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ABSTRACT 
Comparing the binding sites of proteins is effective for predicting 

protein functions based on their structure information. However, it 

is still very challenging to predict the binding ligands from the 

atomic structures of protein binding sites. In this study, we 

designed a new algorithm based on the iterative closest point 

(ICP) algorithm. Our algorithm aims to find the maximum number 

of atoms that can be superposed between two protein binding 

sites, where any pair of matched superposed atoms has a distance 

smaller than a given threshold. The search starts from similar 

tetrahedra between two binding sites obtained from 3D Delaunay 

triangulation and uses the Hungarian algorithm to find additional 

matched atoms. We show that our method finds more matched 

atoms than a leading method. For benchmark data, we use the 

Tanimoto Index as a similarity measure and the nearest neighbor 

classifier, to achieve a classification performance comparable to 

the best methods in the literature among those that provide both 

the common atom set and atom correspondences. 

Categories and Subject Descriptors 
J.3 [LIFE AND MEDICAL SCIENCES]: Biology and genetics  

General Terms 
Algorithms. 
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1.  INTRODUCTION 

Since protein structures determine their functions, structural 

genomic projects have aimed to solve representatives in each 

protein family [1-3]. The solved structures are used to predict the 

structures, and subsequently the functions, of those homologous 

proteins. At the same time, as many as 26% of all structures 

deposited to the protein data bank (PDB)[4] have unknown or 

putative function [5]. As such, function prediction using structural 

information is important for obtaining well-annotated genomes. 

 A common hypothesis is that proteins with similar functions 

should have binding sites with similar shape and chemical 

properties. Many studies have compared the putative binding site 

of a target protein of unknown function with those of known 

function to infer the function of the target protein. These studies 

can be roughly divided into those using only structure information 

[6-25] and those also using sequence/evolutionary information 

[26-29,34]. Among the former, they can be further divided into 

those based on point clouds [6-10] and those based on shapes of 

binding sites [17-19, 30] or shape-based descriptors [11-16]. 

Many of these algorithms represent binding sites as point clouds. 

SPASM and RIGOR [20], Jess [21], Cavbase [36], and eF-site 

[22] search for common structural motifs or templates. SitesBase 

[24], MultiBind [9] and TESS [6] use geometric hashing [32] to 

match protein surfaces and binding sites. Westkamp et. al [10] 

combine clique detection and geometric hashing. These methods 

produce correspondences between the atoms/residues of two sites, 

which are used to calculate similarity using rigid superposition. 

Other methods use shape information for binding site comparison 

without using atom correspondences. Hoffmann et al introduced 

the sup-CK methods that utilize global information from binding 

sites to align them based upon their principal axes [30] and uses a 

Gaussian convolution kernel to calculate similarity. Sael et. al. 

developed 3D Zernike descriptors to characterize and compare 

protein surfaces [11]. Xiong et al used feature vectors based on 

distance of groups of atoms on binding sites [16]. 

The assessment of the statistical significance of similarity also 

plays an important role in function inference. To avoid the 

drawbacks of RMSD as a measure based on rigid superposition, 

other similarity measures such as the Tanimoto index [36, 37] and 

the Poisson index [38] have been used in binding site comparison.  

Kahraman et al (2007) found that pockets binding to the same 

ligand show greater variation in their shapes than can be 

accounted for by the conformational variability of the ligand [13]. 

They suggest that geometrical complementarity in general is not 

sufficient to drive molecular recognition.  

In this paper, we developed a method based on the iterative 

closest point (ICP) algorithm [39] for comparing binding sites of 

proteins using atom-level representation. Our algorithm starts 

from a multitude of initial local alignments derived from 3D 

Delaunay triangulations and the iterative procedure uses the 

Hungarian algorithm to find additional matched atoms. It aims to 

find the maximum number of superposable atoms between two 

binding sites where distance between any pair of matched 

superposed atoms is smaller than a given threshold. Our method 
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was tested on the Kahraman benchmark data [13] with good 

performance. 

2.  METHODOLOGY 
Our approach is to treat the atoms of ligand binding sites as point 

clouds with corresponding labels specifying the chemical 

properties of the atoms. We refer to a subset of atoms that can be 

matched between two binding sites as a common atom set (CAS), 

and the largest of such sets as the maximum common atom set 

(MCAS). Many past studies based on point clouds have used 

similar criteria. We compare the binding sites represented by the 

point clouds to find the MCAS between pairs of binding sites. In 

this study, we aim to answer the following questions: (1) Can our 

algorithm find solutions comparable to or better than other 

existing methods in terms of finding MCAS? (2) How can the 

CAS found by our method be used to predict the binding ligands 

of proteins and what kind of accuracy can be achieved?  

ICP is a standard technique used for alignment and registration for 

point clouds [39, 40]. ICP aligns and registers an unlabeled set of 

points p to a model set X by iteratively alternating between 

registration and alignment steps. Registration is obtained by 

finding the closest point       to each point      , resulting in 

the corresponding set Y.  The point clouds are aligned by finding 

the optimal rotation matrix and translation vector that superposes 

p onto Y.  These two steps are repeated until the change in mean 

square error between p and Y falls beneath a desired threshold. 

However, ICP cannot be directly applied for this problem. Since 

the algorithm is deterministic, the results depend greatly on the 

initial alignment so ICP may land on a far from optimal solution. 

Besl and McKay (1992) solve this problem by considering a large 

number of initial rotation states while superposing the centers of 

mass of two clouds, which may not provide good initial matching. 

Additionally, ICP does not guarantee unique correspondence 

between atoms, as registration is performed pointwise and does 

not consider labels on the points.  In this application, unique 

correspondences and the use of chemical labels are needed. The 

atoms types used as chemical labels here is shown in Table 1. 

Table 1. Atom types used for obtaining correspondence 

Label Atom Type 

1 carbonyl C 

2 aliphatic C CA, Other sp3 C, Disulfide bond S, Met S, 

Cys S 

3 aromatic C 

4 O, acceptor Backbone and carbonyl O in Asn and Gln, 

carboxyl O in Asp and Glu 

5 O, donor and acceptor hydroxyl O in Ser, Thr and Tyr 

6 N, donor backbone N except proline N, TRP side chain 

NE1, GLN NE2, ASN ND2, ARG NE NE1 NE2, LYS 

NZ 

7 N, donor and acceptor HIS side chain NE1 NE2 

8 H and polar H 

 

To address the dependence of global alignment on the initial state, 

we propose to solve a problem of local alignment first and build to 

a set of global solutions.  Our procedure is described as follows: 

1. Delaunay triangulation. For each protein, we compute the 3-

dimensional Delaunay triangulation to obtain a set of tetrahedra 

with labeled atoms as vertices.  The two sets of tetrahedra are 

compared pair-wise to obtain similar pairs that act as seeds that 

act as potential initial alignments for the matching process. 

2. Comparison of tetrahedra from two binding sites. These 

inter-protein tetrahedral pairs are first checked for identical 

chemical composition.  For those pairs with matching labels, we 

check the structural similarity of the tetrahedra using the Distance 

Root Mean Square Deviation (dRMSD), which is given by: 
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1
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are the lengths of the edge from atom i to atom j 

of the tetrahedron from, respectively, protein A and protein B.  

The proportional equivalent allows for simpler relationships to 

other quantities and can be used only because the formulae differ 

only by the same constant for all pairs.At this stage, dRMSD is 

used in place of RMSD,to save on computational cost.  The only 

pairs considered further are those with dRMSD values less than a 

1.5 times a chosen RMSD cutoff value (1.25 Ǻ).  This cutoff was 

chosen based upon the relationship between RMSD values and 

corresponding dRMSD values for a number of superpositions. 

In many cases, the chemical composition for a tetrahedral pairing 

may lead to the possibility of multiple potential alignments.  This 

occurs if there are multiple atoms of the same type within a 

tetrahedron.  For example, if the tetrahedron consists of three 

carbon atoms and one oxygen atom, there are 6 possible 

alignments of the tetrahedra.  In such instances, all possible 

alignments must be initially considered.  All the tetrahedra in the 

two binding sites are compared and their dRMSDs are sorted.  

3. Iterative alignment. Once all pairs of tetrahedral seeds are 

obtained and sorted, the process of checking for additional 

matched atoms begins.  For each seed pairing, one tetrahedron is 

held in a fixed position and the other is superposed onto it, 

yielding an optimal translation vector v that aligns the centers of 

mass for the seeds and rotation matrix R, which are then applied 

to the moving protein, resulting in a rigid transformation that 

aligns the sites at the location of the seed pairing. The translation 

vector is given by          where  and    are, respectively, 

the centers of mass for the coordinates of point clouds A and B. 

Let     
         The optimal rotation matrix is       . 

If the RMSD from this superposition is less than the chosen cutoff 

value of 1.25 Ǻ and detR = 1, then additional matched atoms are 

searched for.  It is necessary to calculate the RMSD so as to solve 

the multiple solution problem discussed above. The restriction on 

the determinant of R ensures that it is a true rotation matrix and 

not a rotation-reflection matrix. 

Upon alignment, for each atom of the moving protein, we search 

for an atom with the same type from the fixed protein with a 

distance smaller than a threshold called the search radius (SR). It 

does not suffice to consider each atom from the fixed protein 

separately since doing so could lead multiple fixed atoms sharing 

matches.  For a given alignment, the solution to this matching 

problem under locality and label restrictions is provided by the 

Hungarian algorithm [41-43], which finds at most one unique 

match for each atom in the fixed protein. We tested several 

reasonable values of SR on a benchmark dataset (see Results).  

After matches are found for a seed pair, we refine the alignment 

of the sites by expanding the seed to include all of the matched 

atoms for that alignment. The optimal translation vector and 
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rotation matrix are recalculated as above and additional additional 

matches are searched for.  The refining and searching process 

repeats for a given seed pair until no additional matches are found. 

At completion, the number of matched atoms is recorded.  This 

iterative process is repeated for each pairs of tetrahedral seeds, 

except for those alignments resulting in few atoms being matched.  

However, multiple tetrahedral pairings may result in the same 

superposition of the sites.  In order to avoid needless repetition in 

such cases, if a CAS includes all of the atoms from a remaining 

tetrahedral pair, then that pair is removed from consideration.   

Upon completion of the above procedure, the optimal 

superposition is taken to be that which results in the largest CAS.  

In case of multiple MCAS, we take the optimal configuration to 

be that with the smallest RMSD.  Accordingly, a list of the 

matched atoms in corresponding order is also obtained. 

3.  RESULTS 

3.1 Data Set 
In order to assess the performance of the algorithm, we perform 

classification of binding ligand using the benchmark data set 

compiled by Kahraman et al (2007), which consists of 100 active 

sites that are grouped according to 10 binding ligands. These 

ligands have varying amounts of flexibility. AMP, AND, EST, 

GLC, and PO4 are rigid; ATP, FMN, and HEM are moderately 

flexible; FAD and NAD are highly flexible.  The ligands also vary 

in size, from PO4 as the smallest to FAD as the largest.  The 

active sites included in the set are provided in Table 2.  Our goal 

is to correctly determine to which ligand a given active site binds. 

Table 2. The binding sites included in the Kahraman set 

Ligand PDB IDs for the Proteins 

AMP 12as, 1amu, 1c0a, 1ct9, 1jp4, 1kht, 1qb8, 1tb7, 8gpb 

ATP 1a0i, 1a49, 1ayl, 1b8a, 1dv2, 1dy3, 1e2q, 1e8x, 1esq, 

1gn8, 1kvk, 1o9t, 1rdq, 1tid 

FAD 1cqx, 1e8g, 1evi, 1h69, 1hsk, 1jqi, 1jr8, 1k87, 1pox, 

3grs 

FMN 1dnl, 1f5v, 1ja1, 1mvl, 1p4c, 1p4m 

GLC 1bdg, 1cq1, 1k1w, 1nf5, 2gbp 

HEM 1d0c, 1d7c,1dk0, 1eqg, 1ew0, 1gwe, 1iqc, 1naz, 1np4, 

1po5, 1pp9, 1qhu, 1qla, 1qpa, 1sox, 2cpo 

NAD 1ej2, 1hex, 1ib0, 1jq5, 1mew, 1mi3, 1o04, 1og3, 1qax, 

1rlz, 1s7g, 1t2d, 1tox, 2a5f, 2npx 

PO4 1a6q, 1b8o, 1brw, 1cqj, 1d1q, 1dak, 1e9g, 1ejd, 1euc, 

1ew2, 1fbt, 1gyp, 1h6l, 1ho5, 1l5w, 1l7m, 1lby, 1lyv, 

1qf5, 1tco 

AND 1e3r, 1j99 

EST 1fds, 1lhu, 1qkt 

3.2  Identification of the MCAS 
We first verify whether the method can successfully find good 

solutions for the CAS from two binding sites. Although a proof 

that the obtained solution is optimal is difficult to provide, we 

have compared our matching result with SitesBase, on several 

pairs of binding sites. While a large-scale comparison to SitesBase 

is not currently possible because the programs are not readily 

available, we present a detailed example of one case, comparing 

results for binding sites consisting of all atoms within 5 Ǻ of the 

ligand molecule and provide a quick summary for a second 

example. 

We consider the ATP binding sites of 1ayl and 1e2q, which are 

found in both the Kahraman set and the SitesBase set. SitesBase 

found a common atom set of size 38, whereas our method found a 

common atom set of size 59.  Table 3 displays those atom 

correspondences for which the methods did not agree. 

Table 3.  Atoms from ATP sites not found by both methods. 

 1ayl.ATP 
1e2q.ATP 

SitesBase 

1e2q.ATP 

Us 

37 CA 254  CA 19 

41 CD 254  CD 19 

58 C 256  C 21 

59 CB 256  CG2 21 

60 OG1 256  OG1 21 

61 CG2 256  CB 21 

78 CE 288  CG 16 

98 CA 441 C 180  

99 C 441  C 180 

100 O 441  O 180 

108 NE 449 NE 143 NH2 143 

110 NH1 449  NE 143 

111 NH2 449  NH1 143 

119 C 450  C 182 

120 O 182  O 182 

126 N 451  N 183 

127 CA 451  CA 183 

128 C 451  C 183 

129 O 451  O 183 

131 N 452  N 184 

132 CA 452  CA 184 

135 CB 452  CB 184 

136 CG1 452  CG1 184 

139 CB 455  CG2 187 

142 CG2 455  CB 187 

 

The methods agreed on all but 25 atoms. We found 23 matched 

atoms in the ATP site of 1e2q that SitesBase did not, while it 

found only 1 that we did not.  Atoms C180 and NE 143 of the 

ATP site of 1e2q were found to match to different atoms from the 

ATP site of 1ayl due to differences in matching procedure.   

One such difference is our use of the Hungarian algorithm, which 

can result in apparent shifts in correspondence in comparison.  We 

likely did not find a match for the CA 441 atom of 1ayl due to the 

iterative aligning of our algorithm.  While CA 441 may have been 

included in the initial CAS, it may have been dropped from the set 

because we allow for the common atom set to change freely 

during the iterative alignment process.  At completion, the C 180 

atom of 1e2q was instead matched to atom C 441. 

To further show how the maximum common atom sets from our 

algorithm compare to those of SitesBase, we consider a second 

example. The top ranked match on SitesBase for the AMP binding 

site of protein 1ct9 is the APC site of protein 1q19. SitesBase 

found 46 atoms in common between these two sites, whereas our 

method found 59. Our method finds identical correspondence for 

37 of the atom pairs, while finding additional common atoms.  

Similarly to the previous case, a number of shifts are also present 

and SitesBase finds one pair that our method does not. 

For these examples, the binding ligands are either identical or are 

structurally similar.  For such cases, it is expected that alignment 
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methods should find very similar CAS, where one set may be a 

subset of another, if they are indeed finding common structures. 

Both methods found similar matches for these examples, but we 

were able to identify additional matches, suggesting that our 

approach is able to find a more optimal CAS for similar binding 

sites. For these comparisons, we used a SR of 2.5 Ǻ, which puts 

an upper bound for the resulting RMSD at 2.5 Ǻ.  

3.3 Classification of Ligand Binding Sites 
We compared our results to those of the sup-CK approach and 

MultiBind, both of which were tested on Kahraman data set by 

Hoffmann et al [30]. To properly compare to these studies, a 

binding site is now taken to consist of those atoms within 5.3 Ǻ of 

the specified ligand. The Sup-CK method does not consider atom 

correspondence, so we do not compare to this method here.  

However, Sup-TI determines atom correspondence at the 

completion of the correspondence-free alignment and uses the 

Tanimoto Index (TI) to determine similarity.  The TI for sites A 

and B is defined as:   (   )      (         ) where 

  and  are, respectively, the number of atoms in sites A and B 

and     is the number of atoms common to sites A and B. 

MultiBind utilizes geometric hashing and uses a scoring method 

based upon the number of matched residues. 

To compare to these methods, performance is measured using 

classification error (CE) for a double leave-one-out cross 

validation method with k-nearest neighbor classification, as 

described in [30]. In this scheme, a classification is considered to 

be correct only if the predicted ligand exactly matches the actual 

binding ligand.  Ligand similarity is not taken into account.  A 

summary of CE for the methods compared is provided in Table 4. 

The difference in CE between our method with TI as a similarity 

measure (IN-TI) and Sup-TI and MultiBind is negligible, 

suggesting that IN-TI compares well to these approaches when 

only a subset of matched atoms are considered in classification. 

Table 4. Results of k-nearest neighbor classification for the 

Kahraman data set using various classifiers 

Method Classification Error 

IN-TI 0.43 

IN-TI + RMSD4 0.43 

IN-TI + HydProp 0.36 

RMSD4 0.71 

HydProp 0.64 

Sup-TI 0.42 

MultiBind 0.42 

 

We also consider some additional similarity measures.  RMSD is 

commonly used to measure structural similarity, but, just as the TI 

standardizes    , it is also desirable to standardize this. To do so, 

we use the normalized RMSD of Carugo and Pongor [44]: 

     (   )      (   ) (    √     ) We also consider 

the proportion of hydrophobic atoms present in the active sites, 

HydProp(A, B), defined as the square difference between the 

proportions of hydrophobic atoms for sites A and B. 

The performance of linear combinations of IN-TI with these 

features is also provided in Table 4. As shown, the optimal linear 

combination of RMSD4 and IN-TI does not improve performance, 

suggesting that RMSD is not useful for binding site classification.  

The CE for the optimal linear combination of IN-TI and HydProp 

is comparable to the Sup-CK methods. 

3.4 Effect of Search Radius and the Number of 

Nearest Neighbors 
To select the optimal SR, we performed all pairwise comparisons 

for the Kaharaman data for various radii and performed the double 

leave-one-out cross validation procedure.  Table 5 shows the CE 

for the selected SR from various k-nearest neighbor  classifiers. 

Table 5.  CE for studied combinations of SR and classifiers 

k-Nearest 

Neighbor 

Search Radius 

1.0 Ǻ 1.5 Ǻ 2.0 Ǻ 2.5 Ǻ 3.0 Ǻ 

1 0.56 0.53 0.45 0.43 0.56 

3 0.58 0.53 0.51 0.42 0.53 

5 0.58 0.53 0.51 0.42 0.53 

 

It is apparent that the optimal SR is 2.5 Ǻ.  It appears that using a 

larger SR defines similarity too loosely, resulting in dissimilar 

atoms being considered as matched and using a smaller one is to 

be too restrictive, not allowing for flexibility.  The 3- and 5-

nearest neighbor classifiers perform marginally better compared 

to the nearest neighbor when using the TI alone, but not enough to 

rule out using k=1. To more closely examine the optimal choice 

for k, we consider the linear combination with HydProp.  The CE 

is 0.43 for k=3 and k=5.  For k=1, the CE is 0.36. From this, it 

appears that the nearest neighbor classifier should be used. 

4.  CONCLUSION AND DISCUSSION 
In this study, we developed an algorithm for comparing protein 

binding sites based on ICP. We addressed the starting-point 

problem using similar tetrahedra from two binding sites. We 

applied the Hungarian algorithm to find the optimal CAS at each 

iteration and found it significantly improved the matching results. 

For classification of binding site by ligand, we incorporated 

additional features of the binding sites and achieved a 

performance comparable to previous studies based on matched 

atoms. Hoffman et. al. [30] also developed the Sup-CK and Sup-

CKLmethods with respective CE of 0.36 and 0.27. However, these 

methods do not produce CAS, which are needed for finding the 

important residues and patterns in groups of similar binding sites. 

Since our goal is to develop a method that can produce CAS and 

correspondences, Table 5 focuses on only methods that do so.  

Using the Tanimoto Index alone as a similarity measure, the 

classification results for our algorithm perform comparably to the 

sup-TI and MultiBind methods, suggesting that our algorithm 

properly aligns pairs of binding sites.  Running MATLAB on 

Windows XP with an Intel Core 2 Duo processor running at 2.33 

GHz, our approach required 16.4 hours to consecutively perform 

all 4950 pairwise alignments for the Kahraman dataset with a 

search radius of 2.5 Ǻ, or roughly 12 seconds per alignment. Run 

times for the other methods were not available.   

One future study could be to use multiple similar binding sites to 

define 3D patterns for each ligand and use these for ligand 

prediction. This may speed up classification and achieve even 

better accuracy. Since our method can better identify the CAS, it 

may be more advantageous for characterizing common 3D 

patterns of binding sites. Additionally, due in part to the flexibility 

and size of a number of the ligands, our algorithm may find only a 

local alignment for those pairs of binding sites for which there are 

multiple regions of similarity that cannot all be captured by the 

same alignment. For these cases, it may be useful to consider 
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multiple CAS beyond the MCAS, so as to better understand the 

relationship between the structure and function of a binding site. 
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