, trimers, and tetramers. They
optimized the agreement between experimental and simulated scattering profiles by placing
solvent molecules on a diamorshaped grid surrounding the structy®5]. In their results, the
computed SAXS profile with the best fit to the experimental SAXS profile consisted of a solvent
shell of 716 water oxygens up to a xiraum distance of 3.15 A from the protein surface. Their
results suggested that the water shell very close to the surface of a protein differs in electron

density from the remaining bulk water and thus contributes 4@y scattering.

In 1995 Svergun etl released CRYSQA& program to compute SAXS intensity profiles
from atomic coordinates while considering the hydration shell surrounding the target
sampld26]. There were lingering questions concerning the true cause of the electron density
contrast conditions surrounding a sample in solution.asWwhe density contrast caused by a
water layer or could the contrast be explained by side chains moving freely on the protein
surface? Three years later in 1998 Svergun et al. confirmed in a combirsgdaXd neutron
scattering study that the differinglectron contrast conditions were more likely caused by a
denser hydration shell rather than a higher mobility of the siti@ains on the protein

surfacd36]. Waer modeling is critical to the correct interpretation of SAXS profiles and

26



computational methods are under development today to improve chemistry constraints,
improve geometric constraints (surface curvature), and incorporate experimental data from

high-angle SAXS7].

Currently, popular approaches for modeling the hydration shell are to: 1) place water
molecules on the surface of the protein, 2) simulate the solvation shell by surrounding the
protein with a continuous oter envelope, 3) simulate the solvation shell and excluded volume

by computing a modified scattering factor.

CRYSOL employed the second approach to model the hydration shell and extended the
multipole expansion and spherical harmonics formulation to handbt only the vacuo

scattering, but the excluded volume and hydration sfEll.

In this formulation the intensity is given by:

YN &8 K m! N 1 m NsO 1.50

where Aa(q) is the in vacuo scattering(gis the excluded volume scattering ang(d is the

02 NRSNJ t I &S NJ,& QlwihereS NSithe Rerage scatféring density of the solvent
surrounding the patrticle andb is the average scattering density of the border layer around the
particleg A i K G KXDAYISHRBRE n®2N) GKS | 9SNIF 3S 20SNI |t L
a2f AR Fy3aftS Ay NBOALNROIf &LIOSzT Ij I 6 mood
multipole components. Because of the orthogonal properties of ¢spberical harmonics, all

ONRaa GSN¥a OIFyOSt Ay UKS F@SNY3IS 20SNI mz fSIR
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The value L defines the resolution of the particle. This approach works best with shapes
that can be desribed using spherical harmonics which include most globular and extended
proteins. Spherical harmonics is less adept at handling shapes that contain internal cavities such
as shells and donu{26] Additionally this method uses by default a harmonic order of 15, with
a maximum value of 50. This/gs the method a complexity of O(MN) with M=g2D2. This can
lead to errors when a harmonic order greater than 50 is necessary based on the size of the

protein and desired gmax.

In CRYSOL there are several adjustable parameters used when calculating @realiat
that best match the experimental curve. These parameters are: the effective atomic radii
multiplier which scales the solvent volume displaced by each atom (vi), the electron density
contrast of the surface solvent layer, cand the total displacedsolvent volume (9,
approximately equal to the variation of the electron density of the displaced solvent relative to
bulk water. The need for adjustable parameters in CRYSOL becomes clear when studying SAXS
profile reproducibility for distinct samplesf the same protein on different instruments. The
characteristic features of the experimental scattering profiles are conserved between
experiments, but the experimental variation of the scattered intensity at highealges
depends on the extrapolated tensity at 1(0)38]. Because of the beamstop in a SAXS
experiment, 1(0) cannot be directly observed. One method to extrapolate this value is to
compute the slope of the intensity pradilin the initial linear region of the scattering profile (the
Guinier region) and extrapolate to theintercept. The adjustable parameters in CRYSOL
absorb this variability by changing the level of the highedeatures of the predicted data

relative tothe low-q intensities.
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Extension of CRYSOL to improve accuracy

Fifteen years after the introduction of the original CRYSOL program, Alexander Grishaev,
Liang Guo, Thomas Irving and Ad Bax introduced AXES i aQd@gram for fitting SAXS data
to macramolecular structure and ensembles of structy@d. The program AXES was designed
to be more discriminating than CRYSOL when evaluating poorly or incorrectly modeled protein
structures. On a set of small weditudied proteins that had -Xay crystallography and solution
NMR data they reported an improvement in fit by-p0x> o6& . &02NB P ¢tKA& as
four proteinsg hen egg white lysozyme, cytochrome c, the B3 domain of pra&eiiGB3) and

ubiquitin.

They reformulated the approach to fitting SAXS data by explicitly taking into account the

sources of experimental data variability:

) N ) N 1) A 1.52

GKSNE h | O02dzyda F2N (nkebts awy/cCabeblints foryhé @ariabilify ofi K S Y ¢
the detector and Xay fluorescence. These uncertainties appear responsible for the systematic
difference between repeated experimental data sets. Taking these uncertainties into account,

the computed scatteringntensity is:

YN ad N m! N 3 m NsOO O 1.53
GKSNBE m Aa GKS F@SNYX3IS GrFH1Sy 20SNI I RAaAaONBGS
incident beam, solv is the average taken over the displaced and surface sedse and ens is

the average over the ensemble of macromolecular structures. The program AXES models the

hydration shell directly by using explicit water molecules from agupeilibrated water box.
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Using this approach they tested how well they coulccdisinate different models of
the same protein. They generated 2000 models of GB3 using Rosetta and fit the experimental
{'-{ RFGF G2 Frff 2F GKS Y2RSftfa dzaAy3a o0620G4K [/ w,
that were much lower for poor models (mets with a high RMSD relative to the native
structure) than the native structure. This behavior is indicative of overfitting. Using AXES, they
did not observe significantly better fits for the poor Rosetta models. Furthermore, when

provided chemical sfiiguided Rosetta models with the correct fold, AXES correctly assigned

KAIKSN . @atifedrBicdured.2 y 2y

The cost of this higher precision comes at the price of computation time. AXES is more
than an order of magnitude slower than CRYSOL due¢h¢ averaging of the scattering
amplitudes of the displaced and surface solvent sets over 20 different configurations. Among
these configurations are: 6 elementary scattering functions averaged over angular orientations,
macromolecular conformers, andatecular solvent configurations for a given electron density
contrast of the surface solvent layer. Currently several avenues for computation speedup are

under development.

The use of Zernike polynomials to compute SAXS scattering profiles

We previously mationed three popular approaches for treating the hydration shell and
excluded solvent. They were: 1) to place water molecules on the surface of the protein and
compute scattering profiles with explicit water molecules, 2) simulate the solvation shell by
surrounding the protein with a continuous outer envelope, 3) simulate the solvation shell and
excluded volume by computing a modified scattering factor. The drawback to the first approach
is the computational cost to construct the explicit solvent modéhe drawback of the second

approach occurs for proteins containing cavities. Assuming a uniform layer around a cavity or
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hole will introduce artificial areas without any electron density. The drawback of the third
approach is the appearance of nomiformities in the electron density by overlapping dummy

atoms.

In 2012, Liu et al proposed a new method to address the limitations of excluded solvent
and hydration shell modeling2]. In their approach they parameterized the Fourier transf
of the electron density distribution function p(r) by a Zernike polynomial expansion with
spherical harmonics. Zernike polynomials are orthogonal functions on the unit ball. They

reformulated the SAXS intensity calculation as:

. L L 1.54
)N pa@ AN A N &
I E RO E RO
A O i} 1.55
¢l o
where jn is the spherical Bessel function of order n.
1.56

where cnimis the Zernike moments fromthré@ A YSy aA 2yl t 202S00a I yR

or negative coefficient given by:

1.57

The Zernike moments are computed by a linear combination of the geometric moments of the

object:
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o 1.58

where Mrst is the geometric moment ardd  are the coefficients. The procedure to compute

the coefficients are given by the Novotni and Klein algor{88h

1.59
- mO@GUUA O
s$s
The geometric mments are computed from a scattering object that has been
segmented into a series of small volume cubes called voxels. Voxels are used in 3D graphics for
the visualization and analysis of medical and scientific data. In this case the voxelization process
maps electron density from the scatterer (or protein) into voxels from which the geometric
moments can be computed. From this process, multiple sets of voxels are creategithl) st

of non-zero electron density voxels, 2) Se¢-Bie set of voxels regsenting the excluded solvent

and surface bound solvent, and 3§ Bhe set of voxels representing the excluded solvent.

The Zernike moments of all three voxelized objects are combined by a weighted sum to
produce one set of Zernike moments from whicle tecattering intensity is computed. The
computational complexity of this algorithm is O(N), but prior to computation, the voxelized

object must be created in a preprocessing step.

The advantage of the Zernike expansion method is that it can model bokssvities of
structures that spherical harmonics traditionally has difficulty with. This approach also
incorporates all solveraccessible surfaces into the overall scattering profile. When compared

on a set of ten experimental proteins with high rag@n crystal structures, this method had
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similar results with the spherical harmonic expansion method. This method offers an extension
to spherical harmonic expansion methods that may improve the fit to experimental data by
improved hydration shell andxeluded volume treatment of structures with cavities or holes. It

is included in the SASTBX software package.

Table2: Summary of Techniques to reconstruct SAXS profiles from Atomic Coordinates

Year Method Complexity

Big O M

199 | DALAI ( Debye with binned pairwise distance) O(N) -

N N oce N[ o 2ENMO

) ) Nc RTO

1995 | CRYSOL (Multipole expansion and spherical | O(MN]37] (o°D)[34]
harmonics)

M: number of
atoms in the
form factor) structure

K: number of
O EMNiO atoms described
—— by a dummy
NtO body. Kave =
4.24

2010 | FOXS (Debye with approximated structure fact{ O(N)[37] -

2010 | PHAISTOS (Debye with Bayesian modeling of h — [40]

) N AN £N

N /N £N OENtO
) RO
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2010 | AXES (multiple averaging with spherical O(MN]37] M: number of
spherical grid
harmonics and explicit water molecules) points

ad N m! N 7m NsGO O

2011 | SAXSTER (Debye with explicit water molecule O([N+W]2) -

N & N& N OENLO
) RO
2012 | SASTBX (3D Zernicke polynomials) O(MN]37] (Nmax + 1)2

Recent developments for SAXS pitefreconstruction using GPU acceleration

In 2012, the SAXS algorithm in PHAISTOS was accelerated using general purpose
graphical processing units (GPGR43E) This method utilizes Bayesian probability statistics to
compute the formfactors in the Debye equation for protein models built from either one or two
a0 GOGSNAY3 02RASaA® ¢KS &aLISSR dzZLJ dzaiAy 3 Dt ! Q&
to 8192 scattering bodies. They reported a 16x speed up for proteins with 64 sogtherdies.

As the proteins increased in size the speed up increased to a maximum speed up of 394x for

proteins with 8192 scattering bodies.

Because of the uncertainty introduced into the accuracy of the Debye equation by
approximation methods, we devised method to compute the intensity directly without

approximating structure factor calculatigdd]. Furthermore, we model the hydration shell as a
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function of the solvent amessible surface area of a given atom analogous to FoXs. Our method

BCL::SAXS offsets the high computational cost of the Debye formula by simultaneously
computing multiple pieces of the equation using the parallel architecture of graphical processing

units (GPUs). The Debye formula can be framed as an NxN square matt@tarhMows by N

atom columns where N is the number of atoms in a given protein. The pairwise Euclidean
distances (rij) are calculated from the upper triangle of the matrix. The didgosat to zero

and the lower triangle is a symmetric mirror of the upper triangle. Each GPU thread computes a

partial Debye sum.

. . OENtO 1.60
t

This results into a matrix of g rows byaltbm columns where q is the momentum transfer and N
is the total number of atoms. These partial values are summed across each column to complete

the intensity computation:

1.61

This approach removes the uncertainty introduced by form factor approximation while
maintaining the efficiency of methods with form factor approximations. The speed up using
Dt ! Q& 61 & YSI adz2NBR ¥F NBn1832MBris§RDB ID& 3026} atomNXoy I A y 3
91,846 (PDB ID: 1VSZ). Using a GTX680 GPU card, we observed a 5x speed up for the smaller
protein (1026). For the largest protein in our set (1VSZ) we observed a speed up of 1707x for
protein 1VSZ using the samegd& A 04 OF NR® . & f S@GSNI IAy3I Dt ! Qas
achieving substantial reduction in computation time without sacrificing accuracy by introducing

approximations to the Debye formula.
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Conclusion

In this review we focused on proteins as atwring body, but RNA and DNA can be
studied as well using SAXS. These algorithms represent a sampling of methods for SAXS profile
reconstruction and are not representative of all the approaches that exist. Another approach
that expands these ideas was lgished in 2012. In this work, Gumerov et. al proposed a
Hierarchal algorithm based on a fast multipole method (FMM) to compute SAXS p8dfilé<r
a review of timing and accuracy for protein of varying sizes and shapes with either spherical
harmonic or Debye implementations we refer to their work. In each of the algorithms
presented, there was a tradeff between speed and accacy. In order to use the Debye
formula for protein structure analysis, approximations were made to the equation to move
terms out of the double sum. The uncertainty introduced by this approach is a subject for
further study. In order to model with sphical harmonics, the correct harmonic order must be
set and the shape complexity of the scattering body must be considered. We expect that more
algorithms in the near future will take advantage of the parallelizable form of the Debye
equation and use GPhlcceleration to obtain the necessary computational speed without the

uncertainty introduced by structure factor approximation and momentum transfer binning.

Furthermore, to standardize testing of SAXS algorithms we echo the suggestion of
Rambo and Tainesind believe a reference dataset should be created with experimental SAXS
profiles and PDB mod¢8¥]. This dataset would be comprised of proteins of varying sizes and
shapes and folds. All new and existing methodsukhde benchmarked against this set to

identify strengths and weakness of any given algorithm.
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CHAPTER Il

BCL::SAXS: GPU ACCELERATED DEBYE METHOD FOR COMPUTATION OF SAXS PROFILES
Overview

This chapter is a reproduction of BESAXS: GPU acceleratedby® method for
computation of small angle X Ray scattering profifed. Brian Véiner and | wrote the CPU
implementation, Edward W. Lowe Jr. wrote the GPU implementatimhperformed the timing
of the GPU algorithmNils Woetzel and Jens Meiler provided insight and guidance during
algorithm developmenand manuscript production
Significance
Small angle Xay scattering (SAXS) is an experimental technique used for wtalict
characterization of macromolecules in solution. Here, we introduce BCL:S&X&lgorithm
designed to replicate SAXS profiles from rigid protein models at different levels of detail. We
first show our derivation of BCL::SAXS and compare our regthtshe experimental scattering
profile of Hen Egg White Lysozyme. Using this protein we show how to generate SAXS profiles
representing: 1) complete models, 2) models with approximated side chain coordinates, and 3)
models with approximated side chaincioop region coordinates. We evaluated the ability of
SAXS profiles to identify a correct protein topology from a-remtundant benchmark set of
proteins. We find that complete SAXS profiles can be used to identify the correct protein by
receiver operatig characteristic (ROC) analysis with an area under the curve (AUC) > 99%. We
show how our approximation of loop coordinates between secondary structure elements
improves protein recognition by SAXS for protein models without loop regions and side chains.

Agreement with SAXS data is a necessary but not sufficient condition for structure
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determination. We conclude that experimental SAXS data can be used as a filter to exclude
protein models with large structural differences from the native.
Innovation

This & the only algorithm in the world to Reconstruct SAXS profiles for models
comprised of the backbone atoms of SSHEs perform this comparison we developed a novel
method to rapidly approximate the loop regions between secondary structure elements. We
deweloped a novel scoring method that used the derivative of the SAXS profiles for ranking the

agreement otwo givenSAXS profiles.

Introduction

Protein structure determination remains a major challenge in the field of structural
biology[42]. While Xray crystallography and nuclear magneticamance (NMR) spectroscopy
can provide high resolution structures, these techniques can be limited by43jizéehigh
flexibilityj44], and membrane environmeft4]. Computational de novo protein structure
prediction methods have been developed, but are limited by the vast conformational search
space that needs tde searched when no template structure is availpig To overcome
these experimental and computational limitations, hybrid methagdge. the combination of

multiple techniqueg; can be utilized to gain structural insights of prot¢thel6, 47].

SAXS offers an alternative to traditional structure determination techniques

Small angle Xay scattering (SAXS) is an experimental structural characterization
method for rapid analysis of biological macronmi&es in solutiof8, 5-8]. During data
acquisition in SAXS, macromolecules move freely in solution while a bearRaysXwith
Oz2yaidlyd 61 @StSyaidK < ANNYRAIFGS GKSRaglavld So !
electrons in the sample, both elastic and inelastic scattering occur. This work considers the case
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of elastic scattering by electrons. The intensity of sieattered XRays captured on the detector

Ad LINPLRNIAZ2YIf G2 GKS C2dz2NASNI ¢NI yaF2N)Y 27F |
probability of finding two atoms a certain distance apart. This distance function is weighted by
the excess scatteringedisity of the respective scattering volume compared to the solvent.
For a more comprehensive review of SAXS theory we recommend several [@views, 48].

SAXS profiles are reported by intensity (I) as a function of momentum transfer vector (q). Large
interatomic distances contribute to the intensity profile amall g, while short interatomic
distances contribute to the intensity at large q. Several parameters can be extracted directly
from the scattering profile including: the molecular mass (MM), radius of gyration (Rg), hydrated
particle volume (Vp) and mawum particle diameter (Dmax). The state of the protein (folded vs.
unfolded) can be observed from the Kratky representation of the scattering data plotting q vs.
g2I(q). The scattering profile can be transformed into the pairwise distance density function
which is a histogram of distances between pairs of points in a particle. This shape information

has been used for the validation of structural modie¥s 18].

Use of SAXS experimental data in computation

The experimental SAXS profile has been used to filter a set of proposed models by
comparing the computed SAXS profile of each model with the experimenta[9d4ta).
Furthermore, the experimental profile has been incorporated into an energy function for
protein folding to ob&in a model consistent with experimental dgtd]. More recently SAXS
has been used to identify and model protein flexibility from an ensemble sstrdbrmers[12].

In this approach a large library of initial conformers are given as input. After a sufficient library
of conformers has been found, the experimental SAXS data are used to ascertain which

combination of conformers optimally fithe data. In this case, the scattering intensity () is
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represented by a linear combination of the selected conformers. The crucial step in this analysis

is computation of a SAXS profile from a proposed protein model.

Protein Structure Prediction

De novoprotein structure prediction methods have two major componeq&s sampling
algorithm and a scoring function. During the sampling phase, the protein model is perturbed.
The protein is then scored, using a scoring function designed to identify Agevipologies.

This process is iterated in order to minimize the scoring function. The challenge in this process is
sampling the large conformational space of a protein densely enough so that one model
approaches the native conformation. To be tiefficient, the protein model is often simplified

to remove conformational degrees of freedom (coarse grained sampling) and the scoring
function is therefore rapid but inaccurate. Sampling for larger proteins is further complicated by
non-local contacts, amino acid® contact in Euclidean space (< 8A), that are far apart in
sequence (> 12 residues). As the number of-lomal contacts increase, the accuracy of de novo
protein structure prediction methods drastically decreap$d. Atomic detail is added in a later
stage of the protocol and the model is rescored / optimized with a higher accuracy scoring
function. The accuracy necessary to identify the correct topology by its superior energy at this

stage isa RMSD value of approximately 2A when compared with the native structure.

BCL::Fold is designed to address the sampling bottleneck

BCL::Fold is a protein structure prediction method that rapidly assembles secondary
structure elements (SSEs) into topoks{i50, 51] This approach provides a means to focus
sampling on long range contacts between amino acid paosegin, a pool of predicted SSEs is
generated from an input FASTA sequence of amino acids. SSEs are randomly selected from the

pool and assembled using a Monte Carlo Metropolis (MCM) assembly protocol to produce a
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coarse grained representation of theqgbein without side chain atoms and loop region residues.
During assembly the model is evaluated using a consensus knowbadgd scoring function.

This process is repeated 10,000 to 100,000 times. The underlying hypothesis of BCL::Fold is that
the interactions between SSEs determine the majority of the protein core and give rise to its
thermodynamic stability. Once the models have been generated, they are clustered by
RMSD100 into N cluster centers. The medoid from each cluster center is selected for loop
construction and side chain addition using Rogé&#h to produce a set of proposed

conformations for a given protein sequence in the absence of experimeatal

BCL::SAXS is a GPU accelerated Debye implementation for profile reconstruction

The use of experimental SAXS profiles during the construction of protein models with
BCL::Fold would provide additional constraints on the sampling space of a giveinpro
sequence. To incorporate experimental SAXS restraints into BCL::Fold, we must first develop a
method to compare experimental SAXS profiles with profiles generated from protein models

produced by BCL::Fold, i.e. missing loop region and side chainessid

Here we describe our newly developed algorithm BCL::SAXS. It computes complete SAXS
scattering profiles for complete protein models and an approximate scattering profile for
protein models that consist of secondary structure elements only as use@linBIfb0, 51,

53-55]. The main methods to calculate a SAXS sdageprofile from atomic coordinates are
spherical harmonics with multipole expansion, Monte Carlo methods, and the Debye formula
[26, 28, 29, 53, 56]. Multipole expansion methods have been shown to be highlyrate, but
difficult to modify for incomplete protein models. The Debye formula is easy to modify, but
comes with a high computational cost. Ultimately we want to compare SAXS Profiles generated

from BCL::Fold mode[&0, 51] ¢ i.e. protein structure that lack loops and side chainwith
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experimental SAXS profiles. To facilitate this, we chose to use the Daioyeldp implement
approximations for missing loops and side chain atoms, and address the computational cost

with graphical processing unit (GPU) acceleration.

Overall approach

In BCL::SAXS intetomic pairwise distances are computed explicitly for eachviiea
atom using the Debye formula for atomic scattefé®. It models the hydration layer based on
the solvent accessible surface area of each atom. To maximize the fit to experimental data
BCL::SAXS optimizes the hydration layer density and the excluded volume of the protein. We
accelerated the algorittin performance by using graphical processing unit (GPU) parallel
threads. We demonstrate the discriminatory power of SAXS at three different abstraction levels
consistent with the BCL::Fold folding protd&@l: 1) complete protein models, 2) protein
models with approximated side chain coordinates, 3) protein models with approximated side
chain coordinates and approximated loop regions. We quantify the performance of the protocol
from a set of 455 mteins with SAXS profiles computidsilicoand experimental data from Hen
Egg White Lysozyme. Furthermore, our work introduces a new approximation of the coordinates
of residues in loop regions for crude protein models missing these residues. BCLsSSAXS
available to the scientific community via the BCL::Commons user intevfaos.(meilerb.org. It

is free for academic use.

Materials and Methods

To accurately determine the SAXS profile from the atomic coordinaftesil atom
protein models we utilized several key equatianthe Debye formula for atomic scatterers and
three equations to calculate the forfactord19-21, 25, 28, 29]. The form factors are continuous
functions of the magnitude of the momentum traesfvectorfd Using the Euclidean atomic
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coordinates from structures stored in the protein data bank (PRM) scattering profiles are

reconstructed. The following equations, starting with the Debye formula, depict the method:

) N & N& N ——— 2.1

where the ntensity, I(g) is a function of the magnitude of the momentum transfer vefstolt is

gvenbyfu ' 6n”  d8AYy‘ 0 k <3 ¢6KSNB * Aa 3IAGSy o0& | &
of the incident beam. ) and Kq) are the atomic form factorand f; is the pairwise Euclidean

distance between atom i and atom j. M is the number of atoms in the protein and the
summations run over all atoms. To calculate the form factors, we subtracted the displaced
solvent contribution from the form factor in eao and added the contribution of the hydration

layer:

&N &N AmgN A3& N 2.2
where {,i(q) is the atomic form factor in vacug,(§) is the form factor of the hypothetical atom
that represents the displaced solvgR6] , and §,i(q) is the contribution from the hydration
layer. $is the solvent accessible surface area of the gatm. G is used to modify the total
excluded volume of the atoms and i§ used to modify the water density in the hydration shell.
The atomic form factor in vacuo approximation is based on the combination of relativistie Dirac
Slater wave functions andumerical Hartree~ock wave functiofi20-23, 53]. These Hartree
Fock scattering factors were previously computed from@te g = 1.5 at intervals of 0.01%

[24]. For convenierg these scattering factors were previously fit to th@dussian (Cromer

Mann) analytic function:
A N AtA — A 2.3
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where a, b, and c are the constants for each atom, and q is the momentum transfer vector. This
approximation is only valid with a q range from 02®A20-22] which is sufficient for SAXS

scattering experiments where the valid scattering angle range is fram-.33A[3, 5]. For

larger scattering angles, aghussian approximation must be usédK A OK A a @I f AR FNR"
A[23]. The displaced solvent scattering fs,i(q) was approximated H6Yi the excluded

solvent volume V displaced by atom i:

T
AN RNeA 2.4
where gs is the solvent density of 0.3346 f25]. The combination of these equations yields a

SAXS scattering profile from rigid body data stored in a pdb file.
GPU Parallgbrocessing to accelerate algorithm

The pairwise nature of the Debye formula has a computational cost of) @Neach
value of q evaluated, where N represents the number of atoms contained in the protein. This
high computational cost and time requiremelmas precluded the use of the direct calculation of
SAXS profiles using the Debye formula during folding simulations. To circumvent this
computational limitation, alternative approaches for this calculation including multipole
expansion methods for sphedt harmonicf26] and approximation of the indigual form
factors have been developg2B]. In contrast, to directly compute the SAXS profile using the
Debye formula we leverage here the parallel atetiure of graphical processing unit (GPU)

threads using OpenCL and computed SAXS profiles directly.
GPU Implementations of the Debye Formula for SAXS Profile Reconstruction

In 2013, Antonov et al. showed how to use GPU acceleration to evaluate SAKS profi

a Markov Chain Monte Carlo framewdi®8]. From a protein structure created silico, they
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reconstructed the SAXS profile using the Debye formula and GPU Acceleration. To address the
O(N) complexity of the Debye formula they created a coarse grain representation of the protein
model with a one or twed 2 R& G RdzYYe@& I { 2 Yot eadh kskitN@ Ere Ynlo Hoky2 y
representation required the development of 21 form factors to represent each new atomctype

one for Alanine, one for Glycine, one for the Backbone, and 18 for the remaining side chains.
These form factors were derived usiagMonte Carlo simulation of a set of 297 high resolution
crystal structures from the Protein Data Bank (HBB)9, 60] This algorithm was benchmarked

on problem sizes ranging from 64 to 8192 scattering bodies. The speed up ranges from 16x to
394x. A protein represented by 1888 bodies with 51 discrete g gdhmk 2408 ms on a central

processing unit (CPU) and 9 ms with GPU acceleration.
BCL::SAXS GPU Implementations of the Debye Formula for SAXS Profile Reconstruction

To build upon the previous work we parameterize the excluded volume and hydration
shell in the form factor calculation and operate on individual atoms. For full atom
representations of proteins we can account for deviations in electron density and hydration
shell thickness. The Debye formula can be visualized as an NxN square maitatowf iws
by Natom columns where N is the number of atoms in the protein. The pairwise Euclidean
distances are calculated for each entry in the matrix with the diagonal represented by zeros.
Pairwise distance calculations in a matrix form are an ideal calonlgtpe for GPU acceleration
because each GPU thread can calculate a single Euclidean distance with the only limitation being
memory. To address memory requirements, the algorithm was restructured to have each thread

calculate a Debye partial sum for a @nt atom i:

2.5
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This technique enables the application of this accelerated algorithm to very large
multimeric systems in excess of 90,000 atoms with the current GPU memory constraints while
leveraging device shared memory in a tiling technique. The result of this partial sum is a matrix
of g rows by Natom columns where ¢ is the momentum transfer vector and N is the total
number of atoms. These partial sums are then summed across each cabucompletion for

each q using a GPU reduction sum kernel to arrive at the desired g number of sums.
Generation of SAXS scattering profile from atomic coordinates with CRYSOL

To measure the time the algorithm takes on different types of GPUs, experimental
scattering curves were approximated from high resolution protein structures in the PDB using
the program CRYS[2B]. This program computes the scattering profile using spherical
harmonics and multipole expansion for fast calculation of the spherically averaged scattering

profile.
Approximate SAXS scatting profiles for protein models without side chain and loop regions

To approximate the side chain regions of a given amino acid, the form factors for the
Fd2Ya ¢6A0GK YAaaiayd aARS OKIAYy O22NRAYyFGSa 6SN
amino aail. This approach is analogous to how the form factors for hydrogen are folded into
their respective heavy atom in CRYER®BL The loop regions were approximated by removing
atomic coordinate data between secondary structure elements (SSEs) and computing a path
from the cterminus of the first SSE tdé nterminus of the second SSE. The amino acid
residues in the loop regions were placed at points along the gagjure 6). While crude, this

approach is much more rapid than actual construction of loops.
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Figure6: Construction of curvilinear path and placement of residum region between two SSEA) Protein model
% A G K -helicd stroctures, pand p2.(B) Approximated path with unit vectors ahd v2pointing in the helical
direction of SSEAnd the helical direction of SSE2) Residues placed equidistant along¢hevilinear path between
SSEs.

Vector calculations to approximate the tip path between two secondary structure elements

PNBLINSaSyida GKS /i LkRaaildAaz2 eGSR WhilezPT (1 K S

NELINBaASyda (GKS /i LRAAGA2¥mMEABLIBE2NI 2T GKS TFTANAID

0 @GR 2.6
0P GHIR 2.7
CR represents the center position vector of the last residue in theeihinal SSE, while

CR represents the center position vector of the first residue on the@inal SSE.

#0p @HURD 2.8
#0p QR 2.9
We computed a vector pointing inttiel YS 2NASy Gl GAz2zy 2F GKS {{9

position of the center of the SSE fromand B.

6P 0P #0P 2.10
where n is the index of the point. The direction of the vectors V1 and V2 were computed by

dividing them by their magnitusl
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$P 2.11

The scalar distance {J between two SSEs was computed by subtractyfgoh P, and
then taking the norm of the resulting vector. The percentage to move frptoward B, at each
step (L) along gth (S) was computed by dividing one by one more than the number of amino

acids in the loop region.

2.12

Y

The predicted Euclidean loop length (P) was computed by multiplying the number of
FYAYy2 | OARI ho&LIHOI yAr 2F odH ) d ¢KS odH ) SN
FYAYy2 | OAR&a Ay (G(KS O2Af NBIAZ2Y 27F | istditeéP G§SAYy ®

between residues in the engrailed homeodomain (pdb id: 1ENH)

0 . og B 2.13

Pathway Calculations for Loop approximation

The path length (S) beeen two SSEs was approximated as a curve starting in the
direction of SSEand ending in the direction of SSHhe curve calculation consists of a linear,

parabolic, and a directional component. The linear component is given by:

1, p ,0 ,0@ 2.14
where L is the percentage between [0, 1]. When L=0, the equation reduces to the Euclidean
vector coordinates of the starting point. When L=1, the equation reduces to the Euclidean

vector coordinates of the end point. The parabolic componegtven by:

D, . .p , 2.15
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where N is a normalization factor to size the height of the parabola and control parabolic path

length. The directional component is given by:

A, p | AD AP 2.16
where d and ¢ are unit directional vectors pointing in the rdction of SSEand SSE

respectively. The complete parabolic approximation function is:

0,2 p ,00 ,00 . ,p |, p , Ab AP 2.17

Normalization Factor and Path Length Calculations

The normalization factor (N) controls the hieigpf the curve and corresponding path
length. To calculate N for a given loop region we divided the curve in half and approximated the
arc to be the hypotenuse of a right triangle. The base of the triangle was the Euclidean distance
between the SSEs died by two (Figure7). With these approximations, the normalization
factor (N) is given by the Pythagorean Theorem:

-0 3 2.18
G
Where N is the normalization factor, P is the predicted loop length, agdsdthe Euclidean

distance between Pand B.

Figure7: Depiction of the parabolic height approximatior
method. Dseis the Euclidean distance between SSEgis
the estimated length of the hypotenuse side of a right
triangle. N is theormalization factor and controls the
height of the parabola.
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SAXS curves

To comparehe scattering profiles, we first normalized the experimental and calculated
scattering intensities to be between (0, 1]. To magnify the effects of small distances, (higher g
values), the scattering intensities (I) for both data sets were converted tg®0l scale. To

account for concentration differences in experimental data, the calculated curve was multiplied

68 + AO0FtAy3I SSAIKG [@EPY. GKEG YAYAYAT §a GKS A
Y N N N
57 ) 9 )N 2.19
A K A K
1I'm

z A

where Ly is the intensity of the calculated curvgglistheinty/ a A G & 2 F (K SELISNAR Y!
is the experimental error and q is the momentum transfer vector. Using cubic splines, the
derivative of the intensities for both data sets were computed. Similar to other approaches to
modeling proteins from a SAXS scaitig profilg8,53,62,63]x S a02NB | Y2RSft ol

score between the experimental profile and the profile computed by our algorithm BCL::SAXS.

P2 N AN 2.20

GKSNBE v A& (0UKS ydzYo SN 2T s $ axpeirbehtal &ror ofitkeS R 0 |

measured profile. In cases where no experimental error is provided it is simulated. We compute

7 A A N

(KS . 402NB TNREY RATFSNByd adlrisa 2 GK E LIS N
state onthe absolute scaked (2 O2YLJzi S GKS . a02NB NARIKG | Fi
gAGK (KS 5S06&S8 T2NNdI | I')/IVQ éél'f)\y'EICD ¢ KS ééOQY

the both experimental and computed data to the 1og10 scale. The third state igripute the
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dA02NB FFFGSN) GFr1Ay3 GKS RSNAQGIGAGS 2F GKS

calculated curves.

C2NJ O2YLX SGiS Y2RStazr 6S ARSyGATe GKS 2LJAY
the excluded volume parameter; @nd the hydration lagr parameter, ginside a boundary (0.8
KiX MPH LXRndnokb /' aiAy3d GKSAS LI NYYSGSNE 6S 02

YAYAYAT S&, GcomidndtlorS I OK /
Results

To illustrate the use of BCL::SAXS, we show the results using hen ¢gdysdiyme
(PDB ID: 6LYZ, molecular weight 14 kDa). TRayXscattering results for this protein were
obtained from an open access database, BIOISIS, containing experimental SAXS data for hen egg
white lysozyme (BIOSIS ID: LYSOZP). The SAXS prdfiledmotein was collected at the SIBYLS
Beamline ASL BL12.3.1 and the experimental setup has been previmsshibed[64]. To
account for uncertainty in the PDBefinitions of secondary structure of 6LYZ, we added
additional SSEs by taking the consensus prediction of the secondary structure servg63jstruc
This meta server runs secondary structure prediction using the Dictionary of Secondary
Sructure of Proteins (DSYBY], DSSPcoft7], Stridd68], RSEA69], PALSS$H)], STICK1],
KAK$V2land TMAIlign73]. The final SSE definitions used for analysis are shown in Jalblee

final model with loop approximans is shown in figur8.
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Table3 SSE Definitions for Hen Egg White Lysozyme

Type SSE Start Sequence End Sequence
Number Residue Location Residue Location
Helix 1 ARG 5 HIS 15
Helix 2 LEU 25 SER 36
Helix 3 CYs 80 LEU 84
Helix 4 ILE 88 ASP 101
Helix 5 VAL 109 CYSs 115
Helix 6 ASP 119 ARG 125
Strand 1 LYS 1 PHE 3
Strand 2 PHE 38 THR 40
Strand 3 ALA 42 ASN 46
Strand 4 SER 50 GLY 54
Strand 5 GLN 57 SER 60

Figure8: Depiction of Hen Egg White Lysozyme PDBId: G4ZThe crystal structure of Lysozyme with theenminal
region colored blue and the c terminal regicolored red. (B) Depiction of the native structure with the loop region
removed and approximated by pseudo atoms along the curvilinear path between SSEs. (C) Overlay of the nativ
approximated version of Hen Egg White Lysozyme.
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Figure9: Depiction of the Experimental SAXS profile for Hen Egg White Lysozyme and SAXS profiles compute
BCL::SAXS for different protein statBanel A (left) represents the fit on a log10 scale with Experimental data be
the SAXS pfide or Hen Egg White lysozyme, Crysol is the curve generated through Crysol from 6lyz and fit to -
experimental data. Full Model is the curve generated through BCL::SAXS from 6lyz. Apx Side Chains is the ci
generated through BCL::SAXS using Backatums only and summing the form factors for all side chain atoms ¢
/i O022NRAYIFGS 2F (KS NB&ARIZS® ! LIE {ARS /KFEAya ! L
approximation and side chain approximation. Panel B (middle) shows tHy laedghted scatterplot smoothing
(LOESS) of the experimental SAXS data points. Panel C (right) shows the fit of previous data types from pane
the derivative of the log10 profiles.

Table4: Chi Scores comparing experimental SAXS data for Hen Egg White Lysozyme with profiles generated from
the crystal structure (6LYZ) for CRYSOL and BCL::SAXS.

Type Logo- 5SNR DI
Crysol 2.81 0.96
BCL::SAXS Full Model 2.32 1.01
BCL::SAXS Apx Side Chains 9.16 1.17
BCL::SAXS Apx Side Chains and Loops 19.83 1.25

¢KS {! - { O2YLINR&2Y RSNASI(GABS . a02NB

When comparing SAXS profiles between two distinct proteinsgdinemon method is to
dzaS G KS . T 2 dhdad6, 29 13NLISee\ R dasherdcomputing a SAXS profile for
models with approximate the side chain atoms and loop regions, we observe a systematic
upward shift from theoriginal I(q) profile (Figur8A). This shift between the experimental and

approximated profiles increases the rate of false positive identification by SAXS scores (Figure

8). We observe also that minima and maxima of the 1(q) profile are less affected. Therefore, by
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comparing the derivative of the profiles, we take the shape of theSSpifile into account

which decreases the rate of false positive identification by SAXS score.

For this derivative comparison, a curve was fit through the experimental data points
using locally weighted scatterplot smoothingOESE)4, 75 using a span of 0.2 and a
polynomial degree of 1 in R. The span variable determines how much of the data is uged to f
each local polynomial. A large span produces the smoothest function while the smaller the span,
the closer the regression will conform to the data. Splines were used to humerically differentiate
the fit profile. The derivative results and scores arevshan figure9 and table4. To measure
the similarity between an experimental SAXS profile and complete protein models, we use the
a0dFyRINR . &d02NBo . @& daAaAy3d (KAa &ad02NBxX S Oy

methods in the field such as CRYSOL. The user cafy spleat metric to use during analysis.

Non-redundant dataset for protein discrimination benchmark

To determine how well the SAXS score can distinguish protein folds from each other, we
evaluated a representative subset of 455 proteins with a 20% ideatifyff, 1.6 A resolution
cutoff, and 0.25 Ractor cutoff from the PICES databafik6, 77]. These proteins can be
formed into a 455 x 455 matrix (207,025 pairings) where the diagonal represents a protein
paired with itself (a true positive) and the off diagonal elements represents a protein paired with
a different protein. Using scattering profiles generated throughv®8L, we computed the
difference between the native protein and the test protein for each pairing. If the minimum
SAXS score for a given protein was on the diagonal for the ith row and jth column, then we
correctly identified the protein from all other cditdate proteins and classified that as a true

positive. If the minimum SAXS score was not on the diagonal, we classified it as a false positive.

54



Using receiver operating characteristic (ROC) curves, we plotted the false positive rate en the x

axis and thdrue positive rate on the Jaxis.
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Figurel0: ROC Analysis of 455 pgrins from Pisces dataset in different stateShe area under the curve (AUC) i
shown with BCL::SAXS profiles generated for complete protein models (orange), models with approximated
chains (purple), approximated side chains and with loop approximatiethod (blue), approximated side chains
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The area under the curve (AUC) for complete protein models is > 99%. When side chains
are removed, the AUC remains > 99%. The AUC for pretéimsut side chains and loop regions
is 76%. When loop regions are approximated, the AUC is 84%. The derivative score improves the
AUC to 88%. See figure 5. There were 207,025 total pairing evaluated in this experiment. In all
but three cases the lowestAXS score was the native protein when using complete protein
models for analysis. For proteins 1YOZA and 3I31A the native was ranked second, while for

protein 3L42A the native was ranked third.

1A53A e C
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Figurell Structural MAMMOTH ZAcore vs. SAXS profile similarity score of 455 proteins from Pisces dataet:
455 proteins were scored by structural similarity to each othihwselfpairing receiving the highestscore (xaxis).
{!'-{ LINRPFAESE F2NJIif npp LNRGISAYyad ¢SNB I SskiSNAanelS.
B, and C correlate with their respective red dot. Panel A depicts 3H5LA pétindtself. Panel B depicts IN1FA
LI ANBR ¢AGK wWDt9! ® tlySft / RSLAOGA mD@D! LI ANBR
SAXS profiles.
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The 455 x 455 matrix was used to score the ctial similarity of a pair of proteins.
The diagonal represents sglired proteins. The higher thestore, the more similar the two
structures are. A-&core below four indicates that two proteins are structurally different. In the
SAXS analysis, aMer SAXS score indicates the scattering profiles of two proteins are very
similar. In this analysis, a higkS£ore and a low SAXS score indicate that proteins identified by
SAXS as similar are structurally similar. Figdreanel A depicts 3H5L chain(folecular
weight 44.92 kDA) paired with a copy of itself. As expected the SAXS similarity score is very low
and the Zscore is high. Interestingly, panel B depicts 1N1F chain A (molecular weight 18.35
kDA) paired with 2GPE chain A (molecular weight §KDA). Although there is a difference of
12.4 kDA, the SAXS score indicates that the proteins are similar. Eigsh®ws that
structurally similar proteins (high Mammothsgore) always have a low SAXS score (bottom left
corner). However, while aticturally dissimilar proteins (low Mammoths€ore) tend to have
increased SAXS scores, the observed range of SAXS scores widens. As expected, structurally

different proteins can appear similar in a SAXS experiment if their overall shape is similar.

SAXPegeneracy in the scattering profile

During elastic scattering, energy is conserved between inciddRays that scatter by
interactions with electrons in the target sample. The magnitude of the wave vE¢torboth
the incident and scattered wave® A @Sy 0@ H~ K <uvbctot iEKd@ly OfirecioB S Ay ¢
and the difference betweefPandEPis given bys¢ the momentum transfer vector. The-tdy

scattering amplitude alby a particle at positio®is given by:

IR ANA P 2.21
GKSNE F A& GKS FT2N¥Y FFOG2N) F2NJ GKS a2y 2 I
factor decreases from a maximum at q = 0. At this q value, the form factor is equivalent to the
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atomic number Z of the atom. Hencafoms with higher Z are stronger scatterers. The

amplitude for an ensemble of particles is a summation of the amplitudes of all particles:

IS AN A O 2.22

The scattering intensity is given by the amplitude multiplied by itsglex conjugate Aj*:

YR N RS 2.23
The observed scattering pattern is not the complex amplitude function. It is the modulus
squared of the amplitude function. Most of the structural information obtained fromayx
scattering experimerst reside in the phase of the wafenction. This phase information is
stored in the imaginary part of the amplitude function and is lost when multiplied by the
complex conjugate. This loss of phase information results in a loss of structural uniqueness.
Futhermore the effect is compounded because during a SAXS experiment samples are free to
rotate. The observed I(q) function is therefore also an average over possible orientations. The
loss of orientation and phase information results in the degeneracyhén dcatting profile

(multiple structures yielding similar SAXS profiles) as observed in figure

] Figure 12Y ¢ KS {! - { &aAyy
relation to molecular weight difference
Molecular weights for all 455 proteins from 1
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To show the relation between the molecular weight of the compared proteins and the

similarity of the SAXS profiles, we calculated molecular wefghtsll 455 proteins in the PISCES

data set used in the MAMMTOH analysis. We then combined the molecular weight difference

with the derivative SAXS score to generate a density plot (Fi))reAs expected, we observe

that for proteins of similar moleculas SA I K4 F NI} y3aS 27

{1

{

aArYAt

very similar to dissimilar determined solely by the similarity in overall shape. As the difference in

Y2t SOdzZ I NJ 6SA3IKI

AYONEBI &S3a53 intréaSes afsh, Yo\ ofrda¥s { | -

with large molecular weight differences do not have similar SAXS profiles, even if the overall

shape is similar.
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Figurel3: BCL::SAXS was used to score 10,000 protein confirmations of 3FRRA generated by B@iegokd

case the surface of the native confiations is shown in gray. Each black dot represents one model. The red ¢
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Scoring BCL::Models with SAXS

BCL::Fold was run to generate 10,000 protein models of 3FRR. These models were only
comprised of secondary structure elements. Using the side chain and loop region
approximations, BCL::SAXS was used to construct SAXS profiles for all 10,000 models generated
by BCL::Fold. (Figut8) From this figure, we observe that the correct topology hasrg koev

SAXS score. We note that model C has a lower SAXS score (1.43) than model B (1.71) although
model B has a much lower RMSD100 score (7.72) than model C (16.29). This behavior is
expected because SAXS cannot distinguish topologies that fit insdeverall SAXS envelope.
Agreement with by SAXS score is a necessary condition for correct protein identification, but not
sufficient to uniquely identify the correct model. However, because of this, the SAXS score can

be used as a filter to remove modahat score above a threshold.

GPU Algorithm Yields Orders of Magnitude Speed Improvements

The GPU accelerated Debye calculation was benchmarked on several protein systems
from the PDB with sizes ranging from 1,800 atoms to 92,000 atoms. The benchisark w
performed on several devices ranging from {end workstation class GPUs (Quadro 600) to
highrend consumer grade GPUs (GTX680). See TableThe speed was determined by
measuring the time in seconds from the start of the Debye formula to the SAX& pedfirn
from the Debye formula. The Maximum Speed up is the maximum of the ratio of the CPU time

in seconds divided by the GPU time in seconds.

Discussion

We have demonstrated how to compute SAXS profiles from atomic coordinates. In our

approach for corplete protein models we did not make approximations to the Debye formula,
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rather we used GPU acceleration to handle the double summation of all atoms and used the
HartreeFock scattering factors directly. For proteins of sizes ranging from 1832 atoms to
91,846 atoms we find, as expected, that without GPU acceleration, thg ©¢Mputational cost
of the Debye formula results in a significant sidewn when compared to the O{EYN)
algorithm implemented in CRYSOL (T&bldhe magnitude of the momentum mafer vector is
given by g and D is the max dimension of the macromolecule. With GPU acceleration

computation times are comparable. The GPU card that gave the best performance was GTX680.

Table5 Timing results of GPU vs. CPU bemelrks. All timings are reported in seconds. Crysol reported timings to
the nearest second. The first two measurements were not accurate and have been omitted.

PDB Atoms  BCL:SAS Crysol Quadro GTX470 GTX480 GTX580 GTX6 C10&0 Max
CPU $1300 600 $325 $325 $550 80 $1300 Speedup
$225 $1000
1026A 1832 3.6 - 0.1 0.07 0.07 0.07 0.07 0.09 51x
IWASC 7543 65 - 1 0.31 0.28 0.27 0.20 0.37 325x
INR1 23217 624 2 9.3 2 1.9 1.8 1.2 2.7 520x
1ZUM 43243 2300 5 30 4.9 41 3.9 24 6.5 958x
1vsz 91846 15365 10 132 19.8 16.9 15.8 9.0 26.3 1707x

In order to compare experimental scattering profiles with approximated profiles we
computed the first derivative of the profiles and then computed the similarity sc@ye (
between the derivatives of the SAXS profilekisTenabled us to reduce the amount of false
positives obtained during our analysis and improve the accuracy in structure identification using
SAXS profiles from 84% to 88%. BCL::SAXS was >99% accurate in picking the native protein
from a set of other poteins when using complete proteins from the PDB and using the standard

O2YLI NR&A2y a02NBP® 2A0K GKS &aARS OKFAYA | LILINI
picking the native protein from a set of other proteins. With the loop regions removed, the
accuracy dropped from >99% to 76%. This result shows that loop regions play an important role
in defining overall protein shape. Using our loop approximation algorithm and the derivative of
GKS . &a02NB3zI (GKS I OO0daNF 08 Ay Oaldad an pproxingate y yiz &
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estimate of a protein location can have significant impact on the accuracy of SAXS scattering

profiles generated from rigid bodies.

The MAMMOTH analysis shows that proteins with very simisgores (structurally
similar proteinslklso have a low SARScore. Importantly, the analysis shows that very similar
structures do not have high SAXS scores. In the middle range of the analysis, we observe that
SAXS scores are degenerate. Different structures can have similar SAXS Biodegeheracy
is inherently due to the spherical averaging of atoms in the SAXS data collection process.

Because of this degeneracy SAXS cannot be used exclusively to predict protein structure.

Conclusion

We explored the idea of approximating the SAB&es for protein models without side
chain and loop coordinates by placing dummy atoms along a path between secondary structure
elements. The SAXS profile can be used to distinguish different proteins from each other, but
cannot be used exclusively to digjuish different permutations of the same topology.
However, the SAXS profile can be used as a filter to exclude protein models that are very

different from the native from further analysis as a filter.
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CHAPTER III

CASP1IBCL::FOLD EFFICIENTLY SAMPLE TOPOLOGIES OF LARGE PROTEINS

Overview
This chapter is a reproduction of CASMBCL::Fold efficiently samples topologies of
large proteing54]. In this paper | was responsible for writiagd referencingll sections except
the topology score description, beta sheet alignment, and conclusion sedtmeated figures:
11, 12, 13, 1617, 18, 21A, 21C, 22, and tald. Jens Meiler, Sten Heinze, and Axel Fischer
provided insight during the writing process. Tim Kohlman and Sten Heinze generated data for

the tables.

Significance

In relation to my thesishis manuscriptdetails the limitations of BCL::Folithin the
folding pipeline and proceg3able9). SAS data can be used to improve the attrition depicted in
Table 8. De Novoprotein structure prediction remains a challenging prospect. The average
CASP10 free modelirig=20)GDT _TS score for the top scoring hwetswas 33%.For 3 models
in this category, BCEald was able to sample modeldth 34% accuracpy GDT_TS scorélhe

sampling of BCL::Fold is as accurate as other metitalsmodel selection.

Innovation

This work shows that BCL::Fold samplesvediike topologies for some proteins, but the
scoring function does not identify these topologies as favorable and are not selected for further
analysis. This paper forms the basis for e¢taim that Small Angle -Ray Scattering could be

used to improvanodel selection in the BCL::fold pipelink) Filter SSE arrangememroduced
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by BCLEold bySAXS score agreement, 2) Incorporate SAXS restraint in the scoring function of

BCL::Fold to penalize models during folding if they violate the restraint.

Experimental structures in the protein data bank (PDB) are biased toward small soluble

proteins

The tertiary structure of a protein provides essential insights to its biological function in
living organisms. Accordingly, experimental methods are applied tatast@rotein structure
including Xray crystallography and nuclear magnetic resonance (NMR) spectroscopy Currently,
the PCB contains more than 89,258 proteins (December 2013) of which 79,585 (89%) were
elucidated by Xay crystallography, 8971 (10%) byRM, and the remainder by other
technologied59] Despite these efforts, the structures represented in the PDB are biased;
87,004 of the proteins in the PDB are soluble while only 2253804) of the proteins represent
membrane proteing59] Further, the size distribution of proteins in the PDB is biased toward
small proteins omitting many large macromolecular assemiglieater than 500,000 Da (2.0%).

[59, 60, 79] This bias isdue to the limitations of experimental methods for structure
determination. Membrane proteins are underrepresented in the PDB because they are too
large for NMR and their embedding in the tlomensional membrane complicates formation of
three-dimensioné crystals required in-¥ay crystallography44] For membrane proteins up to
~1000folds remain to be determined[55, 80] Large macromolecular assemblies are also
underrepresented in the PDB because its protomers do not fold in isolation, they are difficult to
crystallize, and they are too large for NMR spectroscopic meth[8l§. Thus, for many
biologically relevant proteins only limited experimental data can be collected with a
combination of experimental techniques such as solid state NMR-etegiron microscpy,
electron paramagnetic resonance, mass spectrometry, and small argbey >scattering. On

their own, these datasets are insufficient for atondietail structure determination. One major
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justification to develop de novo protein structure prediction@ithms is to complement such

limited experimental datasets.

De novo protein structure prediction needs a reduced search space

The cornerstone ofde novoprotein structure prediction methods is based on the
assumption that (most) folded proteins existthreir lowestenergy conformationg82] Protein
folding becomes an energy minimization process that depends on interaction of amino acids
with the environmet and other amino acids in the sequence. Finding the global minimum of
the energy function on the energy landscape is challenging for several reasons including that the
energy landscape contains many local minima. Currently, no universal method dfyiegnthe
global minimum of the energy function exisf83] In practice, the conformational space of a
protein is also far toolarge to be comprehensively searched with a highly accurate and
therefore slow to compute energy function. Therefore, the conformational space is reduced by
working with simplified protein representations, at least in the initial folding simulation. In
effect, this reduces the resolution of the energy function which allows a more rapid calculation
but decreases its accuracy to the point where the global energy minimum cannot be

unambiguously detected and several local energy minima need to be considered.

Competingde novostructure prediction software reduces the search space similarly.
Rosetta addresses the sampling challenge by assembling protein models from three and nine
residue peptide fragments.[52, 84, 85] These fragments are determined from peptides of
similar sequence and secondary structurerasgted from other proteins in the PDB. For
proteins smaller than 80 residues Rosetta was able to predict atomic detail models in the
absence of any experimental restraints for about 30% of the test cd86k.Forlarger proteins

up to around 150180 residues Rosetta samples the correct topology about 50% of the time.
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[86-88] Generally, Rosetta tends to perform bettar fr-helical proteins which are related to

their reduced fold complexity. The complexity of a fatéin be measured by contact order (CO)
which is defined as the average sequence separation of residues in contact, that is, residues
whose Catoms are < & apart.[89, 90] As the complexity of protein topology increases (high

CO) the accuracy of the Rosettagiction decreases[49, 89, 90]

I-Tasser threadshe target sequences through a library of PDB structures with a pair
wise sequence identity cdff of 70% to search for plausible protein folds. Rather than using a
fixed set of three and nine residue peptide fragmeni$asser uses fragments of varialdize
that are identified by threading.[91-93] The fragments are used to reassemble-feigth
models while the loop regions betwedragmentsbeing constructedde novo Critical to the
success ofTasser is the identification of suitable templates to create the peptide fragneats
Pearsorcorrelationcoefficient of 0.89 for RMS&nd0.95 for TMscore. [93] Generally,dTasser
samples the correct topology about a third of the time foofgins up to 155 residues long with
RMSD < 6.8. [93] |-Tasser shares the most critical limitation with Rosetta, the ready formation

of longrange interactions between residues.

BCL::Fold was designed to overcome size and complexity limitationgl@nnovo protein

structure predictionmethods

BCL::Fold is a de novo protein structure prediction algorithm based on the placement of
disconnected secondary structure elements (SSESs) in -filmensional space as previously
published. [50, 51, 55] This algorithm was developed to test the hypothesis that for many
proteins the core responsible finermodynamic stability is largely formed by SSEs. In this case,
likely protein topologies could be detected from S8#y models. Thereby, the size and CO

restrictions in protein structure prediction can be overcome by assembling disconnected, rather
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rigid SSEs, reducing the search space substantially and allowing the ready formation of nonlocal
contacts. [50] A coarse graed knowledge based energy function identifies nafike SSE
arrangenents using a Monte Carlo simulated annealing sampling algorithm with metropolis
criterion. [50, 51, 55] In contrast to {Tasser or Rosetta, this algorithm is truly de novo as no
fragments from the PDB are used. Loop regions between SSEs and side chains atoms are added

to the model in subsequent steps using &xample Rosetta[94-96]

BCL::Fold uses a consensus of secondary structure prediction technologies to identify SSEs

Critical to the success of the BCL::Fold rtlgm is the correct prediction of SSEs:
helices,i -strands, coil regions, and tramsembrane spans from sequence. These predictions
are obtained from a consensus prediction from PER 98], PsiPred99, 100], and Jufo9[)53,
101-103 for soluble proteins. In addition to these methods we used Octdf0d, 105 and
Jufo9D[10]] for the transmembrane span regih of membrane proteins. The consensus

prediction is used to build a pool of SSEs, which is input for protein folding.

A Monte Carlo Metropolis sampling algorithmositions SSEs in space

Protein models are assembled using a Monte Carlo sampling algoritexh iteration
of the algorithm consists of a randomly selected modification to the current model.
Modifications include the addition of an SSE from the SSE pool to the model; the removal of an
SSE from the model; translational and rotational transfations of SSEs in the model; swapping
of two SSEs; madifications of groups of SSEs (domains) consist of translating the domain;

flipping; and shuffling the different SSEs.

After each modification, the model is evaluated by a knowledge based scoringofuncti
[51]. This coarse grained scoring function is designed to evaluate the arrangemerisdhSS
Euclidean space. It is a weighted sum of scoring terms that represent different aspects of SSEs
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of protein structures a observed in experimental structures like the preferred environment of
amino acid types (buried or solvent exposed); theiwaaf gyration; an SSE packing and a strand
pairing potential; a loop length potential; clash terms for amino acids and SSes bop
closure penalty. The loop closure @y limits the Euclidean distance keten two
consecutive SSEs to the maximum lengtBtr@tched out amino acid chain can bridge and

applies a steep penalty for longer loop distances.

The evaluation with tB Metropolis criterion results in one of four possible outcomes: 1)
improved and accepted, if the calculated energy score is lower than the energy of the previous
model; (2) accepted by the Metropolis criterion with a function taking the energy differande
the simulated temperature into account; (3) rejected if the score is higher than the previous
model and rejected by the Metropolis criterion; (4) skipped, if the modification is not applicable
to the model, for example swapping SSEs if the model amntaily a single SSE. The probability
of a step being accepted with higher energy is based on the temperature used by the Metropolis
criterion. BCL::Fold adjusts the temperature to achieve a ratio of accepted steps that reduces

from 50 to 20% in the cose of the simulation.

All scoring terms (except for the clash terms and the loop closure penalty) are
adFrdAadaAaolrtte RSNAOSR dzaaAy3a . Fe&SaQ (KS2NBY
generated by the PISCES server with a maximum sequenciyiden25%][76, 77] and then

energies were approximated using the inverse Boltzmann relation.

The algorithm will entinue generating modified models and evaluating them until a
maximum number of 2000 steps was completed or no improvement in the score was found to
400 consecutive steps; this constitutes one folding stage. The folding process of one model has

five assenbly stages and one refinement stage, which employ a decreasing number of
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modifications for large scale perturbations (for example, swapping SSEs) and an increasing
amount of small scale perturbations (for example, bending an SSE). The lowers energy model

within the trajectory will be saved as resulting model for this run.

The CASP10 experiment: a critical tool for development of techniques for protein structure

prediction

To evaluate the accuracy of BCL::Folddé& novoprotein structure prediction, we
participated in the Critical Assessment of protein Structure Prediction (CASP10) experiment,
which is held every two yeard106, 107] The doubleblind experiment tests protein structure
prediction methods objectively because the experimentally determined structure is withheld
from predictors, organizers and the assessors until the experiment is finished. pidtein
predictions have been made, the experimentally determined structures are revealed and the
results are assessed. CASP10 contained the following categories: (1) Tertiary structure
prediction, which can be classified as: (a) Template Based Mod@IBig): starting from a
homologous protein template in the PDB. (b) Free modeling (FM): no homologous template
exists in the PDB; (2) Tertiary structure prediction with limited experimental information, for
example, amino acids in contaft08]; (3) Residueesidue contact predictiofl09 (4) Model
refinement [110Q]; (5) Identification of disorderedegions; (6) Function prediction; (7) Quality

assessmenf.111]

To maximally leverage CASP10 for testing BCL::Fold we assume all CASP10 targets to be FM

targets

For some targets, templates can be found, that is, proteins with similar sequence and
known structure that can guide the prediction. Based on if tetegla@an be found and how
similar the template structure is to the target structure, measured by the Global Distance
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Test/Total Score (GDT_T3$)2, prediction for CASP10 gargets is categorized as easy or hard
TBM ( easy ifite maximal GDT_B50, hard if the maximal GDT_TS < 50), FM or a combination
of both (TBM/FM). The GDT_TS could obviously only be employed after the target structures
were available; in the prediction process other measuilee sequence similaritto proteins in

the PDBwere used to classify targets. To maximize the assessment @Ge:Foldle novo
protein structure prediction algorithm in CASP10 we treated all targets as FM targets, that is no
homologous template from the PDB was used at any point as input intoGhe Bold prediction

algorithm.

Table6: Clustering Statistics of CASP10 Targets folded by BCL::Fold

Target Folded After filtering Top Top Top
models cluster scoring homology
T0644 9980 4485 2 0 0
T0649 10,000 5135 3 5 0
TO0655 9980 4335 1 3 2
T0663 12,000 6495 3 2 3
T0666 12,000 5979 3 3 0
TO676 12,000 6341 3 0 1
TO678 12,000 6271 5 1 2
T0682 12,000 5554 0 3 4
T0684 12,000 5884 16 0 1
TO686 12,000 6230 2 1 0
T0691 12,000 6083 4 1 2
TO0700 12,000 6605 1 2 3
T0704 12,000 59 1 3 1
T0720 12,000 6345 2 2 1
T0722 12,000 8747 1 2 1
T0724 11,999 5886 3 1 0
T0743 12,000 6374 2 2 4
TO745 12,000 6108 2 2 0

70



Materials and Methods

Secondary structure and transmembrane span prediction

In the first step, the secondary structuis predicted for soluble proteins using Jufo9D
[101-103], PsiPred99, 100 and ProfPHD97, 98]. For membrane proteins Jufo9D01] and
Octopug[104, 105 are used to detect secondary structure and transmembrane spans. From the
predicted secondary structures, a pool is created for use by BCL::Fold as describedSf#fore

The pool is manually examined to ensure a complete as possible set of SSEs.

Fold recognition and domain identification

Fold recognition methods combined in bioinfo.pl were used to see if the target
sequence contains multiple domain[113, and if proteins of those folds have been
experimentally determined. If the fold recognition result indicated that the targes multiple

domains, the SSE pool is split up into sub pool according to the domain boundaries.

BCL::Fold folding simulation

BCL::fold is run next to produce 12,000 models for each domain of one target.
Depending orthe target, the soluble or membranerqtocol is employed. For each model, a
completeness estimate is calculated as a fraction of the sum of the sequence lengths of all SSEs
in the models to the total sequence length of the target. Models that are 2% less complete than

the average model pragted are removed.

Clustering to identify topologies that reside in wide energy funnels

After filtering the 12,000 models per target by completeness score, models were

selected by three criteria for further refinement. The first method for selection elastering
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by average RMSD linkage between models where the clusters ideally only contain models with
the same fold. Cluster sizes varied with the largest clusters having a few hundred models and
the smallest clusters containsfew or evena single mode Cluster radii leafs were between 0

and 18 Awith the most at 10 A. The RMSD cutoff was manually adjusted based on protein size
and model similarity. Up to five models from each cluster were selected for further refinement.
The second method for seldon was ranking by the BCL scoring function. All filtered models
were sorted by BCL sum score and the lowest scoring models were selected. The third method
was only used if we successfully identified a template model of the target protein and models
were pooled into a separate set. In this case, the RMSD between the template and BCL
generated models were computed. The models with the highest similarity (lowest RMSD) were
selected for further refinement. Furthermore, in some cases the selected moats visually
inspected in PyMOL to evaluate sequence length and Euclidean distances for later loop
reconstruction. In this step, some models were removed from further processing if loops went

through the cater of the protein core.

Combining domains int@omplete models

If the target consisted of multiple domains, models of all possible combinations of
domains are created either by arranging the domains in space close to eactootifgrossible,
by aligning the domain models to a templat&he domainglo not have to be connected by
creating a loop at this point, because all models consist of only SSEs and loops will be built in the

next step.

Loop construction using cyclic coordinate descent

Adding loops is a twetep process of inserting the missiagino acids in a model and
creating coordinates for them by CCD. Once SSEs have been placed, loop regions between SSEs
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must be built. Creating loops is a tstep process of inserting the missing amino acids in a
model and creating coordinates for therithis is accomplished by adding loop residues using (1)
knowledge based potentials, (2) likely phi and psi backbone angle, and (3) cyclic coordinate
descent (CCD). The first step is to dynamically add missing residues in the loop region. Residues
are adakd with initial phi and psi angielerived from a probability distribution of experimentally
observed angles. They are then perturbed and scored using a knowledge based potential for
native like angles. This potential has scoring terms that penalighadebetween atoms using

van der Waals radii, compare the sequence length with the Euclidean distance, measure the gap
between adjacent SSEs, incorporate angles derived from Ramachandran plots, and score the
likelihood that the distance between the SSEB ba closed by a loop. Once the initial residue
coordinates of the loop region have been placed, ¢4 is used 6 minimize the distance
between a freely moving and fixed set of coordinates to close a loop. In this second step, an
additional penalty term is added to the scoring function that scores how close the residue at the
loop end is to the pseudo residue atettN terminus of the target SSE. Between 200 and 8400
loop models were built depending on model size and complexity to achieve a sufficiently low
BCL sum score that is, in a similar score range than théaagnstart model. Models with loops
difficult to close were either modified to allow an easier lop closure by shortening the SSEs
adjacent to the loop or they were removed from further modeling. The best scoring loop

models according to the BCL sum score were further processed.

Addition of side chaingnd model relaxation

One of two methods was used: either side chains were added with a relax step in which

the relative position of the amino aces were restrained, or if the first method fails because of
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YA al f xsBand@Rby bdding and repacking sideains. Between 10 and 200 sideain

models were built to obtain an optimal overall Rosetta score.

Model selection for submission

From the lowest scoring side chain models for each loop models, the ones deemed most
native-like by visual inspection wemselected for CASP10 submission. If a template model and a

similar BCL model were found before, it was selected as the fifth submitted model.

Topology score to evaluate protein models

To evaluate if BCL::Fold can sample the folding space required foarget proteins,
we introduce a new measure that focuses on SSE contacts instead of comparing atom positions
like RMSD100115 or GDT[112. This new mease computes the similarity of a model to a
native protein by calculating the fraction of SSE contacts of the native that are present in a given
model and the total number of SSE contacts of the native (true positive rate, sensitivity). An SSE
contact isassumed if the distance of the central axis of two SSEs is less than a certain threshold.
An SSE can be represented by its central axis for the purpose of the distance calculation,
because all SSEs in a BCL model are idealized. The threshold belotwwI88Es are assumed
in contact depends on the type of SSE contact (Halix: 16 A; helissheet: 16 A; strandtrand:
5.5 A; sheesheet 14 A) and was derived from native protein structure from the PDB. These
thresholds were chosen to be large to be @slusive as possible. The strength of the

interaction is represented by line thickness of the connecting lines.
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Results

Eighteen targets included in this analysis

During CASP10 a total of 53 targets were released for human predictors. Eighteen of
these had a least one domain in the FM category. To focus our efforts we excluded proteins
that were very small (<50 residues) or very large (> 400 residues). Further, for some targets
calculations did not finish in time for submission. For 21 targetsatsodere submitted, five of
them in the FM category. For two targets files were corrupted on our server, for one target no
experimental structure has been released. This leaves 18 targets, three in the FM category, for
analyses. Accordingly, treatment the TBM targets as FM targets substantially increased the
number of proteins that could be included in the study beyond the small number of FM targets.
One consequence of this procedure is that BCL::fold will not rank among top methods from the
TBM sedbn, as we do not expect BCL::fold to predict protein structure more accurately than

comparative modeling.
An automated pipeline with minimal human intervention was setup

Here we give an overview of the overall protocol. A detailed description of the
individual steps is given in the methods section. The folding pipeline starts with the
downloaded target sequence from CASP10 Prediction centar.the first step, secondary
A0 NHzOGdzZNBE FyR GNIYAYSYONIYS &aLJYyyAydsingllBeaA 2y &
consensus SSE prediction results. The SSE pool is manually examined to ensure that weakly
predicted SSEs are available. Domain boundaries were identified with bioigf.pbnsensus
fold recognition Meta server.[113] At this stage of folding, templates were identified from
TBM targets and comparative models weanstructedusing the Moeler[53, 94-96] link of the

bioinfo.pl server. The homology model was saved for later analysis or prioritization dethe
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novofolded models. It was not esdl to bias the folding simulation. If the fold recognition result
from bioinfo.pl indicated that the target consisted of multiple domains, the SSE pool was split
into subpools according to the domain boundaries. Next, each domain was folded 12,000 times
with BCL::fold. Resulting models were filtered for completeness before entering the clustering
protocol. The completeness estimate is the total number of residues in SSEs divided by the total

number of residues in the protein model.

Table7: Statistics on 18 CASP Targets Predicted with BCL::Fold

Target PDBID Length NCO Category Oligomeric Domains "- ¢a-hi-
state helices helices strands
T0644 4FR9 166 22.1 TBMeasy Monomer 1 2 0 8
T0649 44 210 58.9 TBMhard Monomer 1 4 0 9
T0655 2LUz 182 442 TBMeasy Monomer 3 4 0 8
TO663  4EXR 205 284 FM Monomer 2 2 0 8
TO666  3UX4 195 649 FM Trimer 1 6 6 0
TO676  4E6F 204 452  TBMhard  Dimer 1 4 0 7
TO678 4EPZ 161 30.5 TMmhard Monomer 1 7 0 0
T0682  4JQ6 235 63.5 TMBeasy Trimer 1 7 7 0
TO684  4GL6 270 369 FM Dimer 2 8 0 8
TO686  4HQO 259 55.7 TBMeasy Dimer 3 4 0 5
T0691 4GzvV 163 25.7 TBMeasy  Monomer 3 0 0 8
TO700 4HFX 86 180 TMBeasy Tetramer 2 3 0 0
TO704 4HG2 254 55.4 TMBeasy Dimer 3 9 0 8
T0720 41C1 202 475 TMBeasy Monomer 1 7 0 6
T0722 4FLA 152 44.1  Cancelled Tetramer Cancelled 4 0 0
TO724 4FMR 265 42.6 TMB-easy Tetramer 2 4,5 0 16
TO743 4HYZ 149 36.9 TMBeasy = Monomer 1 4 0 5
TO0745 4FMW 185 49.4  Cancelled Dimer Cancelled 6 0 6
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Figurel4 CASP10 PipelineObtain target sequence from CASP10 prediction center (A); Perform SSE pre

(B); Split multimeric proteins into individual domains (C); Assemble SSEs in Folditignalgmalyze fold

models, compare generated models with native secondary structure, evaluate loop closure potential an
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cluster centers (F)Combine domains if previously split (G); Reconstruct loop regions an analyze models

Build side chains with Rosetta( I); Select final models and analyze final model selection (J).

Table8: Secondary Structure Pool Statistifter CASP10 Targets

Y2k

PHD PSIPRED JUF09D Combined
Target PDB ID a3 % Found Shift Q3 % Found Shift Q3 % Found Shift % Found Shit
T0644 4FRS 68.7 80.0 1.8 80.1 100.0 1.1 1.1 100.0 15 100.0 0.9
T0649 4F54 63.8 538 6.0 719 69.2 5.2 65.2 76.9 53 615 29
T0655 L0z 54.9 75.0 5.4 76.4 91.7 37 709 917 44 66.7 35
T0663 4EXR 54.1 800 29 80.5 100.0 15 69.3 100.0 18 900 09
T0666 3UX4 50.3 57.1 9.5 749 85.7 8.3 810 85.7 7.0 85.7 48
T0676 4E6F 66.7 80.0 8.9 719 90.0 19 574 90.0 13 90.0 1.3
T0678 4EPZ 720 85.7 11.7 83.2 100.0 27 789 100.0 34 100.0 1.3
T0682 4J06 62.6 100.0 141 711 100.0 10.6 79.1 100.0 116 100.0 40
T0684 4GL6 122 813 34 737 875 29 678 750 32 100.0 19
T0686 4HQ0 64.1 722 5.0 745 66.7 28 676 88.9 43 944 34
T0691 4GZV 419 750 4.7 69.9 100.0 36 595 100.0 48 100.0 33
T0700 4HFX 744 100.0 5.0 75.6 100.0 43 721 100.0 33 100.0 27
T0704 4HG2 63.0 58.8 31 748 88.2 33 720 88.2 28 94.1 21
T0720 41C1 703 846 5.5 84.2 923 36 792 923 38 923 33
T0722 4FLA 875 100.0 30.0 89.5 100.0 9.0 80.3 100.0 165 100.0 7.0
T0724 4FMR ns3 842 29 86.0 89.5 1.8 785 94.7 1.7 895 1.2
T0743 4HYZ 725 738 37 71.2 718 217 67.8 71.8 6.6 88.9 18
T0745 4AFMW 65.9 750 28 713 100.0 19 676 833 29 100.0 1.8
Average 65.7 789 1.0 117 91.0 39 ns 91.4 5.1 9138 2.7
Std Dev 96 134 6.6 5.3 10.7 21 12 8.8 38 13 1.6
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The filtering cutoff is the average of all the completeness estimates reduced by 0.01. After
filtering, cluster centers of the 10 to 20 lagjeclusters were selected for further processing. In
addition, we included the five best scoring models measured by the BCL sum score. If templates
were identified, besiscoring models that were similar to the template by Mammotcare[78]

were retained in a separate pool of models. If the garget was split into multiple domains, these
were recombined at this stage. The backbone of the resulting models wadeatedhjpising a

Cyclic Coordinate Decent (CGD}4] loop closure algorithm within the BCL. Afterwards, side
chain coadinates were constructed and the model was relaxed using Rosetta. From the
resulting set of up to 200 models, five were chosen for submission by Rosetta energy. If a
template has been identified, the fifth model submitted was chosen from the secondagdbke

one most similar to the template, to asses€IBR f RQ&a &l YLIX Ay3 O LI 0Af A ¢

scoring.

Accuracy of secondary structure and transmembrane span prediction

Table 8 depicts Q3 accuracies (a measure of the accuracy for prediction peluees
secondary structure), the percentage of native secondary structures correctly predicted and the
average shifts for the SSE pool of the 18 CASP10 protein targets. The shift values are the sum of
the deviation in the first and last residues of the pidd SSEs when compared with native
SSEs. The overall average percentage of native secondary structures correctly predicted (%
found) using PHJ97, 98] PSIPRE99, 100 and JUFO9[101-103 was 91.8%. In the original
benchmark of BCL, the overall average % found was 96)oWe achieve the highest overall
accuracy i combining multiple secondary structure prediction methods to create the SSE pool,
rather than relying on a single secondary structure prediction method. For example, the %

found values for PHD, PSIPRED, and JUFO9D are 78.9, 91.0, and 91.4%, respectively
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original BCL benchmark, these values for PSIPRED and JUFO are 96.1 and 90.3% respectively.
This indicates that the secondary structure prediction is more challenging for the CASP10 targets
than the original BCL benchmark. IN addition, duririglding run, BCL::fold can merge, grow,

or shrink SSEs based on the predicted probabilities.

Quality of CASP10 FM models submitted by other research groups

There were 20 FM targets in CASP10. For all participating methods the average GDT_TS
score rangedrom 7.0 to 36.0% with a mean GDT_TS score of 21.7% and a standard deviation of
7.2%. The maximum GDT_TS score ranged I@to 44.0% with a mean GDT_TS score for
32.8% and a standard deviation of 8.2%. For the three targets attempted with BCLT#&688, (

T0666, and T0684) the average GDT_TS score submitted by CASP10 participants was 24.5% with
a standard deviation of 10.2%The mean of the maximum GDT_TS scores for these targets was

34% with a standard deviation of 9.5% (Figusg 1

Quiality of BCLfold models and sampling of the topology space

We assess the quality of BCL::Fold models in two ways. The GDT_TS score allows for
comparison with other results; the topology score focuses its evaluation criteria specifically on

SSE contacts whichtests [ YYC2f RQa YSUK2R 2F | daSvyoféeo
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Figurel5: GDT_TS score analysibwenty FM targets from CASP10 (left two pars, pattern). Three targets foldt
also by BCL::fold from FM category in CASP10 (left two bars, gray). All 18 targets foldedfnidB@®lack). Three

FM targets folded by BCL::Fold (right five bars, gray). The y axis represents GDT_TS score.

with a mean GDT_TS score of 36.8% and a standard deviation of 10.4%.

score of 33% as a comparativeeasure between other methods, BGbid was able to sample

GDT_TS scores for the best model generated by BCL::fold ranted in from 23.3 to 64.5%

Using the mean GDT_TS

models above this threshold in 12 out of 18 cases. Comparisons of the BCL models with the

experimentally determined structure by measuring RMSDIA® and GDT_TS show efficient

sampling of the correct topology ( TalflgFigure b).

proteins.

proteins[50] andin 32 of 38 membrane benchmark proteir§§5] The corret topology was

./ [YYC2f RQA

A1 YLX Ay 3

LISNF 2 NX I yOS

defined as the ability to fold models with an RMSD10880A to the native.

models that are focusing on sampling ler@nge contacts between SSHsgure 16 shows how

gl

a

St t dzf

BCL::Fold was able to sample the correct topology in 61 of 66 soluble benchmark

While RMSD100 is suitable to assess Rosetta models, it is not as helpful féolBCL.::
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well BCL:#ld samples the different protein topologies, measured the topology scoits.
applicability is limited foremost by the number of SSE contacts. For targets with very few
contacts (TO722 has a single contact) many models algienigh score, and the discriminative
value of the topology score is reducedwhile the topology score does currently not consider
specific types of interactions between SSEs, it does include the secondary structure type; thus,
an incorrectly predictedecondary structure type leads to all contacts of this incorrect SSE to be
evaluated as false. The thresholdsassume a contact between two $S&re derived from
idealized, native protein models and therefore fairly large; this can lead to detecti@S&f
contacts even for SSEs that are only indirectly in contact but still a very short Euclidean distance
apart, like the first and third strand of a sheet. Additionally, the value of the topology
visualization is narrowed by the projection of threémensonal protein structurs into two
dimensions which reaches its limits for complex topologies. While the topology score has some

caveats, overall it captures the protein topology quite well.

For the topology score, which measures the true positive cdntattio, we set the
threshold to 0.8. At this level, two topologies share an overwhelming number of SSE contacts.
Furthermore, we observe similarities when visually inspecting the topology plots of protein

models (Fig 7).

BCL::Fold samples models abdke threshold of 0.8 for 11 out of 18 targets (Fig).1
All targets with a native SSE contact count up to 20 have a topology score above the threshold.
With increasing native SSE contact count and complexity, the topology score decreases

expectedly.
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Selection of models for loop and side chain construction

Difficult, however, proved the selection of models for the subsequent refinement steps.
During CASP10 we attempted selecting the best models by BCL sum score, the centers of the
largestclusters, and the best scoring models in each cluster. However, no method enriched for
high GDT_TS and consequently the models most similar to the native were consistently lost. For
model TO700, we sampled a topology with an overall GDT_TS score of \64.Selected a
model with a GDT_TS score of 57.6 for further refinement. After loop and side chain
reconstruction, our model drifted further from the true native structure with a GDT_TS score of
38.6. Ouir final submitted model for this target had a GIH score of 31.3. Most of the targets

folded with BCL::Fold had this attrition pattern. Interestingly, model T0682 improved
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substantially after loop reconstruction from a GDT_TS score of 28.8 to 37.1. Our final submitted
to CASP10 for this target had &VSD100 score of 5.4 and GDT_TS Score of 33.0 (Fig 12 and

16).

Addition of loop and side chain coordinates

While adding loops to the cluster centers decreased the average GDT_TS scores from
31.2 to 23.5, the GDT_TS average dropped again from 23.5 taw@2r the side chains were
added with Rosetta version 3.3. To rebuild side chains, the models were relaxed. To limit
movement of the backbone constraints for every@ bond distance below a cutoff of 8 A were
applied using a harmonic function with aastlard deviation of 0.5. During sidhain
reconstruction with Rosetta, 12 of the 18 CASP10 targets had a radius of gyration score >1100
for approximately 30% of all models indicating unfolding despite the constraint (T€¥#4, T
649, T0655, T0663, TO®6T0684, TO691, TO704, TO720, TO722, TO743, and T0745). This
unfoldinglike event was triggered because th€IBmodels scored poorly in thedetta energy
function (Fig20). Models that were unfolded were not considered further. As a method of last
resort, Rosetta was used to add side chains without relaxing the backbone but only repacking

the side chains.

Discussion

BCL::fold fails to sample the correct topology in seven cases

In 7 out of 18 cases, the best scoring BCL::fold model had a topology cfce€es8,
which means the correct topology was not found. Investigation the reasons for these failures,

we found that the target with the lowest topology scores had SSEs missing in the secondary
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structure prediction and subsequently in the SSE pool. Th&8% topology score of 0.44 and

had two helices missing; T0649 had a score of 0.68 and had one helix missing.

Table9: Comparison of the GDT_TS Score and RMSD100 Score with the.Mdtv®&est Model Produced During
folding with BCL::Fold (A); The Selected Models from Clustering (B); The Models After Loop Reconstruction
Models After Side chain Addition (D); The Final submitted Model (E)

Target | PDB ID GDT_TS RMSD 100
A B € D E| A B C D
TOs44 | 4FRO | 417 321 191 211 211 77 124 115 105
TOs49 | 4Fs4 [ 385 295 195 167 126| 96 135 148 149
TO8S5 | 2LUZ [37.4 256 181 180 170 | 96 134 104 112
TO663 | 4EXR [43.0 397 260 247 245| 58 71 102 131
TOs66 | 3UX4 [388 350 299 286 256| 51 72 69 71
T0676 | 4E6F | 319 262 240 213 200 | 97 117 116 13.1
TO678 | 4EPZ [ 40.0 291 307 292 209| 80 103 79 115
T0682 | 4106 | 37.4 288 371 363 33.0| 48 83 45 46
TO684 | 4GL6 |23.8 222 (153 135 134 120 120 128 137
TOs86 | 4106 | 291 291 138 120 120 104 104 122 169
TOs91 | 4GZv | 348 268 192 174 137|109 127 109 123
T0700 | 4HFX [ 645 576 386 386 313 | 72 104 141 133
T0704 | 4HG2 | 25.0 17.9 126 113 105 107 119 103 135
70720 | 4iC1 | 261 242 198 198 156|106 108 103 108
T0722 | 4FLA [ 535 460 387 407 389 | 51 69 207 201
T0724 | 4FMR | 233 219 136 124 124|118 141 144 173
TO743 | 4HYZ |384 372 257 252 235| 83 106 94 98
T0745 | 4FMW | 351 331 218 187 185| 85 102 104 115
FM Target Average GDT_TS Best GDT_TS
T0663 36 435
T0666 21 34
T0684 16.5 24.5

Models for TO724 have an incorrect strand topology because BCL::Fold models were

created as protomers while the native existsdamer in which strands from both monomers for

a sheet.
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Figurel?: Visualization of the topologyor the native and the best scoring model according to the topology score
T0663 with topology score of 0.81

The remainder of four incorrect targets failed to sample the correct topology because of
a combination of reasons, most notable for two reasons. Long SSEs webetgilito smaller
ones, either by DSSP when assigning secondary structure to the natives, or by the secondary

structure prediction methods that we employed. The correct topology was simply not sampled

and recognized as a best scoring model, often with the order of strand iBStheets being

incorrect.
BCL::Fold models have loops that are impossible to close

BCL::Fold assembles tertiary structure from disconnected SSEs. Because of this, we
must ensure that the distance between the end of one SSE and the beginning of thB8Stex
can be bridged by a loop. Two components of the BCL::fold scoring function control this

requirement: First, there is a penalty if the Euclidean distance between two SSEs is longer than
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the maximal Euclidean distance that can be bridged by the nurabamino acids in the loop.
Models that violate this rule are heavily penalized during Monte Carlo sampling and likely
rejected. The second component is deigned to plades S& that loops between them match a
loop score potential that reflects nativedp conformations from the PDB (PISCES dataset, see
Methods). This loop score potential evaluates the Euclidean distance probability in dependence
of number of residues[51] As this score is a function of only Edelin distance and sequence
distance, it neglects the spatial arrangement of SSEs. AnalysiSBfLEModels revealed that
BCL::Bld constructs models where loops cannot be closed without passing through E§&i®

18 depicts a model produced by BCldftor target TO663. The Euclidean distance between
residues ASN55 of helix 1 and TYR65 of hatx28.5A. To bridge this distance with 9 amino
acids, each amino achas to be 2.8 on average, which is less than the averag& Qlistance

of 3.3 A. However, with the placement of strand SSEs between the loop ends, all paths to close
the loop between helices 1 and 2 pass through the strand SSEs. Overall, 76% of BCL::Fold

models produced during CASP10 folding simulations containglosable loops beause of this

behavior.
Figure 18: Topology Score Threshaqldrue
1.004 « -« PEE positive rate (precision, y axis) compared with
the complexity of a protein (number of SSE
; contacts in the native, x axis). The true positi
. 2 . ’ rate of BCL::fold models decreases with
0.754 ‘ increashg complexity
0.50
0.251
0.00
0 10 20 30 40
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The BCL::Fold loop potential is often violated for consecutive SSEs

Loops found in native proteins bridge preferable Euclidean distancegpmkending on
GKS 22104 aSThdzSiyett®optp&entiiokBCRd mirrors this preference. It
is a sequence independent score, which contributes to the overall energy function. The PISCES
data set used to create this potential includes all possible loops, that is, loops between
consecutive and nonconsecutive SSBecause BCL::fold does not assemble SSEs in sequence
order, the potential must evaluate incomplete protein models with unplaced SSEs. Therefore,

nonconsecutive SSEs were included in the loop scoring potential.

Figure19: Comparison of example BCL models with the native target structimeT0663 (top) and T0722
(bottom). The experimental structures without loops are shown in gray (based on PDBIDs 4EXR and 4FL,
respectively). The predicted models (rainbow) show the highest scoring model produced by BCL (A, D, wit
GDT_TS of 43.0 and 53.5, respectively); The best scoring model by BCL energy function (B,E with a GD1
and 26.9); The best scoring model irglest cluster (C, F, with a GDT_TS of 22.1 and 32.6)
To test the loop potential accucgt, we compare the CASP10 models produced by
BCL::Fold to structures from the PISCES pdb set. Because the Euclidean distance that a loop

spans depends on the sequence length of the loop, we normalize the Euclidean distance by the

logarithm of the sequencelength, d/logds, this results in homogeneous distributions
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independent of loop length. The #tlop distributions (that is, consecutive and nonconsecutive
loops_ for d/logds for CASP10 models, CASP10 natives, and PISCES are alREAJ)idhe
meansof the distributions are 6.2, 6.6, and 64 respectively, and confirm their similarity.
Thus, we conclude that this weighted potential distinguishes ndikeesequence and distance
length of loops from nomative configurations in terms of sequen@ngith and corresponding

Euclidean distance.

&
L

O
~KX,
LS

Figure20: BCL model for target TO655 before (A) and after side
chain addition and relaxation with Rosetta (B)

However, when evaluating the CASP10 models with the conseaurtlye loop
distribution (that is, only loops between consecutive SSEs are included), we find a substantial
bias between CASP10 modelsidroth CASP10 natives and PISCES structure$ZBg). Their
means are 8.1, 5.8, and 547 respectively. The sequence lengtiofla loop is not changing as

it is defined by the secondary structure (prediction) of the particular protein and only fased
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normalization. Therefore, the difference between the distributions can only be caused by
differences in the Euclidean distances dCreating models with loops of longer Euclidean
distances dthan found in native structure for a given sequence léngauses BCL::Fold to
produce nonnative like loop arrangements. Thus, the loop potential is not a sufficient metric to
generate nativdike models from disconnected SSEs. Furthermore, the current loop potential
does not consider the spatial positionirf other SSEs and does not account for potential

clashes between these SSEs and a loopZEjg.

Figure21 A model for CASP10 targe0863 folded by BCLThe
Euclidean distance between residues ASN55 in helix 1 ( rainbow
colored on the right) and TYRG65 in helix 2 (rainbow colored on th
left) is 25.5A. Without the central sheet (pink) the loop could be
closed; it is impossible to cleshe loop if the connecting amino aci
have to be positioned around the sheet.

A small loop angle favors more nativiée loops

To address the shortcoming we devised a loop measure that reflects this difference
between consegtive and nomconsecutive SSEs more drastically. For native proteins, we

observe that loops between consecutive SSEs are positioned locally on a protein structure, that
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is, consecutive loops tend to begin and end on the same side of the structure andtdo n
connect through the center. Geometrically this can be measured as the angle between the end
of one helix, the center of the protein, and the start of the next helix (B@\)g. In native
protein structures, consecutive loops overwhelmingly favor $smaafjles, as shown for the
CASP10 native and PISCES pdb sets, of which 75% are smaller°tligiy 8jB) green and

blue, respectively). Models with loops that would clash with other parts of the protein
frequently have large angles of close to 18Bf. 13(B) red). We can use this information to

discriminate native like arrangements from models with large angles.

A | B
0.151 .' 0.15
0.101 0.10
0.051 . 0.05-
0.001 ‘ - 0.00
0 10 20 30 0 10 20 30

Figure22 The density distribution of the BCL loop scadesplaying Euclidean distance over the
logarithm of the sequence separation for loagions between all SSEs (A) and consecutive S¢
only (B). While the distributions of BCL models (red), CASP10 natives (green) and PISCES
(blue) match each other for lops between all SSEs (A), the distribution of BCL models shows
when onlyloops between consecutive SSEs are considered (B)

When including nonconsecutive loops, the distribution of loop anges is exhibiting two frequently
occurring angles, small ones fdoops connecting consecutive SSEs, and large ones for
connecting nonconsecutive SSEs (Figures 20(c)). To evaluate the loop angles of a protein model,

we must differentiate between loops that connect consecutive and nonconsecutive SSEs.
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To test whetheffiltering by the new loop angle measure would select for lower RMSD
models compared to the existing loop score, we folded models for eight CASP10 targets (1000
models for T0655, T0663, TO676, TO678, T0684, TO700, TO745; 700 models for T0722). The
RMSD cuiff was set to 10 percentile. Both, the existing loop score and the loop angle score
were then used to select the best 50% of the models below the RMSD cutoff and in three cases
decreased the number of models below the RMSD cutoff by more than the texbh&0%

(TO684, TO700, and TO722). The loop angle score filtered on average 61% of the models below
the RMSD cutoff and only in one case, T0722, it selected less than 50% of the models below the
RMSD cutoff. Thus, the loop angle score is selecting nadireedike models and can improve

the BCL scoring function moving forwaf@iable10)

Tablel0: The percentage of models below the RMSD cutoff kept when filtering models for each target with the
existing loop score and the loop argkcore, showing that the loop angle score keeps in all cases more low RMSD
models.

Target % Models kept by existing % Models kept by loop
loop score angle score
T0655 70 70
T0663 67 76
TO676 52 57
T0678 52 63
T0684 44 57
TO0700 37 57
T0722 16 43
TO745 59 62
Average 50 61

BCL::Fold misaligrisstrandregisters

Carbonyl and amide groups in parallel and antiparallel strands of native proteins are
aligned to allow the formation of stabilizing hydrogen bonds. A hydrogen bond is formed
between the arbonyloxygen (hydrogefbond acceptor) of one amino acid with the amide

hydrogen of another amino acid (donor). In a sheet with the antiparallel strands i and j, the
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following pairs of atoms form hydrogewonds, here denoted as (acceptor, donor);, @, (G
Q). (G2 G2), (G2, G2, (Gay Ga), (Ga G0 £ X 4B thelpadern for parallel strands i
andjis (£G1), (G G, (G2, G0 = X GHCH. T dzNB  w

A Sequence distance ds B C
1.00

Euclidean

““;v
w) distance de ‘ 0.75
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Figure23: Visualization of loop angle metrieyhich measures the angfebetween the end of one SSE (dark blue),
center of gravity, and the beginning of the next SSE (light blue; A). The density distribution of thereis¢ for lop
regions between consecutive SSEs only is concentrated to acute angles for PISCESPArnatives (B, blue and
respectively). BCL models exhibit a higher number of large angles for consecutive loops (B, red). The density
distribution of the cod() metric for lop regions between all possible SSEs shows two frequently found anugads,
ones and large ones, for all sets, BCL models (red), CASP10 natives (green) and PISCES(blue; C).

Angle alpha

BCL::Fold does not control for this alignment in ordersimplify the folding energy
landscape. It only controls for distance and relative orientatioh-sfrands withini -sheets.
We hypothesized that misalignment of hydrogen bonds withgheets might cause clashes that

are responsible for the large fraoch of models that unfolds during Rosetta refinement.

To evaluate the strand register alignment of BCL models and compare them to natives,
we measured the angle between carbowgrbon, the carbonybxygen and the amide
hydrogen, and the distance from thearbonyloxygen to the amiddiydrogen. While in native
proteins a hydrogen bond rarely has a Euclidean distance longer than 2.1 A, we measured
putative hydrogen bond atom pairs that were in paitedtrand SSEs and withirrelaxedcutoff
of 45A. The hydrogeionds in aligned strands of elucidated proteins have characteristic

angles close to 18Gand distances of 1.9 to & Analysis of CASP10 BCL::Fold models, CASP10
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experimental structure andhe PISCES is summarized in Figute th BCL models, we find
substantial deviations to smaller angles and larger distances uphtéo# more than half of the
models for both antiparallel and parallel sheets. The deviation in hydrogen bond angle and
digance is correlated in BCL models. Additionally, BCL models exhibit a slightly shorter
hydrogen bond distance of 1.8 to 1.9 A even for hydrogen bonds with a Hidivangle. This

points to an incorrect placement of SSEs.

-1.0 -0.5 0.0 05 ]

Figure24: Hydrogenbond patternand angles between the carbonrgérbon, carbonybxygen, and amidéydrogen
in antipardlel (A) and parallel strands (C). Comparison of the hydrbged angle for BCL models (red), CASP10
natives (green), and PISCES (blue) for antiparallel (B) and parallel strands (D). While the angles for CASP1C
PISCES sets match, BCL modalgate. The saxis shows the cosine of the hydrogeand angle, the y axis the
normalized density.

Misalignedi -Strands cause clashes in Rosetta

The misaligned -strands result in a high positive contribution from the repulsive score
term (farep) and no attractive contribution form the hydrogen bond score term (hbond_Ir_bb),
which leads to an unfavorable Rosetsxore overall. The ra_rep term is the repulsive
component of the van der Waals force, for example originating from carlmtyden of two
strands being positioned too close to each other. The hHorab term evaluates backbore

backbone hydrogen bonddsdant in the primary sequence as they appear in sheets. Due to the
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misalignment of strands, the hbond_Ir_bb term is zero and does not contribute to the overall

Rosetta score. (Figur&p

-1.5

Figure25: The analysis of Rosetta energy scoring terfosthe native and a BCL model of target T0655 (shown is
the sheet @rt of native and model). The native shows no penalty from the repulsive score (A, fa_rep Rosetta
term) and a beneficial contribution from the hydrogen bonding score term (B, hbond_Ir_bb Rosetta score tern
Contrary, the BCL model exhibits a veighhrepulsive score (C, fa_rep) and little benefit from the hydrogen bonc
term (D, hbond_Ir_bb). The color scale stretches from blue represetitiBdgrosetta energy units (REU) through ¢
(0 REU) to red (6 REU); the scale was chosen to red depicteafurther from zero than blue to account for the
bigger range of the repulsive score.

This causes Rosetta to unfold BCL models, despitstreamts (Figure20), in the last
step of our CASP10 pipeline, which adds side chains and structurally refines the protein by

cycling through repack and minimization steps.

wStrand placement in BCL::fold models needs to be refined to align hydrogen bamrs

and acceptors

The assembly of disconnected SSEs allows BCL::Fold to sample different sheet

topologies and register positions without being restricted by the residues connecting the two
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strands SSEs. For this reasestrand placement is controllednly be a mutate function that

places one strand next to another in the preferred angle and distajich. However, the

LX F OSYSyUiNI2yTRa 2yt & 06S GKS RA A& lsket$s insufficenti 2 NA A 2
to produce BCL::fold models that can be refined with other programs. We plan to add a
NEBFAYSYSyid &adar3asS Ay 2strands[éony Bdrizais an& bvaluatdsNd: y a f |
d02NAy3 GSNY GKIFG O2ydiNRfa GKS Fy3afS h AyiNRRA

function that selects for more natve A { S Y2 RSt & o 2§ SELISOG GKI G

strands will reduce the unfoldingvents observed during Rosetta refinement.
Conclusion

Despite inaccuracies in secondary structure prediction, BCL::Fold wase ablaple the
correct fold for most of 18 a@s studies herein. The best methods in CASP10 submitted models
with an averag€sDT_TS of around 33% in the RM category. BCL::Fold achieves this threshold in
initial models after folding for 12 of 18 targets. Similarly, BCL::Fold is able to produce models
with a topology score of at least 0.8 for 11 of 18 targets. However, thefplaéng filtering and
refinement strategies removed correctly folded models from consideration in almost all cases,
mostly for structuralartifacts present in the BCLald models. This result shows that BCL::Fold
has the potential to compete wit the best de novostructure prediction algorithms if a)
unrealisticgeometriesA y f 2 2 LSfiands gaR bei removed and thely the attrition of
accurate topologies durinmnodel refinement can be stooped and b) an approach can be found
that recognizes the mostcaurate modelswithin the BCL::fold ensembleHowever, with this
analysis and planned work to address the recognized weaknesses, future versions of BCL::Fold

produce more nativdike models without incorporating templates or experimental data.
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CHAPTER IV

RECONSTRUCTION OF EXPERIMENTAL SANS PROFILE FROM PROTEIN MODELS

Overview

A Small Angle Neutron scattering (SANBS I a dzZNBYSy i NBLINBaSyia
rotationally average intensity (I) as a function of scattering angle Ag)with SAXSarge
pairwiseatomic distances are represented by small scattering angles and small pair wise atomic
distances are represented by large scattering andi8ee Figur6) In the case of SANS, the
overall scattering curve represents thadially averaged contribution cll Neutrons including
hydrogen atomsn all orientations. The same parameters from SAXS carexteacted directly
from SANS These parameters includiae molecular mass (MM), radius of gyration (Rg),
hydrated particle volume (Vp) and maximum particlardeter (Dmax). Furthermore, théANS
scattering curve contains information related to the overall shape of the molecule and is

routinely usedo validate structural modelgl].

PDB_ID: 2LUZ PDB_ID: 4FLA

S ——PDB_ID: 2LUZ
~—PDB_ID: 4FLA

000 005 010 0.15 0.20 025 030

Momentum Transfer Vector q (A)

Figure26: Envelopes of SAXS / SANS profil@svo proteins of distinct shape: globular (2LUZ and rod (4FLA) are
shown. On the lefare the different scattering profiles, on the right are the proteins with the envelope surround
the protein.
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Significance

The Guinier analysis ia method to compute protein size, particle interactions
(aggregation), oligomeric state, and overall data quallityreciprocal space The radius of
gyration and forward scattering |(@ye obtained from a plot of In[I(q)] ve?. For monodisperse
samples, this plot should be a linear line where the radius of gyration is the slope and the y
intercept is 1(0). If the Guinier plot is nonlinetlren inter-particle interactions, polydispeity,
or improper background subtractiomas occurred in the sampleThe 1(0) value normalized to

solute concentration is proportional to thelM. TheMM can be used to distinguish different

oligomeric states.
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Figure27: SANS analysis of AtCESA3CatD monom8ANS profile for AtCESA1CatD (blacl
circles) overlaid with simated scattering curve for GhCESA1CatD (white circles) Inset sh
P(r) plot derived from experimental scattering data of ATCESAl1@ati.plantcell.org
Copyright American Society of Plant Biolodi}s

After Guinier analysis, the distamdistribution function p(r),is computed by a Fourier
transformation of theSANSattern. The shape of the p(r) function is used to characterize the

overall shape of the systemA Direct Fourier transformatiorof the SAXS profil® obtain the
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distane distribution functionis not possible and indiredtourier methods must be used A
common method usedis implemented in GNONIL17]. A spherical particle has a beliaped

p(r) curve and is shown in figur@.2
Innovation

This implementation of SANS uses the Debye equation witidependent neutron
scattering lengths used in the place ofdgpendent from factors. These quantities are a
measure of the scattering power particularelectron or neutron contain. The excluded volume
is handled the same way it was for SAXS, with a parameter to account for varying neutron
densities. The solution and hydration layer is controlled by a thickness parameter and a
percentage ofdeuterium in solution. In the presence of deuterium, hydrogen exposed to the

surface will be replaced with deuterium, which changes the neutron scattering profile.
Reconstruction of SANS Profiles from atomic models

Neutrons and protons form the nucleu$ an atom and both have a mass of 1.67 ¥10
kg. Protons have a positive net charge of +1 while neutrons have a net charge of 0. They have a
spin state of +1/2. Electrons have a much smaller mass of 9.109"xkd0 Becase the
neutrons are unchargk they are not affected by ionic interactions. They are only scattered by
nuclear forces. This allows them to penetrate deeply into the target until they interact with
other nuclei. Hydrogen scatters neutrons strongly. Although magnetic scatteringsptaevill

focus on nuclear scattering.

Neutron scattering is governed by the four dimensional scattering law. This law

characterizes scattering as a function of the momentum transfer in three dimensi@nangd
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energy (E). The scattering is recorded a detector as a spot of intensity (I). For this

implementation | restrict analysis to elastic scattering (no energy loss or p&mn:

0 oo n 4.1
The scattering law dimensionality is reduced from four to three. Theutus of the wavevector

and hence the wavelengtfs) is unchanged.

s O -— 42

Because the energy change is zero during elastic scattering, the kinetic energy is conserved. The
magnitude of the momentum transfer is linked with teeattering angle and the wavelength of

the incident beam.

[Kel =2 /A
Wave Number

K| =2m /A

26 Scattering Angle

Figure28: Physical basis of momentum transfer vectoBecause energy is conserved in
elastic scattering the initial wavenumber=the final wavenumber K Q is the difference
vector between Kand K. Using basic trigopnometry, Q is derived from the sin definition.

4.3

The differential cross section

Consider ateady streanof thermal neutrongflux) all with the same energy incident on
a target. The cross section is obtainddom measurements made on neutrons after they
interact with the scattering systemit representsthe effective area presented byraiclease to

an incident neutron and is quantified as the fraction of incident particles that scatiére
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differential crass section is the number of scattered neutrons per second into a solid angle

divided by the flux.

The differential cross section is linked to the elastic scattering law and scattering
intensity. All scattering interactions are assumed to be elastics mMkans the incident beam
contains particles of the same energy as the scattered beam. With energy fixed, the scattering
of a neutron is characterized by a change in momentum P. Changes in momentum vary
depending on the atom type and are characterizedngutron scattering lengths. Neutron
scattering lengths are experimentally measured for different atoms. They do not vary with the
atomic number in a predicable way. The magnitude of the scattering length (b) determines the
strength of scattering. Thealues of scattering length depend on: 1) particular isotope of the
element, 2) The spin state of the nuclemsutron system, 3) Evemucleuswith non-zero spin
has two values of the scattering length. If the spin of tlueleusis zero, the system camty
have spin %2 and there is only one value of the scattering lenfgtinthermore, b is positive for
repulsive potential. Neutron scattering lengths are independent of the modulus of the
momentum transfer vector. The formula to compute a SANS prodihe & rigid body is:

- OF

(04 wnown e 4.4

where b and b are the neutron scattering lengths and the sinc functisrthe orientational

averaging.The neutron scattering lengths are compdtas follows:

O O 0GR OYWw o 4.5
The major differences between the Debye implementation in SANS from SAXS is: 1) the neutron
scattering lengths of atoms and atomic groups are used to evaluatefEmtors. 2) In solutions

with D,O fractions 0 <Y <1 all hydrogen atoms in hydrophilic (N, N\, OH, SH) groups are
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replaced with probability Y. The main chain NH groups are replaced with probability 0.9Y. The
scattering density for the excluded lwmne calculation was modified. The Scattering results are

showed in the appendices for protein 1LENH.
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CHAPTER V

SAS AS AN EXPERIMENTAL RESTRAINT FOR PROTEIN STRUCTURE PREDICTION

Overview

The combination ofSAS experimental datawith computational protein structure
predictionalgorithmsprovidesan opportunity to predict structures closer to the natitepology
[118120]. SA profiles have lBn used to identify nativéike protein models from a large set of
alternative protein modeld1, 10, 121]. Furthermore,SAS profiles have been usedto filter
models in protein structure prediction algorithms[6, 8, 17, 18, 122] Because the SA
experimenal technique represents proteins with spherically averaged electiomeutron
densities, multiple structures can be reconstructed frima same SAXS profildMishraki et. al
used SAXS experiments to monitor the hexagonal state of the HIl mesophasedittatare.

They also used electron paramagnetic resonance (EPR) to measure insulin entrapment within
the lattice structure[123]. Wang etal combined residdadipolar coupling (RDCs) from nuclear
magnetic resonance spectroscopy (NMR) with SAXS restraints to orient subunits and define the
global shape of muktomponent proteins and protein complex§s24]. Grishaev et al. used
NMR and SAXS restraints to refine the solution structure of thke[82 enzyme malate synthase

G[125.

Significance

BCL::SA% a module inside of oude novoprotein structure prediction algorithm
BCL::Fold. The integration of BCL::SAS with BCL::Fold provides a means to utiiZ8ABISXS
scattering profiles as an additional term in the potentialeagy functio51]. My algorithm

computes complete SRscattering profiles for complete protein models and an approximate
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scattering profile formodels missing side chains and loop regions that are produced after the

initial folding stages. | mentored Oanh Vu, a summer rotation student tmmpare the

OF £t Odzt F GSR aOFGOSNRAY3I LINBFAES gA0GK (GKS WSELISNJ
A lower SAXS score suggests a higher probability that the BCL.::fiédl Inas a similar topology

to the native structure and vice versa. To prepare positive controls for testing, side chains and

loop regions of crystallographic structuresI® monomericprotein samples were omitted and

then simulated and recovered by B@id. These samples were obtained through the

Northeast Structural Genomics (NESG) consofti2@).
Innovation:

During a protein folding run with BCL.::fold we penalized models that deviated from the
overall SAXS score by incorporating it as a terrthé linear weighted scoring function. We
compared our fold benchmark set with and without SAXS restraints and found that

experimental SAXS improves sampliyga small margin

We used bothabinitio and rigid body modeling techniques to investigate thariability
of the SAXS agreement score. Ahnitio methods search for three dimensional shapes
represented by beads that fit the experimental SAXS prafilé are used for SAXS envelope
construction8, 127]. This method providean ensemble of configuratiorthat correspond to a
given scattering pattern. In Rigid body modeling , a SAXS profile is compurethfs atomic

coordinates and compared with experimental data using.tlagreement scor¢l122].
Compute SAXS scores

The SAXSscor compareshe similaritybetween a reconstructed profilérom amodel

produced througBCL.::Foldwith its corresponding experimental SApSfile. Since we want to
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include the overall shape of the SAXS profiles into the comparisen, & @a&sNh&npted

based on the drivatives of the experimental and computegrofiles[41] To create a
differentiable function representing the experimental data, and nonimalize variality of
intensities at high q values, a fitted line of the experimental SAXS profile was generated using
locally weighted scatterplot smoothing (LOESS) iAgpgndix VL This fit line was useds a

standard to evaluate each of the putative models geteddy BCL::Fold
Missing residues in the-Ray Crystal Structure affeeigreement between SAXS profiles

The method of XRay Crystallography for structure determination can only be used upon
successful formation of crystals around the desired protaiget. This crystallization process is
unpredictable and imanycasesunsuccessful. One of the reasons for failure issed by log
flexible regionof amino acids preventinthe formation of crystals. To overcome this problem,
crystallographerswill cleave (when possible) the flexible region of the protein to enable
crystallization and subsequent structure determination of the coraese floppy regions are oft

times found at the N or C terminal of an amino acid sequence.

To investigate the effedhese missing residues have on experimental SAXS prafies,
obtained the experimental SAXS profile of 3HZ7. This is a protein domain of unknown function.
The domain is a monomer with 87 residues and a molecular weight of 9523 Da. The PDB
containscoordinate information of 74 residues. The final 13 residues were missilsing the
modeler program in Chimeraye modeled 500 structures of this protein with the missing
residues added. By modeling the missing residues on the C terminus of 3W&7Ayere
able to improve the chi agreement from 5.24 to 1.33. (Fig@®e Modeling the missing residues
caused the chi agreement score to vary between 1 and 6. ifdicatesthat long floppy regions

at the termini of proteins have an effect on the SAXS chieageat score.
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Figure29: Modeling missing residues improves SAXS profile agreem8hbwn in the left ishte experimenta
SAXS profile (red dots) and error bars (gray lines) of 3HZ7. The green line is the computed SAXS pro
missing residues; the blue line is the best fit profile after modeling. The computed SAXS envelope fror
DAMMIN was computed armaverlaid over the structure with the best chi agreement to experimental date
(upper left corner). The right panel depicts the chi agreement distribution of the 500 models created in
modeler.

SAXS experimental profiles and pdb files of crystallographic strgctith missing
residues from our benchmark setewe used to explore loop modeling with Chimefaey were
proteins 1 _3HZ7, 6_3LYY, 9 3ICL, 10_3IGN, 12_3LJX3 &¥XL.These proteins ranged in

size fom 9.5 KDa to 48.5 KDa. (Tahlg 1

Table11l: Summary ofl3 monomeric proteins ranging in size from 9.5 KDa to 48.5 KDa

Protein Name Molecular ~ Observed Missing
WeightDa  Residues residues

1_3HZ7 Domain of Unknown Function 9523 74 13
6_3LYY MucBP domain of adhesion PEPE_0118 14300 102 5

9 3ICL EAL/GGDEF domain protein 18738 162 9
10_3IGN Diguanylate cyclase 20256 165 12
12_3LJX MmoQ (Response regulator) 32032 252 36

13 3L Putative urtharacterized protein 48519 416 30
18_2KW9 MKL/myocardinlink protein 1 8276 75 0
20_2Kvz Putative peptidoglycan bound protein 9712 85 0

21 2LOB E3 ubiquitinprotein ligase Praja 1 10297 91 0
22_2KZ5 Transcription factor NE2 10623 91 0

24 210D Cellsurface protein 12385 114 0
26_2KW7 N-terminal PG_0361 from P. gingivalis 17485 157 0

28 3LD7 Lin0431 protein 12747 87 13
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FASTA files of full protein sequences were attained from the protein data bank (PDB).
Missing residues were added by to the crystauctures using ChimergTable 2) There was
one case where the addition of missing residues caused an increasgirement score. This
was protein 13 _3HZLIn this case the Merminal residues protrude away from the protein
instead of filling in the open space in the enveloféigure30) Modeler is not a stochastic

process, and may not have sufficiently sampleel conformationakpace.

Tablel2: Effect of modeling missing residuegth modeler

Protein Residues Total Residues Missing Modeled
Observed Residues Missing residues. residues.

1 _3Hz7 74 87 13 4.2 1.3

6 3LYY 107 131 24 6.1 5.4

9 3ICL 162 171 9 3.7 1.6

10_3IGN 165 177 12 4.2 2.5

12_3LJIX 252 288 36 29 2.3

13 3HZL 416 446 30 1.4 2.5

Figure30: Structure and SAXS Enwpk of 13_3HXLFive ab initio shape reconstructions were generated by
DAMMIF and averaged with DAMAVER. The best scoring model by chi agreement is superimposed in envt
using SUPCOMB. A) Modeled residues with Modeller B) Modeled residues with Rosetta

Rosetta models missing residues

To resolve the protruding loop (FiguB®). The loop modeling application in Rosetta
version 2014.35%7232 (Appendix VIwas usedto relax the top scoring model from modeler

For each of the 500 structures relaxede used CRYSOL to compared experimental profile with
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the simulated profile from the model. (Tabl8)ln the case of 13_3HZL, Rosetta miaty did
not improve the . agreement. In the remaining cases, modeling the missing residues with

Rosetta improved the agreementbetweenexperimentl data

Table13: Effect ofrelaxing Chimera models witRosetta

Protein Resides Total Residues Missing Modeled
Observed Residues Missing residues. residues.

1 3HzZ7 74 87 13 4.2 1.3

6_3LYY 107 131 24 6.1 51

9 3ICL 162 171 9 3.7 2.9

10_3IGN 165 177 12 4.2 2.0

12_3LJX 252 288 36 2.9 2.3

13 _3HZL 416 446 30 1.4 1.4

We cut outthe modeler step entirely and used Rosetta to model the missing residues for the
entire benchmark of monomeric proteinsnd added one more protein 28_3LD7 to the.set

(Table 14)

Table14: Effect of modeling missing residues with &eita only

Protein Residues Total Residues Missing Modeled
Observed Residues Missing residues. residues.

1 3Hz7 74 87 13 4.2 1.3

6 _3LYY 107 131 24 6.1 5.0

9 3ICL 162 171 9 3.7 1.6

10_3IGN 165 177 12 4.2 24

12_3LJIX 252 288 36 29 2.2

13_3HZL 416 446 30 1.4 1.7

28 3LD7 87 100 13 7.4 2.4

The . range of correct secondary structur@pology

Toexplorethe behavior of the score,a set of1000folding models were generated for
each of thel3 protein samplesising BCLFold without using the SAXS score as a restrair
each of the50 modds, SAXS profiles were computed and comgariéh experimental data for

three levels: 1) withouapproximation,2) with side chain approximation arng) with both side
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chain and loop approximatioff.able b depicts the effect of comparing models without loops or
side chains with experimental SAX$adaFigure 28&howsthe folding results ofmodel 1_3HZ7.

The remaining models are shownAppendixVIIl

Tablel5: Statistics of 1000 BCL::Folding models for each proteltheminimum. score obtained (min), maximum
score obtained (max) mean chiscoré (X a il yRI NR .R&@ bflthé hafivg praieinivithbuy'skle chains
or loop regions (N) are reported for each level of approximation.

No Approximation Side Chain Appraxiation Loop Region and Side Chai
Approximation
Model min  max ) N min  max ) N min  max ) N

1. 3HzZ7 14 51 33 07 475 15 51 31 07 416 15 36 24 04 224
6_3LYY 16 3.4 25 02 24 17 35 25 03 259 18 37 27 03 240
9_3ICL 3.4 7.5 52 09 336 25 6.8 45 10 246 20 5.1 35 06 3.02
10_3IGN 2.3 6.5 41 09 250 17 57 37 09 169 15 5.3 29 0.7 258
12 2L0D 3.0 9.1 56 11 330 3.0 88 55 12 298 21 10 54 11 210
13 2KW7 2.9 6.6 43 09 337 27 7.2 44 10 335 18 6.0 40 09 182
18 2KW9 2.8 3.7 31 11 320 26 35 30 01 316 25 34 31 01 317
20_2KvZ 15 3.6 25 05 280 15 34 24 04 29 13 34 21 03 281
21 2LOB 1.2 3.8 23 06 237 12 35 22 06 266 14 36 21 03 356
22_2KzZ5 2.7 4.7 40 04 279 27 48 39 04 291 26 4.7 3.8 04 3.04
24 210D 2.0 5.2 30 06 352 20 53 30 07 349 21 5.3 33 06 315
26_2KW7 6.0 110 84 09 6.06 4.6 11.0 8.0 11 4.62 4.0 9.1 6.9 09 4.02
28 _3LD7 1.7 6.4 39 11 35 17 56 36 1.1 331 15 4.2 27 0.7 283

Without approximations the native topology of model 1 had score of 4.75. At each
subsequent approximation, the score decreased to 4.16 (Side chain approximation) and 2.24
(Loop region and side chain approximation). This ideal behavior was not observed in all cases.
Model 6, 9, 10 all deviated from this petn. For model 6, the side chain approximations
caused SAXSagreement score to increasdn this case the model has long disordered regions
that are not captured in SSEs. These disordered regions are present in the experimental SAXS
data, but only aproximated by BCL::SAXIB.models 9 and 10, the loop region approximations

caused the SAXSagreementscoreto increase.
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Figure31: Distribution of SAXS agreementscore for 1_3HZWith three states of approximation, blue, orange,
purple (Top panels). The gray data point represents the score of the native structure. The bottom plot dep
SAXS score for each model in three approximation states sorted blepurp

To explore how BCL::Fadsemblesproteins,we capturedthe ending pose of a model
during the Monte Carlo samplinprocess as well as the confirmations of the secondary structure
elements (SSES) in the native state. By doing dmis, can quickly observe the difference
between the native SSE arrangement and the SSE arrangement produced by BCL::Fold. The
SAXS scoris degenerate, meaning that structures that are very different can have similar

agreement score. Because of this th&&AXS. agreement is a necessary, but not sufficient

condition for protein identification by SAXS.
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Figure32: SSE orientation of different protein models at the end of each folding stage of BCL:: Euffitrent protein
topologies have similaragreement scores.

110



BCL::Fold with SAXS Restraint Score

For each of thel3 proteins | generated000 mode$ through BCL::Foldithout using
the SAXS restraint duringe simulation. The first 1000 models were created with the native
SSE pool, while the second 1000 models were created using a predicted SSEAftepl.
generating the modeld, computed the SAX agreement scorand enrichment score for each

model. (Table 16)

Tablel6: Folding Results fot3 protein modelswithout using the SAXSestraint duringsimulation. Either predicted
or native SSE pools were used during foldifig minimum rmsd100 and mean rmsd100 and standard deviation for
the top 10% of the models BFMSD10Gcore are reported as well 8AXS scomnrichment.

Model Pool Min Mean SD Enrichment
RMSD100 RMSD100 RMSD100
1 _3Hz7 Native 3.59 7.54 1.58 0.4
Predided 2.40 5.10 0.90 0
6_3LYY Native 10.46 20.14 3.33 1.9
Predicted 20.79 27.28 1.84 1.0
9 3ICL Native 8.59 11.12 0.65 1.4
Predicted 8.45 11.85 0.78 0.9
10_3IGN Native 8.53 10.94 0.79 0.9
Predicted 8.16 10.95 0.76 1.4
12_3LJX Native 9.82 11.60 0.49 1.2
Predicted 11.69 13.03 0.46 1.2
13 3HXL Native 15.76 17.02 0.42 1.3
Predicted 14.50 16.33 0.53 0.9
18 2KW9 Native 10.03 15.65 1.71 2.8
Predicted 5.75 17.04 2.61 3.4
20_2KVZ Native 12.49 19.43 2.25 0.4
Predicted 12.45 22.48 2.54 0.7
21 2L.OB Native 9.94 12.42 0.98 1.6
Predicted 10.29 13.38 0.91 1.3
22_2KZ5 Native 7.99 10.52 0.83 1.2
Predicted 7.29 10.72 0.86 3.0
24 210D Native 8.50 11.62 1.01 1.0
Predicted 8.18 12.14 1.03 0.4
26_2KW?7 Native 7.73 10.21 0.87 1.5
Predicted 6.62 10.02 0.82 1.5
28 3LD7 Native 6.74 11.11 1.25 0.8
Predicted 9.11 12.23 1.02 1.1

The enrichment scorés a metric to determinénow effectivea scoring metric (in our
case the SAXS scorgpable to select the most accurate models frorsetof protein models. A

givenset of 1000 modelfrom the abovebenchmark $)wassorted bythe RMSD100 score. The
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top 10%(100 models) with the lowest RMSD100 scoresre classified as positive (P) and the
rest of the modelq4900)were classified as negative (N). The madef Swere scored by SAXS
score and the top 10% (100 models) with the lowest SAXS seweclassified as (Tvhile the
remaining models were classified as. (4he intersection of T and P (models correctly selected
by the scoring functionyere clasdiied as true positive (TP)The number of models thaterein
set Pbut not in Trepresentsmodels that are not identified by SAXS as corrgetare similar to
the native structurdoy RMSD100This set is classified as FN (False Negative). The esmicism
calculated as
o Y O 5.1
0 0

The positive models are the 10% of the models with the lowest RMSD100 values. P+N/P is a
constant value of 10. The maximum enrichment score is 10.0. No enrichment would be a value
of 1.0 and a valubetween 0.0 and 1.0 indicates that the SAXS score selects against accurate
models.
Folding with the SAXS restraint

1000 models were folded with BCL::Fold using experimental SAXS dataramtrést
the scoring function. These proteins were folded using hative secondary structure pool.
During folding there were five assembly stages and one refinement stage. The first assembly
stage had the weight of th8AXScore set to zero to allow the initial placement of secondary
structure elements. All subsagnt stages of foldingvith BCL::Folthad the weight of the SAXS
score set to 100With this weight, thetotal contribution of the SAXS restraint to theerallBCL
energy function was approximately 10% perfect SAXS agreement score would be zero and
would not impact the BCL energy score. Any score above zero would impact the overall BCL

energy score by adding a positive value to the score.
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Using the SAXS score during folding caused a slight shift toward native like proteins from
an average RMSDQ®alue of 7.53 (without SAXS restraint) to 5. 2(with SAXS restraint) for
protein model 01_3HZ7 (Fig ABand 20.1A (without SAXS restraint) to 19.4% (with SAXS

restraint) for protein model 06_3LYFig 3B)

A B

-

density

"RMSD100 o MSD100”

Figure33: Folding of 1000 rodels with and without SAXS restraint with BCL::Fold with native SSE FRehel A
depicts protein 01_3HZ7. Panel B depicts 06_3IP¥k represents folding without the SAXS restraint, Blue
represents folding with the SAXS restraint.

Tablel7: Folding Results fot3 protein modelsusing the SAXS restraint during simulatioiither predicted or
native SSE pools were used during foldiftge minimum rmsd100 and mean rmsd100 and standard deviation for the
top 10% of the models BIRMSD10@core. N is the number of distinct models in the set.

Model Pool Min Mean SD Enrichment N
RMSD100 RMSD100 RMSD100

1 3Hz7 Native 3.18 5.74 1.71 0 1000
Predicted 2.50 4,71 0.75 0 50

6 3LYY Native 10.62 19.46 3.39 1.7 1000
Predicted 20.00 26.57 2.14 0.9 50

9 3ICL Native 8.04 11.26 0.75 1.4 50
Predicted 9.73 11.91 0.60 1.1 50

10 3IGN Native 8.57 11.09 0.72 0.6 50
Predicted 7.35 10.9 0.73 1.9 50

12_3LJX Native 9.36 11.59 0.51 1.2 50
Predicted 11.64 13.04 0.56 1.2 50

13 3HXL Native 14.51 16.93 0.61 1.4 50
Predicted 14.81 16.35 0.55 0.1 50

18_2KW9 Native 9.26 14.83 1.24 1.3 50
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Predicted 12.88 16.72 1.25 3.3 50

20_2KVZ Native 12.54 18.18 2.20 1.2 50
Predicted 12.49 22.55 2.49 1.0 50
21 2LOB Native 9.86 12.87 0.96 1.7 50
Predicted 10.84 13.50 0.93 0.6 50
22 2KZ5 Native 7.50 10.32 0.95 1.1 50
Predicted 7.19 9.54 0.88 3.6 50
24 210D Native 7.24 11.87 1.12 1.5 50
Predicted 10.09 12.37 0.90 2.1 50
26_2KW7 Native 6.21 9.58 1.06 1.9 50
Predicted 7.17 9.62 0.88 2.0 50
28 3LD7 Native 6.94 11.64 1.52 0.6 50
Predicted 8.68 11.87 0.99 0.8 50
Discussion

This benchmark was designed to test two scenarios for both the native and predicted
SSE pools: 1) The enrichment of the SAXS score on models folded without using the SAXS score
as a restaint, and 2) The improvement in RMSD100 for models that use the SAXS restraint
during folding.

Table 16 shows the sampling without SAXS restraint with the native and predicted SSE
pools. Using the native SSEs, the top model by RMSD100 was alfofiee 8 of the 13 models.
This indicates that BCL::Fold is not sampling the correct topology for these models. This could
be due to either, 1) insufficient sampling number, 2) bias in sampling algorithm. | recommend
increasing the sampling from 1000 16000 ard observe the minimumand meanRMSD100
values observed. If the valieedo not improve, then weshould analyze the sampling algorithm
to understand why we do not sample the native topology using the native SSE pool

We observedpositive enrichmentswith the SAXS scoffer the native SSE Pool &nof
13 models, neural enrichment of 1.0 for one model, and negative enrichments on 4 models. For
the predicted pool, we observed positive enrichments on 7 of 13 models, neutral enrichment of

1.0 for one modk and negative enrichments on 5 models.
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In this analysis, | discovered why the enrichment values do not behave as expected
when folding with SAXS RestrainiEhe folding setup had 50 jobs with 20 models in each job to
produce a total of 1000 models.l discovered that each batch received the same folding seed
creating 1 model duplicated 20 times. Work is currently underway to exphedprotein
simulations from 50 models to 1000 models in this benchmark. For model 01_3HZ7, we observe

a shift in RMSD100 from 7.54 to 5.74.
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CHAPTER

CELLULOSE SYNTHASE

Overview

Cellulose i© 2 Y LJ2 & SIR lirkeBH BGlucose monomers {8,¢0s) and is the major
structural component of the cell wall in plant&rabidopsis Thalians a flowering plant native
to Eurasia. It is a popular organism in plant biology because of its small genor(i35izeega
base pairs) and number of chromosomes (5). It is to plant biology what mice and fruit files are
to animal biology. IMrabidopsis Thalianahe individual cellulose synthase (CESA) protein has
10 isoforms. These isoforms are 64% to 98% simylasequence identity comparison. CESAL,
CESA3, and CESA6 are involved in primary cell wall synthesis. CESA4, CESA7, and CESAS8 are
involved in secondary cell wall synthesis. CESA2, CESA5, and CESA9 are involved in tissue
specific processes. CESAL10 haminor role in plant development. Each isoform of CESA
contains approximately 1000 amino acids comprising 3 domains: 1)idjec nterminal

domain, 2) cytosolic catalytic domasmd3) 8helix transmembrane domailiSee Figured

Significance

The department of energy (DOE) is interested in understanding how cellulose is
produced, how it can be torn down, and how we can produce plants with weaker cell walls. This
would facilitate the production of biofuels. Cellulose in plants is produced by theose
synthase complex (CSC) that is compromised by 6 lobes in hexagonal arrangements with a

diameter between241n Yy I y2YSGSNE oyYo F2NXAYy3I | aw2aSiaGs
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Figure34: Schematic of atCESA3op depicts where domains occur in sequences
space. There is a zifinger in the nterminal intrinsically disordered domain, follow:
by 2 transmembrane helices. The catalytic domain is on the cytosolic side of th
membrane. The C terminal domain contains the rest of the transmembrane heli
Bottom depicts a cartoon of how the domains may form the atCESA1 protein. T
formed cellulose is shown emerging from the transmembrane domain

Innovation:

| was awarded a graduate fellowship to work at Oak Ridge National lastsidy the
structure of cellulose synthase. While there, | compiBdL::Foldand Rosettaon the Titan
Supercomputing cluster at ORNL. | used Rodetléh and Dock to create 100,00@utative
dimer modelsof the zinefinger domain of atCESAT o clusterthese models, | created a novel
algorithm to identify the interface residues and cluster models that contain similar residues

participating in the interface.

I was part of a publication on the catalytic domain of atCESAl that combined
experimental SAXS $ANS data with putative Rosetta models to show evidence of trimer
formation. The combination of limited experimental data with computation provided a results
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superior to one that would be obtained by either method in isolation. This publication was

featured on the cover of Plant Physiology in January of 2016.
N-terminal dimer domain

| dZ3 K h Qb S Aainfat OhkyRRigeKNat@nal L &boratomere able to express and
purify samples of the #berminal Zincfinger nterminal domain of atCESA3. The experiménta

data indicated that this domain formed dimers.

To explorepredicted dimer interfaces of the Zidinger Nterminal domain (ZFNTd)
generated 100,000 putative dimenodelsof the ZFNTaf atCESA3 using the Rosetta Fold and

Dock algorithm on Titan. Thd®main comprises 247 amino acid residues.

The Rosetta Fold and dock algorithm consists of multiple folding stages beginning with
two extended amino acid chains. The backbone atoms of both chains are simultaneously moved
and the energy is evaluated byrsidering hydrogen bonds and hydrophobic interactions.
During each stage of folding Monte Carlo sampling is used to sample the conformational space
and a final pose is selected for the next stage of folding. In the latter stages of folding side
chains @ added using rotamer libraries and energy evaluations include Van der Waals

interactions and hydrogen bonds.

These models were filtered by agreement with circular dichroism (CD) experimental
data, small angle neutron scattering (SANS) data, agreemeht amithomology model, and

probable interface scoreAfter filtering by these means, 4 models remained for further analysis.

Once the100,000models were generatedn titan by Rosettal filtered the models

output by agreement withany available experimenttalata. | obtained circular dichroism (CD)
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experimental data of atCESA3 from the experimental group at ORNL. The CD data showed the

alpha helical content the atCESA3 dimers to be less than (Ei§are 3)
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Figure35: Circular dichroism (CD) data of atCESA3 using CDSSTR méthalgsis
indicates that the alpha helical content of the sample is not greater than 16% v
minimal difference between experimental and reconstructed data.

Using the Dictionary of Secondaryrugture of Proteins (DSSP) | computed the
secondary structure content of all the 100,000 computational dimer modehen wrote a
script to compute the alpha helical percentage content based onDB&SRassignments and
merged this intahe pdb model. Based on CD data agreement, | filtered over 90% of the models

generated. There were 9314 models remaining.

| then filtered the 9314 models by agreement with a homology model of the Zinc Finger
domain. (Figure 8) The homology model was created for ragéd 191 of the nuclear magnetic
resonance (NMR) structure IWEO.  The core of this structure from the NMR ensemble was
between residues 1:80. Visual molecular dynamics (VMD), a molecular visualization program

for analyzing large biomolecular systemsswesed to align the homology model and the Rosetta
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models.

homology model and all remaining 9314 models. Only structures with an RMSD < 8 A were kept

for further analysis. Adr this step, 200 models were remaining.

| computed the root mean squared distance (RMSD) between residués dif8the

.............

Query Sequence  E G & KP MK Q
‘emplate Sequence K K DGQFC

Template Known Secondary structure
Template Predicted Secondary structure

Predicted Secondary structure JUE R R RN
Query Sequence I Q R X
Template Sequence I Q (

Templat condary structure
Template Predicted Secondary structure AN

Confidence: 100%
% ID: 58%

Figure36: Threaded homology model of AtCESABhyre identified the NMR structure IWEO as
strong homology model for residuesdD. | threaded the 1tierminal sequence of atCESA3 onto al
poses from IWEO. Then | generated 100 homology modetsaébr of the 210 poses using Roset
The final threaded homology model was selected based on the Rosetta energy score and the

terminal position.

SANS profiles for each of the models were computed using CRYSON and compared with

the experimental SANS profiles obtained at ORNL. The similarity between the experimental

SANS profile and the computed\ISS profile from each model was measured as store.
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To cluster the remaining 13 models by interface similarity, | developed an interface

clustering algorithm. Thiglgorithm first creates a numerical descriptor vector based on a user

defined interface distance for each model.

For this project we selected 6 A as the cutoff

distance to define an interface. The interface of each model was represented as a vector of

zeos and ones, with one indicating a particular residue is an interface residue. The vectors
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The correlation coefficient had a range of,[ 1] with -1 indicatig a complete opposite

correlation and 1 indicating a perfect match between two vectors. The correlation ranges were

ranked as follows: 1) +0.7 or higher, very strong correlation, 2) +0.4 Strong correlation, 3) +0.3
Moderate correlation, 4) +0.2 Weak coladon. Structures with zero residues identified as

interface residues were filtered from further analysis. One model was removed based on this

criterion, leaving 12 structuregFigure 3)

0 1 Model 1 000101000100001001100010010010010001010000
T;E 0O | TN | FP Model 2 00101010111101111101101010000111000110001111
< 1 FN | TP Model 3 000101000100001001100010010010010001010001
Score Agreement
MCC = TPxTN - FPx FN +0.70 or higher Very Strong
JITP+FP\TP+FN)IN+FPIN+FN)  .0.40 Strong
+0.30 Moderate
+0.20 Weak

Figure37: Novel Clustering Algorithminterface residues are identified layprespecified cutoff
distance. Residues participating in the interface are assigned a value of 1, while residues not pa
interface are assigned a value of 0. The interface is described by a numerical descriptor vector v
position represating an irdividual amino acid. The models are processed through anpsér
comparison algorithm that compares each position of two models and classifies the agreement a
positive, False positive, True negative, False negative, and sums the total for esgydmnecaUsing thest
YydzYo SNEZ (KS al(iikKSsgQa O2NNBflLiAz2zy O2S8S¥¥A0A
user defined cutoff{l, 1] are clustered together.

For each of these 12 structures | used the proteirifatices structures and assembly
(PISA) to quantify the interfaces. This algorithm computes the interface area, the delta G in
kcal/mol, which quantifies the solvation free energy gain upon formation of the interface. It
also computes the number of hydreg bonds and salt bridges at the interface. Each interface
was assigned a probability value which is a measure of interface specificity, showing how

surprising, in energy terms, the interface is. Models with a favorable interface probability >0.5
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were sdected. This resulted in 4 different models selected from 100,000 putative models

generated on Titan.

Table18 Summarystatistics of filtered nterminal atCESA3 dimer modelREU is the Rosetta energy unit

representing the final mergy function value during minimization. Helix percentage represents tiaical content of

the models. Homology root mean squared distance (RMSD) is a measure of how similar the zinc finger domain is with
the homology model found. SAN% a measure of how similar the experimental SANS profile is with the computed
SANS mfile of the model. The interfacgrea measures how large the interface is between dimers. Delta G indicates
the solvation free energy gain upon interface formation. The Deltav@ue indicates the probability of observing a

lower than observed Delt&, when the interface atoms are pick randomly from the protein surface. HB is the

number of hydrogen bonds in the interface. SB is the number of salt bridges in the interface.

Model REU  HELIX Homology SANS Interface DeltaG DeltaG HB SB

ID % RMSD G Area kcal/mol p-value
2939 -360 0.150 7.6 1.24 2862 -36.0 0.164 16 12
3767 -365 0.166 7.7 1.40 3251 -34.8 0.219 28 6
1919 -336 0.138 7.1 1.29 3430 -31.6 0.310 36 2
8817 -398 0.166 7.5 1.21 2341 -20.3 0.390 26 12
3514 -330 0.166 8.0 0.94 2627 -19.0 0.504 40 16
8625 -340 0.166 8.0 0.91 706 -5.0 0.541 12 2
4108 -387 0.166 6.4 0.96 291 -1.2 0.572 2 0
0533 -353 0.150 6.7 1.28 2622 -17.4 0.589 34 20
6828 -348 0.150 6.5 1.28 1551 -9.9 0.589 10 4
9348 -400 0.158 6.5 1.03 3735 -26.6 0.598 48 44
9027 -353 0.166 7.4 0.93 2902 -17.9 0.599 40 12
0428 -339 0.142 7.7 1.03 1362 -5.5 0.608 22 20

The four models and their SANS agreement remaining are depicted in figuaes! 3.
The plateau in the low g region of the lmp plot indicates uniform scattering without
aggregation.In this low g region, model 1919 is the only model to directly interpolate the data
points. Models 8817 and 3767 are below the points, while model 2939 is above the points. This
region represents laje atomic pairwise distances. It is critical to have tight agreement between

model and experiment in this region.
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Model 1919 Chi = 1.285 Model 1919 Chi = 1.285
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Figure38: Agreement by SANS chi score between expemtal data collected at ORNL and models on TITAte
plateau in the experimental data (black dots) indicates uniform scattering without aggregation in the log log p
right. The gray bars depict experimental error values.
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Model 2939 Chi = 1.243 Model 2939 Chi = 1.243

0.15-
0.10-
0.05-
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0.00 0.05 0.10 0.15 0.20 -5 - - 2
q logq
Model 3767 Chi = 1.395 Model 3767 Chi = 1.395
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Figure39: Agreement by SANS chi score between experimental data collected at ORNL and models produced or
The plateau in the experimental data (black dots) indicates uniform scattering without aggregation in the log log
right. The gray bars depict experimental error values.

N-terminal zinc finger domain discussion

This was a challenging domain to model beesitss intrinsically disordered. We had
experimental evidence for dimer formation, but we do not know which residues form the dimer
interface  We generated 100,000 putative dimer models with Rosetta fold and dock and filtered
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these models by agreementith SANS, CD, and PISA interface scores. | developed a method to
cluster these models by interface similarity. The next step for this project is to analyze the
100,000 dimer models to quantify which residues are forming interfaces and how often they are
involved in an interface. This information would be useful to create a list of predicted interface
residues to guide the experimental team. Once the interface is experimentally verified, this

information would provide a valuable filter on further modejin

Cytosolicdomain

This section is a reproduction of the computation modeling | did in the manuscript: A
structural study of CESAL catalytic domaircdbidposisellulose synthesis complex: evidence
for CESA trimefs). The cellulose synthesis complex (CSC) is a large -subithit
transmembrane protein complex responsible for synthesis of cellulose chains and their assembly
into microfibrils in plantsThis work reports a structural study of recombinant catalytic domain
(residues 34% 845) of Arabidopsis thaliana CESA1 (ATCESA1CatD) that wagpmessed and
purified from Escherichia coli. Using a tat@p procedure, it was possible to purify monaorice
and trimeric forms of ATCESAL1CatD, providing the first experimental evidence supporting the
seltassembly of CESAs into stable trimeric complexes. The conformation of monomeric and
homotrimeric ATCESA1CatD were studied using smgle neutron scatténg (SANS) and
smallangle Xray scattering (SAXS). A series of ATCESA1CatD trimer computational models were
compared with the SAXS trimer profile to explore the possible arrangement of the monomers in
the trimers. Four candidate trimers were identifiedtivimonomers oriented such that that
newly synthesized cellulose chains project towards the cell membrane. In these models, the
class specific region (CSR) is found at the periphery of the complex and theqiaetved

region (PCR) forms the base of themer. This study strongly supports the hexamer of trimers
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model for rosette CSC that synthesizes anci@in cellulose microfibril as the fundamental

product of cellulose synthesis in planig.

Computational Modeling

A homology model of ATCESA1CatD was generated with the program MODE]LER
using the GHCESAdD computational mode[128 as a template. The root mean squared
deviation (RMSD) value between the two models was 0.30 A. The Symmetric Docking tool
(Symck) in the ROSETTA modeling softwdd®9 was used to generate multiple
configurations of symmetric trimers of the ATCESA1CatD model that were ranked based on a
ROSETTA generated energy score. Simulated SAXS profiles of 1000 ATCESA1CatD trimer models
with the lowest energy score were calculated using CRY[@6]Land were fit to the
SELISNAYSyGdlLt 1 ¢/ 9{!m/ IG5 {!-{ LNRFAtSP .| &SR 2
smaller than 9.1 were chosen forNIi K SNJ a G dzRé® ¢KS . @ f dzS YSI &dzN
experimentally determined and theoretically predicted small angle scattering data. -Fag X
crystal structure of cellulose synthase from Rhodobacter sphaeroides (PDB code,[4B{56)
was structurally superposed on each monomer in the 30 trimer models using the DALILITE
pairwise alignment too]131]. The program PIJA32] was used to calculate the surface area in

the interfaces in the trimers.
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The Cellulose Synthesis Complex:

CESA catalytic domains assemble into stable trimer complexes

Figure40: Trimer models of atCESA1CatD on the cover of Plant
Physiology www.plantphysiol.orgt / 2 LJ@ NA I K{ ! YSNRA Q
BRf 23aA|aias

Modeling of ATCEA1CatD trimers

To gain insight into possible arrangements of the ATCESA1CatD monomers, a series of
ATCESALCatD trimers was generated computationally and compared with the SAKRydeta
40). For this, a homology model of the ATCESA1CatD monomer edssignput for generating
1000 symmetric trimer configurations using the ROSETTA SymDock aldag@®nTheoretical
SAXS curves were calculated using CRY $@&dcfoof the 1000 protein trimer configurations for
O2YLI NRA&2y SAGK GKS SELISNAYSydGlrt {t!-{ RIF{GF® ¢l
GKS G(KS2NBGAOIE {!-{ OdNWSa (2 G(KS SELSNARYSyil
ROSETTA energgose (E) in ROSETTA Energy Units (REU) of each trimeric model shows that,

even for the trimer models with a low E value, there is large variation in the quality of the fit to
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the experimental SAXS data (Figd\). Furthermore, structurally very differérmodels can
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observation, it is clear that one cannot rule out any particaaangement of monomers based

on the fit to the SAXS data alone.
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Figure41: Analysis of ROSETTA generated ATCESA1CatD trimer m@Jdiot of. score obtained from fit of
ATCESA1CatD trimer theoretical SAXs curves to experimental SAXS data versus the energy score of R
models. (B) A plot ofversus RMSD of the ROSETTA models computed using ATCES#l &a#Dreference
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of the theoretical SAXS curves to the experimental SAXS datal. dasak, the theoretical

scattering curves are similar in the lowr€gion and fit the experimental data well, indicating

that all trimer models capture the overall size of the scattering particle. However, theoretical

curves deviate in the mid and highrégion (Q > ~0.08-A ) suggesting that differences in the

arrangement of the monomers in the trimer are captured in that Q range. We can anticipate

% K S NB -1i4¢usan ichains will emerge from the monomers, given the structural similarity

between the iwvariant DD, DCD, and QVLRW motifs that constitute the catalytic core in the
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GHCESAlcatD computational model and the crystal structur®.o$phaeroidedacterial
cellulose synthase (BcsA) that also contains an emerging glucan[tB&8inFurthermore, class
averaging of freezfracture TEM images of rosette CSCs indicate tightly associated TMH
regions whichsupports proximity of the glucan chains as they travéhgemembrane. We thus
evaluated the candidate trimer models according to where the glucan chains would be
predicted to emerge from them. The fit to the experimental data for the #igtimer model

(ATCESALCath1) is shown in Figud2.
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Figure42: Comparison of theoretical scattering curves of the ROSETTA mode
with experimental ATCESA1CaD SAXS profilee theoretical scattering profiles
for the model, ATCESA1Catil and the model, ATESA1Cat12 are shown in
orange and magenta respectively. The ATCESA1CaD SAXS curve is shown
circles. Inset shows the magnified fit for Q in the range of-0.06
www.plantphysiol.or® &/ 2 LR NAABKY a¥8ASie[1pF ¢

Supeimposition of this model with the GASBOR ab initio model indicates that the
overall size and shape of the computational and experimental structure are sifFidare43).
In this trimer model, the CSR regions are at the interfaces of the monomers afCiReegions

project outward into the cytoplasm (Figu#dA, B). Each monom&nonomer interface has
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approximately 60 amino acids and a total of 964 A2 of buried surface area, which is a reasonable
value based on previously reported studies analyzing iatex$ in protein complexg432, 133).

Asimilar arrangement of the CSR regions was reported for tleES88catD dim§r34].

Figure43: Ab initio models of ATCESA1CatD trirsevith ROSETTA model$he light andlark gray surface

models represent an averaged and a filtered ab initio models, respectively. (A) ROSETTA model, ATCE!
m1 superposed with the ab initio model, on right is rotated by 90°. (B) ROSETTA model, ATCESEA CatD
superposed with the ab indgimodel, on right is rotated by 90°. Three subunits in the trimer are represente:
cartoon models in orangewww.plantphysiol.or® &/ 2 LR NA IKG ! YSNR OF y1] a2 OA

However, structural alignment with BcsA shows that the catalytic cores are projected
radially inward in ATCESA1GatlD such hat the emergent glucan chains are at an acute angle
to the membrane (Figurd4C). This orientation is not optimal for translocation of the cellulose

chains across the plasma membrane. Analysis of most other trimer models resulted in a similar
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outcome, haing the emergent cellulose chains from the catalytic domain projecting away from
the membrane. However, notable exceptions are models ATCESATCaiDn13, m15 and
mHy F2NJ 6KAOK . &a02NBa NBadzZ GAy3a FTNRVYheditkS {! - {

of the theoretical SAXS curve for one of these models, ATCESA®atD 0 . ' cdPooUVI A&

Figure44: The ROSSETTA models of ATCESAL1CatD trirefirand right panels represent ATCESA1@Gst2nd
ATCESA1Cat12 respectively. (A)-BR rgions are highlighted as spheres. (B) CSR regions are highlighted a
spheres (C) The models are rotated 90° to provide side view of the emergent glucan chains based on struct
superposition of the bacterial cellulose synthase (pdb code, 4lg@lv.plantphysiol.orgy / 2 LJ& NA A K{ !
{20AS0e 27 {lrady .A2t23Aa0a¢

Figure42 and the trimer model is shown in Figu4d. Structural alignment with BcsA shows that

the catalytic residues are oriented sudiat the emergent glucan chains would be near to each
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other and directed toward the membrane (FiguddC). In this trimer model, the highly
conserved FCR regions form the base of the catalytic trimer pointing towards the cytosol and
the CSR regions projecadially outward and do not participate in any interfaces within the
trimer (Figure44A, B). Each monomanonomer interface has approximately 32 amino acid
residues and a total of 750 A2 of buried surface area. This value is lower than that obtained for
ATCESAL1Cati1, but is a reasonable value for a stable profgiotein interface. The majority

of the interfacial residues (26 residues) are from the highly conserved portions of the GT domain
between the PCR and CSR regions. Superimposition of the AT@AESALZ with the GASBOR

ab initio model indicates that both structures overlay well, as was observed for the

ATCESAlCatlstructure (Figurd3).

Catalytic domain @scussion

To gain insight into arrangement of ATCESAlCatD monomers in the trimer, we
constuucted a series of computational ATCESA1CatD trimers from a homology model of the
ATCESAlcatD monomer. By examining the fit between 1000 symmetric trimers and the
scattering data, it became clear that a very small subset of low energy models could be
identified, but that it was not possible to rule out a particular arrangement of monomers based
on the fit to the SAXS data alone. The close agreement at low Q and discrepancies in-the mid
and high Q region revealed that these models largely differed in havnilbnomers were
juxtaposed in the trimer geometry. We propose that it is possible to further select from among
these low energy models by considering a priori structural information. In a companion paper to
this one, Nixon et al. demonstrate that the CEBWH region could be modeled in a relatively
tight homomeric trimer. This TMH trimer showed good geometric correspondence with

individual lobes of the rosette CSC and, when replicated six times, withldteed view of the
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CSC where the TMH cross the plasmembrane. The predicted tight clustering of the TMH
NBIA2ya &adzZasSada aKI dl446lufan SHaitsKraverse ah® metnbjangd & G K NS
close rather than distant proximity, which is reasonable given the need for cellulose chains to
interact withaut folding during cellulose microfibril formation. Using this information and the
alignment of our computational models with the atomic structureRof sphaeroidesellulose

synthase, inclusive of a glucan chain passing from catalytic core through itsegidH, we are

able to suggest that four of the candidate models for ATCESACatD trimers were most likely to be
correct. Of these, we chose ATCESA@atR as the most reasonable model for cytosolic

domain trimer based on its fit to the experimental data.
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Transmembrane Domain of Cellulose Syasi

Multiple plant models have been proposed to explain the detailed molecular events of
cellulose biosynthedi$28, 134]. Both of these modelshave been based on the comparison
with the bacterial version of CesA (BcsA) that has bagatallized[13(. Although we have
evidence foroligermization intotrimer structuresfrom the cystolic domain, we do not fully
understand how the plant CesA subunits oligermize to form rosgilesThe transmembrane

domain of CesA is maaé 8 transmembrane alpha helicg§ig 45)

Extracellular Region

slelelelele,
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nonnnnnnnnnnn
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Catalytic Domain 500+ Residues

Zinc Finger Domain C Terminus

Intracellular Region

Figure45: Transmenbrane domain topology The transmembrane domain of atCESAL consists of 8 transmen
helices and 300 amino acids. Th¢elmninal zinc finger domain proceeds TM1. The catalytic domain is in the
intracellular region between TM2 and TM3.

From this arrangement the relative orientation of transmembrane helices can be inf@rebki
19). We hypothesize that BCL::Fold is capable of sampling the topology space for the
transmembrane domain of CesA. We further expect that limited experimental data from
SAXS/SANS and other studies will enable us to select the correct topology roodbisf
domain. Our model would then be integrated into a holistic structural model of CesA for further

verification.
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Tablel9: Inferred orientation of TM helices.Siderepresentseither the n-terminal (N) orthe c-terminal (Cend ofa
given secondary structure element. Orientati@presentseither the intracellular side ofthe lipid bilayer (I) othe
extracellular side ofhe lipid bilayer (E).

Helix Side Orientation Helix Side Orientation
™1 N | TM5 N |

™1 C E TM5 C E
™2 N E T™M6 N E
™2 C | T™M6 C |

TM3 N | ™7 N |

TM3 C E ™7 C E
™4 N E T™8 N E
™4 C | T™8 C |

Secomlary Structure predictiorof the TM regions of atCESA3

To begin the prediction & obtained the FASTA sequence of atCESA3 (Q941L0.fasta).
Using the secondary structure prediction methods of PSIPFREDMASP, Jufo9d01],
Octopu$104, 105 and ProfPH[®7], we built a secondary structure pool of the eight

transmembrane helices based of the consensus predictions of these methods.

Table20: Consensus transmembrane secondary structure pool for atCES3Kart is the sequence location of the
first residue of the transmembrane helix. End is Hequence location of the last residue of the transmembrane
helix. Length is the number of residues in the helix.

Helix Start End Length Helix  Start End Length
T™M1 259 277 19 TM5 914 926 13
T™M2 287 307 21 TM6 966 981 16
T™M3 830 863 34 T™7 996 1014 19
T4 872 893 22 TM8 1028 1042 13

Generate de Novo models dhe transmembrane region of atCESA3

Using cyclic C3 and C6 trimer symmetry, BCL::Fold was used to generate 10,000
different configurations of the eight transmembrane helidesboth symmetris. The SSE
predictions were obtained through MASP, OCTOPUS, and JUFO9D. The score weights and stage
files were obtained from the protocols previously publisfiEs. The BCL::Fold software suite

was compiled for Titan at Oak Ridge National Labs. Folding was performed on Titan
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Figure46: Representative Example of C3 (A) and C6 (B) symmetries of 8
transmembrane helices using BCL::Fold Titan

Align the TM helicefrom atCESA3 with the RSc#\ bacterial analog

Because there is a crystal structure of the bacterial version of CESA, wedwant
thread the coordinatesof the TM helices from the bacterialersion of RS_BcsA to their analog
on the atCESA3 transmembrahelices. To perform threading, we first must align the TM
helices between atCESA3 and RS_Bdd#e BCL was used perform these alignmentySee

Table 21)
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Table21: Transmembrane alignments of atCESA3 with bacterial counter8t BcsAAn alignment was performed
over the entire sequence with a gap extension penalty0df and an open gap penalty of 10 (left). Each individual
TM helix from atCESAS3 was aligned to the sequence of RS (Ba#ar) Proposed alignment based oretimferred
topology of atCESA3 and the known topology of RS_BcsA.

Entire alignment Single Helix Alignment Proposed Alignment
atCESA3TM RS_BcsATM atCESA3TM RS_BcsATM  atCESA3TM RS_BcsA TM
1 3 1 3 1 3
2 4 2 8 2 4
3 5 3 5 3 5
4 6 4 5 4 6
5 - 5 - 5 -

6 7 6 7 6 -
7 8 7 3 7 7
8 - 8 8 8 8

After the alignments were performed, we visually inspected the alignments and alpha helices to
ensure the ends of the helices were correctly place on the extracellular or intracellular side of

the lipid bilayer. @r proposed alignment is shown in table 21 (right) and Figire

C4/B6

C6/ Predict

C5 / Predict

-~ C1/B3

C8/B8 N

Figure47: Correspondence between TM helices of atCESA3 (C) and TM helices of RS_B
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Transmembrane domain discussion

Our experimental collaborators at Oak Ridge National Laboratories were unable to
express and purify the transmembrane region of atCESAS3. Withpetimental SAS data they
did not want to pursue modeling the transmembrane domain. Rather, we focused our attention

on the previously described catalytic domain anterminal zinc finger domain.

Once experimental data is obtained, the models shouldilbered by their agreement
with experimental data, leaving a small subset for further analysis. The loops and side chains
should be added back to the model to create a complete protein model. Because the cystolic
catalytic domain is very large, it shoule replaced by a small loop connecting TM2 with TM3.
Completed models could then be explored using molecular dynamics to determine stability in

both the lipid bilayer and solvent outside the bilayer.
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CHAPTERIVI

Conclusion

To understand thigield, | wrote a review article that was praised by leading scientists in
GKS FASEtR Fay G9EOSttSyld NBOASs 2y {! - -&3 (KAaZ
gryaAay3a G2 fSIENYy {!-{¢o® ¢tKAa NBOASG St dzh LILISR
SAXS profiles from atomic coordinates. Importantly it provided an understanding of how to use
the Debye implementationln this innovativeapproach we did not make approximations to the
Debye formula, rather we used GPU acceleration to handle the dadwhmation of all atoms
To our knowledge this is the first time GPU acceleration has been used in the Debye formula to
compute SAXS profile$Ve were able to consistently replicate the scattering profiles generated
by CRYSQind Experimental DataByusing the Debye formula we obtained direct control of
the scattering profile calculation. This provided the opportunity to rapidly approximate the side
chain and loop region positions of a given protein mated compute a scattering profile. The
devidion between this scattering profile and thexperimental scattering profiles df3 proteins

wereused as a restraint in BCL::Fold.

Because of the low resolution of the SAXSANS, thexannot be used exclusively to
identify the native protein configution from a set of similar protein configurations. We have
shown howevethrough our work with the cytosolic region of cellulose synthabkat this type
of data can be used to filter erroneous protein models early in the prediction process thus

focusingcomputation time on models that fit the experimental data.

For this project to be successful, there were some key challenges that had to be solved.

First, we had tdind a method to compute SAXS profiles from atomic coordinates. Second, we
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had to havea scoring function to compare the similarity of two SAXS profiles. Third, we had to
developa method to approximate models with missing side chains and missing loop regions.
Forth, we had to benchmark our results. Once generated SAXS profiles from otplete
protein modelsjt was apparent that theshape of the SAXS profieimportantwhen comparing

two structures To account fotthis behaviorwe computed the derivative of the profiles and
then computed the. similarity scorebetween the derivatives of the SAXS profil@&y. using the
derivative score, weeduced the amount of false positives obtained during our analysth our

benchmark protein set

Using this scoring metric, BCL::SAXS was 99.95% acougtking the native protein
from a set of other proteins. With the side chains approximated, BCL::SAXS was 99.62%
accurate in picking the native protein from a set of other proteins.  With the loop regions
removed, the accuracy dropped from 99.6284/0.85%. This result shows that loop regions play
an important role in protein topology. Using our loop approximation algorithm, the accuracy
increased taB88%. This result shows that having an approximate estimate of a protein location
can have signifant impact on the accuracy of SAXS scattering profiles generatedafimmic

coordinates

The derivation of the loop approximation method was a learning process. We first
attempted the midpoint approximation, followed by tHaear approximation, and thensed
the curvilinear approximation. Using the curvilinear approximativa had to derive the
normalization factor N. Our first approachto calculate Nwas the regula falsbptimization
protocol with parabolic arc length computations. This was computally expensiveand

mathematicallycomplex Substituting the entire protocol with one line of code (the triangular
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approximation) increased the speed and accuracy of the calculation. This experience reminded

YS 2F (KS 62NRa 27T 5 NIzNLI2GKS NRF | O 2YYYLAdYUIATY T CAKA

Computation of SAXS profiles can be used to validate-reigiution models in
solution and to identify biologically active protein conformatioriBhis was used extensively in
my work on the Aerminal and cytosolic domains of Cellulose Synthase 1 andA3dhidopsis
Thaliana SAXSwvas usedto characterizetrimer complexeswhose components have known
monomeric structure Thesecomponentsact as building blocks that can be arranged to form

complexes whre the scattering from the complex fits the experimental data.

Investigators interested in protein docking studies can use BCL::SAXS to generate
computed SAXS profiles of receptiyjand complexes to identify likely receptligand
configurations and ampare their proposed models with experimental data to identify the

correct configuration of the system.

Furthermore, XS is another experimental technique that caow be used by
BCL::Fold to aid in protein structure predictioAlthough, SAXS cannot unhiguously identify
the correct protein topology from a group of structures of similar shape, it can be used to filter
away erroneous models, thus focusing further computation on more feasible backbone
topologies. Small globular proteins are not amenabte this approach in protein structure
prediction Interestingly, the SAXS experimental technique seems to be suited best for large,
highly variable protein topologies. Opposite that of Xay crystallography and NMRSAXS
provides a means of studyingsembly and largecale conformational changes-urther work
must be done to benchmark SAXS with large variable protesitsy ensemble optimization

methods
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Future Work

My work to incorporate small angleRRay and Neutron scattering into the BCL::Fold

suite providesa strong foundation for further optimization and expansion in this field. We can

improve the speed of profile reconstructiotihe SAS method for protein foldingpop modeling

ensemblemodeling,and public use. | will discuss each of thdsections.

Profile Reconstruction

The initial benchmarks of BCL::SAS were performed using SAS profiles computed from

CRYSOL / CRYSON in lieu of experimental profiles obtained in the lab. The simulated

experimental profiles were instrumental in validaginmy early attempts at SAXS profile

reconstruction. Once | obtained experimental data obtained in the lab, | had to carefully

consider the excluded volume parameter)@nd the hydration shell parameterJC The only

way | could replicate the resultsf €CRYSOL and FOXS was to optimize these parameters by

adjusting them andepeatedlycomputing the. similarity score.

The excluded volume and hydration shell parameters were optimized by minimization

algorithms that do not use the derivative. To compute the SAXS profile of a model and fit the

model with experimental data, my algorithm requires 410 lgations to find the optimal £ G

combination that minimizes the agreement. Future workhouldemploy optimization routines

that use the derivative of the minimization function to arrive at tbptimal combination of
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these parameters more rapidlySgecifically | recommend a Levenbdwarquardt optimization

method.

Folding with BCL::Fold

In order to achieve the optimal fit between experimental SAXS profiles and SAXS profiles

computed from a model, the excluded volume and hydration shell parameters foeist

optimized. This optimization requires 41@valuations and the solvent accessible surface area

(SASA) value for each model. This computational demand is not feasible during protein folding.

Furthermore, | have shown that tannot match the SANS profile withoptoper G, and G

optimization.

To addressheselimitations, | propose an innovative approach to use SAS during protein

folding simulations. $uggesthat we explorethe fit between experimental and computed pair

wise distance distribution functian The P(r) fit should be benchmegkagainst a protein set to

determine if 1) It can be used exclusively during folding with BCL::Fold or 2) Used in combination

with the previously published SAXS score during folding with BCL::Fold

The P(r) function is computed from the experimental SAKSile I(q) through an

indirect Fourier transformation. Theoretically the information content of both functions is

identical. This transformation is routinely computed using the software GINOY] from the

ATSAS suite.  Thdvantages of using this form of the data are 1) SAXS and SANS input data
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can be treated identically2) Profile reconstruction is not necessary, 3) GPU acceleration is not

necessary, 4);&nd G optimization is not necessary, 5) SASA computation is not necessary, 6)

The P(R) can be computed directly from BCL Models by using actual Euclidean distances.

In my view, the benefits of usinghie Rr) function during folding merit a study to

determinethe loss in accuracy due to the transformation of the 1(q) into the R@GNOM. A

scoring metric must be developed to compare the experimental P(r) function with the P(r)

function computed from BCL::Fold models. These functtwsiid be normalizedyith an area

under the curve set to 1.  The comparison metric should identify important featfrénhe

curvesuch as 1) Smoothness, 2)Jcutoff, 3) Area under the curveutoff, 4) Area under the

curve similarity, 5) morphology of curves

Loop modeing improvement

In this work, | implemented eapid methodto approximatethe residues ofoop regions

between SSEs. demonstrated that modeling these loop regions improvie SAXS.

agreementscorewith experimental data.This loop modeling process can be vastly improved.

recommend a loop hash method. The idea is to create a repository of loops from the protein

data bank of a givesequencelength, angle between SSEs, aBdcldean distancebetween

SSEs Once amodel is produced with BCL::Fold, the loops wouldnoild be built from the

database ofexistingloopsthat are keyed by the sequence length, angle between SSEs, and
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Euclidean distanceThis would enable the productiai an ensemble of proteins with different

nativeloop configurations. | expect this approach to improve agreement by SAXS score.

Ensemble mdeling

An exciting feature in modern SAXS is identifying and modeling protein flexibility from

an ensemble set odlifferent conformers to fit experimental SAXS daféhis requires a large

library of starting conformers as input to the algorithm. After a suitable library of conformers

has been generated or found, the experimental SAXS data are used as a constmint in

algorithm to determine which combination of conformers optimally fit the data. The scattering

intensity (1) is represented by a linear combination of the selected conformers. In this process

the algorithm must decide 1) Which conformers to use andH2yv many conformers are

required to accurately recreate the experimental SAXS profilpropose that we develop a

method to generate conformers of a given protein and then an algorithm to construct SAXS

profiles from a weighted linear combination of coniners similar to the way the BCL::Scoring

function is setup.

Createonline webserver

BCL::SAXS is a tool that is of interest to the scientific community beohtise direct

use of the Debye formula. | proposed that we explore the P(r) function matriagifolding

simulations. For the web server | propose that we usan@ G optimization and SASA values to
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fit experimental SAXS data with rigid modelhere are no online methods using this approach

and would be of interest to the SAXS community.
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APPENDIX

APPENDIX I: CHAPTER 2 COMMANDLINES

Loop gproximation

/hd0/putnamdk/workspace/bcl - testing/build/linux64_release/bin/bcl - apps -
static.exe restraint:SaxsPrep - pdb_file 3hz7_bcl.pdb - output_model -
min_sse_size5 3999

Visualize model in ¥Amol

In the pdb file the temperature factor on the atom line is in column 61 -
66.  This value will be 0.0 for approximated loop residues

In pymol use this command:

select loops, b < 0.0001

show loops as spheres

To alter the size of the spheres:

alter loo ps, vdw=1

rebuild

To change transparency of cartoon:
set cartoon_transparency, 0.5, 6lyz_bcl

Generateclean BClprotein model

/hd0/putnamdk/workspace/bcl - testing/build/linux64_release/bin/bcl - apps -
static.exe protein:PDBConvert input.pdb -bcl_pdb - output _prefix input_bcl
The bcl  file must be adjusted to remove any residues from the sequence lines

that are not specified in the atom lines
Once the missing residues have been removed from the pdbfile, rerun PDBConvert
to renumber the file.

For multimers  , PDB Convert adds a TER line which uses one of the line id

slots. MSMS removes the TER and labels the atoms sequentially. This results

in an offset in numbering by the number of

TER lines present. Run a script to remove the TER lines and then renumber the
atom lines consecutively to resolve this conflict

label the cleaned pdb file: #_????_bcl.pdb
The pdb filename must be put on the first line of a text file called pdbs.Is

example:
original input file: pdb_model.pdb

Step 1: Run pdb convert to gen erate clean BCL file

/hd0/putnamdk/workspace/bcl - testing/build/linux64_release/bin/bcl - apps -
static.exe protein:PDBConvert input.pdb - bcl_pdb - output_prefix

input_bcl

Step 2: Run script to identify missing residues on original pdbfile perl
.Jidentify_mi ssing_residues.pl pdb_model.pdb > missing_residues.txt
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Step 3: Remove identified missing residues by hand ( haven't written script
yet) from the SEQRES lines of the output in Step 1

Step 4: Run pdb convert on the manipulated file from step 3 to renum ber the
atoms correctly

/hd0/putnamdk/workspace/bcl - testing/build/linux64_release/bin/bcl - apps -
static.exe protein:PDBConvert input.pdb - bel_pdb - output_prefix input_bcl

Step 5: For Multimer Processing, the BCL adds TER lines after each chain.
Scr ipt to removed TER lines and renumber atoms
perl ../renumber_atom_lines.pl file.pdb ( the pdb file is the output from step

4)
GenerateMSMS file for solvent accessible surface area

convert pdb files to xyzr files:
pdb_to_xyzr *.pdb > *.xyzr

run msmson. xyzr file to get the .area file:
msms - if *xyzr - af *.area - probe_radius 1.399

Generate SAXS Profile with ¢1 and c2 optimization and fit on Log10 scale

/hd0/putnamdk/workspace/bcl - testing/build/linux64_release/bin/bcl - apps -
static.exe restraint:AnalyzeAgr eement - analysis_prefix 6lyz -
analysis_type_enumerated "AnalyzeSas( c1=1, c2=0,

experimental_profile=iofq_data_file.dat, sasa_profile=6lyz_bcl.area,
optimize_hydration_parameters=true, default_search_grid=true,

scoring_function=chi, use_errors=0, cpu=false , sans=false,
approximate_side_chains=false, approximate_loops=false, transformations(

Normalize, Log10, Scale ), print_transformations=true, y_max=1.0)"

Loess (dcally waghted scatter plot smoothing) dtaregression in R

Import data set into R
data < - read.delim("1_SAXS.dat", header =T, sep="")

plot the raw data:
p < - gplot(Q, logl0(Intensity), data=data))

Save an image of the data

ggsave(filename="Sampl_a.png", plot=p)

Add LOESS Regression line with a span of 0.3. The span controls the jagg
of the line.

pl < - p+geom_smooth( method = "loess", span = 0.3, size = 1.5))

Write the values of the data fit to a variable:
fit = predict(loess(log10(Intensity)~Q, data, span=0.2, degree=1), data$Q)

Compute and plot the derivative of the fit
fx.spline < - splinefun(data$Q, data$fit)
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plot(data$Q, fx.spline(data$Q, deriv=1), type="p")

Write the fit values to the data frame
data = cbind.data.frame( data, fit)

Write the data to a file
write.table( data, file="fit.out", sep =" ", quote=FALSE)

Generate SAXBrofile with c1 and c2 optimization and fit oderivative scale

/hd0/putnamdk/workspace/bcl - testing/build/linux64_release/bin/bcl - apps -
static.exe restraint:AnalyzeAgreement - analysis_prefix 6lyz -
analysis_type_enumerated "AnalyzeSas( c1=1, c2=0,

experimental_profile=iofq_data_file.dat, sasa_profile=6lyz_bcl.area,
optimize_hydration_parameters=true, default_search_grid=true,

scoring_function=chi, use_errors=0, cpu=false, sans=false,

approximate_side_chains=false, approximate_loops=false, tran sformations(
Normalize, Log10, Scale, Derivative ), print_transformations=true, y_max=1.0)"
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APPENDIXJICHAPTER 4 SANS BENCHMARK COMMANDLINES

SANS profile reconstruction

/home/putnamdk/Vanderbilt/Sans_Project/bcl/oanh/bcl - apps - static .ex e
restraint:AnalyzeAgreement - analysis_prefix 1IENH - analysis_type_enumerated
"AnalyzeSas(cl= 1,c2= O,
experimental_profile=/home/putnamdk/Vanderbilt/Sans_Project/cryson/d20_30/1

ENHO00.int , sasa_profile=1ENH_Dbcl.area, optimize_hydration_parameters= true
defa ult_search_grid= true , scoring_function=chi, use_errors= 0, cpu= true ,
approximate_side_chains= false , approximate_loops= false ,use_sans= true ,
deuterium_percent= 0.3 , transformations( Normalize, Log10, Scale ),

print_transformations= true ,y _max= 423.937 )
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APPENDIX  SANS BENCHMARK DAFAENH PREOPTIMIZATION, CONTINUUM MODEL
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APPENDIX/ Ik SANS BENCHMARK DATA OF 1ENH, OPTIMIZED, CONTINUUM MODEL
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