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Abstract

We describe a fast protein-protein docking algorithm using a series expansion in terms of newly
designed bases to efficiently search the entire six-dimensional conformational space of rigid body
molecules. This algorithm is an ab initio docking algorithm designed to list candidates of putative
conformations from a global conformational space for unbound docking. In our algorithm, a scor-
ing function is constructed from terms that are the inner products of two scalar fields expressing
individual molecules. The mapping from a molecule to a scalar field can be arbitrarily defined
to express an energy term. Since this scoring scheme has the same expressiveness as that of a
method using a fast Fourier transform (FFT), it has the flexibility to introduce various physico-
chemical energies. Currently, we are using scalar fields that approximate desolvation free energy
and steric hindrance energy. Fast calculation of the scoring function for each conformation of the
six-dimensional search space is realized by expansion of the fields in terms of basis functions which
are combinations of spherical harmonics and modified Legendre polynomials, and the use of only
low-order terms, which carry most of the information on the scalar field. We have implemented this
algorithm and evaluated the computation time and precision by using actual protein structure data
of complexes and their monomers. This paper presents the results for six unbound cases and in all
the cases we obtained at least one conformation close to the native structures (interface RMSD <
3.0 Å) within the top 1000 candidates with about 40 seconds of computation time using a single
Pentium4 2.4 GHz CPU.

Keywords: unbound protein-protein docking, global search, spherical harmonics, Legendre polyno-
mials

1 Introduction

Since many proteins bring out their biological functions by binding to a specific partner protein at
a specific site, determining the structure of a given complex is one of the most important focuses
for molecular biology researchers. However, determining the putative structure of a protein-protein
complex remains more difficult than determining ones for monomer or protein-small molecule com-
plexes. Determining them experimentally for all the complexes that researchers may want to analyze
is far from feasible because of the high costs and technical difficulty. Thus, computational methods
to predict the putative conformations of a complex are expected to be helpful tools for analysis of
interactions between pairs of given proteins.
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The problem for computational methods can be defined as to output the predicted atomic coor-
dinates of a complex by using the atomic coordinates of two molecules as inputs. This is often called
“the docking problem” [6]. The problem of using the coordinates of the two molecules obtained by
splitting the complex structure as an input is called the bound docking problem, and the problem
of using coordinates determined individually (i.e., not as a complex) is called the unbound docking
problem. The former is an artificial invention and is simply used as a test case for the evaluation
of a method. The latter is of course the genuine problem we have to address. As each molecule
of a complex usually changes its structure when forming a complex, the latter problem is the much
harder one. The general assumption of the docking problem is that we have only the coordinates of
the monomers as a given input; i.e., it assumes no additional data such as hints to the binding sites.
That means one has to search the entire conformational space of a complex. Of course, a method
is considered superior if it can additionally make use of possible binding site information, which is
sometimes available in advance of a prediction. The protein-protein docking problem is inherently
computationally harder than the protein-small molecule docking problem because of its larger degree
of freedom due to the larger number of atoms involved.

Many computational docking methods have been proposed, and they have been summarized in
review articles [6, 12]. Typically, a computational docking process consists of two stages. The first
stage is a global search within a conformational space that produces a list of putative conformations.
It usually uses a rigid body model for expressing the molecules, i.e., it is usually confined to a six-
dimensional space of rotation and translation, because of the vastness of the conformational space
without that constraint. Even with the six-dimensional space, it is still a large space to search with
modern computers. Thus, this stage usually consists of a coarse search with a huge amount of light-
weight energy calculations. The second stage refines the candidate conformations obtained from the
first stage and results in fewer and finer candidates. This stage usually consists of a re-ranking and/or
structural refining process with a fewer amount of heavy-weight calculations. In this paper, we focus
on a method for the first stage.

As for the first stage of protein-protein docking, the major methods can be classified into three
categories: methods based on surface feature point matching, methods that globally search the con-
formational space by using a fast Fourier transform (FFT), and methods using energy minimization
starting from multiple initial conformations.

The methods of the first category involve extracting discrete feature points of a protein surface,
e.g. convexes or concaves, and matching the points of the two molecules to get geometrically fitting
conformations [3, 8, 9]. The algorithms usually used for matching are the maximal clique algorithm
or geometric hashing. These methods are relatively fast if the number of feature points is kept low.
However, the precision as a first stage docking is usually lower than the methods of the other two
categories and they are apt to miss the correct conformation if the point extraction is not adequate.
Moreover, their scoring functions are basically based on geometry and have less flexibility than scorings
of an FFT-based method.

The methods of the second category utilize FFTs, which enables an efficient search of a three-
dimensional translational space. Most docking methods fall into this category and they include the
methods of Katchalski-Katzir et al. [7], FTDock [5] and ZDOCK [1]. Their speed is usually not faster
than the first type, but their flexibility in designing the scoring function is higher.

The third type aims to list more precise candidates. Although these methods usually impose
constraints or simplifications, they tend to take much more time compared with methods of the first
two categories. Thus, they usually have the nature of second stage docking in addition to first stage
docking.

Recently, many FFT-based methods have been proposed, which seems to be because of their good
balance between flexibility in designing scoring functions, and reasonable precision and computation
time. However, when these methods are applied to a large protein, it usually takes several hours to a
few days to get a relatively high precision result with a single modern CPU.
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The research field of computational docking is still in developing phase. The set of target complexes
that each method can predict well varies depending on the method. That is, there is no method which
can list a near-native candidate within the top few in almost all cases. Therefore, new searching
methods and/or new scoring functions are being sought.

In this paper, we propose a computationally efficient and precise first stage docking algorithm by
using a series expansion in terms of our newly designed orthonormal basis functions based on spherical
harmonics. We aim to develop a method with higher computational efficiency than FFT-based meth-
ods while retaining flexibility in designing scoring functions, and to achieve good performance with
unbound docking predictions. These features will lead to the applicability of finer and more complex
scoring functions and to the possibility for encompassing interaction analysis among multiple proteins.
There are several methods using spherical harmonics to express molecules for computational dock-
ing [4, 10]. Among these methods, the approach of Ritchie and Kemp [10] with radial basis functions
has been relatively successful and seems to be a promising computationally efficient method. However,
as is reported in their paper, the precision of the molecule representation drastically deteriorates as
r (the distance from the origin) increases because its radial basis functions decay exponentially as
r increases. This method thus becomes difficult to apply to large molecules or irregularly shaped
molecules far from spherical in shape. To ameliorate these points and to achieve better performance,
we use a combination of spherical harmonics and modified Legendre polynomials as basis functions,
which have no decay for r, and incorporate desolvation free energy, which has been reported to reflect
the binding energy well [13] for the scoring function.

2 Methods

2.1 Expression of Interaction Energy

A scoring function that reflects the interaction energy between two given molecules is constructed in
terms of the inner products of two scalar fields within our framework; i.e., we express each molecule
with Ns scalar fields; f1 (x) , f2 (x) , · · · , fNs (x) for molecule A and g1 (x) , g2 (x) , · · · , gNs (x) for
molecule B, and then evaluate the scoring function of each conformation with

E
(
T A, T B

)
≡

Ns∑

i=1

wi

∫
fT A

i (x) gT
B

i (x) dx

where wi denotes the weight for the i-th term and T X means a rotational and/or translational opera-
tion on a field and fT (x) means the field generated by applying T to f (x). Thus, the docking problem
results in finding T A and T B with which E

(
T A, T B

)
gets minimized. Figure 1 illustrates this scoring

scheme. A set of
(
T A, T B

)
should be systematically created such that it forms a six-dimensional

search space. The set we used is described in section 2.5. The scalar fields can be arbitrarily defined
by users of this framework to express the appropriate binding energy. This form of the scoring func-
tion has equal expressiveness to those of FFT-based methods. At this time, we defined it such that it
expresses a pseudo desolvation free energy and steric hindrance, which is described in Section 2.4.

2.2 Fast Energy Calculation by Using Series Expansion

Each term of the scoring function described above, i.e., inner product of two scalar fields, can be
efficiently calculated by expanding the scalar field in a series of orthogonal basis functions. We used
a combination of spherical harmonics and modified Legendre polynomials as the basis functions. The
mechanism of the fast calculation is described in the following paragraphs.

First, the two given scalar fields f (x) , g (x) are expanded in terms of real spherical harmonics
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Figure 1: An illustration of the scoring and search scheme (in the case of one scalar field for each
molecule). The given scalar fields f (x) and g (x) are transformed by

(
T A

1 , T B
1

)
· · ·

(
T A

N , T B
N

)
, which

form the six-dimensional search space. The scoring function for each conformation is calculated by
integrating the product of the transformed fields.

Y r
lm (θ, φ) and modified Legendre polynomials Sn (r). That is, expressing f (x) with

f (x) ≈
Nmax,Lmax∑

nlm

anlmSn (r) Ylm (θ, φ) , Nmax ≥ n ≥ 0, Lmax ≥ l ≥ |m| ≥ 0

where anlm are the coefficients of the series, and Nmax and Lmax are the maximal orders of the
expansions. The real spherical harmonics can be defined by using complex spherical harmonics:

Y r
lm (θ, φ) =





(−1)m

√
2

(
Ylm (θ, φ) + Y lm (θ, φ)

)
, m > 0

Yl,0 (θ, φ) , m = 0
(−1)m

√
2i

(
Yl,−m (θ, φ) − Y l,−m (θ, φ)

)
, m < 0

where Ylm (θ, φ) denotes a complex spherical harmonic, which are well-known orthogonal functions
of mathematical physics, and Y lm (θ, φ) denotes the complex conjugate of Ylm (θ, φ). The modified
Legendre polynomials are defined as

Sn (r) ≡
√

6n + 3
a3

Pn

(
2
a3

r3 − 1
)

, r ∈ [0, a]

where Pn (x) is a Legendre polynomial and a is a parameter which determines the radius of the domain
of the combined basis function. Sn (r) has orthonormality as follows:

∫ a

0
Sn (r) Sn′ (r) r2dr = δnn′

which is needed for ensuring the orthonormality of the combined basis functions:
∫

Sn (r) Ylm (θ, φ) Sn′ (r) Yl′m′ (θ, φ) dx = δnn′δll′δmm′

We hereafter refer to the combined basis function Bnlm (x) = Bnlm (r, θ, φ) ≡ Sn (r) Ylm (θ, φ). This
representation of f (x) also means that we can express f (x) with anlm by using these basis functions.
The coefficients anlm can be calculated by taking the inner product of f (x) and the corresponding
basis function, i.e.,

anlm =
∫

f (x) Bnlm (r, θ, φ) dx
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whose equality is derived from the orthogonality of the basis functions. Our method computes anlm

by numerical integration using the discretized f (x). Theoretically, we have to use an infinite number
of coefficients to express f (x) precisely. However, we can usually express f (x) with reasonable
precision by using only low-order terms because the f (x) used for docking usually does not have
many high-frequency vibrations. In other words, we can compress the information of f (x) by using
the representation with anlm.

By expanding fields, the inner product for calculating the scoring function can be reduced to the
inner product of the two coefficient vectors, which needs far fewer computations. That is,

∫
f (x) g (x) dx ≈

∑

nlm

∑

n′l′m′

anlmbn′l′m′

∫
Bnlm (x) Bn′l′m′ (x) dx

=
∑

nlm

∑

n′l′m′

anlmbn′l′m′δnn′δll′δmm′ =
∑

nlm

anlmbnlm

Thus, the total scoring function E (T1, T2) can be reduced to

E
(
T A, T B

)
=

Ns∑

i=1

wi

∫
fT A

i (x) gT
B

i (x) dx

=
Ns∑

i=1

wi

∑

nlm

aT
A

i,nlmbT
B

i,nlm

where aT
A

i,nlm and bT
B

i,nlm are the coefficients of the transformed scalar fields fT A

i (x) and gT
B

i (x),

respectively. aT
A

i,nlm and bT
B

i,nlm can be efficiently computed from the original coefficients, ai,nlm and
bi,nlm.

2.3 Fast Rotational and Translational Operations

As described above, we need to obtain the transformed coefficients, aT
A

nlm and bT
B

nlm, for the conforma-
tional space search. The obvious way to obtain them is to recompute the discretized transformed field
fT A

(x) and then compute a numerical integration to get the coefficients aT
A

nlm. This method, however,
requires many computational steps. In contrast, the method we will describe hence computes the
transformed coefficients directly from the original coefficients and consequently does not need a costly
numerical integration. Since the transformation consists of rotational and translational operations,
we will describe an efficient algorithm for each operation.

First, considering the coefficients of a rotated field aRnlm where R denotes a rotational operation
to a field. aRnlm can be formulated as:

aRnlm =
l∑

m′=−l

anlm′Rl
mm′

(
R−1

)

by using the fact that rotated real spherical harmonics can be described as

Ylm

(
θ′, φ′) =

l∑

m′=−l

Rl
m′m (R) Ylm′ (θ, φ)

where θ′ and φ′ denote the angular coordinates rotated with R and Rl
m′m (R) denotes the rotation

matrix for real spherical harmonics [2] determined by R.
Next, we will address the translational operation along the z-axis. The reason for limiting the

translation to only along the z-axis is that we can construct the six-dimensional search by combining
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just a rotational operation and a translational operation along the z-axis (as described later). The
coefficients of the translated field aS∆z

nlm where S∆z denotes a translational operation of (0, 0,∆z) on a
field can be obtained by

aS∆z
nlm =

∑

n′l′

an′l′m

∫ a

0

∫ π

0
Sn′

(
r′′

)
Sn (r) P|m|

l′
(
cos θ′′

)
P|m|

l (cos θ) r2 sin θdθdr

≡
∑

n′l′

an′l′mOn′,n,l′,l,|m| (∆z)

where r′′ and θ′′ denote the spherical coordinates translated by Sdz and Pm
l (t) denotes a normalized

Legendre polynomial and On′,n,l′,l,|m| (∆z) denotes the overlapping integral.
The values of On′,n,l′,l,|m| (∆z) are calculated in advance by numerical integrations, and their results
are stored in a table for later uses because they are independent of the contents of the scalar fields.
As one can see from the double summations, this operation costs more than the rotational operation.

2.4 Scoring Functions

As stated above, we can use an arbitrary scoring function if it consists of terms of inner products
between two scalar fields. That is, designing the scoring function means designing the mapping from
a given molecule to a scalar field. Currently, we are using a scoring function designed to approximate
the difference in desolvation free energy and steric hindrance energy between the free and the complex
form of the two molecules.

The desolvation free energy is the energy required to move atoms within water to the interior of
molecules. This energy can be roughly estimated by using the atomic contact energy (ACE) [13].
ACE is calculated by counting the number of contacting atoms, which is classified into 18 types,
and it is reported that the calculated energy is very close to the experimental result for the protein
binding free energy. Based on these results, we have designed a mapping function which reflects
the contact between atoms. Following this method, the difference between free and complex forms
can be calculated by summing up the energy Ei,j for each pair of atoms (whose atom type is i and
j respectively) which belong to different molecules and the distance between which is lower than a
certain threshold (6.0 Å in the paper [13]). This energy can be expressed by using 18 scalar fields
for each molecule. Denoting the scalar field for molecules A and B as ρA

i and ρB
i (i = 1, · · · , 18), a

definition of these scalar fields that will lead to the expression of ACE is:

ρA
i (x) = nA

atoms (i,x; dthr)

ρB
i (x) =

{
1 if an atom of type i exists at x
0 otherwise

where nA
atoms (i,x; dthr) denotes the number of atoms of type i in molecule A whose distance from x

is equal to or less than a pre-defined threshold dthr. The energy can be calculated using this field
definition:

E =
18∑

i,j

Ei,j

∫
ρA

i (x) ρB
j (x) dx

where Ei,j is the statistically obtained energy used in ACE. Although this calculation fits our frame-
work, there are two problems: (1) Since ρB

i (x) consists of delta functions, the coefficients of its series
expansion will not diminish as the order increases. That is, the precision loss caused by picking only
the low-order terms becomes high. (2) It requires 182 inner product calculations, which costs too
much.
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To solve the first problem, we have used an alternative field definition that also reflects atomic
contacts:

ρA
i (x) = nA

atoms

(
i,x; d′thr

)

ρB
i (x) = nB

atoms

(
i,x; d′thr

)

where d′thr is a pre-defined threshold slightly larger than dthr/2 (4.0 Å in our experiment). With this
definition, the energy is dependent on the distance between atoms, unlike in the case of the original
definition.

To solve the second problem, we have reduced the number of terms by using matrix diagonalization.
The energy is described as E =

∫ ∑18
i,j Ei,,jρ

A
i (x) ρB

j (x) dx. The integrand can be expressed using
matrices:

18∑

i,j

Eijρ
A
i (x) ρB

j (x) =
18∑

i,j

Eijpipjρ
A′
i (x) ρB′

j (x) =
(
ρ′A

)T E′ρ′B

where pi is the statistically obtained frequency of atoms of type i, ρX′
i (x) ≡ ρX

i (x) /pi, ρ′X ≡

(
ρX′

1 (x) , ρX′
2 (x) , · · · , ρX′

18 (x)
)T and E′ ≡




p1p1E1,1 · · · p1p18E1,18
...

. . .
p18p1E18,1 p18p18E18,18


. The frequencies pi

are used to normalize the ranges of ρX
i (x) for the convenience of picking terms, described in the end

of this paragraph. Since E′ is symmetric because Ei,j = Ej,i, it can be diagonalized using orthogonal
matrices.

(
ρ′A

)T E′ρ′B =
(
ρ′A

)T UΩUTρ′B = (ηA)T




λ1 0
. . .

0 λ18


 ηB

=
18∑

i

λiη
A
i (x) ηB

i (x)

where U and Ω are respectively orthogonal and diagonal matrices determined from E′, and ηX ≡
UTρ′X . Using this transformation, E can be rewritten as

E =
∫ 18∑

i

λiη
A
i (x) ηB

i (x) dx

=
18∑

i

λi

∫
ηA

i (x) ηB
i (x) dx

which means 182 inner product calculations get reduced to 18 inner product calculations. Furthermore,
we can reduce the calculation by picking only the terms which contribute largely, i.e., terms which
have large λi. Our experiment used the top two terms. This term reduction scheme can be applied not
only to ACE but also to any energy of the form E =

∑N
i,j Ei,j

∫
ρA

i (x) ρB
j (x) dx under the condition

Ei,j = Ej,i.
Since the terms described above do not take into account repulsive effects between atoms, we

introduced a term for steric hindrance to exclude heavily overlapping conformations. The definition
of the field is as follows:

ρX (x) =
Natom∑

i

wsc (i) IvdW (i,x)



168 Sumikoshi et al.

� ��������

� �

	
 � �

�����

�
��

�

Figure 2: A conformation specified with (θA, φA, zA, θB, φB, ψB). The left figure illustrates rotational
and translational operations for molecule A. The first rotation is an operation with which a unit vector
determined by (θA, φA) is rotated to be parallel to the z-axis. The next operation is a translation
along the z-axis. The right figure illustrates rotational operations for molecule B. The first rotational
operation is performed in the same manner as the first operation for molecule A. The second rotational
operation is a rotation around the z-axis.

where wsc (i) is a weight value determined by whether atom i is a surface atom or core atom, and
IvdW (i,x) is 1 if the distance between the center of atom i and point x is less than or equal to the
vdW radius of atom i, and 0, otherwise. Basically, repulsion takes effect within the vdW radius of an
atom. However, to compensate for structural changes induced by forming a complex, the weights and
the vdW radii of surface atoms are set smaller than those of core atoms. In addition, the vdW radii
of core atoms are set larger than the default vdW radii to fill the space not occupied by atoms with
the default vdW radii. An atom is classified as a surface atom if its solvent-accessible surface area is
more than 1.0 Å2. Otherwise, it is classified as a core atom.

2.5 Outline of the Docking Procedure

We have described the basic principles of our method. We will now describe the overall docking
procedures, including precalculations, preprocessings, and the actual process of docking computation.

The precalculation that is required before the docking computation is the creation of the look-up
table for the overlapping integrals On′,n,l′,l,|m| (∆z). This table is created for typical parameters of the
maximal orders of expansions and steps of ∆z. This calculation is required only once for a system,
unless we have to perform docking with irregular parameters with which no tables have been created.

Next, the series expansion is required for each protein. The expansion is performed by a numerical
integration as described in Section 2.2 with the centroid of the molecules moved to the origin. This
process is required only once for a molecule, provided both of the coefficients of the target molecules
are expanded using the same basis functions, i.e., using the same parameter a for the radial basis
function Sn (r).

The actual docking process is performed by evaluating the energy of each conformation created
from the search space of five rotational dimensions and one translational dimensions. This search
space decomposition is equivalent to that of Ritchie et al. [10] A conformation is specified with
(θA, φA, zA, θB, φB, ψB) where (θA, φA) determines the rotational operation on the field of the molecule
A, zA determines the translational operation along the z-axis on that rotated field of the molecule A
and (θB, φB, ψB) determines the rotational operation on the field of the molecule B. Figure 2 illus-
trates these operations for six-dimensional search. The basic procedure is described in Algorithm 1 in
pseudo code.

There are four points to note about Algorithm 1: (1) The “almost” evenly distributed points on a
unit sphere can be obtained in various ways [11]. We are currently using recursive subdivision of a unit
octahedron or icosahedron. (2) “The rotational operation with which pi comes on the z-axis” has one
freedom left. Any appropriate function will do as long as it uniquely maps a point p on a unit sphere
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Algorithm 1 Basic procedure of docking
P :=(p1, · · · , pi, · · · ) where pi is one of the points evenly distributed on a unit sphere;
R:=(R1, · · · ,Ri, · · · ) such that Ri is the rotational operation with which pi comes on to the z-axis;
zmax:= radius of molecule A + radius of molecule B;
foreach RA in R {

for all i, set all a′i,nlm by applying operation RA to ai,nlm;
for z:=0 to zmax with step ∆z {

for all i, set all a′′i,nlm by translating a′i,nlm along the z-axis by z;
foreach RB in R {

for all i, set all b′i,nlm by applying operation RB to bi,nlm;
for ψB:=0 to 2π with step ∆ψB {

for all i, set all b′′i,nlm by rotating b′i,nlm around the z-axis by ψB;
E:=

∑Ns
i=1 wi

∑
nlm a′′i,nlmb′′i,nlm;

if E is within top Nrank {
store

(
RA, z,RB, ψB, E

)
;

}
}

}
}

}
* a′i,nlm, b′i,nlm, b′′i,nlm denotes the coefficients of the i-th term.

Table 1: PDB data used in experiment.

mol. A # of residues mol. B # of residues complex
1AKZ 223 1UGI(A) 84 1UGH
1BRA 223 6PTI 58 1BRB
1SUP 275 3SSI 113 2SIC
3PTN 223 6PTI 58 2PTC

5CHA(A) 241 2OVO 56 1CHO
1CHG 245 1HPT 56 1CGI

* The molecule name is represented with the PDB ID. Characters in parentheses denote chain IDs.

to a rotational operation R which satisfies the condition. (3) The transformed coefficients of molecule
B computed within inner loops can be cached for reuse to eliminate repetitive computations. (4)
Although the search points are spread everywhere within a sphere of radius zmax in Algorithm 1, they
can be limited in several ways to reduce the search space, e.g., limiting with binding site information
or excluding conformations which obviously do not fall into the near-native conformations such as
conformations with too much overlap. Our current implementation includes the latter mechanism.

3 Results and Discussion

Table 1 lists the protein structure data used for the evaluation. For unbound docking, we used complex
structures whose unbound structures for both proteins were available and whose number of missing
residues was relatively low. Since we use only the atomic data that can be classified as one of the 18
types defined in ACE, we removed the coordinates of non-standard residues from the structure data
before applying to our program.
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The parameters used throughout this experiment were as follows:

• maximal order of coefficients: Nmax = 8, Lmax = 10

• radius of the domain of the basis function: 35.0 Å

• granularity of search:

– ∆θA, ∆φA, ∆θB, ∆φB: approx. 15.8 deg. (derived from recursive subdivision of an icosa-
hedron)

– ∆ψB: 15.0 deg.

– ∆zA: 1.0 Å

• factor for vdW radii of surface and core: 0.9 for surface, 1.2 for core

• weights wsc (i) for the field of steric hindrance: 0.2 for surface, 1.0 for core

• weights wi used for each term: 1.0 for desolvation free energy, 120.0 for steric hindrance

All of the molecules listed in Table 1 fit in a sphere of radius 35.0 Å.

3.1 Computation Time

The computation time required for docking was about 40 seconds with a single 2.4 GHz Pentium4
processor. Although the computation time depends on the sum of the radii of two molecules and
their shapes, the difference between cases was merely on the order of seconds. The total number of
conformations generated and evaluated within the computation was on the order of 107 to 108.

To make a comparison with FTT-based methods, we ran the freely available FTDock [5] program
(with fftw-2.1 as an FFT library) in the same computational environment. 1AKZ and 1UGI(A) were
used as input data. With the default parameters of FTDock (angle step: 12 deg., translation step: 0.7
Å, electrostatics: on), FTDock took about 18 hours. With search parameters close to our parameters
(angle step: 15 deg., translation step: 1.0 Å, electrostatics: on), it took about 100 minutes. Although
a direct comparison is difficult, we can say that our method was about 170 times (to 1800 times)
faster with nearly the same level of precision, based on the results shown in the paper on FTDock
(compare our results shown in Table 3 and 4 in Section 3.2 with “Before filtering” column of Table 2
in their paper [5]). This speed-up was due to the several advantages of our method: (1) The rotational
operations to the coefficients, which are required for a five-dimensional search, can be performed very
quickly by directly manipulating the original coefficients. In FFT-based methods, these operations
involve a rotational operation in a real space and application of FFT to that rotated space. (2) The
amount of memory required to express a molecule is less than in FFT-based methods, which leads to
faster computations by making it possible for many intermediate results to be cached. In FFT-based
methods, the data required for a molecule tends to be larger than that of ours because of the coefficients
for a molecule have to cover an area large enough to contain both target molecules and because of
the restriction that the grid spacing for expressing a molecule and the translational step of the search
must be equal. In contrast, the coefficients of our method only have to cover their own molecule and
the search step can be chosen arbitrarily. The ratio of the required memory (FTDock/Ours) for a
field with the default parameters is

(
1283

)
/

(
9 × 112

)
≈ 1925.8. (3) With our method, it is easy to

selectively search only a part of the space; e.g., we can exclude conformations in which two molecules
completely overlap or two molecules are too far apart to interact. FFT-based methods do not have
such selectivity because the three-dimensional translational search results have to be calculated all at
once.
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Table 2: Best interface RMSD in the top rank * (Total number of candidates: about 107 to 108).

complex best I-RMSD best I-RMSD best I-RMSD best I-RMSD
in 8000 (rank) in 1000 (rank) in 100 (rank) in 10 (rank)

1UGH 1.71 (692) 1.71 (692) 2.02 (10) 2.02 (10)
1BRB 1.43 (5479) 2.07 (598) 2.84 (71) 4.55 (9)
2SIC 1.76 (4981) 2.95 (377) 4.68 (46) 10.64 (2)
2PTC 0.99 (2647) 2.25 (80) 2.26 (80) 7.20 (3)
1CHO 1.49 (3961) 2.53 (811) 6.06 (55) 6.23 (4)
1CGI 1.76 (7909) 2.96 (517) 4.22 (100) 5.32 (1)

* RMSD is in Å

Table 3: Rank of the first near-native and its interface RMSD in the top rank.

complex rank of 1st
hit <2.5Å(I-
RMSD)

rank of 1st
hit <3.0Å(I-
RMSD)

rank of 1st
hit <4.0Å(I-
RMSD)

rank of 1st
hit <5.0Å(I-
RMSD)

1UGH 10 (2.02) 10 (2.02) 10 (2.02) 4 (4.67)
1BRB 598 (2.07) 21 (2.84) 15 (3.96) 2 (4.92)
2SIC 4981 (1.76) 377 (2.96) 377 (2.96) 17 (4.99)
2PTC 80 (2.26) 80 (2.26) 62 (3.33) 11 (4.75)
1CHO 1357 (2.11) 811 (2.53) 232 (3.75) 232 (3.75)
1CGI 6712 (2.25) 517 (2.96) 229 (3.57) 53 (4.71)

3.2 Qualities of the Predicted Structures

We measured the quality of the obtained candidate complex structure by using the interface RMSD.
The interface RMSD is the RMSD of Cα atoms in interface residues, which are residues that have at
least one atom within 10 Å of any atom belonging to the other molecule. We used a interface RMSD
threshold of 2.5 Å as a first criteria and 3.0 Å as a second criteria for the near-native structures.

Table 2 shows the best interface RMSD within a certain number of candidates. Table 3 and Table
4 show the rank of the first near-native structure and the number of the near-natives within the top
4000 for various thresholds. Table 2 indicates that our program lists at least one near-native (≤
2.5 Å) structure within the top 8000 and at least one near-native (≤ 3.0 Å) structure within the top
1000. This means that a good measure is to use top 8000 or 1000 candidates as the inputs to the next
refinement process, what we call “second stage docking”.

We also investigated the candidate structures and found several tendencies for the positions of
molecules. The 3-d graphs plotted with the positions of the centroids of the ligand (the smaller
molecule) viewed from the receptor (the larger molecule) for each conformation ranked within the top
50 (graph not shown) show that the plotted positions form one to a few clusters and at least one
of the clusters, usually the largest one, is located close to the position of the native structure for all
the cases. This means that this method has the large potential for reliably estimating the probable
binding sites of receptors.

We also created the graphs of the positions of the centroids of the receptor viewed from the ligand.
In the cases of the targets whose best interface RMSD in the top 10 was below 5.0 Å, i.e., 1UGH
and 1BRB, the both graphs show similar tendency. However, those graphs of the targets whose best
interface RMSD in the top 10 was above 5.0 Å, almost all the clusters tend to be far from the point
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Table 4: Number of near-natives within the top 4000.

complex # of hits # of hits # of hits # of hits
<2.5Å <3.0Å <4.0Å <5.0Å

1UGH 7 13 24 50
1BRB 7 18 48 89
2SIC 0 2 7 19
2PTC 14 33 79 168
1CHO 16 25 46 73
1CGI 0 2 35 144

Figure 3: The predicted structure with the best interface RMSD within the top 1000 and the first
near-native structure (I-RMSD < 2.5 Å) for 1AKZ and 1UGI(A) (unbound docking). (left: the native
structure (1UGH), center: the predicted structure with the best I-RMSD (interface RMSD: 1.71 Å,
rank: 692), right: the first near-native structure (interface RMSD: 2.02 Å, rank: 10))

of the native structure and this is one of the major factors of having the bad interface RMSD in the
top 10 or 100.

Figure 3 shows some samples of our results for unbound docking. They are the candidate structure
with the best interface RMSD within the top 1000 and the first near-native structure for 1AKZ and
1UGI(A).

4 Conclusion

We proposed a new protein-protein docking algorithm using a series expansion of scalar fields in
terms of newly designed basis functions for fast computations. Our computational framework has the
same level of flexibility for designing the scoring function as the FFT-based methods. Our algorithm
focused on the initial stage of unbound docking, and aimed to show reasonable performance even
without incorporating knowledge of the binding site, although it can easily take such knowledge into
account by introducing constraints into the search range. Our preliminary computational results using
a scoring function based on desolvation free energy and steric hindrance showed that our program
could output the predicted structures comparable in quality to the predictions of FFT-based docking
methods without incorporating binding site information and could complete the task in less than a
minute using a single 2.4 GHz Pentium4 processor, which is about 170 times (to 1800 times) faster
than FFT-based methods. This speed-up will give more time to the second stage of docking to refine
the results and will result in much better overall speed and quality of the prediction.

For dealing with very large proteins, we can express the molecule with using larger radius a for
basis functions or using multiple spheres of radius a whose union covers an entire molecule. We have
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developed the latter method and its evaluation will be reported in another paper.
Although the preliminary results are reasonably good for the initial stage of docking, we can further

improve the performance by tuning the parameters and scoring function, including the introduction
of the terms for electrostatics. We are also planning to implement a coarse-to-fine hierarchical search
and make our own refinement stage docking algorithm.
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