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INTRODUCTION

The most well-studied specific interaction for protein folding is hydrogen bonding.1

Little attention, however, has been paid to the orientation dependence of interactions

between polar atoms that are not hydrogen bonded, despite evidence of their role in

the formation of a-helices and b-sheets.2,3 Moreover, the possible orientation depend-

ence of interactions between polar and nonpolar atoms is ignored even though the

hydrophobic effect is caused by the reorientation of water molecules near a hydropho-

bic surface.4

Recently, Zhu et al.5 compared several statistical energy functions and physical-based

energy functions and analyzed their respective abilities to refold partially unfolded heli-

ces or strands. They found that among the energy functions tested, the most effective

one is an all-atom, distance-dependent, pairwise statistical energy function based on a

Distance-scaled, Finite-Ideal gas REference (DFIRE) state.6 In one test, more than 80%

of conformations from 104 segments of 81 proteins (4 Å rmsd, in average from the

native conformation) were refined to within 2 Å. This happened despite the lack of

hydrogen bonding or any orientation-dependent term in the DFIRE energy function.

However, success deteriorates significantly as the initial structures of the helical/strand

segments deviate more from their respective native conformations.5

Here, we propose a ‘‘dipolar’’ DFIRE (dDFIRE) energy function based on the orien-

tation angles involved in dipole–dipole interactions. This is done by treating each polar

atom as a dipole. The orientation of the dipole is defined by the bond vectors that con-

nect the polar atom with other heavy atoms. The dDFIRE energy function is then

extracted from protein structures based on the distance between two atoms and the

three angles involved in dipole–dipole interactions. This approach takes into account

the hydrogen bonding interaction via the physical dipole–dipole interaction. More

importantly, it provides a consistent treatment for the possible orientation-dependent

interactions between polar and nonpolar atoms and between polar atoms that are non-

hydrogen-bonded. Moreover, an integrated treatment of distance and angle dependence

produces a parameter-free statistical energy function. Existing orientation-dependent

knowledge-based energy functions are limited to either hydrogen bonding7–9 or geo-

metry-based orientation in coarse-grained models.10–12

This all-atom statistical energy function was employed to fold protein terminal

regions with secondary structures. Folding completely unfolded terminal segments is

challenging because it requires the restoration of both main-chain and side-chain con-

formations. Moreover, compared with internal regions, terminal regions are more flexi-
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ABSTRACT

Proteins fold into unique

three-dimensional structures

by specific, orientation-de-

pendent interactions between

amino acid residues. Here, we

extract orientation-dependent

interactions from protein

structures by treating each

polar atom as a dipole with a

direction. The resulting statis-

tical energy function success-

fully refolds 13 out of 16 fully

unfolded secondary-structure

terminal regions of 10–23

amino acid residues in 15

small proteins. Dissecting the

orientation-dependent energy

function reveals that the ori-

entation preference between

hydrogen-bonded atoms is

not enough to account for

the structural specificity of

proteins. The result has sig-

nificant implications on the

theoretical and experimental

searches for specific interac-

tions involved in protein fold-

ing and molecular recognition

between proteins and other

biologically active molecules.
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ble13 and often exposed.14 This test is necessary because

native-like fragment structures are difficult to produce by

contemporary energy functions,15 and the prevailing

structure-prediction techniques16,17 are to mix and/or

match known native structures either in whole (tem-

plate-based modeling) or in part (fragment assembly).

The ab initio refolding of a completely unfolded segment

also has its own biological significance, as protein folding

assisted by a prefolded domain (pro-domain) is common

in many proteins.18,19 For example, a small extra do-

main in the PDZ-3 domain construct (1BE9) can fold

only after the PDZ-3 domain has folded.20

THEORY

The DFIRE potential

The DFIRE-based statistical energy function [uDFIRE(rij)]

is built on distance-scaling, a reference state of uniformly

distributed ideal gas points, and the statistics of two

atoms at a distance apart in known protein structures.

The derivation of the equations, the method for extract-

ing the DFIRE-based potential using a structure database,

as well as the application of the resulting potential have

been described previously.6,21 Here, we give a brief sum-

mary below.

The atom–atom potential of mean force uDFIRE(rij)

between atom types i and j that are distance r apart is

given by6

uDFIREðrijÞ ¼ �RT ln
Nobsði;j;rÞ

ð r
rcut

Það Dr
Drcut

ÞNobsði;j;rcutÞ ; r < rcut;

0; r � rcut;

(
ð1Þ

where R is the gas constant, T5 300 K, a 5 1.61, Nobs(i,j,r)

is the number of (i,j) pairs within the spherical shell at

distance r observed in a given structure database, residue

specific atomic types are used (167 atomic types), rcut 5
14.5 Å, and Dr(Drcut) is the bin width at r(rcut). (Dr 5
2 Å, for r < 2 Å; Dr 5 0.5 Å for 2 Å < r < 8 Å; Dr 5
1 Å for 8 Å < r < 15 Å). The number of observed

atomic (i,j) pair with the spherical shell at distance

r[Nobs(i,j,r)] is obtained from a structural database of

3574 nonredundant (less than 30% homology) high-reso-

lution proteins (resolution < 2.0 Å and R% factor <
0.25) from Hobohm et al.22 This is a larger database

than 1011 proteins used originally.6

The value of a (a 5 1.61) was determined by the best

fit of ra to the actual distance-dependent number of

ideal-gas points in 1011 finite protein-size spheres.

Recently, Zhu et al.5 found that a 5 1.51 improves the

accuracy of restoring partially unfolded strands and hair-

pins for the proteins they studied. Shen and Sali23 also

introduced an analytical atom–atom distance and pro-

tein-size dependent a value. Here, we fixed a at 1.61

because the focus of this work is the effect of orientation

dependence on fragment refolding.

The dDFIRE potential

The dipolar DFIRE potential adds orientation depend-

ence by separating polar atoms from nonpolar atoms.

Nonpolar atoms are carbon atoms, while polar atoms

consist of nitrogen and oxygen atoms in all residues, and

the sulfur atom in the residue Cys. Each polar atom pos-

sesses a reference direction that mimics the orientation of

a dipole. The reference vector of a given polar atom, ~rrefp ,

is defined based on the sum of the bond vectors that

chemically connect the polar atom to other heavy atoms

(~rrefp � P
i~rip with ~rip ¼ ~rp �~ri). There is a special case

where the sum of connected bond vectors yields approxi-

mately a zero vector. This happens when a polar atom

bonded with three heavy atoms in a planar sp2-hybrid-

ization. In this case, the polar atom is treated as a non-

polar atom. Only the backbone nitrogen atom of residue

Pro belongs to this category. Bonds to hydrogen atoms

are ignored because we are developing a potential for

heavy atoms only. We also do not separate double from

single covalent bonds in defining the reference dipole

direction, because they will be taken care by using differ-

ent atom types.

The above-defined reference direction approximately

mimics the dipole direction of polar atoms. For example,

the dipole direction of oxygen atoms in ��C¼¼O should

be mostly determined by the partial charges in C and O.

This will produce the dipole direction along the distance

vector between atoms C and O. For backbone nitrogen

atoms (��C2N��H), the reference vector is the sum of

~rCN and ~rCaN. This reference direction in the absence of

polar hydrogen atoms in our model approximately cap-

tures the direction of ~rNH, which is roughly the dipole

direction for the backbone polar atom N because most

of the partial charges are located in N and H atoms in a

physical based force field such as CHARMM.24

The orientation dependence of polar interactions

between polar atoms p and q is described by three angles

in dipole–dipole interactions.25 As illustrated in Figure

1, they are ypq, the angle between ~rrefp and ~rrefq ; yp, the

Figure 1
Definition of the orientation angles hp, hq, and hpq. Here,~r

ref
p and~rrefq are the

reference directions for polar atoms p and q, respectively.~r
ref 0
p is the parallel

displacement of~r
ref
p .

Y. Yang and Y. Zhou

794 PROTEINS



angle between ~rrefp and the distance vector ~rpq ; and yq,
the angle between ~rrefq and the distance vector

~rqp ð~rqp ¼ �~rpqÞ.
The above-defined reference directions and orienta-

tions have the following advantages: First, the positions

of hydrogen atoms are not required. That is, one can de-

velop an energy function for heavy atoms only. This is

advantageous because only the positions of heavy atoms

are known in X-ray structures. Second, the orientation

angles involved in backbone hydrogen bonds between

carboxy oxygen atoms and backbone nitrogen atoms can

be described very well. The reference dipole direction for

a nitrogen atom bonded with two carbon atoms is

approximately the direction where the amide hydrogen

atom is located. Hydrogen bonds are often described by

the distance between a donor (D) and an acceptor (A),

the AB-A���D angle (AB — the acceptor base) and the D-

H���A angle.26 These angles are closely related to yp and

yq angles defined here (the minor difference is that a

hydrogen bond is strongest when ypq �1808, yp(q) �08,
and AB-A���D and D-H���A angles are close to 1808). For
a nitrogen atom bonded with one carbon atom and two

hydrogen atoms (e.g., Nh of Arg), the reference ‘‘dipole’’

direction (~rCN) will allow to measure the averaging effect

of the two possible hydrogen bonds.

The equation for the dDFIRE potential can be ob-

tained from a simple extension of Eq. (1) incorporating

the above-mentioned three additional variables yp, yq,
and ypq. Interaction between the two polar atoms p and

q, udDFIRE(rpq, yp, yq, ypq), is given by

udDFIREðrpq; up; uq; upqÞ

¼ �RT ln
Nobsðp;q;up ;uq ;upq ;rÞ

ð r
rcut

Þa Dr
Drcut

Nobsðp;q;up ;uq ;upq;rcutÞ ; r < rcut;

0; r � rcut;

(
ð2Þ

where Nobs(p, q, yp, yq, ypq,r) is the number of observed

pairs of polar atoms p and q at distance r apart, with ori-

entation angles yp, yq, and ypq.
To reduce the amount of structural data required to

train the dDFIRE potential, we assume that the angle de-

pendence on yp, yq, and ypq is independent of each other.

A simple derivation leads to

udDFIREðrpq; up; uq; upqÞ ¼ uDFIREðrpqÞ þ uðupjrpqÞ
þ uðuqjrpqÞ þ uðupqjrpqÞ; ð3Þ

where uðupjrpqÞ¼�RT ln
�
Pobs
pq ðupjrÞ=Pobs

pq ðupjrcutÞ
�
;uðuqjrpqÞ

¼ �RT ln
�
Pobs
pq ðuqjrÞ=Pobs

pq ðuqjrcutÞ
�
, and uppðupqjrpqÞ ¼

�RT ln
�
Pobs
pq ðupqjrÞ=Pobs

pq ðupqjrcutÞ
�
. Here, Ppq

obs(yp|r) [5

Nobs(p,q,yp|r)/Nobs(p,q,r)], Ppq
obs(yq|r) [5Nobs(p,q,yq|r)/

Nobs(p,q,r)], and Ppq
obs(ypq|r) [5Nobs(p, q,ypq|r)/Nobs(p,q,r)]

are conditional probabilities.

For the interaction between a polar atom p and a non-

polar atom n, there is no reference vector for atom n.

Thus, we have

udDFIREðrpn; upÞ ¼ uDFIREðrpnÞ þ uðupjrpnÞ: ð4Þ

For the interaction between the two nonpolar atoms

n1 and n2, the dDFIRE potential is the same as the

DFIRE potential. That is,

udDFIREðrn1n2Þ ¼ uDFIREðrn1n2Þ: ð5Þ

Equations (3–5) show that the dDFIRE potential

becomes the DFIRE potential when the orientation de-

pendence is neglected. Therefore, the distance-bin proce-

dure and atom types in the DFIRE potential are used to

extract the dDFIRE potential. Additionally, all angles

were divided into six bins based on cos(y). The ranges of

cos(y) values for these six bins are (21,22/3), (22/3,

21/3), (21/3,0), (0,1/3), (1/3,2/3), and (2/3,1). Using six

bins is a result of a balance between obtaining more in-

formation from the structural database (more bins) and

having enough statistics from the available database.

Because this study represents a preliminary assessment of

the dDFIRE energy function, we did not test if a different

number of angle bins would further improve the accu-

racy of the dDFIRE energy function.

Database dependence

A database of 3574 proteins was used to obtain

Nobs(p, q, yp|r), Nobs(p, q, yq|r), and Nobs(p, q, ypq|r). We

found that the average number of observed atomic pairs

per angle bin was 737 from the database of 3574 non-

redundant high-quality protein structures. We made no

attempt to exclude the 16 proteins folded in this work

from the 3574 proteins. The small number of proteins

makes a negligible contribution to the statistics of such

large database; as demonstrated in an early study, the

inclusion or exclusion of a protein in generating the

DFIRE energy function makes no difference in native-

structure selection of that protein from decoys by the

energy function.6 To be sure, we also obtained a version

of dDFIRE potential with 1011 proteins. This version of

dDFIRE was tested to refold the segments of 1o82a and

1fltx. The resulting global rmsd values were 0.63 � 0.03

Å for 1o82a and 1.86 � 0.03 Å for 1fltx. These values are

essentially the same as 0.8 � 0.1 Å for 1o82a and 1.4 �
0.1 Å for 1fltx, reported in Tables I and II.

Genetic algorithm for global minimization

The method used for this study is similar to the global

minimization technique developed for a simple six-state

model.27

Initial conformations

Each conformation is described by internal coordi-

nates: the bond lengths, bond angles, planar torsion

Ab Initio Folding of Protein Terminal Regions
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angles, backbone //w torsion angles, and side-chain v
angles. The bond lengths, bond angles, and planar tor-

sion angles of a selected segment in a protein are fixed

with standard values from the AMBER 99 force field.28

The backbone //w torsion angles of the residues in the

segment are randomly assigned according to the observed

residue-specific probability in the backbone-dependent

rotamer library29 (http://dunbrack.fccc.edu/bbdep, Ver-

Table I
Restoration of Unfolded Terminal Regions by a Genetic Algorithm with the DFIRE or dDFIRE Energy Function

PDB Id#c # Res.d
Struc.
Typee

Unfolded Local rmsd (�)a Global rmsd (�)b

Range (#)f Typeg Initialh DFIREi dDFIREj Initialh DFIREi dDFIREj

2guzb 65 5a 95–117 (23) 1a 7.0 � 1.4 7.3 � 1.1 0.54 � 0.09 25 � 9 9.7 � 1.5 0.9 � 0.1
1i2ta 61 4a 1051–69 (19) 1a 6.2 � 1.2 6.4 � 0.8 0.54 � 0.10 20 � 7 9.1 � 0.6 0.9 � 0.2
1u84a 81 4a 65–83 (19) 1a 6.1 � 1.0 1.1 � 0.6 0.33 � 0.05 21 � 6 1.7 � 0.5 0.64 � 0.03
1r690 61 5a 44–61 (18) 2a 6.2 � 1.3 3.2 � 0.6 0.67 � 0.12 16 � 4 6.5 � 2.4 0.85 � 0.01
1o82a 70 6a 51–70 (20) 2a 6.1 � 1.0 3.9 � 0.6 0.63 � 0.04 20 � 5 5.2 � 1.0 0.8 � 0.1
1opd0 85 3a4b 70–85 (16) 1a 5.4 � 0.8 1.5 � 0.4 1.19 � 0.01 19 � 6 2.0 � 0.4 1.8 � 0.04
2igd0 56 1a4b 52–61 (10) 1b 4.0 � 1.2 0.67 � 0.01 0.39 � 0.03 18 � 5 0.75 � 0.03 0.51 � 0.08
1vcc0 73 2a5b 63–73 (11) 1b 4.2 � 1.0 3.3 � 1.1 2.6 � 0.2 17 � 4 6.1 � 2.1 4.1 � 0.3

(Native bonds)k (4.2 � 1.0) (2.7 � 0.6) (1.4 � 0.5) (18 � 4) (3.1 � 0.3) (1.7 � 0.4)
2hsla 89 1a9b 82–93 (12) 1a1b 4.1 � 0.8 1.6 � 0.4 0.63 � 0.07 17 � 6 3.24 � 0.03 1.2 � 0.1
2cc6a 62 1a3b 52–62 (11) 1b 4.9 � 1.7 0.44 � 0.06 0.58 � 0.01 18 � 6 0.69 � 0.1 0.69 � 0.07
2ptl0 61 1a4b 68–78 (11) 1b 4.6 � 1.5 2.3 � 0.1 0.79 � 0.08 22 � 5 2.72 � 0.02 1.03 � 0.08
1csp0 64 5b 54–64 (11) 1b 4.7 � 1.5 2.2 � 0.7 0.36 � 0.03 19 � 5 2.4 � 0.7 0.43 � 0.04
1csp0l 64 5b 1–10 (10) 1b 4.1 � 1.0 0.88 � 0.44 0.46 � 0.07 17 � 4 1.0 � 0.5 0.53 � 0.09
1fltx 95 8b 214–26 (13) 1b 6.7 � 1.9 4.71 � 0.07 1.08 � 0.11 22 � 5 5.9 � 0.2 1.4 � 0.1
2ayda 66 5b 346–58 (13) 1b 4.7 � 0.8 4.32 � 0.02 4.46 � 0.13 18 � 5 7.82 � 0.01 8.1 � 0.1

(Native bonds)k (4.8 � 1.0) (4.2 � 0.2) (1.0 � 0.9) (17 � 4) (8.07 � 0.05) (1.4 � 1.0)
2extb 66 6b 61–72 (12) 2b 6.5 � 1.5 4.56 � 0.03 3.45 � 0.02 19 � 4 8.6 � 0.1 7.755 � 0.002

(Dimer)m (5.8 � 1.5) (4.3 � 1.8) (0.58 � 0.06) (15 � 5) (6.7 � 2.5) (1.3 � 0.2)
Average (median) (�) 5.4 (5.1) 3.0 (2.7) 1.2 (0.63) 19 (19) 4.6 (4.2) 2.0 (0.86)

aRoot-mean-squared distance (rmsd) of the global minimum structure of the refolded region from its native conformation.
brmsd value of the global minimum structure of the entire protein from its native conformation.
cProtein Data Bank Identification number. The 4th digit is the chain ID.
dNumber of residues in the native structure.
eThe structural type represented by the number of a-helices and b-strands in the protein structure.
fResidue range of the unfolded regions (number of residues unfolded).
gThe structural type of the unfolded region.
hThe mean and standard deviation of rmsd values of initial 120 structures.
iThe mean and standard deviation of the rmsd values from three independent global minimizations with the DFIRE energy function.
jThe mean and standard deviation of the rmsd values from three independent minimizations with the dDFIRE energy function.
kThe native improper dihedrals and bond lengths and angles are used for the unfolded segment, as in the rest of the protein.
lThe N-terminal region is unfolded.
mThe unfolded segment of a monomer is refolded in a dimeric structure.

Table II
The Accuracy of Refolding in Global rmsd Values (in Å) by Various Orientation-Dependent Components in the dDFIRE Energy Function

PDB IDa
Unfolded
typeb DFIREc

DFIRE 1 dDFIRE orientation components

Full dDFIREgH-bondd Polar–nonpolare Polar–Polarf

2guzb a 9.7 � 1.5h 0.8 � 0.1 1.2 � 0.6 1.3 � 0.3 0.9 � 0.1
1i2ta a 9.1 � 0.6 1.35 � 0.03 0.97 � 0.21 1.32 � 0.05 0.9 � 0.2
1o82a 2a 5.2 � 1.0 2.0 � 0.4 1.5 � 0.6 1.7 � 0.3 0.8 � 0.1
1fltx b 5.9 � 0.2 5.8 � 0.6 2.9 � 1.7 1.8 � 0.1 1.4 � 0.1
2extb-dimer 2b 6.7 � 2.5 4.7 � 2.8 4.2 � 3.2 4.1 � 3.3 1.3 � 0.2

aProtein Data Bank Identification number. The 4th digit is the chain ID.
bThe structural type of the unfolded region.
cThe DFIRE energy function.
dOnly the orientation dependence between hydrogen-bonded atoms (e.g., O and N in the main-chains).
eOnly the orientation dependence between polar and nonpolar atoms.
fOnly the orientation dependence between polar atoms (including hydrogen-bonded atoms).
gThe full dDFIRE energy function.
hThe number in each cell is the global root-mean-squared distance and its standard deviation between the native protein and the global minimum of the segment-

refolded protein (in Å). The standard deviation is calculated from three independent global minimizations.
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sion of May 2002). The side-chain v angles are then ran-

domly assigned according to rotamer probability based

on the previously assigned main-chain //w angles. In the

backbone-dependent rotamer library, / and w angles are

divided into 36 bins. Each bin is 108. The exact values of

//w angles with an angle bin are determined by adding a

uniformly distributed random number between 258 and

58 to the mean value of the angle bin. The exact values

of side-chain v angles are the average value plus a Gaus-

sian-distributed random number according to the var-

iance given by the rotamer library. A helical conforma-

tion has the highest probability in the rotamer library. To

reduce the bias of generating too many helical residues in

the initial conformation, the maximum probability of

any //w angle bin is set to 10 times the average probabil-

ity. Using observed probabilities in the protein structural

database was to increase the efficiency of subsequent

sampling. No specific native information of the protein

is used at any stage of the global minimization. The ini-

tial conformations are generated 16 Å to 20 Å away from

the native conformation in term of global rmsd values

(See Table I).

Local minimization

For a given conformation, the new //w angle of a

selected residue is randomly chosen from its own bin or

its nearest neighboring 24 angle bins. We used only //w
angle bins observed in the backbone-dependent rotamer

library, however, the probabilities of each bin are not

used in the selection of the new bin. Once the //w angle

bin is selected, the side-chain v angle bins and the actual

values of /, w, and v angles are also determined by the

method described in ‘‘Initial conformations.’’ The new

conformation is accepted if it has a lower energy than

the current conformation and rejected if not. This proce-

dure repeats until reaching either 100 successive rejec-

tions of new conformations or a total of 1000 attempted

angle changes.

Fitness function

The fitness function of each conformation in genera-

tion l, relative to other conformations in the same gener-

ation, is calculated from

f li ¼ 1

qi
exp � ðei � el�1

minÞ
ðTenvDel�1Þ

� �
; ð6Þ

where ei is the energy of conformation i (included the

fixed portion of the protein) based on either the DFIRE

or dDFIRE energy function, emin
l21 and Del21 are the lowest

energy and the root-mean-square deviation of the ener-

gies in the parent generation l 2 1, respectively, with

Tenv set to 1.5. To increase the structural diversity of

sampled conformations, the fitness function of a given

conformation is further normalized by its similarity den-

sity qi. qi 5
P

j,j=i Sij, where Sij is the number of resi-

dues in identical conformational states between confor-

mations i and j. Two residues are considered in an identi-

cal conformation state if |/i 2 /j| < 108, |wi 2 wj| <
108, and |/i 2 /j| 1 |wi 2 wj| < 158. This normalized

fitness function reduces the probability of survival for a

conformation in which many similar conformations exist.

Genetic algorithm

Initial conformations for a given terminal region of a

protein are generated and locally minimized as described

earlier. These conformations serve as the first parent gen-

eration. A population of 120 conformations (i.e., Nc 5
120) was used in this study. The parent conformations

are ranked with the density-normalized fitness function

and the standard roulette-wheel selection procedure.30

The roulette-wheel selection procedure is also called the

fitness proportionate selection, in which a conformation

is chosen from the conformation pool in random with a

probability proportional to their fitness. The procedure

continues until a preset number of conformations is

selected. The sequentially ranked conformation pair are

chosen to be the parent to breed two new conformations,

first by two-point crossover and then by mutation opera-

tions. In the crossover operation, a randomly chosen

fragment is selected and all the torsional angles in the

fragment are exchanged between the two parents. To

maintain the efficiency, the fragment size is chosen

between 30 and 50% of the chain length of the unfolded

protein segment. After crossover, each residue in the new

child conformations is randomly subjected to a 2% prob-

ability for a mutation operation. A low probability of 2%

is used to avoid a significant loss of the conformational

identity of the parents. /, w, and v angles of a mutated

residue are reselected according to the probabilities in the

backbone-dependent rotamer library as described in gen-

erating initial conformations. These newly generated

child conformations, together with the parent conforma-

tions, are subjected to structural filtering to maintain the

conformational diversity. Two conformations are consid-

ered as structurally identical if they have more than 30%

residues in the same //w states (defined earlier). The

conformation with a higher energy is removed. New

parent conformations are chosen from the surviving

conformations according to the density-normalized fit-

ness function and the standard roulette-wheel selection

procedure.30 This evolution process continues until the

global minimum conformation is not changed for 100

successive generations or a total number of 400 genera-

tions is reached.

There are a few adjustable parameters in this algorithm

(e.g., number of populations, cutoffs for fragment sizes,

probablity of mutations, and the definition of conforma-

tional similarity). They were obtained by a few trials and

Ab Initio Folding of Protein Terminal Regions

PROTEINS 797



errors. These parameters, however, may not be optimal

for effective sampling of near native structures. We defer

any extensive investigation of these parameters to future

publications, as the main purpose of this article is to

evaluate the newly developed orientation-dependent

energy function.

Segment Refolding

We randomly selected 15 small globular proteins

(<100 residues) with diverse structural topologies, both

as a whole and in their terminal regions (Table I). Six-

teen terminal regions of these proteins are unfolded with

a random assignment of /, w, and v dihedral angles for

the main-chain and side-chains according to their proba-

bilities observed in a database of protein structures. We

refolded the unfolded segments using ideal bond lengths

and angles and improper dihedral angles, while the rest

of the proteins was fixed in the native conformations.

The above-described genetic algorithm was used to search

for the global minimum given by a DFIRE (or dDFIRE)

energy function. Each refolding was performed three

times, with different random initial conformations for

the unfolded segments. Multiple global minimizations

were used to check the robustness of the final folded

structures. Because this article focuses on evaluating the

proposed energy function rather than testing sampling

techniques, we limited the maximum size of unfolded

regions to be less than 15 residues for a strand-contain-

ing segment, and less than 25 residues for a helix-con-

taining segment. Each refolding event takes about 85

CPU h for the dDFIRE energy and 40 h for the DFIRE

energy function on a single CPU in AMD Dual-Core

Opteron Processor (2.4 GHz). The combined computa-

tional time for all tests performed exceeds 1 year on a

single CPU.

RESULTS

Figure 2 and Table I summarize the refolding results of

four single helices, two two-helix bundles, eight single

strands, one mixed helix/strand segment, and one b-hair-
pin. The structural accuracy of a segment is described by

a local rmsd between the refolded conformation and the

native conformation of the segment and a global rmsd

between the refolded and native conformations of the

entire protein (calculated based on main-chain Ca

atoms). The former measures the restoration of a seg-

ment structure and latter indicates the restoration of the

segment structure and its orientation relative to the rest

of the protein. Figure 2 shows that the global rmsd val-

ues of initial conformations range from 16 to 25 Å. The

DFIRE energy function successfully folds three segments

within 1 Å rmsd and five proteins within 2 Å rmsd. By

comparison, the dDFIRE energy function restores nine

segments within 1 Å rmsd and 13 segments within 2 Å

rmsd. The dDFIRE energy function improves over the

DFIRE energy function even more in local rmsd values.

There are 11 segments folded within 1 Å rmsd by the

former and only three by the latter. Thus, the dDFIRE

energy produces not only more accurate structures of

unfolded segments, but also more accurate orientations

of the segments relative to the rest of proteins than the

DFIRE energy function. In addition, a factor of six

reduction is observed for the standard deviations of the

rmsd values of the global-minimum structures from three

independent global-energy minimizations. Greater struc-

tural similarities among independent minimizations con-

firm that the dDFIRE energy function is more specific

than the DFIRE energy function.

As illustrative examples, Figure 3 compares five native

structures to structures whose fragments in five different

structural elements are refolded by DFIRE and by

dDFIRE, respectively. There is a clear difference between

the structures refolded by dDFIRE and those by DFIRE.

For example, dDFIRE can refold the C-terminal single

helix segment of 1i2ta very well, while DFIRE breaks it

into two segments. A similar phenomenon is observed

for 2guzb and 1u84. In addition, unlike dDFIRE, DFIRE

fails to yield two helices in 1r690 (as shown) and 1o82a.

Moreover, for single strand, DFIRE produces either a

Figure 2
The population distributions of global (a) and local (b) root-mean-squared

distances (rmsd) between the native structure of a protein and the corresponding

refolded structure. The initial structures of unfolded segments and structures

refolded by DFIRE and dDFIRE are as labeled. A significantly high population

at low local and global rmsd values indicates the successful restoration of

segment structures and their orientations relative to the rest of the proteins.
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strand that is coil-like (2ptl, as shown, 1fltx, 1csp) or

even a helix (2extb, as shown), while dDFIRE produces

strands that have a more normal structural pattern.

Thus, there is a marked difference in the quality of the

secondary-structure segments refolded by the two energy

functions as indicated by the local rmsd values (Fig. 2

and Table I).

Figure 4 displays the energies of all conformations

sampled for protein 1r69 as a function of their rmsd val-

ues from the native structure. Three independent global

minimizations with the DFIRE energy function produced

very different structures (about 5 and 10 Å in global rmsd,

separately). In contrast, essentially the same structure is

obtained in three minimizations with the dDFIRE energy

function. This confirms that the orientation-dependent

energy function produces more specific structures.

Only 3 out of 16 segments refolded by dDFIRE have a

global rmsd value >2 Å. One of them is 2extb. As seen

in Figure 3, the dDFIRE correctly produces a C-terminal

b-hairpin, but the last b-strand interacts with a fixed

strand in the protein rather than the other strand in the

terminal b-hairpin. This ‘‘misfolded’’ b-hairpin obviously

has a much stronger interaction with the rest of the pro-

tein than the native b-hairpin does, suggesting that the

native C-terminal b-hairpin is stable only in a multi-

meric conformation. Indeed, the PDB 2ext file contains

an engineered 12-member ring from the cyclic 11-mer

TRAP.31 If the fixed structure includes the native struc-

ture of another monomer that interacts with the C-ter-

minal b-hairpin (i.e., the use of a dimer), the C-terminal

b-hairpin can be refolded very accurately (1.3 Å in aver-

age global rmsd and 0.58 Å in average local rmsd) by

dDFIRE. By comparison, the DFIRE energy function

continues to misfold the b-hairpin with an average global

rmsd of 6.7 Å (See Table I).

The other two poorly folded proteins are 1vcc0 (4 Å

in global rmsd) and 2ayda (8 Å in global rmsd). Both

refolded structures of 1vcc0 and 2ayda display a short-

ened loop and a shifted strand. The examination of

global rmsd values of sampled conformations reveals a

cluster of structures more native-like than the global

minimum structure. Because standard bond lengths and

bond angles are used for refolded segments and native

bond values are employed for the rest of the proteins,

this may have caused the shift of the refolded strand.

Thus, we performed the global minimizations with native

bond values for the unfolded segments. Both can now be

refolded to within 2 Å in global rmsd by dDFIRE (See

Table I). Further studies are needed to understand why

these two segments are more sensitive than others to the

difference between the native and standard values of

bond lengths and angles.

It is important to learn which orientation-dependent

interaction is responsible for the success of the dDFIRE

Figure 3
The segment structures (in red) refolded by DFIRE (left) and dDFIRE (center)

for five proteins as labeled are compared with their respective native

conformations (right). The fixed portion of each protein is colored in light green.

Figure 4
The energies of the conformations are sampled for protein 1r69 by the genetic

algorithm coupled with either the DFIRE (a) or the dDFIRE energy function

(b). They are plotted as a function of their global rmsd values from the native

1r69 structure. The results of three independent global minimizations are shown

in three different colors. The DFIRE energy samples different minimums across

three independent minimizations (one around 10 Å and the other around 5 Å).

The dDFIRE energy samples essentially have the same global minimum state,

around 0.8 Å in global rmsd value, in all three minimizations.
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energy function in segment refolding. Three orientation

components of the dDFIRE energy function are em-

ployed to refold five terminal regions (two single-helix

segments, one two-helix bundle, one strand, and one b-
hairpin of five separate proteins). The three dDFIRE

components are the orientation dependence involving

hydrogen-bonded polar atoms, polar–nonpolar atoms,

and polar atoms only (Note that the last one includes

hydrogen-bonded atoms). The results are shown in Table

II. The three individual orientation components can

restore single helix in 2guzb and 1i2ta as accurately as

the full dDFIRE energy function. However, they pro-

duced slightly less accurate structures (1.5–1.7 Å in global

rmsd) than the dDFIRE (0.8 Å) for the terminal two-

helix bundle in 1o82a. While every single orientation

component can refold helix-containing segments with

reasonable accuracy, they cannot restore the structures of

strand-containing segments well. The orientation compo-

nents between hydrogen-bonded atoms and between

polar and nonpolar atoms failed to fold the C-terminal

b-strand of 1fltx within 2 Å global rmsd. Additionally,

none of the three individual components can refold the

C-terminal b-hairpin of 2extb (in a dimeric form) to

within 2 Å in global rmsd. Thus, orientation-dependent

interactions between polar and nonpolar atoms and

between hydrogen-bonded and nonhydrogen-bonded

polar atoms are all essential for restoring secondary-

structure containing segments, most particularly for

b-strands.
The dDFIRE energy function takes into account the

hydrogen bonding interaction. As one example, the dis-

tance dependence of the interactions between atom Oe1

of Glu and atom Nh1 of Arg is shown in Figure 5 for

three representative bins for the angle component ypq.
These results indicate that the orientation dependence is

very strong at short distance and disappears at large dis-

tance (r > 8 Å) as expected. A strong orientation de-

pendence at short distance confirms the need for an ori-

entation-dependent energy function. Moreover, a ypq of

around 1808 (the angle between ~rCdOe1 and ~rCfNh1 ) is the

most favorable angle as expected from the hydrogen

bonding requirement.

More importantly, we are interested in what causes the

orientation dependence for the interactions between non-

hydrogen-bonded polar atoms and between a polar atom

and a nonpolar atom. Figure 6 shows two examples. An

orientation-dependent component in three angle bins

between two nonhydrogen-bonded polar atoms (Oe1 of

Glu and Od1 of ASP) is shown as a function of distance

in Figure 6(a). The optimal angle at a short atomic dis-

tance (indicated by a low energy value) is 908–1808 for

the angle between ~rGluCdOe1
and ~r

Asp
CgOd1

. This means that the

two oxygen atoms are facing each other with carbon

atoms hidden behind [see Fig. 6(a)]. This orientation

happens frequently because the two oxygen atoms are

linked by a hydrogen atom [e.g., from residue Arg in Fig.

6(a)]. The three-body effect provides a necessary orienta-

tion-dependent correction to the repulsive DFIRE energy

function around 4 Å [shown as a black solid line with

open circles in Fig. 6(a)].

Figure 6(b), on the other hand, shows an optimal

angle of 908 at an atomic distance of 4 Å for the angle

between ~r
Arg
CfNh1

and ~r
N

Arg

h1 ;C
Leu
d1
. This orientation preference

between polar atom Nh1 of Arg and nonpolar atom Cd1

of Leu at a short atomic distance results from the tend-

ency of the two terminal N atoms of the Arg side-chain

to be on top of the two terminal C atoms of the Leu

side-chain for an optimal van der Waals interaction, as

illustrated in Figure 6(b). Such an orientation preference

reduces the overall repulsion given by DFIRE in certain

orientations between the hydrophobic and hydrophilic

atoms. Thus, the orientation-dependent dDFIRE function

provides a fine tuning of the DFIRE energy function by

incorporating the orientation dependence resulting from

all possible interactions, including polar interactions,

geometric compatibility, and multibody effects.

DISCUSSION

We demonstrated that the dDFIRE energy function

significantly improves over DFIRE in segment refolding.

The latter was shown5 to refold partially unfolded seg-

ments with secondary structures more accurately than

the RAPDF energy function, another all-atom knowl-

Figure 5
One angular component of the dDFIRE energy function between Oe1 of Glu and

Ng1 of Arg. The distance dependence of three angle bins based on cos(h) is
shown as labeled.
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edge-based energy function,32 and molecular-mechanics-

based refinement by energy minimization (the all-atom

OPLS force field33 and the generalized-Born solvent

model34) and molecular dynamics simulations (the

GROMOS96 43a1 force field and explicit SPC water

model35). We also implemented the Rosetta all-atom

energy function36 in our genetic algorithm. The Rosetta

all-atom energy function (Score # 12 for protein design

and refinement) was obtained from the software code of

Rosetta ab initio (version 2.1.1) from the David Baker’s

group (http://www.bakerlab.org/). We found that the

energy function is unable to fold four terminal segments

of 1fltx, 1opd0, 2guzb, and 2hsla. All the four segments

remain solvent exposed after several hundreds of genera-

tions. The final structures of the four segments also con-

tain helical structure including the b-terminal region of

1fltx. This is perhaps because that the Rosetta all-atom

energy function was optimized for refining (or relaxing)

over-packed coarse-grained models with prebuilt native

segments from different proteins. The result further con-

firms that native-like fragment structures are difficult to

produce by contemporary energy functions.15

The results reported here underline the importance of

orientation-dependent interactions, in addition to the

well-studied hydrogen-bonding interaction, for the suc-

cessful restoration of specific structural segments of

proteins. The absence of orientation dependence leads to

short helices or coils rather than secondary-structure ele-

ments. These results confirm the importance of orienta-

tion preference between nonhydrogen-bonded atoms in

the formation of secondary structures of proteins2,3 (for

a recent review, see Ref. 37). Additionally, the results call

for the attention to the relative orientation between polar

and nonpolar atoms. So far, orientation-dependent inter-

actions other than hydrogen bonding have been ignored

in constructing all-atom knowledge-based or empirical

energy functions.38,39 This explains why contemporary

energy functions are difficult to produce native-like frag-

ment structures.15 Thus, this work has significant impli-

cations for developing more specific energy function for

folding and molecular recognition. For example, it is

straightforward to extend the dDFIRE energy function

to protein–ligand and protein–DNA interactions, consid-

ering DFIRE’s reasonable success in binding affinity

prediction.40

The dDFIRE energy function repeatedly folds the ma-

jority of unfolded terminal regions within 2 Å global

rmsd from their respective native structures. This sug-

gests that the dDFIRE energy function is highly specific,

at least for folding short segments. Using short segments

was an attempt to separate the effect of a sampling tech-

nique from that of an energy function. These two effects

are difficult to separate in some cases. This is not the

case in this article, because an identical sampling tech-

nique produced dramatically diffent results for different

fitness functions. It remains to be seen if this success is

reproducible for larger segments or even entire proteins

because the conformational sampling will be significantly

more challenging, as the size and complexity of protein

structures increase.16 The current sampling technique

sometimes yields different structures with different ran-

Figure 6
(a) The distance-dependence of the angular component of the dDFIRE energy

function between Oe1 of Glu and Od1 of ASP for the angle between~rGluCdO‹1
and

~r
Asp
CgOd1

(hpq). Three angle bins (in color) based on the range of cos(h) are shown

as labeled along with the orientation-independent DFIRE energy function (in

black). A hpq of around 1808 (curve in red) is the most favorable angle at 4 Å.

This angle corresponds to the two oxygen atoms facing each other and stabilized

by a hydrogen atom (from Arg in illustration). (b) The angular component of

the dDFIRE energy function between polar atom Nh1 of Arg and nonpolar atom

Cd1 of Leu for the angle between~r
Arg
CfNh1

and~r
N

Arg

h1 ;CLeu
d1

(hp). A hp at 908 (in violet)

is the most favorable angle at 4 Å. This reflects the preference of the two terminal

N atoms of Arg side-chain to be on the top of the two terminal C atoms of Leu

side-chain for an optimal van der Waals interaction as demonstrated.
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dom initial conformations [Fig. 4(a)]. This suggests that

the method is not yet a true global minimization tech-

nique and can lead to a local minimum. A more efficient

sampling such as fragment assembly16,17 may be neces-

sary for using dDFIRE to fold larger segments or

proteins. Recently, Sancho and Rey41 successfully folded

several helix-bundle proteins up to five helices and 155

residues with a rigid-fragment assembly guided by a

coarse-grained DFIRE energy function.42 Fragment as-

sembly coupled with the dDFIRE energy function is in

progress.

In this study, we have focused on a specific test of the

dDFIRE energy function in segment refolding. More

‘‘traditional’’ tests including decoy discriminations, near

native selections, loop predictions, mutation-induced

changes in stablility, docking decoy selections, and ab

initio protein folding are the subject of our on-going

research.
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