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Elimination and a Knowledge-Based Forcefield
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Abstract: A novel, yet simple and automated, protocol for reconstruction of complete peptide backbones from C,
coordinates only is described, validated, and benchmarked. The described method collates a set of possible backbone
conformations for each set of residue triads from a structural library derived from the PDB. The optimal permutation
of these three residue segments of backbone conformations is determined using the dead-end elimination (DEE)
algorithm. Putative conformations are evaluated using a pairwise-additive knowledge-based forcefield term and a
fragment overlap term. The protocol described in this report is able to restore the full backbone coordinates to within
0.2-0.6 A of the actual crystal structure from C,, coordinates only. In addition, it is insensitive to errors in the input C,,
coordinates with RMSDs of 3.0 A, and this is illustrated through application to deliberately distorted C,, traces. The
entire process, as described, is rapid, requiring of the order of a few minutes for a typical protein on a typical desktop
PC. Approximations enable this to be reduced to a few seconds, although this is at the expense of prediction accuracy.
This compares very favorably to previously published methods, being sufficiently fast for general use and being one of
the most accurate methods. Because the method is not restricted to the reconstruction from only C, coordinates,

reconstruction based on Cg coordinates is also demonstrated.
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Introduction and Aims

The process of reconstructing an all-atom peptide, or protein,
model from a subset of the atomic coordinates is the subject of a
considerable body of literature. Numerous applications for this
process exist, including enhancement of low-resolution models
from crystallography into usable models or conversion of the
coarse structures typical of ab initio folding computations or
comparative protein modeling techniques into all-atom models.
The author’s requirement for such a procedure derives from the
use of a low-resolution protein threading algorithm, which yields
predicted Cg coordinates.

It is common to split the process of reconstructing all-atom
structures into two separate tasks. The first task is to predict the full
backbone, and the second is to build side chains onto this. This
partitioning of the problem is considered reasonable, because it is
observed that the backbone geometry of well-defined secondary
structure elements is mostly invariant to the identity of its amino
acid residues. Side-chain modeling is covered in a large number of
reports, and thus is not discussed further here.

A variety of approaches are described in the literature for the
determination of complete backbone models from C, coordinates.

Many of these approaches utilize fragment libraries derived from
known structures to locate possible structures that do not violate a
specified C,, trace. The most favorable fragments to construct the
entire backbone are selected using energy-based, homology-based,
or geometric criteria.'™ An alternative class of methods perform
de novo construction of the backbone using either geometric or
energy-based criteria. Payne described a dynamic programming
method that located optimal rotations of peptide units with respect
to a potential of mean force between adjacent residues.® Rey and
Skolnick applied frequency tables derived from the PDB to locate
Cp coordinates and then generated suitable coordinates for the
remaining atoms to fit with those.” Bassolino—Klimas et al. mini-
mized an empirical potential by applying a directed conforma-
tional search.® The very rapid method of Milik et al. used infor-
mation extracted from known structures to generate statistical
positions for reconstructed atoms.® Feldman and Hogue built the
backbone sequentially, selecting conformations according to data-
base derived trajectory distributions.'® Liwo et al. maximized the
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peptide dipole alignments to predict the backbone conformation. '’
Iwata et al. devised an analytical approach to selecting coordinates
compatible with favored regions on the Ramachandran map.'?
Several groups have applied molecular dynamics'>~'> or Monte
Carlo procedures'f’_18 to construct, or refine, backbone conforma-
tions, usually through the evaluation of standard molecular me-
chanics forcefields.

The author’s need for a reliable backbone reconstruction pro-
cedure stems from the development of a protein threading method
that outputs predicted structures in the form of C coordinates. No
reliable and freely distributable software was known to be avail-
able, which could, in addition to building structures from C,
traces, also build structures from CB traces. The devised scheme
uses dead-end elimination (DEE) to find the conformation at the
global energy minimum, as evaluated by a database-derived em-
pirical forcefield.

Materials and Methods

Knowledge-Based Forcefield

In the present context, a forcefield (FF) is a set of functions that
describe a potential energy surface. A FF is usually a considerable
approximation with respect to the actual physical characteristics
forming the energy surface. For molecular mechanics (MM), a set
of simple functions that are only dependent upon atom types,
connectivities, and coordinates are used. By avoiding any consid-
eration of electrons (by invoking the Born Oppenheimer approx-
imation) evaluations of points on the energy surface are rapid, and
thus molecular dynamics (MD) simulations become tractable.
Nonetheless, MM FFs typically endeavor to capture the physics
involved by deriving their approximations from physical princi-
ples. Effective potentials do not attempt to describe the underlying
physics. They do not represent the actual interaction energy of
particles, but are parameterized such that they reproduce the sum
of all terms that lead to the potential surface. Many-body effects,
solvent effects, entropic effects, polarization effects, and so on, are
all included in an average sense. In the case of usual MM FFs, it
is often suggested that some of the many-body effects or physical
terms (e.g., polarization) that are not explicitly included are ab-
sorbed into the parameters. However, there is no consideration of
entropic terms, such as the hydrophobic effect, which are known to
be very important in protein folding. This manifests itself in the
inability of MM FFs to correctly characterize native vs. misfolded
structures. This deficiency is often corrected with, computationally
expensive, procedures such as MM/PBS."®

Effective residue—residue potentials>*~>° (also known as inter-
residue database potentials) have been successfully used to distin-
guish between native and misfolded globular proteins.?** The
computational efficiency of effective potentials make them very
attractive, particularly in protein threading and protein folding
studies. An abundance of experimental structures is now available,
enabling knowledge-based potentials to be extracted.

The fundamental assumption adopted in deriving effective po-
tentials for this application is the Boltzmann principle. The Boltz-
mann principle states that the probability of the occurrence of a
given conformational state of energy E scales with the Boltzmann

factor exp{ —E/RT}, where R is the gas constant and T is the
absolute temperature. The probability, or frequency, of an occur-
rence of a given state, or interaction, can therefore be calculated
from the energy of that state, or interaction. Thus, the inverse
Boltzmann relationship provides a method to calculate energies
from the probabilities, or in other words, from the natural loga-
rithm of the observed frequencies. To be rigorously correct, this
requires the complete ensemble of available conformational states.
Evidence suggests that the observed ensemble of database struc-
tures does not conform to this requirement.?’

For the derivation of early effective potentials, it was often
assumed that specific residue-residue interactions dominate the
stability of a given sequence in a given fold.?°~2*2*2° The poten-
tial of mean force between two residues, A and B, is expressed
relative to the average potential between all pairs of residues:*'

AE5(r) = Ezp(r) — Exy(r) = *len[gAB(r : Ar)] ()

gxx(r = Ar)

where g,5(r = Ar) is the normalized radial pair distribution
function with respect to a distance range of r = Ar. gy (r £ Ar)
is the average radial pair distribution function over all amino acid

types:

Z31 Ty 8as(r)
gnlr) == )

E«(r) has been regarded as a homogeneous interaction energy
between an average pair of residues in the native state of globular
proteins, upon which particular preferences, AE , ,(r), are super-
imposed to give the specific interaction potential E , ,(r).>

Effective distance-dependent residue—residue energy of inter-
action between a pair of residues, A and B, at distance r, is:

eas(r) = Eup(r) — w 3

This is the energy associated with an occurrence of a residue
pair AB at distance r at the expense of pairs AA and BB at that
distance.

This scheme incorporates a large number of approximations
and assumptions.?” Equation (1) makes an arbitrary choice of
reference state, the assumption that Boltzmann statistics are appli-
cable (i.e., the radial distribution is assumed representative of an
equilibrium ensemble, and the native state is at the thermodynamic
equilibrium), and divides the conformational space into finite
spheres of interval 2Ar. The potential energy is also expressed as
a sum of pairwise interactions, which act at a single, arbitrary
point. Each specific residue pair is assumed to behave indepen-
dently of other residues and of the environment. Finally, the
experimental data set is assumed large enough to sample the full
range of residue—residue interactions in soluble protein structures.
The PDB is biased toward small globular proteins that are easy to
crystallize, and therefore, does not fully represent the set of struc-
tures exhibited in nature. All those concerns aside, the success of
similar approaches in native fold detection studies lends significant
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support to this approach. An excellent review of these assumptions
is available.?®

For the purposes of this study, these equations are extended to
atomic interactions, with each atom type within each residue being
considered as an interaction centre.

A triangular sampling function was employed. This sampling
function required minor modification to the standard equations
detailed above, and Ar is redefined to be the width of each
spherical shell.

E.5(r) = —kT'In g,p(r) “4)

ga5(r) is the radial pair distribution function, which is propor-
tional to the number of atoms of type B within a differential
spherical shell at a distance r from a central atom of type A,
Np|a(r). The volume of this shell is dr = 4qrr*dr. The number of
A — B pairs at separation r, N, 5(r), is given by:

Nap(r) = NB\A(V)NA = NAPBgAB(r)47Tr2dr )

where p, is the density of atom B, p; = x,zp, the mole fraction
of B multiplied by the mean number density of the system. In this
analysis, N, 5z(r) is evaluated by counting the atom pairs at sepa-
ration r occurring in the database of structures:

Na Na
Nag(r) = z 8(|rAi_ rBj| =) (6)
i=1 j=1
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This summation is performed over all pairs of atom types A and B,
except for those that are from the same residue or from residues
that are adjacent in the sequence. The coordinate of occurrence i of
type A is indicated by r,,. From eq. (5), the normalized radial pair
distribution may be written as:

Nup(r)

_ _ gus(r) _ 4arr?

8anlr) = 2, gas(r) B Nap(r) ®
" Aar?

ga5(r) reflects the normalized interaction probability for a given

pair of atoms. g, 5(r) is not biased by the particular frequencies of

those atoms occurring in the database. This provides the corre-

sponding potential of mean force:
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The size of each interval, AR, is typically of the order of 0.2 A.
A cutoff distance of 15.2 A was used during sampling. During
evaluation using the derived potentials, any cutoff up to 15.2-AR
may be selected. In all work presented here, the cutoff is 15.0 A.
Beyond 15.0 A the potential function is close to negligible, if
parameterized to such distances.

An analogous potential was created to deal with atoms in the
same residue or in residues adjacent in the sequence. In this case,
no cutoff was required.

Preparation of Structures

Seven thousand, one hundred, thirty cleaned, high-resolution,
structures were used to derive each potential. These structures
selected from the PDB?° using the following criteria: (a) resolution
of 2.0 A or better; (b) solved using X-ray crystallography or
neutron diffraction; and (c) deposited prior to October 30th 2002.
The identities of the chains in the data set of 7130 structures
were used to characterize these chains to remove the bias caused
by degenerate structures. Each chain was compared with every
other chain using the BLAST>® algorithm as implemented in the
NCBI toolkit.*! Using the BLAST p-value as the distance mea-
sure, they were then clustered using a single-linkage clustering
procedure. With a p-value cutoff of 1.0e-6, 1362 clusters were
determined from the 12,022 chains in the 7130 structures. These
clusters are considered to be sets of chains with significant se-
quence similarity. Rather than using the more common approach
of selecting a single representative chain from each cluster, the
contribution to the derived potentials are weighted according to the
size of the cluster by modifying eq. (6). The scaling factor S is the
inverse of the total number of elements in A,’s chain’s cluster.

Na Np
Nap(r) = 2 Sai E 5(|”A1 - rBj‘ —r) (10)

i=1 j=1

The cleaning was performed using the CLEAN program dis-
tributed with the HBPLUS software package,*> which corrects
atom labeling, followed by HBPLUS itself to add or correct polar
hydrogen atom coordinates.

Internally, the forcefield engine, named SPLIFF-AA, has a
hash-based implementation. There are several thousand possible
atom-—atom interaction types, and the potential for each of these is
stored as a lookup array. These lookup arrays are indexed using a
fast hashing function, resulting in rapid access to molecular ener-
gies.

Only a subset of the SPLIFF-AA forcefield is required in this
application because side-chain atoms are not considered.

Dead-End Elimination

Stochastic algorithms, although often highly tunable for a given
problem, are never guaranteed to locate the global energy minima.
Systematic searching, on the other hand, would always find the
global minima but, unfortunately, this is often not a tractable
approach due to the computational expense of enumerating and
evaluating every possible configuration. An approach that is com-
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monly applied to resolve the shortcomings of systematic searching
is known as dead-end elimination.?*-**

DEE procedures are generally regarded as some of the best
approaches for both protein design and side-chain placement.”

The theoretical basis of DEE requires that the energy function
may be decomposed into pairwise contributions. By virtue of the
natural pairwise decomposition of the potential functions de-
scribed earlier, they are ideal for application in DEE search pro-
cedures.

The DEE algorithm attempts to systematically eliminate states
for each variable that are unable to contribute to the global energy
minimum. If DEE converges to a single solution, it may be proven
that the global energy minimum is found.*® Often, DEE does not
converge, but in such cases one would hope that a sufficient
number of possible rotamers are eliminated to ensure that complete
enumeration of the remaining configurations is tractable.

The energy function that this particular DEE implementation
seeks to solve is:

N N N
E[olal = E Esinglc(ri) + E E Epair(rb Sj) (1 1)
r=1

r=1s=1

In this expression, N is the total number of residues. r; repre-
sents residue r with its observed local backbone conformation i.
Likewise, s;, is residue s with backbone conformation j. E;,.(7;)
represents the energy of r,, which may be considered as including
both internal energy terms, and any interactions with the environ-
ment. In the presented work, E .. is a harmonic penalty function
ensuring that the backbone fragment overlays the C, trace suffi-
ciently well. It is assumed that the internal energies of the back-
bone fragments are very similar, at least relative to the potentially
large residue-residue interactions. The applied harmonic constant
was 2.0 RT A2 E.i(r;, s;) represents the interaction energy
between r; and s;. E;, is the value derived from the SPLIFF-AA
force field for the central residue of each fragment, with an
additional superpositioning term for cases when atoms in the pair
of fragments overlap. Again, this is a simple harmonic penalty
function, with a harmonic constant of 1.5 RT A2 In the case of
protein design, i and j would indicate residue identity in addition
to rotameric state. Locating the global minimum configuration of
rotamers via a systematic search would obviously require signifi-
cant computation.

State i for variable r, that is r;, will not contribute to the global
energy configuration if the net energy contribution from its best
case pairwise interactions with all states for all other variables is
higher than that of the worst case pairwise interactions with an
alternative state, r,. This statement is known as the original
dead-end elimination criterion.>® Formally, this may be stated as:

N
Esinglc(ri) - Esinglc(r:f) + E {I‘Illn Epair(ri, Sk)}

s=1,5#r

N
- E {max Epair(rj’ sk)} >0 (12)

s=1,5#r k

State r, may also be eliminated if the contribution to the total
energy is always higher than that of an alternative state, r,. This is
known as the simple dead-end elimination criterion,>* and may be
formally stated as:

N

Esing]e(ri) - Esingle(rj) + E {min[Epuir(ris Sk) - Epair(rjv Sk)]} >0

s=1,s#r k

(13)

When applied in practice, both of the above elimination criteria
converge on sets of more than one possible configuration. Further
eliminations may be made by determining pairs of states that
cannot coexist in the global energy minimum configuration.
Adapting the original DEE criterion®® gives:

N
e(ry 1) = 8(r, s) + 2 {min Epi(ri, 1,) + Epals;, 1,)}
t=1,1#r#s mn
N
- E {max Epair(ri, lm) + Epair(sk, lm)} >0 (14)
1=le#r#s M

where

e(axs b\) = Esingle(ax) + Esingle(by) + Epair(axv bv) (]5)

Similarly, adapting the simple DEE criterion®* gives:
N
e(r, s) — 8(",'7 s) + E {min[Epair(riv 1)+ Epair(sj’ 1)
=1#r#s "

- Epair(ris tm) + Epair(sks tm)]} >0 (16)

Eliminating a pair of states using the above two criteria does
not directly allow elimination of the individual states because
either could exist individually in the global energy minimum
configuration. However, in subsequent single-state elimination cal-
culations, eliminated pairs will no longer contribute, and this could
result in additional single residue eliminations.

A number of further enhancements have been described in the
literature, for example, residue unification®” where a so-called
“super-residue” is formed from all of the possible rotamer pairs at
two positions. This super-residue is then treated as a single residue
for the remainder of the calculation. Search efficiency may also be
improved by estimating which of the possible rotamer pairs are
unlikely to be eliminated and therefore skipping their evaluation.®®
A trivial trick for enhancing the efficiency of any search algorithm,
including DEE, is to ignore any rotamer or rotamer pair that
contributes a very high energy to any configuration in which it is
present, for example, from a clash with the backbone. This last
approach, “threshold elimination” is the only accelerating en-
hancement applied in the presented procedure, at this time.
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Figure 1. The standard orientation enforced on the three-residue
fragment, centered on residue i. In the case that C_, coordinates are not
provided (e.g., for the reconstruction of backbones from Cg coordi-
nates) then the alternative atoms are used instead.

Backbone Fragment Library

A library of three-residue backbone fragments was extracted from
1336 randomly selected nonredundant PDB structures. Each struc-
ture was considered redundant if its longest chain had greater than
95% sequence identity with a previously selected structure. Any
fragments with missing atoms, or bonds outside of generally
accepted lengths, are also discarded. This fragment library was
sorted according to the presence of glycine, proline, and other
residues in the first instance and then by the C_—C_—C, angle,
discretized to 6° increments. For reconstruction of backbones from
atoms other than the C,, traces, alternative libraries are built with
appropriate angular criteria. Duplicate fragments, as determined by
clustering to an adjustable backbone atom RMSD tolerance with
the fragments aligned in the standard frame, were discarded. For
all of the presented results, the RMSD clustering tolerance was 1.0
Angstroms.

All fragments in the library were aligned in a standard refer-
ence frame, as shown schematically in Figure 1. This allowed
several evaluations to be optimized out of the algorithm used to
build structures from these fragments.

Prior to the DEE process, the least frequently observed frag-
ment conformations are discarded. In the results presented, the
threshold is 0.5%.

Backbone Construction

Fragment Overlap

Individual fragments are overlaid on the known backbone coordi-
nates by determining the orthogonal transformations that minimize
the sum of squared distances between the corresponding pairs of
atoms in the fragments with those in the known backbone. One
should note that this method is also applicable to the case that
atomic coordinates other than the C, are known. Although such
results are not presented, this protocol is not specific to only the
reconstruction of backbones from C, traces, and consequently,
simple three-point superpositioning is not suitable.

The orthogonal transformations are determined using a slightly
modified form of Kearsley’s method,* which is an analytical
solution of a constrained least-squares problem by stating it as an
eigenvalue problem with quaternion algebra. Practically, this
method is elegant because: (a) it is not an iterative procedure;
instead, it only requires construction and diagonalization of a
symmetric 4 X 4 matrix; (b) improper rotations are never pro-
duced; (c) it is general, with no special cases to consider sepa-
rately; and (d) the RMSD between the superimposed vector sets
falls out of the calculation with no significant computational over-
head.

In the case of molecular structures, it was assumed to be
advantageous to weight the individual contributions to the solution
by the atomic masses. Thus, an extension to Kearsley’s nonitera-
tive superpositioning algorithm has been implemented for molec-
ular structures, in which the vector-pair contributions are weighted
by their associated atomic masses.

We relate a pair of corresponding vector sets of dimension N,
a reference set a, and a rotated set b, which are both mass
centered, by a general quaternion ¢g. The contribution of each pair
of vectors, a; and b,, is weighted using vector W, which in our
application is the vector of atomic masses. We wish to determine
g by minimizing the weighted sum of squared magnitudes of the
residual quaternions, as given by eq. (18)

ri=1[0,a] — ‘]71[0, bilgq an

where r; is the residual quaternion.
By multiplying the above equation by ¢, we may construct our
weighted least-squares residual function, &.

N-1 N-1
€= E [Wigr)|* = |ql? E |[Wi(r)?
i=0 i=0
N-1

= > WI—(&m, 0 (a;— by,

i=0

X(ai —b) + (& n, 0 X (a; — bi)]|2 (18)

Because ¢ is a general quaternion, rather than unit quaternion,
the transformation will include a component of isotropic dilation.
To ensure that the transformation is a pure rotation, we constrain
the norm of ¢ to unity using a Lagrangian multiplier A, as in eq.
(19). The Lagrangian term removes the nonlinear contribution to
the weighted least-squares procedure. With the norm of ¢ con-
strained to unity, solutions for r will reduce to our original
weighted least-squares residual function, eq. (18)

N—1

& = 2 Wilé(a, — by) + ﬂ(aiy - biy) + g(aiz - biz)]2

i=0
+ [x(a;, — by) + m(a, — b)) + g(aiy - biy)]z
+ [X(aiy - biy) + {(ay, — by) + g(aiz - biz)]2
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+ [X(a[z - biz) + §(aiy - b[y) + U(aix - bix)]z
Al =X —-E-7n=-0)) 19

with a; = (a;,, a;,, a;), and likewise, b, = (b,,, b,;,, b;.).

iy

SWA) + i)+ () 2 WYz — vz}
2 Wily'z — vzt
2 Wixiz = x'z )
S Wixly: = xy'h

2 Wixiyr — x'y}
S Wiz —x'z}

~N 3 o X

where 2 indicates the sum over all values for

N—-1

i 2

i=0

In the case that all atomic weights are unity, eq. (20) reduces to
Kearsley’s equation. The eigenvector with the smallest eigenvalue
indicates the rotation required to minimize the weighted sum of
squared distances, with the eigenvalue equal to the corresponding
residual error (i.e., the weighted sum of the residuals squared for
the superimposed vector sets). The RMSD is conveniently given

by:
A
RMSD = \ﬁ 21)
m

where

N—1
m= 2 Wi,

i=0

the sum of all individual atomic masses.
For the special case that all weights are unity, we get Kearsley’s

original result that:

The required matrix diagonalization was performed using a
Jacobian-based eigenvector solving procedure.

Search Procedure

DEE, as described above, is used to search for an optimal sequence
of fragments. On occasion, the DEE procedure is unable to con-
verge. In these situations, the least likely fragments, based on the
frequency of occurrence in the set of PDB structures used to
generate the fragment library, are successively removed from the

S W)+ (b)) + ()%

By differentiating & with respect to each component of g and
defining as zero, the resulting equations may be organized as an
eigenvalue problem. Using the notation, «,, = (a;, + b,,) and
o, = (a;, — b;,), we have:

ic i

S Wixz —x'z} S WXy = xy)
2 Wixiyr = xyih S Wixz — X'z}
WA+ )P+ ()Y 2 Wiz — v
S Wiyiz — i WA+ () + ()%

~ 3 e X

(20)

allowable list, and further DEE elimination steps are taken until
convergence occurs.

Structure Generation

The middle portion of the three-residue fragment selected at each
position in the sequence is used to build that part of the backbone.
This middle portion includes the carbonyl group of residue one and
all of residue two, except for its carbonyl group. At the termini and
sequence breaks the relevant portions of the adjacent fragments are
used instead.

Results

Forcefield Validation

Although the results are not shown, extensive studies were per-
formed to validate the SPLIFF-AA forcefield. As an illustrative
example, it is applied to the evaluation of standard decoy sets in
Table 1.40-%2

An Example: Immunoglobin-Binding Protein (11GD)

Kazmierkiewicz et al.'® illustrated the application of their method
by reconstructing the backbone coordinates of an immunoglobin-
binding protein. They reported an RMSD over all backbone atoms
of 0.50 A, with maximum deviations of 0.7 A for MET- 1, THR-21,
THR-58, and LYS-59. It is not clear to the author why LYS-59 is
reported as such, because the crystal structure contains a valine at
position 59. They also reported a correlation coefficient of 0.86 for
¢ dihedrals and 0.97 for s dihedrals. With the present method, an
overall backbone RMSD of 0.345 A is observed, with maximum
deviations of 1.39, 0.99, 0.63, and 0.72 A, for MET-1, ASP-45,
TRP-46, and GLU-60, respectively. Only seven residues had a
backbone RMSD of 0.5 A. The correlation coefficients for the
backbone dihedrals, ¢ and ¢ are 0.96 and 0.97, respectively.

Figure 2 provides a view of the resulting structure.

This calculation took approximately 10 s on a 1.4 GHz PC,
which compares to a reported time of 22 min on a 650 MHz PIII
PC for the method of Kazmierkiewicz et al.
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Table 1. Results of Decoy Evaluation.

SPLIFF-AA SPLIFF-AA Samudrala and
(all-atoms) (backbone-atoms) Moult, 1998
Decoy Protein Number
set PDB ID of decoys V4 Rank Z Rank Z Rank Fain et al., 2002
Levitt*® 1CTF 630 -9.97 1 —9.08 1 -29 1 -29 1
1R69 675 —-10.77 1 —10.32 1 —24 1 -2.0 11
1SN3 660 —13.73 1 —13.82 1 -33 1 -2.7 5
2CRO 674 -9.99 1 —9.36 1 -2.5 1 —-1.7 22
3ICB 653 —8.16 1 —7.38 1 —-1.7 22 —-14 55
4PTI 687 —12.86 1 —12.97 1 -33 1 -2.0 13
4RXN 677 —14.17 1 —13.91 1 —2.6 1 —-34 2
Lattice*® 1BEO 2000 —8.23 1 —8.80 1 —-94 1 —10.1 1
1CTF 2000 —1.31 125 —1.06 262 —-6.7 1 —6.6 1
1DKT/A 2000 —7.34 1 —7.24 1 —5.6 1 —54 1
1FCA 2000 —8.22 1 —0.18 933 —5.6 1 —5.1 1
INKL 2000 —1.43 53 —1.55 34 -7.3 1 -7.8 1
1PGB 2000 —7.84 1 —7.96 1 -89 1 -9.9 1
1TRL/A 2000 —2.62 1 —2.04 1 -39 1 —4.9 1
4ICB 2000 —5.68 1 —5.60 1 —4.3 1 —4.9 1
Fisa*? 1FC2 500 —3.63 1 —4.47 1
1HDD/C 500 —4.87 1 —5.59 1
2CRO 500 —5.28 1 —-5.32 1
4ICB 500 —8.30 1 —8.56 1

Only the native 1CTF and INKL structures are incorrectly ranked (against the Lattice Secondary Structure Fit Decoys)
using the SPLIFF-AA potential energy terms for all-atoms. Using the backbone atoms’ contributions to the effective
energy produces an incorrect rank for IFCA, in addition. The columns labeled Z contain the Z-scores for the native
structure with respect to the decoy set. Z-scores express the score of the native structure in terms of the standard
deviation of scores in the decoy set: Z = S, — (S)/o. The more negative the Z-score, the better the predictive ability
of the scoring function. The Samudrala et al. columns were calculated using the freely available code and potentials
described by Samudrala and Moult.*® The Fain et al. columns were directly taken from ref. 47.

Initially, the total number of fragment permutations that could
describe the global energy minimum is astronomical. In the case
demonstrated here, there are 1 X 10'°? possible permutations with
the default fragment library. Evaluating these through systematic
searching would clearly be ridiculous. The initial threshold elim-
ination step does not remove any possibilities, in this case. One
iteration of the original singles elimination reduces the number of
permutations to 1 X 107" and one iteration of the simple singles
elimination further reduces this to 1 X 10'2, at which point 20 of
the 61 variables are fully solved. One iteration of the original pairs
elimination reduces the number of possible permutations to 1 X
107. This is followed by one iteration of the simple pairs elimina-
tion that yields a single solution.

Reconstruction of a Series of Structures

A set of structures, chosen based on their use in prior backbone
reconstruction literature, were built using the described protocol.
The input C_, coordinates were extracted directly from the crystal
structures. The results are shown in Table 2. For the cases in which
alternative atomic coordinates are provided in the crystal structure,
the conformation with greatest occupancy is selected for the com-
parison.

Comparison to MaxSprout

MaxSprout, an interactive server provided at the European Bioin-
formatics Institute,*® is a widely used modeling tool. MaxSprout
uses a fragment-based protocol.* The accuracy of structures built
using the MaxSprout server were compared to those built using the
present method. As is evident from Table 3, MaxSprout is roughly
20% less accurate than the present method, and this value ignores
the cases for which MaxSprout failed to generate a complete set of
satisfactory backbone coordinates.

Reconstruction of a Series of Distorted Structures

Often, modeled C, coordinates will contain errors. Distortions
were deliberately made to input C, traces to gauge the effect of
such errors. For each of the three Cartesian axes, a random trans-
lation from a Gaussian distribution was applied to each C, coor-
dinate. The resulting models were compared to the models built
from the original C_ coordinates, and the results are plotted in
Figure 3. It is seen that errors in the input coordinates have an
almost linear effect on the reconstructed backbone coordinates.
The excess error in the output coordinates is approximately 80% of
the error in the input coordinates, implying that the erroneous
coordinates are improved by the backbone reconstruction process.
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Figure 2. A stereoview of the superposition of the crystal structure backbone atoms (with hydrogens
added by HBPLUS??) and the predicted backbone. The measured RMSD is 0.345 A.

Analysis of Predicted ¢ and p Dihedrals

Side-chain placement algorithms are often dependent upon the
accuracy of the backbone ¢ and ¢ dihedrals, particularly those
algorithms that use backbone-dependent rotamer libraries or x
angle probabilities. Therefore, the correlation between predicted
and measured dihedrals was evaluated and presented in Table 4.

Reconstructions from Cg Coordinates

As an illustration of this methods applicability to rebuilding back-
bones from atom subsets other than the C_, trace, Table 5 shows the
results of reconstruction from Cg traces.

Discussion

Once the backbone of a protein has been constructed, only side-
chain placement is needed to produce a full all-atom three-dimen-
sional structure. There is a wide range of reliable and readily
available methods for this task, and the overall accuracy of result-
ing structures are primarily dependant upon the choice of these
sidechain construction methods.

When applied in actual protein modeling tasks, structures re-
sulting from this procedure are subsequently minimized. Once
again, a knowledge-based forcefield is usually applied. This min-
imization process relaxes stressed portions of the structure, pre-
paring it for further studies or simulation. If the C_, coordinates are

fixed at their crystal positions, the minimization procedure further
improves the agreement between backbone atoms’ predicted and
experimentally measured coordinates. Most backbone reconstruc-
tion algorithms described in the literature do not apply significant
minimization, so using this to generate results for this article was
not considered a fair test. The reader should bear in mind that the
presented RMSDs are, therefore, at the lower end of the quality
scale of those for protein models derived using this procedure
followed by refinement.

The method is highly tunable, with certain parameters giving
backbone structures for a typical 300 residue protein in approx-
imately 2 s. However, this is at the expense of reliable results,
with around two residues per 100 being unassigned and an
overall RMSD of the remaining backbone atoms of the order of
1.0-1.5 A. Such tuning options include aggressive distance
cutoffs and automatic elimination of a large proportion of the
least-probable fragments, based on the frequency of existence
in the original structural library. In addition, the relative
weights of the superpositioning score and the energetic score
may be modified so that when the backbone is known to be
inaccurate, the method can compensate, to some extent. No
systematic study of this aspect of the method has yet been
undertaken; however, preliminary results show that with C,
RMSD distortions of around 1 A, the predicted backbone can be
seen to consistently improve the C, trace.

Comparison of Kazmierkiewicz et al.’s 1IGD calculation
shows that this present method is a superior approach in terms of
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Table 2. A Sample of the Structures, and Their Corresponding PDB Index Codes, Used to Compare with

Results of Previous Work.

Main-chain RMSD (A)

Protein Number of residues PDB index Present work Prior method Reference
Myoglobin 154 111M 0.31 0.49¢ Feldman and Hogue, 2000
Crambin 46 1CRN 0.44 0.56 Levitt, 1992

0.20° Payne, 1993

0.41¢ Milik et al., 1997

0.64" Gan et al., 1997
Ribosomal protein 74 1CTF 0.41 0.29 Levitt, 1992

0.19¢ Payne, 1993

0.46¢ Milik et al., 1997
Immunoglobin binding protein 61 11GD 0.34 0.50 Kazmierkiewicz et al., 2002
Oncomodulin 107 10MD 0.39 0.41¢ Feldman and Hogue, 2000
Signal transduction protein 129 ISEM 0.50 0.64%¢ Feldman and Hogue, 2000
Triose phosphate isomerase 494 1TIM 0.56 0.55 Claessens et al., 1989

0.50°¢ Payne, 1993

0.53/0.54*° Iwata et al., 2002

0.60¢ Milik et al., 1997

0.58" Gan et al., 1997

0.63 Rey and Skolnick, 1992

0.70%f Feldman and Hogue, 2000
Ubiquitin 76 1UBQ 0.37 0.42 Holm and Sander, 1991

0.25¢ Payne, 1993

0.32¢ Milik et al., 1997
Serine protease 198 2ALP 0.47 0.19 Correa, 1990

0.30¢ Payne, 1993

0.454 Milik et al., 1997
Citrate synthase 437 2CTS 0.37 0.54 Claessens et al., 1989

0.33¢ Payne, 1993

0.41/0.42%° Iwata et al., 2002

0.37¢ Milik et al., 1997
Lysozyme 129 2LYM 0.32 0.69¢ Feldman and Hogue, 2000

0.76 Rey and Skolnick, 1992
Myohemeythrin 118 2MHR 0.33 0.71 Rey and Skolnick, 1992

0.22¢ Payne, 1993

0.464 Milik et al., 1997

0.76¢ Feldman and Hogue, 2000
Apo-plastocyanin 99 2PCY 0.48 0.86¢ Feldman and Hogue, 2000

0.72 Rey and Skolnick, 1992
Serine proteinase 279 2PRK 0.37 0.49 Holm and Sander, 1991

0.26¢ Payne, 1993

0.364 Milik et al., 1997
DNA binding protein 107 2WRP 0.24 0.46 Holm and Sander, 1991

0.18¢ Payne, 1993

0.21¢ Milik et al., 1997
Hydrolase 323 3APP 0.40 0.42¢ Milik et al., 1997
Tyrosyl-transfer RNA synthase 317 3TS1 0.40 0.58< Feldman and Hogue, 2000
Trypsin inhibitor 58 4PTI 0.51 0.39* Iwata et al., 2002

0.56¢ Feldman and Hogue, 2000

0.61" Gan et al., 1997

0.63 Rey and Skolnick, 1992
Hydrolase 307 5CPA 0.48 0.61 Claessens et al., 1989

0.33¢ Payne, 1993

0.42% Iwata et al., 2002

0.48¢ Milik et al., 1997

(continued)
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Table 2. (Continued)

Main-chain RMSD (A)

Protein Number of residues PDB index Present work Prior method Reference
Flavodoxin 138 SNLL 0.42 047 Iwata et al., 2002
Trypsin inhibitor 58 6PTI 0.46 0.51 Levitt, 1992

0.32° Payne, 1993

0.384 Milik et al., 1997
Agglutinin 342 IWGA 0.52 0.45¢ Milik et al., 1997

These particular protein structures were deleted from the sets used to generate the forcefield and the fragment library,
although homologous proteins or alternative solutions of the same proteins remained. The RMSD is calculated between
the unmodified X-ray structure vs. the generated backbone model over the N, H, C,, Cg, C, and O atoms.

“Prior to minimization by molecular dynamics.
PReported for each chain.

“Although the method of Payne gives the most favorable results, it is the author’s understanding that all proteins in the
test set, except 1TIM, were used in the small training set to parameterize the applied functions, and therefore, the results

are meretriciously enhanced.

dOnly N, C, O, and CB atoms considered in calculation of the RMSD, which is likely to lead to lower values than if the

H atom was also considered.

“Only the first 58 residues were constructed by Feldman and Hogue.
fOnly one subunit, 247 residues were constructed by Feldman and Hogue.
€O0nly the first 211 residues were constructed by Feldman and Hogue.

"Prior to energy minimization.

both computational time and accuracy of the solution. This con-
clusion is likely to be true for any given protein.

This method may be easily adapted for reconstruction from
other atom subsets, as demonstrated for CB coordinates. It is
feasible that it could be trivially extended to instead deal with
virtual atoms. This would be useful for cases where, for example,
side-chain geometric centers are used in coarse protein models. It
is interesting to note that the performance of this algorithm is
better for reconstruction from C, coordinates than from Cg coor-
dinates. The backbone conformational freedom given particular C,,
coordinates is less than that given Cg coordinates. This results in
a larger C,, fragment library than Cg fragment library for the same
clustering threshold. Because a constant probability threshold of
0.5% is used, the backbone conformational space for specific Cg
coordinates is not as well sampled. A lower likelihood threshold
improves the accuracy of the results, but at a considerable com-
putational expense (results not shown).

The implementation of this procedure allows the scoring func-
tions to be readily changed. For example, one could envision
calculating the single-residue contributions by comparison to elec-
tron density maps. One advantage that the current scoring function
possesses is that it considers long-range interactions, something
that the majority of the older methods do not. Long-range inter-
actions are expected to determine, to at least some extent, the local
backbone conformation.

By virtue of using the DEE algorithm, the solution is guaran-
teed to be the global minimum for the selected scoring function,
assuming successful convergence. A trivial extension to the DEE
algorithm enables location of all structures within a specified
energy of the global energy minimum. Coupled to the A* search
algorithm, this has been shown to be an effective method for
sampling the protein sidechain conformational energy surface,**

Table 3. A Comparison of Structures Generated by This Method vs.
Those Generated by MaxSprout.

Main-chain RMSD (A)

PDB index Present work MaxSprout
111M 0.31 0.43

1CTF 0.41 0.76

11GD 0.34 0.49
10MD 0.39 0.44

ISEM 0.50 13.71

1TIM 0.56 17.31

1UBQ 0.37 0.38

2ALP 0.47 Incomplete structure
2CTS 0.37 0.46

2LYM 0.32 0.46
2MHR 0.33 0.56

2PRK 0.37 0.45

2WRP 0.24 Incomplete structure
3TS1 0.40 0.43

4PTI 0.51 0.44

SNLL 0.42 0.46

6PTI 0.46 Incomplete structure
IWGA 0.52 Incomplete structure
Mean® 0.39/0.38° 0.48

Std. Dev.” 0.08/0.05" 0.10

The remaining structures in the test set (ICRN, 3APP, and 5CPA) are
present in the fragment database utilized by MaxSprout, and were therefore
ignored.

“Ignoring 1TIM and 1SEM results.

"Excluding results for structures that MaxSprout was unable to satisfacto-
rily construct.
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Effect of input coordinate distortions on output accuracy
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Figure 3. The effect of errors in the input C,, trace. The output RMSD
is the excess RMSD when compared to the model created with the
initial C,, coordinates.

and may be anticipated as being equally useful for sampling the
backbone conformational energy surface.

An interesting observation is that the backbone predictions are
remarkably accurate, even in the absence of side-chain interactions.
This almost certainly results from use of the effective forcefield. To

Table 4. The Correlation between Predicted and Measured Dihedrals.

Correlation

Table 5. Cg Reconstruction Results.

Main-chain RMSD (A)

PDB index 1 [}

111M 0.94 0.82
ICRN 0.99 0.89
1CTF 0.99 0.89
11IGD 0.97 0.96
10MD 0.96 0.93
1SEM 0.91 0.86
ITIM 0.91 0.76
1UBQ 0.97 0.96
2ALP 0.96 0.94
2CTS 0.94 0.82
2LYM 0.95 0.96
2MHR 0.93 0.71
2PCY 0.94 0.89
2PRK 0.96 0.92
2WRP 0.99 0.89
3APP 0.94 0.93
3TS1 0.94 0.80
4PTI 0.96 0.93
5CPA 0.94 0.88
SNLL 0.95 0.87
6PTI 0.97 0.83
IWGA 0.96 0.91
Mean 0.95 0.88

Terminal residues are ignored.

PDB index C, CB

111M 0.31 0.53
1CRN 0.44 0.57
1CTF 0.41 0.68
11IGD 0.34 0.54
10MD 0.39 0.64
1SEM 0.50 0.71
1TIM 0.56 0.79
1UBQ 0.37 0.62
2ALP 0.47 0.74
2CTS 0.37 0.67
2LYM 0.32 0.51
2MHR 0.33 0.69
2PCY 0.48 0.65
2PRK 0.37 0.76
2WRP 0.24 0.54
3APP 0.40 0.70
3TS1 0.40 0.71
4PTI 0.51 0.81
5CPA 0.48 0.72
5NLL 0.42 0.65
6PTI 0.46 0.66
IWGA 0.52 0.91
Mean 0.41 0.67

some degree, backbone-side-chain interactions are included in an
average sense. The evaluation of native vs. decoy structures was not
significantly disrupted by the use of backbone atoms only. In fact, the
Z-scores for several protein sets were improved.

The high level of accuracy of the predictions illustrates that the
SPLIFF-AA forcefield captures the essential physical interactions
that dominate backbone structures. As far as the SPLIFF-AA
forcefield is concerned, one major deficit that is currently exhibited
is the lack of directional components in the interactions. For
example, hydrogen bonds are directional, but only the distances
are significant in the atom-based terms. On a larger scale, the
direction of interaction between two residues can be important.
This may be captured to some extent by the multiple minima in the
sum of potentials between multiple atoms, but a study into direc-
tion-dependant SPLIFF-AA terms may be worthwhile. Addition-
ally, rotamer specific potentials have been suggested, and may
warrant investigations.*> Another limitation may be the lack of any
distinction between buried and exposed atoms. However, adding
this to the FF introduces considerable computational overhead
without any appreciable gain in the quality of predictions.

The terminal residues have significantly worse RMSD deviations,
on average, than nonterminal residues (results not shown). The author
relies on subsequent minimization to resolve this minor issue.

Summary

The protocol described in this report is able to restore the full
backbone coordinates to within 0.2-0.6 A of the actual crystal
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structure from C,, coordinates only. The entire process is rapid,
taking of the order of a few minutes for a typical protein on a
typical desktop PC. This compares very favorably to previously
published methods, being both one of the fastest and one of the
most accurate methods.

When compared to the widely used MaxSprout server, the
present approach yields backbones with RMSD deviations from
the native structure of approximately 20% less.

The software implemented for this work is available from
http://mccammon.ucsd.edu/~adcock/bb.html, along with the po-
tential function data files.
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