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Abstract: De novo predictions of protein structures at high resolution are plagued by the problem
of detecting the native conformation from false energy minima. In this work, we provide an
assessment of various detection and refinement protocols on a small subset of the second-
generation all-atom Rosetta decoy set (Tsai et al. Proteins 2003, 53, 76—87) using two
potentials: the all-atom CHARMM PARAM22 force field combined with generalized Born/surface-
area (GB-SA) implicit solvation and the DFIRE-AA statistical potential. Detection schemes
included DFIRE-AA conformational scoring and energy minimization followed by scoring with
both GB-SA and DFIRE-AA potentials. Refinement methods included short-time (1-ps) molecular
dynamics simulations, temperature-based replica exchange molecular dynamics, and a new
computational unfold/refold procedure. Refinement methods include temperature-based replica
exchange molecular dynamics and a new computational unfold/refold procedure. Our results
indicate that simple detection with only minimization is the best protocol for finding the most
nativelike structures in the decoy set. The refinement techniques that we tested are generally
unsuccessful in improving detection; however, they provide marginal improvements to some of
the decoy structures. Future directions in the development of refinement techniques are discussed
in the context of the limitations of the protocols evaluated in this study.

1. Introduction matched through profile similarities with one or more known
Protein structure prediction is becoming an increasingly structure€. Finally, with little perceived similarity to known
important part of the biologist's toolkit as the number of folds, de novo algorithms generate protein structures either
protein-encoding DNA sequences from genomic studies by united-residue folding simulatioher fragment assemblfy.
vastly outnumbers the available experimentally obtained The Rosetta program from the Baker grbigconsidered
protein structures. Structure prediction has been tackled byone of the top methods for de novo structure predictions.
a variety of strategies depending on the similarity of a target Traditionally, de novo folding has been used as a last resort
amino acid sequence to known protein structures. Compara-for protein structure prediction. The Rosetta protocol has
tive modeling is used when the target sequence is very closeproven to be very powerful for predicting structures where
to one or more known protein structufeBold prediction the fold and its subsequent template alignment can be
and threading are employed when the sequence can begyuessed, but the fold prediction is less than cefifnsetta
can generate structures of low to medium resolution in many
* Corresponding author e-mail: michael.lee@amedd.army.mil. cases, although detecting such structures as being near-native
TU.S. Army Research Laboratory. is frequently difficult®~® Near-native, in the context of this
¥U.S. Army Medical Research Institute of Infectious Diseases. work, refers to structural models whose root-mean-square-
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deviation (rmsd) of their alpha-carbon backbong)(@re such as generalized Born(GB)r Poissor-Boltzmann?*
within 2—3 A of the experimentally determined structure. One of the goals of this work is to compare two different
Often for a given protein target, between 10 000 to 100 000 but exemplary scoring functions, PARAM22/GB-8A>and
models must be generated for a few models to be near-nativethe all-atom distance-scaled ideal-gas reference state (DFIRE-
structures. Also, the more near-native structures that areAA) statistical potential??® for detection and refinement.
generated, the greater the likelihood an atom-based scoringThe SA denotes a simple solvent-accessible, surface area-
function will be able to detect one or more of the near-native based treatment of the hydrophobic effect. PARAM22/GB-
structures as the best scoring. Two criteria must be satisfied,SA exhibited one of the best detection capabilities among
however, to make successful detection and refinementseveral force-field based functions in an assessment of
possible. First, the scoring function should score the native CASP4 protein structures, where the specific model of GB
as lowest in energy compared to any misfolded structures.was GBMV2!” GBMV2 is a molecular-volume dielectric
In addition, it is necessary that as the native structure is boundary implicit solvent model which does a good job in
approached, as can be measured by various native-biasechimicking the results of more expensive Poisson solvation
metrics such as rmsd or fraction of native contacts, the scorescalculations®
trend toward the native value. This requirement, which we  DFIRE-AA, on the other hand, is very good at distinguish-
will call a “scoring funnel” is analogous to the folding funnel, ing the native structure from non-native conformations for
whereby real proteins move on a folding trajectory that take a wide variety of decoy seté Statistical potential approaches
on the native fold in a finite time due to some leaning, have also been successfully employed in the drug-docking
however slight, toward the lowest free-energy bdsne problem to detect native poses and estimate binding affini-
caveat in the connection between the scoring funnel and theties?7-28 Also studied is the ability of such functions to detect
folding funnel is that the scoring function often lacks some near-native structur&%®°or optimal alignments of structural
or all of the entropy contribution's. templates in homology models32 Statistical potentials are

Several refinement protocols have been considered in thedeveloped from the growing database of crystal structures
literature, although the problem remains largely unsoied. in the Protein Data Bank (PDBY.The traditional method
Presently, a grand challenge problem is to consistently refineinvolves analyzing the probability distributions and subse-
low- to medium-resolution protein structure predictions (e.g., quently the potentials of mean force along the distances
C, rmsd > 4 A) to the accuracy necessary for drug-based between pairs of atoms.
design (e.g., €rmsd < 2.5 A.) Recent efforts have included In this work, we introduce a hybrid force field for
the work of Lu and Skolnick2 which evaluated the effect molecular dynamics (MD) simulations that combines a
of short simulations~¢50 ps) using force field and knowledge- continuous version of the DFIRE-AA statistical potential with
based potentials. Misura and Bakeutlined a scheme of  the internal energies and van der Waals interactions of a
making random perturbations to the original Rosetta models, united-atom force field? Interestingly, MD simulations using
which works well in tandem with their homology-based this hybrid potential quickly condense the protein and trap
enrichment procedureFan and Marké investigated the use it in a local minimum. To take advantage of the rapidity of
of long-time molecular dynamic simulations- {0 ns) in condensing a protein structure, we developed a method that
improving initial models. In cases, where only small seg- quickly unfolds and refolds a protein model, thereby generat-
ments of a protein need to be “refined” (i.e., nonconserved ing hundreds of new protein models which can be scored
regions of a homology model), configurational enumeration by the DFIRE-AA or any other discriminating energy
techniques can be quite succesafut® Nevertheless, larger ~ function. The hope is that some of the newly generated
nonconserved regions (e.g., number of residdks,> 11) protein models will be lower in energy and closer to the
are still difficult to model because the number of plausible native structure.
conformations increases exponentially with the number of  We first perform a standard comparison between the all-
residues. atom PARAM22/GB-SA potentidl and the DFIRE-AA

A priori knowledge of which protein conformations in a  statistical potentiafd for detection of native and near-native
large set of structures are near-native is an unsolved problemprotein structures using several sets of Rosetta-generated
because of three reasons. First, the side-chain packing mayrotein conformations. We then perform replica exchange
not be correct, even if the backbone is near-native. In this simulations using separately the all-atom potential and an
case, the high-resolution scoring function will often fail. MD-adapted form of the statistical potential. Replica ex-
Second, the best structures may not be within the “radius of change entails running several parallel simulation windows
convergence” of the native basin for a given energy function. Spanning a range of temperatifesrhereby periodically
Finally, the high-resolution energy function may sometimes €xchanges of temperature between windows are performed

assign a lower energy to a non-native structure compared tobased on a Metropolis Monte Carlo criterion. As a final
the native or near-native conformation. method, we look at unfolding/refolding of model structures

The potential or scoring functions to discriminate and USing the hybrid force-field/statistical potential.
refine protein structures are currently based on three meth-
ods: force-field basé@!"!8 and knowledge-basédand 2. Theory and Methods
hybrids of the twd."-?°Force-field based detection functions 2.1. Potentials.The DFIRE-AA statistical potential is one
often employ a standard parameter set such as CHARMM of several knowledge-based potentials described in the
PARAM22%! or AMBER?? and an implicit solvent function literature?®3¢ 1t is defined a¥
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wherei andj are non-hydrogen atom typesis a pairwise
distancerquis the cutoff beyond which pairwise interactions
are neglectedAr is the histogram bin sizeNos iS a
cumulative histogram of the observed occurrence of pairs
as a function of the pairwise distaneejs set to 1.61 based
on an empirical analysis of hard-sphere protein-like spatial -1 8
distributions?” andkg andT are the Boltzmann constant and 0 ' 5 ‘ 10 ' s
absolute temperature, respectively. The paramgtes an Distance (A)
arbitrary constant that can be modified either to estimate free-
energy differencés or to tune the strength of the DFIRE
energy term versus Other energy terms.. The histogfdms the regular DFIRE-AA potential values at the bin centers. The
in this work were obtained from analysis of a culled set of gy curve is the cubic-interpolated version suitable for MD
1836 PDB structures from the PISCES set¥&rhich had simulations.

better than 1.8-A resolution and were less than 30%

homologous to each other. We deviated from the original Table 1. Features of the Nine Protein Decoy Sets Used in
DFIRE protocol by assigningsr = 0.5 A at all distances ~ 1his Work

Pair Energy (kcal/mol)

Figure 1. Regular and smoothed DFIRE-AA potential for the
pairwise interaction of two alanine C,s. The circles denote

and having range from 0.25 A to 14.75 A, such that, = no.of bestrmsd - best % nc®
15 A. PDB % %  decoys % %

Like many statistical potentials, the DFIRE model is not D Nes® alpha beta inset rmmsd nc® rmsd nc”
suitable by itself for exploring the energy landscape without 134 67 85 0 1807 20 55 20 55
some sort of restraints or constraift$n the case of Monte lcsp 64 0 53 1809 32 43 39 46

Carlo exploration, one can sample different dihedral rotamers 1ctf 67 52 19 1922 27 57 35 64
of the backbone and side chains, where each conformationipgx 57 25 46 181 15 63 15 63

is forced to obey standard bond lengths and bond angles. In1r69 61 64 0 1733 14 64 14 69
our case, where we desire to run molecular dynamics, a 1tif 59 17 37 1849 26 56 26 56
further issue is that the DFIRE potential needs to be lutg 62 79 0 1897 34 36 54 53
smoothed out. We employed cubic interpolatftio smooth vif 48 0 50 18% 04 56 12 86
out the potential so that the first derivatives are continuous. 5072 57 6 1870 30 58 31 59

An example of this procedure is illustrated in Figure 1. Qur @ Number of residues in protein. % nc — percentage of native
complete dynamics potential, denoted here as DFIRE-MD, “°Macts:

consists of the standard PARAM19 internal energy and van
der Waals attraction/repulsion terms and the smoothed
DFIRE-AA potential with# set to 0.25. As compared to

study using the CASP4 predictions as decoy Setsle
believe that alternative implicit solvent models might lead

DFIRE-AA, DFIRE-MD only incorporates smoothed statisti- to a modest decrease in accuracy but being considerably more

! ) . : . computationally efficient may outweigh this.

cal potential energies from nonbonded list pairs which . o .
include intraresidue pairs beyone-4 interactions. In minor ~ 2-2- Protein Model SetsThe specific interest of this work
contrast, typical DFIRE-AA includes all pairs of atoms up S to assess detection and refinement of de novo-ge_nerated
to precisely 15 A excluding all intraresidue pairwise interac- Protéin structure models created by the Baker lab using the
tions. Electrostatics and solvation were omitted in DFIRE- Rosetta prograrhWe looked at nine proteins in this study,
MD as they were considered analogous to the contributionsWith the following PDB identifiers? 1ail, 1csp, 1ctf, 1pgx,
of DFIRE-AA. The van der Waals term was retained so that 1r69, 1tif, 1utg, 1vif, and 5ich (see Table 1). These proteins
short-range steric interactions were properly modeled. Be- Were chosen based on their diversity of secondary structure,
sides the obvious issue of overcounting in this energy model, availability of online Rosetta decoy sets (which we call
it is questionable whether a statistical potential that defines Rosetta2 denoting the second generatiérgyailability of
a free energy should be used as a potential for molecularX-ray crystal native structures, and overlap with previous
dynamics. Nonetheless, we are mainly concerned in this workdetection and refinement studie!°Each one of the decoy
with the exploration of a scoring-function surface, and not sets contains approximately 1800 models, which consist of
thermodynamics. ~1000 decoys from the original Rosetta decoy set00

We also employ the all-atom PARAM22 force fiéld somewhat near to the native, andl0O0 of the lowest ¢
combined with GBMV2® implicit solvent model. A linear ~ rmsd from an exhaustive 200 000 model Rosetta®riihe
surface-area-based hydrophobic term of 30 cal/(AR}t’ enrichment of low rmsd structures in these sets is certainly
was also included using the SASA-1 approximatiors an influence on our results and cannot be fairly compared
indicated in the Introduction, this combination potential, to a prediction protocol where far less than 200 000 Rosetta
which we will refer to as PARAM22/GB-SA, was one of models are generated. This issue is considered more in the
the best performers in a previous protein structure detectionDiscussion section.
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For the first statistical potential detection trial, the all-
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different temperature ranges selected for each potential

atom decoys were used as-is. For all of the other methods,reflected the fact that we tried to ramp up the temperature

the Rosetta models were converted to a PARAM19 format
using the Multiscale Modeling Tools for Structural Biology
(MMTSB) corvpdb.pl command and minimized modestly
to remove steric clashes (MMTSBINCHARMM.plcom-
mand interfaced with CHARMM): 50 steps with a steepest
descent algorithm followed by 100 steps with an adopted
basis Newtor-Raphson protocol. The energy function for

for the DFIRE-MD simulations as high as possible to counter
the strong collapsing propensity of this potential, while

retaining some energy overlap between windows. The initial
structures placed in each window corresponded to the 16-
member diversity set described above. Block simulation
times, 7, were set to 0.4 ps. A total of 2500 exchange steps
were carried out, for a cumulative simulation time of 1 ns.

minimization used a distance-based dielectric electrostatic Molecular dynamics simulations were performed with the

term with a coefficient of 47
2.3. Clustering. While results may vary for other sets of
Rosetta-generated models, loynsd structures often show

CHARMM software packagé} and the replica exchange
method was performed with the MMTS#rex.plprogramt’
Even though ReX enhances sampling, some accuracy will

up in the Rosetta2 decoy sets as seen in Table 1. Also, thebe lost simply by having to filter out a small number of

population of these low Ermsd models may be diminish-

structures to create a diversity set. Therefore, we decided to

ingly small® In general, we observe that at the collection also run every minimized decoy with 298 K molecular
phase after a Rosetta run, it is imperative not to discard dynamics for a small amount of simulation time, 1 ps, to
structures solely by score, because they could actually becompare with the ReX simulations. With such short runs,
the best models, i.e., nearest-native. However, some amounthe relevant question was whether a small amount of
of filtering needs to take place before any computationally refinement could improve detection.

intensive refinement procedure such as replica exchange or 2.5. Z-Fold Method. Noting the strong attractive nature
Z-fold (both described below). In this work, we hierarchically of a pairwise statistical potential during a MD run, we
cluster Rosetta-generated decoy strucfimesbtain a diverse  decided to utilize this feature to refold protein structures with
set of structures using the MMTSB commasidster.plwith the aim of generating a diversity of conformations in the
the 4jclust option. Our nondefault clustering parameters vicinity of a given model structure. Th&fold method starts
included a maximum of four subclusters per parent cluster by temperature unfolding (400 K) a protein model over a
(-maxnum option) and minimum of four elements per short time with secondary structure restraints and only the
subcluster (insizeoption.) The clusters were selected from vdW and internal energy terms turned on. This is followed
the fourth hierarchical level, such that in each decoy set, atby refolding with the DFIRE-MD potential retaining the
least 16 clusters could be identified in all of the protein sets. secondary structure restraints. In this work, the unfolding
The average DFIRE-AA scores from each cluster were simulations were performed for 10 ps, and refolding simula-
ranked, and the lowest-energy conformers from each of thetions were performed for 6 ps. For each starting model, 10
top 16 clusters were defined as the diversity set. Note thatunfolding simulations with different random seeds were
the PARAM22/GB-SA scores could have been used insteadperformed. For each unfolded structure, there were then 10

for ranking.
2.4. Replica Exchange.The replica exchange method
(ReX)*is a state-of-the-art technique for sampling an energy

refolds performed, for a total of 100 refolded structures per
starting model. The secondary structure restraints were
obtained via the DSSPprogram evaluated on the original

landscape. It has been used successfully in studies of proteirmodel. Secondary structure restrairs, of the form

folding,*® loop structure predictioff,and lattice-based protein
structure predictio® The concept behind the method is to
run multiple simultaneous molecular dynamics or Monte
Carlo simulations with a spectrum of biases and/or temper-
atures. The principle of using ReX in this study is to allow
for automatic unfolding of worse scoring structures and
refolding of better scoring structures. In this work, a range
of temperature windows is used, and we looked at the
performance of separately the PARAM22/GB-SA and DFIRE-
MD potential. After a specified block simulation time,
windowsa andb exchange temperatures with a probability,
WZ46

1
exp(— Agp)

Aab = (ﬁa - ﬁb)(Ea - Eb)

wheref is 1ksT andE is the potential energy of a particular

Ap=0

W(a<=>b)={ AL 0

&)

replica. We used 16 temperature windows ranging exponen-

tially from 298 to 650 K for the DFIRE-MD simulations
and 298 to 500 K for the PARAM22/GB-SA runs. The

2

namin
) —wl®

180°

E =K x ma><{0, ab{& -

were used to restrict the backbone dihedral angles of the
identified secondary structure elements to plus or minus the
width, w, from 6min. The force constank, was set to 100
kcal/mol/rad? w is the width of the potential, and
corresponds to either the or ¢-dihedral angles. For the
helix restraints, the parameters weve= 7°, ¢min = —64°,
and¢min = —41°. For the beta-strand restraints, the param-
eters werav = 40°, ¢min = —120°, and@min = +120°. The
16-member diversity sets for each protein were also the
starting models in this part of the study. After generation,
each refolded structure was minimized and rescored using
the PARAM22/GB-SA detection protocol described above.
2.6. Analysis Technigues.A popular measure of the
similarity of a model structure with the native conformation
is rmsd. In this work, rmsd is defined for the, @rotein
backbone versus the native X-ray structure in units of A. A
common evaluation of scoring functions is the Z-score, which
normalizes the score of the natit a6 relative to the mean,
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E, and standard deviation, of the scores of the decoy set: Table 2. Summary of Results for Detection of Structures

_ Using the DFIRE-AA Potential Score on the Original Decoy

E E

_ Fnative ™ Structures
Zoper="—"" (4)
o best rmsd best av
) ) rmsd of top  of top 5 ) av rmsd rmsd of
The Z-score is a useful measure of the depth of the scoring PDB scoring - scoring ~ enrichment  oftop ~ top 5
funnel, whereby greater negative values indicate deeper D Zener structufe structures (15 x 15%) cluster dlusters
funnels. Nonetheless, detecting a near-native structure from1ai® —2.3 8.7 45 069 9:2 7l
. . . a —
a set of models can only be reliably achieved when there is 1¢sP* —32 43 43 282 60 60
lcf  —35 33 33 185 4.8 48

some propensity of the scoring function to favor structures

N X —4.4 5.9 2.4 245 55 41
as they become more _and_more nat_lvellke. Th(_aref_ore, we 1?39 36 22 15 3.49 a5 35
are concerned as well in this work with other criteria: the ;. _5; 78 3.9 0.96 51 50
rmsd of the lowest scoring structure (excluding the native); 1yge 13 107 6.7 0.54 6.2 6.2
the best rmsd of the top five scoring structures; thex15 wif  —-2.8 06 06 4.80 38 38
15% enrichment scoreand statistical correlation between  sicba —2.2 43 43 2.19 5.7 5.7
rmsd and score. The 15 15% enrichment score measures avg? -3.2 5.3 35 220(1.39) 55 5.1

the number of structures which are both in the top 15% of  aNative structure was not detected as the lowest in energy.

scores and top 15% of RMSDs to native divided by the °Standard deviation in parentheses.

number of St'I’UC.tUI’eS one would expect by chance to satisfy Table 3. Summary of Results for Detection of Structures

these two criteria. Summa et<lshow that other measures jging the DFIRE-AA Potential Score on the Minimized

of the usefulness of a scoring potential are correlated pecoy Structures?

S|gn|f|_cantly with t_he ones we use here. o best rmsd best av
While C, rmsd is a popular measure of similarity of a rmsd of  of top 5 _ avrmsd rmsd of

conformation to the native structure, it is sometimes helpful DS Zow Seofer shuomrls G e ey chbars

to look at other similarity measures, such as fraction of native

contacts. The definition for fraction of native contacts is as i:'sll;b :;i Z'; ;; gsg Z'é Z'S
folloyvs. Elrst, fora given natlv_e structure, the natlvg poqtacts 1cf  -33 33 33 187 48 48
are identified as all side-chain center-of-mass pailp; (| lpgx -36 59 24 252 42 a1
> i+ 1, whose distances are less than 659Khen for 1169 —3.5 22 15 3.80 3.5 3.5
each model conformation, the fraction of native contacts is 1tif -38 7.8 38 1.08 5.1 5.0
the number of native contacts in the model divided by the 1utg® -05 5.4 5.4 0.30 6.2 6.2
total number of native contacts in the X-ray structure. In 1vif -22 06 0.6 471 38 38
this work, to conform to the directionality of rmsd scatter 5icb® -1.8 4.4 4.2 2.04 5.7 5.6
plots, we take one minus the result. avg® —26 48 36 219(145 54 5.1

a Structures were minimized using the protocol specified in the
3. Results Methods section. ? Native structure was not detected as the lowest

> . . . in energy. ¢ Standard deviation in parentheses.
The following section considers separately detection and

refinement using two distinct scoring functions: DFIRE- sets is the best rmsd structure also the closest to the native
AA and PARAM22/GB-SA. In the detection subsection, we in contact space.
consider the ability of these two scoring functions to find ~ The PARAM22/GB-SA potential is marginally better than
near-native structures from large decoy sets of de novo- DFIRE-AA at detecting a low-rmsd structure using score
generated conformations. In the refinement subsection, wealone, as seen in Tables—2. Both potentials perform
first ask whether short-time molecular dynamics enhancesroughly the same in detection if the top five scoring
the detection capabilities of the force field-based score. Thenconformations are considered. One can also see that the
we test the two scoring functions in a standard replica average Z-score for the PARAM22/GB-SA is slightly
exchange protocol to see whether small subsets of the decoyuperior to the DFIRE-AA one. Furthermore, DFIRE-AA
sets can be induced toward the native state. Finally, notingfails to detect the native X-ray crystal structure for four
the collapsing propensities of the DFIRE-AA as a sampling proteins (even with minimization), while PARAM22/GB-
function, we evaluate the above-described unfold/refold SA fails for only two proteins. The 1% 15% enrichment
method with the same small subsets of decoys. scores for both potentials are on average roughly the same,
3.1. Detection.Table 1 outlines some of the features of while the standard deviation of these scores suggest DFIRE-
the decoy sets we chose. The best structures in each set havkA can be either better or worse than PARAM22/GB-SA
C. RMSDs of~3 A and below. In contrast, the structures for a specific protein. For example, the DFIRE-AA potential
with the best percentage of native contacts have only betweerfares worse than chance (i.e., enrichment scores less than 1)
50% and 65% similarity. This means that-350% of the for three proteins, while the PARAM22/GB-SA enrichment
native contacts are missing even in the best decoy structuresvalues are above chance in each protein case. Using a
Therefore, it might be conjectured that scoring functions with clustering scheme to choose structures or sets of structures
atomic resolution may fail to detect the structures that are is somewhat worse than single conformation detection for
closer to native, because they are still some distance awayDFIRE-AA (Tables 2 and 3) and significantly worse for
in contact space. Finally, in only three of the nine protein PARAM22/GB-SA (Table 4). In principle, clustering should
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Table 4. Summary of Results for the Detection of from their large collection. However, it shows that our force-
Structures Using the PARAM22/GB-SA Potential on the field results are in line with their analyses, which had used
Minimized Decoy Structures? a different atomic resolution potential.
best rmsd best av In Figure 2, we show two examples of the detection
rmsd of top  of top 5 ] av rmsd rmsd of .

PDB scoring  scoring enrichment oftop  top 5 problem using the Rosetta decoy sets: an easy case and a
ID Zener structure structures (15 x 15%) cluster clusters difficult case. In the easy situation, 1vif (Figure 2a,b), there
lal —-33 107 4.0 2.58 6.6 6.6 are several very near-native structures generated. Also, as
lesp —4.2 45 43 1.82 6.0 6.0 the structures approach the native, there is a downward slope

letf —4.9 3.7 33 22 4.8 48 in energy. Structures beiol A in rmsd are detectable versus

ipsg ’:'Z z';‘ i‘; ;zz :: :g the rest of the set using the PARAM22/GB-SA potential.
" : : ’ : : : Furthermore, the lowest energy structure for this potential

if  -5.1 4.4 4.0 1.35 6.0 5.0 : v the | M trast. in the difficult

lutgb —2.1 47 46 Les 62 62 is nearly the lowest rmstlin contrast, in the difficult case,

Wit —32 05 0.4 492 38 38 the 1ail (Figure 2c,d) decoy set has few structures that are

Sich® —1.8 41 40 166 8.4 56 better tha 4 A and only one structure better than 2 A.

avg® —4.0 4.2 3.2 2.15(0.92) 5.6 51 Visually, one might consider the group of structures in Figure
a Structures were optimized using the protocol specified in the 2c at~4.5 A have on average a better score than the other

Methods section. ? Native structure was not detected as the lowest group, which suggests that by clustering-4 A conforma-

in energy. © Standard deviation in parentheses. tion could be selected out. In reality, though, no such lower-

help smooth out noise in the scoring function. In practice, Scoring cluster was identified (Table 4). Figure 2c also
lingering clashes in specific structures are more pena|ized|llustrates how single structure detection can fail sometimes,
in the PARAM22/GB-SA results, likely leading to worse @S it picks out the low-scoring conformation at 10.7 A. Figure
overall average cluster energies. Furthermore, cluster popula2d Shows that DFIRE-AA cannot discern the native structure
tions at this stage are unlikely to be fruitful, given that they as lowest in energy. In addition, there are no visible trends
are dependent on the “thermodynamic” sampling of the in this scatter plot.
lower-resolution Rosetta united-residue function. Figure 3 illustrates the point that even if many 2 and 3 A
It is interesting to compare the results of the original paper structures are in the decoy set, they may have a lot of missing
associated with the decoys we u$etisai et al. reports an  native contacts. This provides some evidence of why atomic
average Z-score of-4.5 and enrichment value of 1.86 for resolution scoring functions may not detect these lower rmsd
all 78 proteins using their single unified scoring potential. structures. Figure 3b shows very little funnel-like behavior,
This is not a fair comparison between our results and theirs likely due to the large gap in native contact space between
as we are using a small manually selected subset of proteinghe best decoys and the native structure. In Figure 3c, the
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Figure 2. Scatter plots of the PARAM22/GB-SA and DFIRE-AA potentials vs C, rmsd to native: (a-b) 1vif, an easy test case
for detection and (c-d) 1lail, a difficult test case for detection.
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) 00— — Table 5. Correlation Coefficient of DFIRE-AA and
~ | A . ] PARAM22/GB-SA Scores vs RMSD as a Function of
E -1150- - Different RMSD Ranges of Conformations
%_1 200 ] PDB DFIRE-AA PARAM22/GB-SA
& » 1 ID <4 A <6 A all <4 A <6 A all
g -1250 . )
< I ] 1ail -0.05 020 0.03 0.32 034 025
& 1300 : lcsp 0.07 0.22 048 0.06 012 011
g I s R 1 dctf 0.06 022 043 0.17 030 0.3
8 -1350_— . ] 1pgx 0.44 039 041 —-0.03 -0.01 0.04
= 14001 4 1r69 0.48 051 051 0.32 038 0.4
£ - 1tif -0.09 008 039 —0.16 0.13  0.06
G % 10 12 14 lutg  —-0.09 -022 011 0.27 017 0.8
C,RMSD (4) 1vif 0.74 087 085 0.51 0.67  0.65
5ich 0.22 027 044 0.07 0.16  0.16
b) 00— . . T avg 0.20 028 041 0.17 025 021

Table 6. Summary of Results for Detection/Refinement of
Structures Using Short-Time Molecular Dynamics (1 ps)
with the PARAM22/GB-SA Potential

-1200-

PARAM22/GB-SA energy (kcal/mol) ~

rmsd?@ of best rmsd?
-1300 7 PDB top of top 5 enrichment
ID scorerb scorers® (15 x 15%)
1ail 10.8 4.0 2.53
-1400- 7 lcsp 7.7 45 1.87
. ) . . | . | . lctf 4.0 3.6 1.94
0 02 1- (fra%t?on natlveocgntacts) 08 ! Lpgx 11.8 25 221
1r69 1.7 1.7 3.92
c) : 1tif 4.0 34 1.44
osk o lutg 11.0 45 1.41
1vif 0.9 0.9 4.29
5icb 4.1 4.2 1.90
0.6 A avg® 6.2 3.3 2.39 (1.04)

armsd defined with respect to the final structures of the dynamics
trajectories ? Score defined as the average potential energy over the
° short-time dynamics simulation. ¢ Standard deviation in parentheses.

e
S
T
]

perturbation of the native structure tend to show improved
] correlation between score and rmsd at various rmsd ranges
o (results not showrt:

=)
N
T
|

1 - (fraction of native contacts)

1 1 |
% 2 4 06 RMS]S) & o 12 14 3.2. Refinement.Short-run MD results on every decoy
o structure are presented in Table 6. The goal here was to
Figure 3. For the 1pgx decoy set, comparison of (a) obtain quick refinement of all of the decoy structures in the
PARAM22/GB-SA score with C, rmsd, (b) PARAM22/GB-SA hopes that poor side-chain contacts in good rmsd structures
score with fraction of native contacts, and (c) fraction of native might be rectified and detection would be improved.
contacts with C, rmsd. Unfortunately, single structure detection results were 2 A

worse on average than minimization alone. Side-by-side

structures between 2 dnd A begin to have some slope comparisons with the optimized structure results show that
toward more native contacts than the continuum of structuresdynamics increased detection errors for a few of the difficult
in the set. cases and 1pgx. Using the top five scoring conformations

In Table 5, the funnel-like behavior of the two scoring criteria, the dynamics results are on par with simple
functions is further quantified by looking at the correlation optimization. Finally, enrichment scores are overall enhanced
coefficient of the score to the rmsd of decoys which are close somewhat by short-time dynamics. While these simulations
to the native:>°In most proteins, small correlations do exist lack equilibration at 298 K, which could be a source of error,
between score and rmsd. However, in some notable casesthere is a practical compromise with simulation runtime when
such as 1tif and 1utg for DFIRE-AA and 1pgx for PARAM22/ thousands of structures must be simuldted.
GB-SA, the correlations are nearly zero or negative, indicat- Tables 7 and 8 summarize the results of ReX simulations
ing no funnel-like behavior. Since the Rosetta-generated on a diversity set of conformationbl & 16) for each protein.
decoys do not completely span the conformation space of Each small set includes at least one structure ®fA rmsd
our test proteins, the correlations are probably, in general,quality. The sampling nature of ReXMD simulations
underestimated. In fact, protein decoy sets obtained by permits us to look at clusters and their respective populations
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Table 7. Summary of Results for Detection and
Refinement of Structures from 1-ns Replica Exchange
Molecular Dynamics Simulations Using the DFIRE-MD
Potential

best lowest av most
rmsd in lowest lowest energy populated
PDB  diversity rmsd rmsd cluster cluster
ID set (298K) (allT) (rmsd)ab (rmsd)ab
1ail 53 5.3 4.9 10.9 10.9
lcsp 3.6 3.5 3.4 8.0 5.7
Lctf 3.6 3.4 34 104 5.2
1pgx 15 1.9 1.0 8.8 8.8
1r69 1.5 1.1 1.1 3.5 15
1tif 4.1 4.0 3.5 4.9 4.9
lutg 4.8 5.7 4.8 8.4 10.4
1vif 0.6 0.6 0.6 9.4 3.7¢
5icb 4.3 4.1 3.3 4.8 4.4
avg 3.3 33 2.9 7.7 6.2

a Structures and energies obtained from the final step of the
simulation block in the 298 K window. ? rmsd was averaged over the
structures in the specified cluster. ¢ Averaged over two clusters tied
for first, with RMSDs of 2.8 A and 4.6 A.

Table 8. Summary of Results for Detection and
Refinement of Structures via 1-ns Replica Exchange
Molecular Dynamics Simulations with the PARAM22/
GB-SA Potential

best lowest av most
rmsd in lowest lowest energy populated
PDB  diversity rmsd rmsd cluster cluster
ID set (298K)  (allT)  (rmsd)2bc  (rmsd)ab
1ail 5.3 5.2 4.8 6.8 11.8
lesp 3.6 34 34 7.0 4.2
lctf 3.6 31 31 11.3 10.9
1pgx 15 1.7 1.6 6.5 7.1
1r69 15 1.3 1.3 3.0 3.0
1tif 4.1 3.9 3.6 6.1 6.1
lutg 4.8 4.4 4.1 5.7 10.0
1vif 0.6 0.7 0.7 2.0 1.8
5icb 4.3 4.2 34 5.0 5.0
avg 3.3 3.1 29 5.9 6.7

2 Structures and energies were obtained from the final step of each
simulation block in the 298 K window. ? rmsd was averaged over the
structures in the specified cluster. ¢ Clusters with less than 10
elements were filtered out.
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as 0.4 A. In the case of DFIRE-MD, these rmsd improve-
ments may not reflect refinement as much as compacting of
the model structures. It is also noted that the best structures
were not produced and preserved in the lowest temperature
(298 K) window.

Some further details of a single replica exchange simula-
tion (Lpgx/PARAM22-GBSA) are presented in Figure 4. The
progressions of the two lowest rmsd models, as seen in
Figure 4a, are quite different. The 2.4 A structure stabilizes
and becomes lower in rmsd to about 2.0 A, while the 1.4 A
structure gets significantly worse over time. This divergence
can be explained in Figure 4b,c, where the 2.4 A structure
spent much more time in cooler temperature windows than
the 1.4 A model. Finally, as illustrated in Figure 4d, we note
that in the first 606- ps, a 7 Amodel dominates the lowest
temperature window. Consistent with this result, the data in
Table 8 indicate that the lowest free-energy cluster had an
average rmsd of-7 A. One might surmise that with further
sampling the 2.5 A model would dominate the 298 K window
and be detected as the lowest in free energy.

Two more important points can be gleaned from Figure
4. First, the energy of a structure and not its rmsd to the
native dictates how the models will percolate through the
temperature windows. Hence, a poorly scoring low-rmsd
structure inserted into a simulation may end up getting
muddled by high temperatures. Second, the ReX simulations,
as computationally intensive as they are, generally must be
run for much longer simulation times than were done here
(e.g., 16-100 ns) to get convergent population statistics.

Overall, the ReX results are not as remarkable as the
simple detection schemes, despite the orders of magnitude
more computational effort. Our PARAM22/GB-SA replica
exchange on proteins of the size studied here required 2 days
of computation per protein on 16 AMD Athlon 2260
processors. In contrast, the PARAM22/GB-SA detection
protocol on an entire decoy set required ativb on asingle
CPU.

Figure 5 illustrates that the DFIRE scores can be highly
correlated with the compactness of the conformations.
Although this trait may not be able to completely explain
DFIRE-AA detection abilities, it does suggest that running
on the DFIRE-MD energy surface could cause structures to

at 298 K as analogous to free energies of these clusters. Thédecome more compact. In fact, Figure 6 illustrates that
data indicate the cluster population offered better detection DFIRE-MD tends to compress protein structures and make
than average energy for the DFIRE-MD potential but not them more spherical in shape. This can be attributed to the
the PARAM22/GB-SA potential. Given the limited number fact that DFIRE-potential tends to maximize intraprotein
of proteins in this work, neither average energy nor free contacts. An opposing protein contact breaker, such as a
energy can be distinguished as better than the other. In onlysolvation term, is lacking® Despite the distortions caused
a few of the protein cases for both potentials did the lowest by DFIRE-MD, the potential is very expedient at forming
rmsd starting conformation contribute significantly to the contacts. In Figure 7, one can see that a partially extended
lowest-energy cluster. This highlights the limitations of the conformation is quickly collapsed into a compact structure
potentials and the fact that no significant folding funnel could in a mere 5 ps of simulation time.
be discerned at such limited rmsd quality. Proteins lail and Given the quick collapsing propensities of DFIRE-MD,
1lutg exemplify the latter constraint. the Z-fold method was tested, and the results are summarized
Interestingly, there are slight rmsd improvements, albeit in Table 9. As one can see, the results are not much better
undetectable via energy criteria, which take place for both than replica exchange on average. The lowest average energy
potentials for most of the proteirid? At 298 K, the and lowest free-energy clusters are on par with clustering
improvements average 0.2 A for PARAM22/GB-SA. Over results in the detection and replica exchange calculations.
all the temperature windows, improvements average as muchMost noticeably, the best rmsd structure is on average 0.3



320 J. Chem. Theory Comput., Vol. 3, No. 1, 2007

Lee and Olson

a) 5 : . . : b) T T T T
[ 450} .
%)
2
§ 400 .
2
g
8
2 350
3
=
z
300 i
| L | L 1 " 1
0 200 400 600 300 1000
Simulation time (ps)
Simulation time (ps)
C) 500 : : . : d) T T T T
450 -
Q 450 g
~ o
£ £ 400} -
<
5 400 - g
g
£ g
3 & 3501
S 350 . g
£ £
=
3001 1 3001 -
L 1 N 1 s 1 L 1 L . L + L * L
0 200 400 600 800 1000 0 200 400 600 800 1000

Simulation time (ps)

Simulation time (ps)
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Figure 5. Comparison of the DFIRE-AA score with radius of
gyration for the 1pgx decoy set.

Figure 6. DFIRE-MD compresses native 1pgx protein struc-
A better than the original best structure. Nevertheless, some::rrﬁct?]\:gr ::1 dsnr(r:iuI:tt)logﬁgrrnel Fr’]i”z? SLIEEn_ ;D(Ie&t)olgztj'l\;
of the rmsd improvement could be due to the compacting graphics rendereg with VMD software.67 '
nature of the DFIRE-MD potential. Another issue is that
neither the DFIRE-MD nor the PARAM22/GB-SA potential
was able to dgtect the best rmsd structures. In F!gure 8.1ty 1. Decoy Set PropertiesThe ability to detect near-native
appears that improvements in rmsd were achieved for

. ’ structures from a set of conformations is inevitably related
structures 2 A and farther from the native. Sometimes rmsd

) i to the quality of structures in the set. If enough low-rmsd
improvements could be detected by DFIRE-MD as illustrated stryctures are available, any good detection function should

by the filled squares which lie above and below the zero pe able to pick up at least some of these structures as better
line. Once again, some structure compacting may be occur-in score than the rest. The extreme case of an easy decoy
ring, and small rmsd improvements may not translate set would be one where model structures are developed from
completely as refinements. perturbations of the native. Small perturbation decoys would

4. Discussion
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16 " T " . , . - contacts for the best structures, it makes sense that the atomic
1 resolution scoring functions may have some difficulty in

detection. There are two reasons why the fraction of native
contacts may be lacking. First, the side-chain prediction
algorithm used for these decoy sets may not be optimal. Tests
of rebuilding side chains with the SCAP methbdted to
better overall DFIRE-AA scores (results not shown). The
other issue is that the fraction of native contacts may have,
in analogy to a scoring function, a narrow funnel versus
backbone rmsd. Most of the native contacts will collapse
into place only when the protein is very close to the native

Radius of gyration (A)
B % B &

—_
—_

—_
(=]
T

0 0 20 30 40 in backbone rmsd space (see, for example, Figure 3c).
Simulation time (ps) 4.2. Scoring/Energy Functionsln this work, we looked
Figure 7. Radius gyration as a function of simulation time at two diverse scoring/energy functions: one force field-
for the most extended model structure in the 1pgx decoy set based and the other statistically based. Force field-based
using the DFIRE-MD potential at a temperature of 298 K. functions are considered to be accurate but have many

drawbacks. First, the standard van der Waals repulsion term

be very near-native, and if the detection function labels the IS VEry sensitive to the positions of neighboring atoms such
native as best, it would likely label near-natives better than that structural minimization is required. Tsai et al. suggest
misfolds. the use of finite core repulsion terms to alleviate this iSsue.

Most of the low-rmsd structures in the Rosetta2 decoy sets” COmMPromise, however, must be made to ensure that the
are culled from Rosetta runs of nearly 200 000 structures 0T IS repulsive enough to filter out incorrectly packed
per protein set. Generation of 200 000 structures for a single Structures. Another problem with force field-based functions
target is roughly an order magnitude larger than the standard!S that the folding funnel is trying to mimic the physical
automated server Robetta protocol. With today’s computing, EN€ray landscape of real proteins. As such, real proteins may
a single protein prediction would require effort on the order Nave @& subtle free energy gradient toward the native that
of CPU-week& to generate 200 000 models. Enrichment of "€duires long folding times (e.g., milliseconds to several
the decoy sets with low-rmsd structures seems to increase>€conds). Compared to the standard simulation times possibly
the probability of detecting near-native structures, because!SINg current computer resources, typically in the single-
the likelihood that at least one near-native structure will di9it nanos;—:‘corjd range, there is a gap of several orders of
outscore all of the other structures increases. In addition, if Magnitude: A final problem with force field-based poten-
clustering is performed, the near-native enrichment may 12! is that they may be too inaccurate. Consequently, after
provide a distinct cluster of structures from which to select. €Xceptional computational effort of using them, simulations
Furthermore, analyses such as the colony energy méthod, May still lead to 'unphy5|cal structures. o
which modifies the scores based on the presence of structural One of the main problems with a pairwise-only statistical
neighbors, would be biased by the enrichment protocol sincepPotential such as DFIRE-AA is the lack of a microenviron-
as structures become closer to the native, they also becoménent or solvation terrif2 Many scoring functions already
closer to each other, hence enhancing the pairwise rmsdemploy such additional terntg®* This is needed because
weighting factors. pairwise contacts are not statistically independent in known

Brad|ey et al. shows that low-rmsd structures can often protein structure® We believe such additions might increase
be found by using sequences homologous to the target inthe number of near-natives detected for some protein sets.
the Rosetta algorithfrwhere only a total of 1620 thousand ~ The DFIRE-AA potential, like other statistical potentials,
structures need to be built. Note that for the three proteins gleans information from native PDB structures. Conse-
in common between their test set and ours (1tif, (1r69, and quently, unfolded state information is noticeably absent. This
(Lcsp), their “Round 2” € rmsd results (4.1, 1.2, and 4.7 presumably leads to the large energy gradient in DFIRE-
A) are quite comparable to our simple PARAM22/GB-SA AA seen in the protein collapsing simulations (Figures 6 and
detection of their enriched decoy set (4.4, 2.4, and 4.5 A). 7). Atomic force fields, on the other hand, contain a relatively
This favorable comparison is likely due to the fact that balanced description of unfolded and folded states. Thus,
generating a large decoy set of 200 000 models increaseghe energetic differences and subsequent propensities to drive
the probability that there will be enough lower rmsd folding are much more subtle and should be on the order of
structures from which to detect. Moreover, it is unclear from 5—15 kcal/mol, at least in terms of free enefgySkolnick
the work of Bradley et al., whether their improvements were et al?® suggest parametrizing an energy function based on
gained by increasing diversity or by using a computationally decoys/misfolds and near-natives. In this way, there is an
intensive refinement procedure (30050 CPU-days per €nforced funnel or directionality between the two extremes
protein). which can be tuned to obtain a desired folding gradient.

Despite the presence of near-native structures in every set The general issue regarding scoring functions is to what
in this work based on rmsd, other indicators such as fraction extent can they be optimized to achieve a significant folding
of native contacts suggest that the so-called near-natives ardunnel? Furthermore, the two key aspects of the funnel are
not near enough. With only an average of 60% native its depth and width. Maximization of the Z-score by Tsai et
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Table 9. Summary of Results for Detection and Refinement of Structures Using the Z-Fold Method

best rmsd low av low free rmsd of best rmsd
PDB diversity best energy energy lowest best rmsd top of top 5
ID set rmsd cluster cluster energy oftop 5 rescored? rescored?
1ail 5.3 5.0 11.9 8.6 7.6 7.6 7.7 75
1lcsp 3.6 33 4.2 4.2 34 3.4 45 4.1
1ctf 3.6 2.9 8.3 4.4 3.8 35 3.7 3.0
1pgx 15 1.2 2.1 5.7 10.5 2.0 2.2 1.2
1r69 15 1.0 1.5 5.7 1.1 1.1 1.1 11
1iif 41 3.9 5.2 6.9 5.1 5.0 5.2 5.2
lutg 4.8 4.2 10.9 5.1 10.9 5.0 10.5 9.3
1vif 0.6 1.6 25 5.1 3.1 1.9 2.9 1.8
Sich 4.3 3.8 2.9 3.9 9.0 4.3 8.4 2.8
avg 3.3 3.0 5.5 5.5 6.1 3.8 5.1 4.0
2 Rescoring potential is PARAM22/GB-SA after standard structure optimization (see text).
m ' g T T seconds or longer are still outside most researchers’ current
051 ] computing capabilitie®> Another difficulty is that the model
_ e® ] structure to be refined may be, for all practical purposes,
T oo o __8 _____° L EE— permanently trapped in a misfolded conformation. Misfolded
2 - ° % ° . proteins in vivo often require either intervention from
E-os— . . .§ : o chaperones or disposal by the cell machirfésy.
% . s °s, . In this work, we examined the ReX method which has
& . s o ] been used successfully by Zhang et al. to sample confor-
-1 ¢ ] mational space with a sophisticated united-residue force
LI field.2 In fact, Misura et al.commented that the addition of
As—— L temperature might enhance sampling. Regrettably, the com-

bination of an all-atom force field and ReX may not be useful

RMSD of original model (A) . ) ) ;
without restraints, because high-temperature unfolding leads

Figure 8. Refinement capability of Z-fold method as a to destruction of the informational content of the original

function of rmsd of the original model for the 1pgx diversity model. Furthermore, low-temperature refolding of a partially
set. Closed circles represent the lowest rmsd structures in denatured structure can take an inordinately long simulation
the set, open circles denote the lowest rmsd structures out of time when force-field potentials are used. In contrast, ReX

the top five scoring conformations, and shaded squares

_ ! simulations can be successful in loop modelihpecause
represent the top scoring conformation.

the number of degrees of freedom are small enough to be
al® is an example of maximizing the depth of the scoring sampled well within a feasible simulation time. In addition,
funnel such that the native is significantly lower in energy the restraints of the two loop stems limit the extent of
than any decoys. On the other hand, increasing the width of Possible unfolded conformations.
the funnel is also very important, since detection algorithms ~ Perhaps other sampling schemes such as Monte Carlo
will work only if one or more model structures are within might fare better. Misura et al. performed multiple zero
the funnel. It appears from our Z-score results, that the temperature Monte Carlo runs on small sets of decoys. They
DFIRE-AA potential has a modestly smaller funnel depth employed backbone and side-chain rotamer move sets which
than PARAM22/GB-SA. In addition, the overall increased were able to find lower rmsd structures than the original
enrichment scores suggest DFIRE-AA has a slightly larger models. One drawback was their inability to sometimes detect
funnel width. The problem with DFIRE-AA is that in some the lowest rmsd structures via an energy function alone.
of the test sets, enrichment scores were 1 or less, suggestinfrurthermore, there was a compromise between the size of
that the funnel was nonexistent in the vicinity of the 15% the move sets and the ability to sample rare side-chain
lowest rmsd structures. The compromise to creating a wide conformations that might be crucial to achieve correct
and deep folding funnel is that, in general, the native packing’
structures of most, if not all, aqueous proteins will need to  The Z-fold method which entails a slight unfolding and
lie at or near the scoring function minimum. refolding of a model conformation is a compelling alterna-
4.3. Conformational Sampling.Many researchers have tive. It stands in contrast to simply simulating the rearrange-
found that all-atom MD simulations are unable to explore ment of a protein that is trapped in a misfolded compact
diverse conformations at room-temperature despite simula-state. Also, the Z-fold approach benefits from a statistical
tion times on the order of several nanosecdofidsan and potential with a fast refolding process because the energy
Mark!® have suggested that even longer MD simulations on gradient from the partially unfolded state to a compact state
the order of hundreds of nanoseconds or even microsecondss large. Nonetheless, there are several problems with using
may be a viable technique for refinement. We agree that a statistical potential. First, compacting will occur at local
sufficiently long simulations probably would succeed some levels causing distortion in secondary structures. This can
of the time. Invariably, though, simulation times of micro- be ameliorated somewhat through the use of secondary
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structure restraints. In addition, the folds produced will be fast refolding of structures is desired. The Z-fold method,
limited by the accuracy of the statistical potential. The most which can produce random rearrangements of model con-
visible effect of this occurrence is that proteins will tend to formations, benefits greatly from the fast refolding capabili-
form compact spherical structures as the competition with ties of the DFIRE-AA potential. Undesirably, the DFIRE-
solvent interactions is neglected (Figure 6). Furthermore, AA potential, in particular, lacks certain multibody solvent
lacking hydrogen atoms, detailed steric volume exclusions effects which will tend to cause a protein to minimize its
and explicit hydrogen bonding are neglected. Perhaps, asurface area and “sphericalize” regardless of the protein’s
careful reweighing of energy terms and the introduction of actual fold type.
solvation-like terms may offer the best of both wores The force field potential we used here includes a state-
relatively fast compacting potential with diminished un- of-the-art implicit solvent mode® As a tool for detecting
physical artifacts. near-native structures, we believe this potential is on par with
4.4. Future Directions.The fact that decoy sets with more  other force field potentials currently availaSfeHowever,
near-native rmsd structures fared better in the detectionthere are many deficiencies in the physics of most implicit
results suggests that one should use lower-resolution modelssolvent force fields that still need to be addressed (e.g., charge
to their fullest extent before constructing and scoring all- polarization, treatment of structural waters, etc.). Deficiencies
atom models. Furthermore, all-atom model potentials are aside, the noisy nature of the energy landscape will require
replete with local minima which hindered our dynamics- creative new methods in exploring conformations adjacent
based optimization approaches. A good example of pushingto the models generated by a lower-resolution potential.
the limits of united residue models is the work of Zhang et Temperature-based sampling schemes, such as replica ex-
al.*>which describes a new generation of lattice-based unitedchange using different temperature windows, may not be

residue models which can refine homology models to some helpful for the refinement problem on the atomic scale
degree. Furthermore, Misura et al. have shown that searchesvithout additional enhancements.

within the united-residue-based Rosetta protocol are capable

of building homology models better than those created by
simply constructing from a templaté.
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based energy functions may prove to be particularly effective
in refinement226

Finally, all-atom molecular dynamics and standard replica-
exchange protocols may not be the optimal methods for
refinement as seen in our results. Large scale conformational
changes induced by molecular dynamics are likely to be slow
compared to large-scale moves possible in a Monte Carlo
approach. Alternatively, enumerative sampling methods have
been shown useful in small search problems such as
modeling of loop region¥> Perhaps, local enumerative
optimization could be performed on structural regions
deemed to be unfavorable in energy. Regarding replica
exchange, recent work of Zuckerman, et al. suggests limita-
tions in this approach for the sole purposes of canonical
sampling at 298 K3 Alternative sampling approaches should
be considered such as genetic algoritffhasd resolution
exchangé?

5. Conclusion

Statistical potentials are a fast alternative to force-field-based
potentials. Unfortunately, without reference to unfolded and
misfolded states in their parametrization they may not be
well suited to temperature-based sampling schenhesi-
cally, this feature makes them useful in a framework where
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