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ABSTRACT

How to make an accurate representa-
tion of protein-DNA interaction by
an energy function is a long-standing
unsolved problem in structural biol-
ogy. Here, we modified a statistical
potential based on the distance-
scaled, finite ideal-gas reference state
so that it is optimized for protein-
DNA interactions. The changes
include a volume-fraction correction
to account for unmixable atom types
in proteins and DNA in addition to
the usage of a low-count correction,
residue/base-specific atom types, and
a shorter cutoff distance for protein-
DNA interactions. The new statistical
energy functions are tested in thread-
ing and docking decoy discrimina-
tions and prediction of protein-DNA
binding affinities and transcription-
factor binding profiles. The results
indicate that new proposed energy
functions are among the best in exist-
ing energy functions for protein-DNA
interactions. The new energy func-
tions are available as a web-server
called DDNA 2.0 at http://sparks.
informatics.iupui.edu. The server ver-
sion was trained by the entire 212
protein-DNA complexes.
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INTRODUCTION

Precise control of the timing and amount of genes expressed is the basis for
the existence of different cell types arranged in a complex structural pattern in
a multicelluar organism despite having the identical genome of the organism.
The regulation of gene expression is accomplished by specific binding between
cis-regulatory regions of the genome and proteins such as transcription factors.
Such specific binding is made possible by specific interactions between DNA
and proteins.

Interaction between DNA and proteins could be described by various
types of energy functions. Existing energy functions for protein-DNA inter-
actions can be separated into direct and indirect readout components. Indi-
rect readout refers to binding specificity caused by minimizing the energy
penalty of DNA deformation on protein binding,!=7 whereas direct readout
involves specific binding because of specific interactions between proteins
and DNA.

This article focuses on searching for the specific energy function responsible
for direct readout. Existing energy functions for protein-DNA binding can be
classified as molecular-mechanics-based?8=12 and knowledge-based.13-15 A
molecular-mechanics-based energy function is approximated by physical inter-
action terms including bonded and nonbonded interactions whose parameters
and weights are derived from experimental results and quantum/theoretical cal-
culations of smalll6=18 or macro-molecules.>>!9 A knowledge-based energy
function,13_15 on the other hand, is derived from statistical analysis of known
protein-DNA structures, similar to knowledge-based potentials for proteins.20

Different knowledge-based energy functions differ on how a reference state
is defined. A reference state is a state when interactions are turned off. For
example, Kono and Sarail521 proposed a residue/base-level, three-dimensional
grid potential based on a statistically averaged reference state proposed by
Sippl.22 Zhang et al.14 employed a distance-scaled, finite ideal-gas (DFIRE)
reference state23=25 for deriving protein-DNA interactions. Liu et al.13 devel-
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oped a multi-body residue-base potential with an opti-
mized, distance-dependent reference state. Robertson and
Varanl26 applied a conditional probability formalism due
to Samudrala and Moult.2” Donald et al.!l applied sev-
eral approximations including Quasi-chemical approxima-
tion2% and generalized topological Go approximation.29

The purpose of this article is to develop a knowledge-
based protein-DNA energy function based on a finite
ideal-gas reference state. Our initial application of the
DFIRE potential to protein-DNA complexes was based
on the idea that protein and DNA molecules share com-
mon atom types (only 19 atom types employed for
both).30 That is, the complexes are treated as a single
mixable system and the original physical foundation of
the DFIRE state (a state of ideal-gas mixture in a finite
sphere) remains reasonable. However, if the atom types
of proteins and those of DNA are different, the two types
of atoms will locate at physically separated locations. A
direct application of the DFIRE state to protein-DNA
interactions! 126 is no longer suitable.

In this article, we introduce a volume-fraction correc-
tion to account for unmixable nature of protein and
DNA atom types. In addition, we employ low-count cor-
rections and a reduced interaction-distance cutoff to the
finite ideal-gas reference state for protein-DNA interac-
tions. The new proposed energy functions are tested in
protein-DNA threading, docking decoy discrimination,
binding affinity prediction, and prediction of transcrip-
tion-factor binding profiles. To avoid overtraining, we
employed separate training structural databases for differ-
ent testing benchmarks.

METHODS
Residue/base-specific atom types

As the first application of the DFIRE energy function
for protein-DNA interactions (referred as DDNA here
and hereafter),24 proposed statistical energy functions
will be derived from the known structures of protein-
DNA complexes. Unlike DDNA, the proposed energy
functions treat atoms in proteins and those in DNA as
completely different atom types (i.e. no overlapping
atom types). More specifically, we employed residue or
base-specific atom types as in Robertson and Varani.20
In other words, every protein and nucleic-acid heavy-
atom type is considered in a residue/base-specific manner
(e.g. C, in alanine is a different atom type from that in
leucine and C1’ in adenine is a different atom type from
that in guanine). All nonprotein, non-DNA atom types
were not employed. There are a total of 167 atom types
for proteins and 82 atom-types for DNA. For example,
82 atom types for DNA are resulted from 21, 19, 22, and
20 atoms in bases A, C, G, and T, respectively.

The original DFIRE energy function

The following equation was employed to obtain the
DFIRE-based, statistical atom-atom potential of mean
force u PFRE(j i r) between atom types i and j that are
distance r apart:

Nobs (if,7)

—RTIn
{% Nobs (i, Feut)

r<r,
DFIRE( ’ cut

7 i,j,r) =

T2 feut

(1)

where R is the gas constant, T = 300 K, a = 1.61,
Nobs (i, j, 7) is the number of ij pairs within the spherical
shell at distance r observed in a given structure database,
for = 14.5 A, and Ar (Arcut) is the bin width at r(rcut)
(Ar—ZAforr<2A 05Afor2 A<r<8A, and
1 A for 8 A < r < 15 A). The value of o was determined
by the best fit of r* to the actual distance-dependent
number of ideal-gas points in finite protein-size spheres.
We shall label the outcome of this equation as the DFIRE
energy function for residue/base specific atom types. This
equation was used to generate DDNA with 19 atom types
for both proteins and DNA.14 It should be emphasized
that choosing T' = 300 K is arbitrary and RT is a scaling
coefficient that does not have any effect on the results
presented here because we are interested in the relative
rather than the absolute energy value. Moreover, all
knowledge-based energy function assumes that various
protein structures belong to different snapshots of the
same thermodynamic ensemble.

Distance-scaling and cutoff

When the DFIRE energy function was applied to
protein-protein3l and protein-DNA4 interactions, it
was applied only to interfacial residues32 or atoms.l4
Such a limit to interfacial atoms or residues indicates
that it will be beneficial to limit the interaction range of
the DFIRE for binding interactions. Similarly, Robertson
and Varani2® found that a shorter distance (10 A) cutoff
leads to a more discriminative energy function for select-
ing native complex structures from protein-DNA docking
decoys. Here, we will employ a 10 A cutoff without dis-
tance scaling. That is,

AFRE(j 7 ) — {ORTlnPr:f]r)7

r < Teut (2)
T2 Teut

where  P(i,j, r) = Nops (i, ], r r) />, Novs(i,j, 1), P™(r) =

"‘Ar/z rAr, Tee = 10 A, and Ar i is the bin width at r
(Ar = 3 A for the first bin and 1 A for the next seven
bins). We shall call this energy function as the FIRE
energy function because distance scaling is no longer
employed in this equation. The value of « was
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unchanged from 1.61 because this parameter was
obtained physically by the best fit of +* to the actual dis-
tance-dependent number of ideal-gas points in finite
protein-size spheres.

Dirichlet pseudocounts for
low-count correction

Using residue/base-specific atom types will encounter
low counts in same distance bins because of the small
size of the existing database for protein-DNA complexes.
Here, we adopt the low-count correction according to
Bayesian statistics.26 In this method, number of atomic
pairs in a given distance bin is corrected by a background
distribution as followed:

N(fbs(iajv T) = NObS(iaja 1‘) + No ZiGP,jGD NObS(iaja T)

/Zr’,ieP‘jeD NObS(i’j’ r/)

where Ny = 75 and the summation over i, j is only over
atomic pairs between a protein (P) and a DNA (D). This
pseudocount correction leads to the energy function
called cFIRE given by the equation:

< (i,j,r)
aHRE(j ) = {0 RTIn% () :; :cut 3)
) = lFcut
where P<(i,j,r) = N§ (i, ], r /Z s (137, 7).

One could further introduce a low counter correction
as Sippl first introduced for deriving a distance-depend-
ent potential with a small number of protein struc-
tures.22 We found that it did not make a statistically sig-
nificant additional improvement in testing. Thus, we will
not introduce the correction here.

Volume-fraction correction

The above equation was derived with a reference state
of uniformly distributed points within finite-sized spheres.
That is, all atom types mix with each other well. However,
residue/base-specific atom types do not mix with each
other and they are located in either DNA or proteins. As a
result, it becomes necessary to replace the volume element
(4n7*Ar for an infinite ideal-gas mixture or 4mr*Ar for the
DFIRE approximation) by the fraction of the volume ele-
ment occupied by protein-DNA atomic pairs. This vol-
ume-fraction correction leads to an equation for vcFIRE
between protein and DNA atoms given by

Pe(iyjir)
AHRE () — {0 RTIn P (r) *

r << Teut
4
T2 Teut @

where Pif(r) =
molar

fo(r) = N3i(

OLAT fV /Z

fraction of protein-DNA
)/ Nobs(r)

(r*Ar)fy(r)] and the
interaction  pairs
with the number of all atomic
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pairs Nobs(r) = >_; ; Nobs(i, j, r) and the number of atomic

pairs between a protein and a DNA NEP(r) =
ZiePJ‘eD NobS(ivj» 7‘)~

Database of protein-DNA complexes

Nobs(i,7, 7) is obtained from a structural database of
nonredundant high-resolution protein-DNA complexes
(X-ray, resolution < 3.0 A). The database is built on pro-
tein-DNA complexes collected from the PDB database
and culled by the PISCES server33 at http://dunbrack.
fcec.edu/PISCES.php with maximum sequence identity of
35% by PDB entry. The database contains 212 protein-
DNA complexes. To avoid overtraining, we used different
training sets of protein-DNA complexes for different tests
because different test sets are made of different protein-
DNA complexes. In each test, we removed those training
protein-DNA complexes whose protein sequences have
more than 35% sequence identity (blastp with an expec-
tation value of 0.000134) with the proteins in the test set.

Testing proposed energy functions

The free energy for the formation of a protein-DNA
complex, AG, is approximated as follows.

AG =7 u(i,j,7)

where the summation is between all atomic pairs between
a protein and a DNA. u(i,j, r) can be from either DFIRE
[Eq. (1)], FIRE [Eq. (2)], cFIRE [Eq. (3)], or vcFIRE
[Eq. (4)]. This equation assumes a rigid-body docking
during the formation of protein-DNA complexes and
neglects the contributions from DNA deformation and
from possible binding-induced change of the protein
conformation. That is, intraprotein and intra-DNA inter-
actions are assumed to be unchanged during the binding.

Test 1: DNA threading decoys

The protein-DNA threading benchmark is made of 51
complexes collected by Kono and Sarai.l For each pro-
tein-DNA complex, we generate 50,000 evenly distributed
random DNA sequences. That is, each base has a proba-
bility of 0.25. The DNA structure of a random sequence
is constructed by fixing the phosphate-deoxyribose back-
bone and overlapping the new base pair with the posi-
tion of the native base pair. In this test, we employ a
training database of 166 complexes after removing 46
complexes in the dataset of 212 complexes that have
higher sequence identity than 35% with the 51 testing
complexes (see Table I).

The ability of an energy function to discriminate a
native DNA sequence from randomly generated DNA
sequences is measured by Z-score with Z-score =
(AGpative — AG,)/S and AG,,. and S are the average
and standard deviation of the free energy values of
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Table |

A List of Separate Training Sets that are Made for Different Test Sets

# Name Training set® Test set”
1 Threading decoys 166 51 (200°)
2 Docking decoys 167 45 (2000%)
3 Native base-pair recovery 180 20 (10 fold®)
4 Binding affinity 185 30

5  Mutation-induced binding affinity 202 10 (189)
6 Binding profiles 194 19

The maximum allowed sequence identity between a protein in a training set and
a protein in the corresponding test set is 35%.

“The number of protein-DNA complexes in the training set.

®The number of protein-DNA complexes in the testing set.

€200 sets of 50,000 DNA sequence decoys are generated for each protein-DNA
complex.

92000 decoys per complex.

“Ten-fold crossvalidation for success rate in recovering the native base pairs.

fTen protein-DNA complexes with a total of 189 mutants.

threading decoy complexes, respectively. To ensure the ac-
curacy of obtained Z-score values, we calculated the aver-
age of 200 Z-score values by generating 199 additional sets
of 50,000 decoys per protein-DNA complexes. Each set was
generated with different random numbers. We report the
average and standard deviations of the Z-score values.

Test 2: Docking decoy discrimination

We obtained near-native docking decoy sets of 45 pro-
tein-DNA complexes from Robertson and Varani.26
There are 2000 lowest-RMSD decoys for each complex
generated by FTDock and near-native structures gener-
ated from restraints around native complex structures.
For this test, a nonhomologous training dataset of 167
complexes is employed (removing 45 complexes in 212
training complexes with sequence identity higher than
35% with these 45 test complexes, see Table I). Similar to
the DNA threading test above, the ability of an energy
function to discriminate a native conformation from
decoy conformations is measured by Z-score.

Test 3: Recovering native base pairs

For a given protein-DNA complex, each base pair is
replaced by three other possible base pairs. The total free
energy between the native base pair and the protein is
compared with the energy values between the three other
base pairs and the protein. If the native base pair has the
lowest energy, that native base pair is successfully recov-
ered by the energy function. We measure the success rate
for recovering native base pairs by calculating the fraction
of recovered native base pairs in total number of base
pairs in the DNA sequence. This success rate is averaged
over the number of protein-DNA complexes. Here, we
have assumed that the contribution from the intra-DNA
interaction is negligible with the assumption of rigid-
body docking. A 10-fold cross validation is performed
for this test based on a randomly selected 200 complexes
in the dataset of 212 complexes. We randomly divide the

200 complexes into 10 parts (folds). Each fold has 20
complexes. In each test, nine folds are used for training
and the remaining fold is for testing. This test is repeated
10 times to cover every fold.

Test 4: Binding free energy prediction

We employed a binding database (AG) due to Donald
et al.,11 which is a modified version of Zhang et al.14
This database contains 30 protein-DNA complexes. For
this test, we use a training dataset of 185 protein-DNA
complexes after removing 17 complexes from the dataset
of 212 complexes. These 185 protein-DNA complexes
have less than 35% sequence identity with the 30 testing
complexes (see Table I).

Test 5: Mutation-induced change in binding free
energy prediction

For mutation-induced change (AAG) in binding free
energy, we also approximated it as the energy difference
between mutant and wild type (AAG = AG™™
AGY). The AAG dataset is from Morozov et al.? and
modified by Donald et al.!l This database contains 189
mutants of 10 protein-DNA complexes. For this test, we
also remove 10 sequence-homologous protein-DNA com-
plexes from the training set. That is, the training set for
this test contains 202 complexes (see Table I).

Test 6: Prediction of position-specific weight matrix

Our approximate protein-DNA interaction for the
binding free energies allows the decomposition of the
predicted binding free energies into the contributions by
each individual base. That is,

AG =) AG]

where AG! is the binding free energy of a base a (A, C,
G, or T) at position i. In our proposed energy functions,
AG' is independent of all other bases. We can calculate
position-specific weight matrix (PWM) of a given base a
at a given position i by using the Boltzmann formula:

pi_ exp(—BAGé)
© S exp(—BAGE)

where <y represents different bases, B = 1/RT is the
inverse of temperature and employed as a fitting parame-
ter. The significance of PWM prediction is evaluated by
U —test. y—test? is a generalization of well-know
x> — test:

[ ¢
V) =7 D gt
i=1 y=1 Py
where pil is the predicted probability of base +y at position
i, q, is the experimental frequency and L is the length of
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base pairs. To avoid zero denominators, both p and g
distributions are smoothed by adding 0.05 to all PWM
entries and re-normalizing to avoid zero probabilities at
denominator. Morozov et al.9 also evaluated U (Prandoms 9)
by comparing randomly predicted p,anqom matrix against
the experimental matrix q. Each random weight matrix
was calculated by sampling four numbers in (0, 1) inter-
val and normalized. An average of 10,000 W(prandom; q)
was obtained. The difference between < \/(Prandom,q) >
and (p, q) measures the successfulness of the predicted
PWM. We use the database of 19 complexes with experi-
mental PWM values collected by Morozov et al.” We have
removed 1ihf from their original 20-complex set because of
the mismatch between the PWM and the DNA bases in
the 1ihf complex structure. Homologous protein sequences
to these 19 complexes are excluded from our training set.
That is, 194 complexes are used for training our energy
functions in this particular test (see Table I).

RESULTS
Test 1: Sequence-decoy discrimination

In Table II, we compare the average Z-scores given by
different variants of DFIRE energy functions along with
the results given by Gromiha et al.?> Each average Z-score
is an average of 200 Z-scores generated by random 50,000
sequence decoys. A more negative Z-score indicates a
larger normalized gap between the energy of a native com-
plex structure and the average energy of sequence decoys.
The standard deviations of the Z-score values for all 51
protein-DNA complexes are between 0 and 0.03. Thus, the
results are stable. Table II shows that reducing the range of
interaction from DFIRE to FIRE makes a significant
improvement in mean Z-scores from —0.5 to —2.2. Addi-
tion of volume correction (VFIRE) makes no significant
change. A low-count correction based on Dirichlet pseu-
docount (cFIRE) further improves the Z-score to —2.8
from —2.2 (P < 0.0001 according to the paired t-test,
GraphPad software: http://www.graphpad.com/quickcalcs/
ttestl.cfm), whereas no significant change is observed for
the introduction of further volume correction (vcFIRE) in
this test (P = 0.17). The number of positive Z-score values
(where the average energy of sequence decoys is lower
than the energy of native DNA sequence) is reduced from
3 in FIRE, 2 in vFIRE, 1 in cFIRE, to 0 in vcFIRE. For ma-
jority of protein-DNA complexes, the Z-score values given
by vcFIRE are lower than that given by FIRE or by DFIRE.
There are a few exceptions. For example, Z-score for 1dp7
is —3.65 by FIRE, —3.61 by vFIRE, —3.47 by cFIRE, and
—3.00 by vcFIRE. In this case, all correction terms failed
to improve Z-score. This is somewhat expected because
proposed corrections are approximations and unlikely to
improve Z-score in every case.

Nevertheless, the average Z-score values (—2.2 to
—2.86) given by various FIRE energy functions are signif-
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icantly lower than the two methods proposed by Gro-
miha et al.3% (—=1.7 and —1.8, respectively). As a com-
parison, we also applied DDNA!4 to this threading set.
DDNA’s Z-scores are close to DFIRE’s, in average.

Test 2: Docking-decoy discrimination

The second test measures the ability of the proposed
energy functions to recognize the native complex struc-
tures from near-native docking decoys made by Robert-
son and Varani. Table III compares Z-score values given
by four wvariants of DFIRE-based energy functions
(DDNA, FIRE, cFIRE, and vcFIRE) along with the results
based on the Robertson and Varani2® energy function
trained by the same 167 complexes. The average Z-score
changes from —2.22 (FIRE), —2.14 (vFIRE), —2.02
(cFIRE), to —2.80 (vcFIRE) as the low-count and vol-
ume-fraction corrections are added to the residue/base-
specific FIRE energy function. In this test, a combination
of volume-fraction and low-count corrections makes a
significant improvement over FIRE, whereas individual
correction term makes a small but negative impact on Z-
score [from —222 to —2.02 (cFIRE) or to —2.14
(VFIRE)]. This indicates that individual correction term
may not be always beneficial because small databases
affect both correction terms. The average Z-score given
by vcFIRE (—2.80) is also lower than that (—2.06) given
by the Robertson and Varani2® energy function.

A more challenging test is the ability to identify near-
native complexes by various energy functions (i.e. predict-
ing the best structure from available decoys). Table IV
compares the lowest rmsd structure in top five decoys
ranked by various DFIRE energy functions, along with the
best possible decoy structure in the decoy set. The median
of the best rmsd values in top five for the 45 protein-DNA
complexes is 0.51 A by FIRE, 0.55 by vFIRE, 0.50 A by
CFIRE, and 0.46 A by vcFIRE. The latter is close to the
best possible median value of 0.44 A. The Robertson and
Varani2® energy function yields a median value of 0.50 A,
the same as cFIRE and higher than vcFIRE. If we define a
failure in prediction as the best rmsd value in top five pre-
dictions is greater than 2 A, there are 3 by FIRE, 10 by
VvFIRE, 0 by cFIRE, 0 by vcFIRE, and 1 by the Robertson
and Varani2® energy function. This indicates that volume
fraction correction without low count correction signifi-
cantly reduces the ability of the energy function for locat-
ing near-native structures.

Test 3: Recovering native base pairs

Table V reports 10-fold cross-validated average success
rates for recovering native base pairs of 200 protein-DNA
complexes (see Methods section). All four tested methods
yield essentially the same success rate of 40%. This suc-
cess rate is substantially higher than 25% success rate by
random selection and 31% by DDNA.
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Table I

The Z-scores Given by Various Methods for Random Sequence Decoys (DNA Threading) of 51 Complexes
- _____________________________________|

PDB ID? G1° G2° DDNA? DFIRE® FIREf vFIREY cFIRE" vcFIRE!
1a02 —34 -1.8 —2.27 1.48 —3.21 —3.29 —3.19 —3.29
1a74 —~16 07 1.50 —1.40 —3.86 —3.94 —4.07 —417
1h3t —14 2.1 —1.15 —0.68 —0.79 —0.61 —2.78 -2.38
1bhm —-29 -13 —0.05 —-0.32 —-1.08 —-1.08 —3.13 —3.26
1b10 —27 —25 —2.23 —0.45 —2.46 —2.42 —3.24 —3.25
Tedw —2.2 06 1.64 1.59 0.83 0.87 0.04 —0.02
1cjg —1.1 —14 —258 —0.39 -0.28 —-0.33 —0.50 —0.81
lcma -0.2 16 1.02 —-1.19 —-1.63 -1.72 —1.59 —159
1e66 -1.8 -1 -3.22 —1.60 ~1.96 —1.88 —3.18 -3.12
1dp7 —0.8 —0.7 0.76 -1.92 —3.65 —3.51 —347 —-3.00
Tecr -1 -11 0.53 0.43 -1.22 -1.19 —1.66 —1.58
1fil —27 -1 259 1.15 —-2.10 —1.98 —2.76 —263
1gat —0.4 -1 1.73 1.80 —1.04 —0.98 —1.48 —1.27
1gdt -2 —1.7 —0.04 0.95 —2.25 —-1.99 —3.98 -3.75
1glu -1 -11 1.72 —0.12 —0.66 —-0.70 —-1.80 —-1.95
Theg -1 -25 —0.85 —2.48 —-3.14 —2.97 —4.35 —4.09
Ther -1.8 04 —0.25 0.94 —~1.09 —0.89 —2.47 —2.43
Thdd —1.1 -18 0.95 1.20 —-0.73 —0.81 -1.29 —157
1hlo 0.1 —~16 0.29 —2.26 —3.60 —3.67 —-3.70 —-3.95
Thry -0.2 —-09 0.23 —0.78 —~1.06 —0.99 —1.42 -1.33
1if1 —0.4 -1.7 —1.62 0.70 0.03 0.18 —2.00 —-1.96
lign 0 —2.2 -0.23 —-3.16 —4.47 —4.4 —5.33 —5.32
1ihf -1.2 -23 179 0.65 —1.48 —1.60 —1.59 —-1.81
1j59(1ber) -2 —-0.8 —-2.33 —0.37 —355 —3.56 —3.87 —-3.79
1Imb —-29 —43 —1.48 -1.93 —-349 -3.72 —3.73 —4.25
Tmdy —0.7 —25 2.81 -1.13 —2.95 —2.90 —2.95 -2.83
Tmey —-36 —22 —152 —2.45 —4.85 —4.74 —5.12 —4.92
1mhd -19 -19 0.56 —0.46 —2.34 —2.43 —261 —2.74
Tmnm —44 -3 0.20 —-0.10 —-3.77 —3.89 —3.86 —4.04
1mse —0.4 -2 —0.69 —0.25 —1.76 —1.84 —2.06 —213
Toct —-16 —2.1 —0.37 0.96 —277 —2.52 —-3.09 —2.85
1par 06 -17 —0.96 1.24 —0.67 —1.02 —1.99 —2.42
1pdn -2 —25 —~1.06 —0.57 —0.44 —0.44 —~1.86 -1.92
1per 25 -1 0.20 077 —0.59 —0.90 —145 -1.92
1pue —1.1 —27 —1.27 —0.81 —1.50 —1.73 —1.86 —2.21
Trep -2 —-32 —-2.20 —~1.25 —3.04 —3.05 -31 —-3.01
1rv5 —23 —0.3 0.1 1.01 —1.87 —1.95 —1.69 —1.67
1srs -3 —24 0.67 —1.15 —-3.13 —345 —2.97 —3.62
1sve —26 —2.2 —~1.68 —2.75 —3.80 —3.82 —4.20 —4.27
1tc3 -17 —25 —0.24 —2.20 —2.51 —2.51 —2.28 —2.29
1tf3 -3.2 -23 -1.19 —2.28 —2.26 —2.21 —3.61 —3.56
1tro -13 3.1 —-0.19 0.08 —343 —3.40 —4.16 —4.05
Ttsr -11 —1.2 —-2.38 —043 —1.75 —157 —2.90 —2.68
Tubd -13 —2.1 —0.12 —1.08 —3.46 349 —-3.85 —4.00
1xbr -2 —24 276 —0.18 —~1.88 —~1.86 —2.39 —2.40
1yrn —4.4 —29 —0.05 —0.13 —2.98 -2.76 —4.03 -3.78
lysa -3 —-2.1 0.14 —0.68 —3.66 —-3.92 —3.65 —4.01
2bop —-0.9 -17 —2.16 —3.24 —2.75 —267 —3.28 —-3.12
2drp -1.2 —-23 1.40 0.14 —-3.75 —3.91 —4.37 —475
3cro -2 0.3 —1.52 1.74 0.17 —0.23 —0.00 —0.57
6cro 0 —-23 —3.86 —2.01 —3.80 -3.79 —3.78 -3.79
Mean -1 -18 —0.43 —0.50 —2.23 —2.24 —2.82 —2.86
g 1.1 09 1.52 1.34 1.34 1.33 121 117

A lower Z-score given by a method indicates a stronger bias toward native DNA sequence.
“Protein databank identification code.

"Distant-dependent statistical potentials for the sEeciﬁc base-amino acid interactions derived from the spatial distributions of C, atoms of amino acid residues around a
base. Consider intermolecular interactions only‘3

“Consider intramolecular only.ls’21

YDDNA [DFIRE with 19-atomic types acted on interfacial atoms 0nly].3'5

°DFIRE with residue/base-specific atom types and 15 A cutoff.

‘FIRE with residue/base-specific atom types and 10 A cutoff without distance scaling.
8Volume-fraction correction added to FIRE (VFIRE).

"Low-count correction with Dirichlet pseudo counts added to FIRE (cFIRE).
Volume-fraction correction added to cFIRE (vcFIRE).

IStandard derivation of Z-score values in 51 complexes.
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Table 1l
Z-Score Values Between the Native Complex Structure and Near-Native Docking Decoys of 45 Protein-DNA Complexes Given

by Various Energy Functions
]

PDB? ()P DDNA® FIRE? vFIRE® cFIREf vcFIRES RV"

1gna 35.7 —1.21 —1.65 —1.07 —1.64 —1.79 —157
1d02 13.62 —147 —2.02 —1.42 —-1.89 —263 —1.95
Teon 13.41 —1.66 —2.41 —2.49 —-1.99 —3.09 —-1.98
Tckg 12.29 —-1.02 —1.51 —155 -1.22 —1.94 —1.14
1dmu 9.12 —1.55 —2.92 —1.36 -2.05 —4.16 —2.06
1qpz 8.53 —2.20 —2.7 —2.06 —252 —3.48 —2.55
1au7 8.48 —152 —2.28 —359 —-1.91 —2.55 —1.96
1je8 8.15 —~1.85 —2.23 —2.66 —2.04 —291 —2.04
2cgp 7.84 -0.97 —1.51 —2.15 —1.36 —1.99 —1.42
1b3t 7.74 —1.38 —2.47 —0.74 —-1.95 —2.99 —1.94
1tc3 73 —1.56 —1.44 —1.27 —-1.78 —2.67 —1.56
199z 7.17 —263 —4.19 —2.50 —~3.31 —5.45 -3.29
1zme 6.84 —2.13 —1.63 —0.40 —2.20 —2.38 —2.26
1a73 6.56 —1.85 —2.45 —2.67 —2.23 —3.41 —2.30
1jko 6.55 —1.77 —2.39 —2.46 —2.29 —3.12 —2.16
1bdt 6.41 -1.77 -1.91 —-1.01 —-1.82 -3.19 —1.88
2bop 6.28 —1.68 —2.51 —2.88 —2.04 —2.97 -213
1ali 6.21 —1.44 —-2.13 —271 -192 —2.49 —1.98
1bc8 6.1 —1.50 —2.43 —2.27 —2.16 —267 —-2.10
1pdn 6.04 —1.45 —1.42 —1.31 —-213 —247 -2.17
1skn 5.96 -1.23 —2.14 —2.83 —1.96 —2.60 —2.06
mjo 5.94 —2.09 —2.18 —2.21 —213 —2.55 —2.16
1b10 5.88 —0.96 —2.23 —1.76 —1.47 -1.92 —1.40
2dgc 575 —1.46 —2.07 —2.49 -1.97 —2.36 —2.06
3pvi 5.71 —1.65 -1.97 —2.47 —-1.83 —2.34 —1.86
2hdd 5.61 —237 —2.80 —2.98 —2.64 —3.13 —2.170
lign 5.19 —1.74 —2.59 —2.35 —2.24 —3.44 —2.30
1qpi 5.09 —2.12 —3.40 —350 -2.99 —3.67 -3.07
1a3q 5.08 —1.46 -2.23 —243 —-1.87 —2.49 —191
1dfm 5.05 -1.23 —1.96 —1.87 —152 —2.60 —151
1lg1 5.04 —1.94 —2.45 —2.97 —2.31 —3.26 —2.38
1tro 5.02 —1.43 —2.37 —2.67 —2.03 —2.78 —2.05
1fjl 495 —1.36 -1.77 —2.22 —1.55 —2.12 —1.58
1h8a_a 482 —-1.29 —2.03 —2.58 -192 —2.35 —2.00
1h8a_b 482 —-1.02 —2.04 —2.41 —158 —2.18 —1.59
1f4k 48 —1.16 —2.04 —1.88 —2.02 —2.58 —2.10
6pax 473 —1.21 —1.42 —1.08 -1.79 —2.74 —1.96
1hiv 453 —1.77 —2.29 —2.34 —2.16 —3.17 —2.23
1mnn 446 —1.59 —252 —2.63 —-2.33 —3.40 —2.49
1dsz 438 —1.12 -1.71 —1.55 —1.69 —2.38 —1.82
Thwt 413 -1.77 —-1.98 —1.09 —2.29 —1.96 —2.40
1per 409 —1.44 —2.32 —2.51 —~1.99 —2.70 —2.08
1131 402 —1.76 —2.59 —3.08 —2.37 —3.10 —2.42
3hts 3.87 —0.95 —252 —2.41 —~1.98 —3.03 —2.05
3bam 3.77 —1.66 —2.26 —1.34 —-1.98 —2.86 —1.99
Mean —1.56 —222 —2.14 —2.02 —2.80 —2.06
Standard Deviation 0.38 0.51 0.73 0.38 0.65 0.40

*Protein databank identification code.

*The degree of overall DNA deformation. 20

‘DDNA [DFIRE with 19-atomic types acted on interfacial atoms only].3 5

IFIRE with residue/base-specific atom types and 10 A cutoff without distance scaling.

“Volume-fraction correction added to FIRE (VFIRE).

fLow-count correction with Dirichlet pseudo counts added to FIRE (cFIRE).

8Volume-fraction correction added to cFIRE (vcFIRE).

"Robertson and Varani“® energy function that was trained by the same 167 complexes as FIRE-based energy functions.

Test 4: Binding free energy are all significant. The correlation coefficients are 0.84 by
DDNA, 0.79 by FIRE, 0.55 by vFIRE (not shown), 0.85

Figure 1 compares theoretically predicted binding by cFIRE, and 0.72 by vcFIRE. It is not clear how to
affinities with experimentally measured ones for 30 pro- interpret the variations observed in correlation coeffi-
tein-DNA complexes (see Methods section). The correla-  cients by different approximations. More studies are cer-
tions between theoretical results and experimental data tainly needed when a large database of protein-DNA
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Table IV
The Lowest rmsd Value in Top Five Complexes Selected by Various Energy Functions, Compared with the Lowest Possible rmsd Value in the Decoy
Sets
PDB ID° )P DDNA® FIRE vFIRE® cFIRE' veFIRE® RV" Lowest
1gna 35.70 1.43 1.24 6.38 1.05 0.54 1.05 0.49
1d02 13.62 1.23 0.69 1.44 0.43 0.43 0.43 0.43
Teon 13.41 0.73 0.42 0.42 0.42 0.73 0.42 0.42
Tckq 12.29 0.82 0.61 0.61 0.61 0.41 0.61 0.39
1dmu 9.12 0.25 0.25 25.66 0.25 0.25 0.25 0.25
1qpz 8.53 0.72 1.10 0.20 0.20 0.20 0.20 0.20
lau7 8.48 1.18 0.50 0.50 0.50 0.50 0.50 0.50
1je8 8.15 0.41 0.35 0.41 0.35 0.41 0.35 0.35
2cgp 1.84 1.28 0.45 0.58 0.31 0.45 0.31 0.31
1b3t 174 0.90 0.62 25.07 0.88 0.88 0.88 0.51
1tc3 7.30 1.54 12.65 121 1.00 1.00 2.38 0.59
199z 117 1.16 0.41 0.41 0.41 0.49 0.49 0.41
1zme 6.84 0.72 0.96 20.80 0.90 0.90 0.90 0.50
1a73 6.56 0.80 0.45 0.45 0.45 0.45 0.45 0.45
1jko 6.55 0.92 0.66 0.66 0.66 1.06 1.27 0.38
Thdt 6.41 1.01 0.90 4.24 0.46 0.46 0.54 0.46
2bop 6.28 1.10 0.50 0.50 0.58 0.58 0.58 0.50
Tali 6.21 1.74 0.17 0.17 0.23 0.72 0.17 0.17
1bc8 6.10 1.20 0.33 0.33 0.87 0.33 0.87 0.33
Tpdn 6.04 0.80 4.63 4.63 1.01 1.18 1.01 0.54
1skn 5.96 1.23 0.50 0.62 0.50 0.50 0.50 0.50
Tmjo 5.94 0.78 0.37 0.37 0.37 0.37 0.37 0.37
1b10 5.88 1.13 0.47 0.47 0.35 0.35 0.35 0.35
2dgc 5.75 2.01 0.06 0.06 0.06 0.06 0.06 0.06
3pvi 5.71 0.78 0.63 0.58 0.61 0.61 0.61 0.58
2hdd 5.61 1.24 0.80 0.55 0.77 0.77 0.52 0.41
Tign 5.19 1.04 0.66 0.51 0.51 0.51 0.51 0.51
1qpi 5.09 1.13 0.59 0.59 0.59 0.60 0.59 0.59
1a3q 5.08 0.87 0.42 0.42 0.42 0.87 0.42 0.42
1dfm 5.05 1.40 0.40 0.40 0.40 0.63 0.40 0.40
1lg1 5.04 0.89 0.42 0.42 0.42 0.42 0.42 0.42
1tro 5.02 1.13 0.55 0.63 0.55 0.55 0.55 0.55
1fjl 4.95 0.51 0.51 0.46 0.50 0.50 0.50 0.46
Th8a_b 4.82 2.1 0.75 0.1 0.80 1.20 0.80 0.53
1h8a_a 4.82 3.51 0.1 0.75 0.1 0.1 0.1 0.1
1f4k 4.80 1.94 0.45 0.45 0.45 0.53 0.45 0.44
6Gpax 4.73 0.97 2.13 8.00 0.63 0.63 0.63 0.44
Thiv 453 0.86 0.34 0.34 0.34 0.34 0.34 0.34
Tmnn 4.46 1.14 0.73 0.73 0.83 0.7 0.74 0.56
1dsz 4.38 0.72 0.40 0.40 0.40 0.24 0.40 0.24
Thwt 413 0.89 1.64 1.35 1.12 0.62 1.09 0.55
Tper 4.09 0.69 0.54 0.54 0.54 0.74 0.54 0.54
1131 4.02 1.61 0.67 0.67 0.64 0.64 0.64 0.64
3hts 3.87 1.74 0.69 0.69 0.69 0.69 0.69 0.69
3bam 3.77 1.03 0.47 24.45 0.44 0.89 0.44 0.42
Median 1.04 0.51 0.55 0.50 0.46 0.50 0.44

*Protein databank identification code.
"The degree of overall DNA deformation. 20
‘DDNA [DFIRE with 19-atomic types acted on interfacial atoms onlyj435

9FIRE with residue/base-specific atom types and 10 A cutoff without distance scaling.

“Volume-fraction correction added to FIRE (VFIRE).

TLow-count correction with Dirichlet pseudo counts added to FIRE (cFIRE).
8Volume-fraction correction added to cFIRE (vcFIRE).

"Robertson and Varani
The lowest rmsd structure in decoys.

binding affinities with corresponding complex structures
becomes available.

Test 5: Mutation-induced change in stability

Table VI compares the correlation coefficients between
theoretically predicted changes and experimentally mea-

energy function that was trained by the same 167 complexes as FIRE-based energy functions.

sured changes in stability due to mutation. For a major-
ity of protein-DNA complexes, there is no significant cor-
relation. In fact, the overall correlation coefficients for all
189 mutants are nearly zero for DDNA, FIRE, vFIRE,
cFIRE, and vcFIRE. This highlights the challenge for
AAG prediction.11,26
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Table V

Ten-Fold-Cross-Validated Success Rates and Their Standard Deviations for Recovering Native Base Pairs of 200 Protein-DNA

Complexes by Various Energy Functions
-]

Random DDNA? FIRE® VFIRE® cFIRE vcFIRE®

Success Rate 25% 30.8 £ 2.5% 40.1 £+ 4.9% 4.1 £ 5.0% 40.1 £ 3.3% 405 + 3.8%
. ______________________________________________________________________________________________________________________________________________________________________________|]

“DDNA [DFIRE with 19-atomic types acted on interfacial atoms only.35 There is no change of training sets for different folds here].
FIRE with residue/base-specific atom types and 10 A cutoff without distance scaling.

“Volume-fraction correction added to FIRE (VFIRE).

dLow-count correction with Dirichlet pseudo counts added to FIRE (cFIRE).

“Volume-fraction correction added to cFIRE (vcFIRE).

Test 6: Prediction of PWM between FIRE and vcFIRE). All these values are signifi-
cantly lower than 0.71, the average random value of -
Table VII compares the average values of y-test of 19  test. As shown in the table, the overall accuracy of FIRE-
complexes given by various DFIRE energy functions. A  based energy functions is similar to that of the dynamic
smaller value indicates a better agreement with experi- model proposed by Morozov et al.? but is not as accurate
mental results. There is a statistically significant improve- as their static model. Higher accuracy of the static model
ment from DDNA (0.46), FIRE (0.36), vFIRE (0.36) to is likely because of its direct training by experimental
cFIRE (0.33) or vcFIRE (0.33) (e.g. P value is 0.035 AAG values (see Discussion section).
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Figure 1

Experimentally measured binding affinity (—log(Kd) unit) as compared with theoretically predicted values by DDNA (filled circles), FIRE (open
circles), cFIRE (filled diamonds), and vcFIRE (open diamonds). The correlation coefficients between respective theoretical predictions and
experimental measurements are 0.84, 0.79, 0.85, and 0.72, respectively. Theoretical results are scaled and shifted so that all results can be viewed in
a single diagram.
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Table VI

The Correlation Coefficient Between Theoretically Predicted and
Experimental Measured AAG (189 Mutants) Values Given by Various
Energy Functions
|

PDB ID  #of Mutants DDNA® FIRE® VFIRE® cFIRE® vcFIRE®
Taay 15 —0.04 —0.08 0.01 0.02 0.21
Tckg 13 0.11 0.21 0.21 0.20 0.17
Tecr 20 0.28 0.02 —0.00 0.17 0.14
Tefa 5 —0.63 0.81 0.78 0.64 0.43
Theq 7 0.39 0.66 0.65 0.66 0.61
1jk1 6 -044 —032 -0.14 —051 —0.47
1imb 51 0.21 0.32 0.35 0.38 0.44
Trun 15 0.19 0.59 0.60 0.63 0.72
1tro 9 —-044 —0.00 —0.09 0.02 —0.06
6cro 48 0.15 0.39 0.45 0.36 0.44
All 189 0.04 0.05 0.05 0.08 0.09
|

“DDNA [DFIRE with 19-atomic types acted on interfacial atoms 0nly35].

"FIRE with residue/base-specific atom types and 10 A cutoff without distance
scaling.

“Volume-fraction correction added to FIRE (vFIRE).

dLow-count correction with Dirichlet pseudo counts added to FIRE (cFIRE).
“Volume-fraction correction added to cFIRE (vcFIRE).

Figure 2 shows the most successful PWM prediction
by the variants of FIRE-based energy functions for the
phage lambda repressor protein (lambdaR). For example,
vcFIRE’s prediction yields 13/17 of the base pairs with
the highest weight the same as the experiment results.

Table VII

DISCUSSION

In this article, we have developed statistical energy
functions based on finite, ideal-gas reference (FIRE) state
for protein-DNA interactions. The new proposed meth-
ods further extend the statistical energy function based
on the distance-scaled FIRE (DFIRE) state that was origi-
nally developed for proteins?3—25 and applied to pro-
tein-DNA interactions (DDNA).l4 Significant improve-
ments over DDNA by FIRE-based energy functions are
observed for threading and docking decoy discrimina-
tions, recovery of native base pairs, and prediction of
binding profiles. These improvements are due to a com-
bination of following factors: a reduction of interaction
range from 15 to 10 A, an employment of residue/base-
specific atom types, a low-count correction, and volume-
fraction correction. We further show that low-count cor-
rection alone (cFIRE) is found useful for DNA threading
and PWM prediction but not for docking, whereas the
volume correction is most effective only if it is combined
with the low count correction. The first three factors
were also used to improve the accuracy of the RAPDF
statistical potential for protein-DNA interactions.20

It is of interest to compare the performance of FIRE-
based energy functions with other statistical energy func-
tions. For DNA threading decoys (Test 1), the Z-score
values given by various FIRE energy functions are signifi-

Accuracy of PWM Prediction Based on \-Test Values for 19 Complexes by Various Methods
]

PDB ID Random? Static® Dynamics® DDNA® FIREY VFIRE® cFIRE’ vcFIRE?
laay 0.95 0.19 0.35 0.67 0.35 0.35 0.34 0.36

Tyui 0.95 0.26 - 0.63 0.49 0.49 0.53 0.56
lysa 0.91 0.31 0.39 0.6 0.46 0.46 0.44 0.38

1b8i 0.87 0.34 0.36 0.29 0.40 0.40 0.39 0.40

1jl 0.83 0.32 0.51 0.47 0.42 0.42 0.36 0.38
2puc 0.81 0.26 0.63 0.45 0.43 0.43 0.42 0.42

lyrn 0.73 0.26 0.36 0.2 0.33 0.33 0.28 0.30

1r0o 0.72 0.25 0.38 0.47 0.37 0.37 0.33 0.37

1tro 0.71 0.31 0.39 0.42 0.42 0.42 0.42 0.43

1j1v 0.7 0.22 0.36 0.27 0.32 0.32 0.31 0.29
2drp 0.69 0.24 0.23 0.46 0.47 0.55 0.49 0.48
mj2 0.69 0.38 0.33 0.26 0.55 0.47 0.55 0.55
Tmnn 0.68 0.12 0.20 0.46 0.25 0.25 0.22 0.22
1gxp 0.68 0.28 0.41 0.49 0.48 0.48 0.43 0.44
1gcc 0.57 0.12 - 0.64 0.41 0.41 0.18 0.26
1mse 0.55 0.24 - 0.66 0.21 0.21 0.10 0.09

Trun 0.51 0.17 0.38 0.55 0.23 0.24 0.23 0.19
1lmb 0.47 0.09 0.14 0.52 0.09 0.09 0.09 0.08
6cro 0.47 0.10 0.21 0.26 0.10 0.10 0.09 0.10
Means 0.71 0.24 0.35¢ 0.46 0.36 0.36 0.33 0.33(0.34")
S 0.15 0.08 0.12¢ 0.14 0.13 0.13 0.14 0.14(0.13")

*Random-test value.
YStatic and dynamic models from Ref. 9.
‘DDNA [DFIRE with 19-atomic types acted on interfacial atoms only].3 5

IFIRE with residue/base-specific atom types and 10 A cutoff without distance scaling.

“Volume-fraction correction added to FIRE (VFIRE).

fLow-count correction with Dirichlet pseudo counts added to FIRE (cFIRE).
8Volume-fraction correction added to cFIRE (vcFIRE).

"Average over 16 protein-DNA complexes (excluding lyui, 1gxp, and lgcc).
iStandard derivation of -test values.
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Figure 2

PWM prediction of phage lambda repressor protein (lambdaR, PDB id:1lmb) given by experiment, FIRE, cFIRE, and vcFIRE (from top to bottom),
respectively. VFIRE is not shown because it is similar to that of cFIRE.

cantly lower than the two methods proposed by Gromiha
et al.3> For the docking decoy set (Test 2), Robertson
and Varani’s2® energy function is less discriminative than
vcFIRE with a higher average Z-score of —2.06. In Tests
4 and 5, we found that FIRE-based energy functions can
make a reasonable prediction of AG but not AAG. This
result puts FIRE-based energy functions close to the per-
formance of physical-based energy functions tested by
Donald et al.ll (eg, a simple Lennard-Jones energy
function gives a correlation of 0.76 for AG and 0.23 for
AAG). No knowledge-based energies tested by Donald
et al.ll give accurate prediction of either AG or AAG.
Finally, PWMs predicted by FIRE-based energy functions
are less accurate than the static model and comparably
accurate to the dynamic model given by Rosetta® as

demonstrated in Table VII. Compared with FIRE-based
energy functions, the Rosetta energy function contains
many physical and knowledge-based energy terms whose
relative weights were optimized by using experimental
AG and AAG data in the static model or native recovery
of native protein amino acid side chains in the dynamic
model. Because the protein-DNA complexes in the data-
base for AG and AAG overlap with the complexes in the
database for PWM test, the static model may have been
over-trained for the PWM test. Here, we make an effort
to avoid over training by employing separate training sets
for different test sets.

It has been shown that a model with reduced atom
types is less accurate than a model with residue/base
specific atom types (e.g., in Robertson and Varani’s
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work26). We also tested a version of FIRE with unmix-
able 12 atom types for proteins and 11 atom types for
DNA (same as 19 atom types in DDNA except that atom
types for proteins and DNA do not mix with each other).
This version of FIRE leads to an average Z-score of
—1.66 for the threading decoy set, a significant reduction
(P value of 0.0009 for paired t-test) from —2.23 for FIRE
based on residue/base-specific atom types. This confirms
the utility of residue/base-specific atom types.

This work represents an optimized version of the finite
ideal gas reference state for protein-DNA interactions.
Initial tests of the proposed FIRE-based energy functions
indicate that they are among the best in existing energy
functions for protein-DNA interactions. This is encourag-
ing because there is room for further improvement.
Examples are incorporation of the effect of DNA confor-
mational changes and orientation-dependence of the pro-
tein-DNA interaction. Recently, we have developed a
dipolar DFIRE (dDFIRE) energy function for proteins.36
In this energy function, each polar atom is treated as a
dipole with a direction and the orientation dependence
of polar interactions is extracted from protein structures.
This approach takes into account the hydrogen-bonding
interaction via the physical dipole-dipole interaction and
the possible orientation-dependent interactions between
polar and nonpolar atoms and between polar atoms that
are nonhydrogen-bonded. The development of a corre-
sponding dipolar vcFIRE is in progress.
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