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Abstract— New protein structures are continuously being de-
termined with the hope of deriving insights into the function and
mechanisms of proteins, and consequently, protein structure
repositories are growing by leaps and bounds. However, we
are still far from having the right methods for sensitive and
effective use of the available structural data. The fact that
current structural analysis tools are impractical for large-scale
application have given rise to several approaches that try to
quickly identify candidate proteins worthy of further analysis.
Nonetheless, these approaches do not provide the desired
sensitivity of identifying important structural similarities.

In this study, we propose a new protein structure retrieval
method (RCIndex: Residue-Contacts Index) that is based on
accurate and efficient identification of similar residue contacts
from a database of available protein structures. By defining a
metric distance function for biologically meaningful comparison
of residue contacts, distance-based indexing is made applicable
for quick retrieval of similar residue contact seeds. These seeds
are extended into high scoring segment pairs, which induce
structural superpositions. The results show that RCIndex is
effective in not only identifying related proteins, but also
producing remarkably high quality structural alignments that
are comparable to or better than those produced by popular
pairwise alignment tools. To the best of our knowledge, this
is the first time the protein structure retrieval and alignment
tasks are successfully handled together.
Availability: A preliminary version of RCIndex is available
as a web service at http://bio.cse.ohio-state.edu/
RCIndex
Keywords: Protein structure, similarity search, alignment,
distance-based indexing.

I. INTRODUCTION

Over the past few decades, the philosophy and method-
ology of research in biological sciences have shifted re-
markably to make use of in-silico modeling and analysis,
besides the traditional in-vivo and in-vitro experimentation.
This shift was primarily due to the increasing availability
of biomolecular sequence and structure data, as a result
of the advent of high-throughput sequencing and structure
determination techniques.

While there are widely accepted and utilized sequence
similarity search tools, such as BLAST and PSI-BLAST [2],
the same is not so true for the structural similarity search.
Consequently, most of the research groups rely on purely
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sequence based analysis. On the other hand, it has been
repeatedly declared that protein structural data can provide
more detailed and informative answers for the function,
biochemical mechanism, and evolutionary history of the
proteins. Evidently, there is a need for more effective and
widely available protein structure search and analysis tools,
which forms the main motivation of this study.

The initial research on the analysis of protein structures
focused mainly on comparison of two proteins by pairwise
structure alignment. The pairwise alignment tries to find
a solution to two inter-related problems: finding residue-
residue (or atom-atom) correspondences between two protein
structures, and finding the optimal translation-rotation matrix
to superimpose these structures, where the optimality is
measured by an error function (usually the root mean square
deviation, RMSD, is used). While finding the optimal super-
position for a given set of correspondences can be solved in
linear time in the length of the proteins [14], solving these
two subproblems simultaneously is shown to be NP-complete
[17]. For this reason, several heuristic approaches have been
developed.

One class of approaches, such as DALI [13], reduce the
protein structures to some coordinate-independent space, so
that they can be compared without requiring a detailed
superposition. Another group of methods, such as CE [27]
and MAMMOTH [21], break the proteins into short frag-
ments, try to match the fragments from two proteins, and
assemble a final alignment from matching fragment pairs. A
similar approach used in SSAP [28] is to consider individual
residues, and score their compatibility using inter-residue
distance vectors; an alignment between two proteins is then
constructed by optimizing the sum of the scores of aligned
residues.

The Protein Data Bank (PDB) [4] has recently hit a mile-
stone of 50,000 structures in April 2008. While it is possible
to align two protein structures within several seconds using
the pairwise alignment methods, exhaustive scanning of all
the available protein structures simply becomes infeasible.
This has prompted several efforts that try to quickly identify
candidate structures from the database that are “worthy”
of further analysis via pairwise alignment methods. These
efforts can best be summarized in terms of the representa-
tion they use to capture the structural information, and the



indexing method they utilize on this representation for quick
retrieval.

[5] and [7] transform the protein structure into a vector
space using features such as dihedral angles and sequence
information; the former performs a grid-based indexing,
whereas the latter uses R∗-trees. [33] uses distances and
angles among the secondary structure elements (SSEs) and
utilizes a hashing technique to identify similar structural
cores composed of triples of SSEs. 3D-Hit [22] tries to
identify similar proteins by scanning a library of short protein
fragments. [19] and [3] apply geometric hashing on distances
among residues, and on secondary structure elements, respec-
tively, to identify structurally similar proteins.

There have also been several recent attempts to reduce
the structural information to a sequential representation so
that sequence search tools can be used directly. Protein
block expert (PBE) [31] uses 16 structural motifs as a
structural alphabet, whereas 3D-BLAST [30] partitions the
(κ, α) dihedral angles into a 23-letter alphabet, which is
then used to convert the structures into one-dimensional
sequences.

We note that the structure retrieval methods surveyed only
provide a coarse-level filtering of protein structures, and do
not provide the sensitivity to correctly identify some of the
important structural similarities. Specifically, most of these
methods simply use some form of the backbone dihedral
angles and thus fail to detect non-local interactions and
topological similarities in related proteins [5], [7], [31], [30].
Furthermore, the fact that drastically different structures can
have the same ordered composition of secondary structure
elements cause these methods to return many false positives.
The methods that are based on geometric hashing [33],
[3], [19] do detect non-local interactions, but again at the
cost of generating a huge number of false positives due to
the indiscriminative nature of the representation they use.
Precisely for this reason, [19] proposes the geometric hashing
approach only under a massively parallel environment (more
than 130,000 processors); although in such a computing
environment, it is not clear whether their approach provides
any benefits over the crude alternative of “one pairwise
alignment per processor” scheme.

It must also be noted that these structure retrieval tools
do not obtain a structural alignment, and defer this task
to external pairwise alignment tools. Therefore, we really
do not have the equivalent of BLAST [1] sequence search
tool for structures. The strategy used in BLAST to identify
similar proteins, at the same time produces their sequence
alignments; on the other hand, the structure retrieval methods
hitherto proposed cannot produce structural alignments due
to the highly approximated and inaccurate representations
and comparison schemes they utilize in favor of speed.

In this study, we present a residue-contacts indexing
approach that provides sensitive and efficient retrieval of
similar protein structures. Furthermore, the retrieval process
we employ inherently produces residue correspondences
amenable to high quality structural superposition. To the best
of our knowledge, this is the first time a protein structure

retrieval tool offers at the same time high quality structural
alignments. The benefits of our approach is demonstrated
by comparison with both structure retrieval and pairwise
structure alignment tools.

II. METHODS

A. Overview of the Approach

For each protein in a database of protein structures,
we first extract the contact environments for each residue.
Accurate comparison of the residue contacts is accomplished
using their alignment with respect to a secondary-structure
enriched amino acid substitution matrix. The metricity of
the substitution matrix we have developed and the metric-
preserving property of our comparison function have allowed
distance-based indexing of the residue contacts. The residue
contacts from the database that are similar to those of a
query are efficiently retrieved using the distance-based index
structure. These residue contacts are used as seeds for exten-
sion, in order to obtain high scoring segment pairs (HSPs).
The HSPs are then used to induce high quality structural
superpositions using a fast-converging iterative optimization
procedure. We now describe each of these steps in further
detail.

B. Representing the Residue Contacts

We represent each amino acid residue by the location of
its Cα atom, as per convention. Although there are a number
of different ways of obtaining residue-residue contacts, we
use Delaunay tessellation [9], which has previously been
successfully applied to packing analysis [23], protein folding
[12], and structural motif mining [24].

The region of space around each residue that is closer to
the enclosed residue than any other residue defines a Voronoi
polyhedron. The Delaunay tessellation is then derived by
connecting residues that share a Voronoi boundary. Figure 1
shows the Delaunay tessellation for a short segment of the
CheY protein 1jbe. Besides associating neighboring residues,
Delaunay-based definition of contacts encodes much of the
proximity information and provides an abstract representa-
tion of the underlying geometry around each residue.

Fig. 1. Delaunay tesselation of a backbone segment (Phe8–Glu37) from the
protein 1jbe. This segment contains two beta strands and one alpha helix.

We reduce a residue and its contacts to a sequential contact
string representation by ordering its contacts as they appear
in the primary sequence. In order to capture both structural
and biochemical information, each contact residue is further
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annotated with both its amino acid type and its secondary
structure state. For example, the contact string for D13
(Asp13) is denoted as:

VEDCD#
C FCSHMHEC

where the central Asp residue is marked a “#”, and the
secondary structure states are given in subscript notation.
The secondary structure states consisting of alpha helices
(H), beta sheets (E), and turns (C) are obtained using Dssp
[15].

The comparison of two contact strings is performed in
a piecewise fashion: the residues preceding and following
the central residues are aligned separately. Table I shows
the piecewise alignment of the contact string of Asp13 from
protein 1jbe, and that of Asp21 from protein 1s8n. Individual
residues are compared with respect to a secondary structure
enriched amino acid substitution matrix, which is discussed
next.

TABLE I
PIECEWISE ALIGNMENT OF TWO CONTACT STRINGS

1jbe Asp13: VE DC D#
C FC SH MH – EC –

1s8n Asp21: EC – D#
C EC AH RH GC DC GH

C. Metric SSE-enriched amino acid substitution matrix

It has been proven that if a metric substitution matrix is
used in alignment of two sequences, the alignment score
also forms a metric [26]. Since our goal is to accurately and
efficiently index and retrieve contact strings using distance-
based indexing; we seek a substitution matrix that not only
compares both SSE and sequence information, but also
satisfies the metric properties. In the following, we first prove
that weighted composition of two metric functions is also
metric, and use this property to derive a metric SSE-enriched
substitution matrix.

Definition 1: A function is said to be metric if it is positive
(f ≥ 0), definite (f(x, y) = 0 iff x = y), symmetric
(f(x, y) = f(y, x)), and if it satisfies the triangle inequality
(f(x, z) ≤ f(x, y) + f(y, z)).

Theorem 1: A positive-weighted combination of two met-
ric functions is also metric.
Proof: Let h = w1f + w2g be such a function, where f, g
are metric, and w1, w2 are positive weights. Then h is:
• positive: h = w1f + w2g ≥ w10 + w20 ≥ 0,
• definite:

h(x, y) = 0 ⇔ w1f(x, y)=0, w2g(x, y)=0 ⇔ x = y,
• symmetric:

h(x, y) = w1f(x, y) + w2g(x, y)
= w1f(y, x) + w2g(y, x) = h(y, x)

• and satisfies the triangle inequality:

h(x, z) = w1f(x, z) + w2g(x, z)
≤ w1(f(x, y) + f(y, z)) + w2(g(x, y) + g(y, z))
≤ h(x, y) + h(y, z)

Therefore, h is also metric. 2

Based on Theorem 1, we can construct a metric SSE-
enriched substitution matrix M from metric amino acid and
SSE substitution matrices AA and SS:

M = w1AA + w2SS

where w1 and w2 are weights adjusting the contributions
of sequence and secondary structure information. For AA,
we used a biologically sensitive metric matrix that we have
previously developed from four-body contact propensities of
amino acids [25]. SS was derived by the inter-row distance
method [35] from the SSE substitution matrix by [32].

D. Indexing Contact Strings

We define the distance between two contact strings x
and y to be the sum of the piecewise edit distances (as in
Table I). The edit distance for each part of the contact strings
(left, center, right) are calculated using global alignment with
linear gap penalty [20]. The piecewise consideration of the
contact residues around the central residue has two main
advantages over a single alignment of the contact strings
as employed in [6]. Firstly, it inherently enforces alignment
of the central residues; this is important, because we are
comparing contact strings only to quantify the feasibility of
aligning the central residues. Secondly, it explores only half
of the dynamic programming table, which results in twice as
fast comparison of the contact strings.

Because we use a metric matrix to compare contact strings,
the resulting distance measure is also metric [26]. This allows
the use of distance-based indexing for efficient similarity
search of contact strings. Although any distance-based index-
ing method can be used here, we implemented the Slim-Tree
method [29] in this study. The basic idea in distance-based
indexing is to hierarchically partition the data based on the
given distance function, such that during a search for data
that are similar to a query, the triangle inequality can be
used to prune the partitions whose representatives are too
dissimilar to the query, relieving the need to compare with
the rest of the data in that partition.

E. High Scoring Segment Pairs (HSPs)

For a given query, its contact strings are searched in the
index structure to collect contact strings that are similar,
within a distance threshold, to the query contact strings. Each
of the resulting contact strings defines a pairing between a
residue of the query, and a residue of one of the database
proteins. These pairings provide seeds that can be extended to
generate segment alignments, similar to the extension phase
performed in BLAST [2]. However, we introduce several
notable enhancements over the basic extension scheme, as
detailed next.

The contact hits to a database protein A are first sorted
based on their distances to the query contact strings, such
that highly similar seeds, which are more likely to be part of
the final alignment path, are considered first. Starting from
a seed pairing, the dynamic programming table is explored
in both backward and forward directions such that a new
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cell is pursued further only if its alignment score is not
below a certain fraction of the maximum alignment score
found thus far (see Figure 2 for an illustration). The induced
alignment path for a seed extension is kept if its alignment
score is greater than a given threshold, and is denoted as a
high scoring segment pair (HSP).

Fig. 2. Illustration of the hit extension phase to obtain HSPs from the
contact string hits from a database protein A. The seeds being extended are
marked with “o”, and those that are pruned are marked with “x”. The gray
area represents the cells that are explored by the dynamic programming and
the black cells form the alignment paths of the HSPs.

Naturally, we would expect multiple seed pairings along
the alignment path; extending each of these seeds would
simply be redundant. We therefore skip a seed if its corre-
sponding cell has already been explored during the extension
of a previous, higher scoring seed, and thereby avoid redun-
dant seed extensions. Furthermore, we merge an HSP if its
alignment path intersects with that of a previous HSP, which
results in construction of longer alignments and thus avoids
generation of multiple short alignments, which is a common
problem of BLAST-like approaches. On randomized searches
in ASTRAL-25 database [8], these heuristics eliminated
more than 40% of the seeds that were redundant, and merged
7% of the HSPs which otherwise would have been produced
as shorter, lower scoring alignments.

F. Structural Superposition
The correspondences defined by the HSPs can directly be

used to calculate a structural superposition [14]. We further
optimize this superposition using an iterative procedure com-
monly employed by pairwise structure alignment methods.
From the initial superposition, a new set of correspondences
is generated using dynamic programming to minimize the
total distance between corresponding residues. The new set
of correspondences is again used to induce a superposition,
and the iteration is repeated until the translation-rotation
matrix no longer changes. Because the correspondences
identified by the HSPs already match structurally compatible
residues, the convergence is achieved usually in only a
few iterations. The final set of structurally aligned proteins
are sorted based on TM-score [34], which is a normalized
structural alignment score that considers both coverage and
accuracy of the alignment, and is shown to be in accordance
with human expert evaluations.

III. EXPERIMENTS

The parameters used in RCIndex were optimized for
retrieval accuracy and alignment quality on an independent

training dataset (available on RCIndex web service) using
the Nelder-Mead simplex method [16]. The experiments
were run on a Pentium 2.6 GHz personal computer. In
the following sections, we show that RCIndex is able to
quickly and successfully identify similar protein structures
(the retrieval problem). Then we show that in addition to
successful similarity search capability, it also produces high
quality structure alignments (the alignment problem).

A. Protein Structure Retrieval

The dataset we use to evaluate the retrieval task appears
previously in [3]. This dataset is derived from ASTRAL-
40 database [8], and consists of 10 proteins from each of
the Globins family (a.1.1.2) and the Ser/Thr Kinases family
(d.144.1.1), and 180 proteins from the four major SCOP
classes. Each of the Globin and Ser/Thr Kinases proteins
were used as queries against the database of 200 proteins.

TABLE II
AVERAGE ACCURACY ON THE DATABASE OF 200 PROTEINS.

average number of retrievals required
recall DALI CE TopScan ProtDex ProtDex2 RCIndex

1 1 1 1 1 1 1
2 2 2 2 3 2 2
4 4 4 5 7 4 4
6 6 6 8 12 6 6
8 8 8 14 21 9 8
10 10 10 29 79 16 10

Table II compares the number of retrievals required for
different number of correct retrievals. For each recall level,
RCIndex shares the same 100% accuracy with the detailed
pairwise structural alignment programs DALI and CE. Fur-
thermore, the time spent to search the database is much
better than these alignment methods, giving comparable
running times as the less accurate database scanning methods
TopScan [18], Protdex and Protdex2 [3] (See Table III for
time comparisons).

TABLE III
RUNNING TIMES ON THE DATABASE OF 200 PROTEINS.

method total time for 20 queries average time per query
(hh:mm:ss) (hh:mm:ss.mmmm)

DALI 52:36:08 02:37:48.40
CE 10:23:03 00:31:09.15
TopScan 00:00:59 00:00:02.95
ProtDex 00:00:43 00:00:02.15
ProtDex2 00:00:16 00:00:00.80
RCIndex† 00:03:32 00:00:16.59

†The running times for RCIndex were interpolated to the same time scale
in [3] using running times of CE for normalization. The actual running

time in our experimental environment was better: 10.2s per query.

Both Globins and Ser/Thr Kinases are highly conserved
in structure across different organisms, even though their
sequences may vary greatly. For example, the Globins 1ash
and 3sdh have 9% sequence identity, and the Ser/Thr Kinases
1b6c:b and 1tki have 13% sequence identity. The alignments
obtained by RCIndex for these proteins are shown in Fig-
ure 3. Whereas the Globin domain is relatively simple in
structure, composed of all alpha helices, the Ser/Thr Kinases
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display a more complex structure composed of alpha helices
and beta sheets. RCIndex was able to provide good structural
alignments (TM -score ≥ 0.67) for all of the correct family
pairs.

Fig. 3. Example RCIndex alignments for Globins (Left, 1ash-3sdh, TM-
score=0.77) and Ser/Thr Kinases (Right, 1b6c:b-1tki, TM-score=0.67).

B. Structure Alignment

We note again that the current structure database scanning
methods only identify candidate proteins, and do not provide
any structural superpositions. On the other hand, RCIndex
identifies the candidate proteins, and the HSP alignments
produced during this retrieval process further allow us to
induce structural superpositions. Even though RCIndex is
able to produce structural alignments, it still needs to be
established that these alignments are of reasonable quality
when compared with those produced by pairwise structure
alignment methods. For this purpose, we used the 10 difficult
pairs of structures [11], which have previously been used
to benchmark structural alignment methods. For RCIndex,
one of the proteins in each pair was used to initialize the
database against which the other protein was searched. For
the other methods, we used the respective web services.
Example alignments produced by RCIndex are shown in
Figure 4.

Structural alignments RCIndex produces were not only
“reasonable”, but were in fact comparable to or better than
those produced by the popular pairwise structure alignment
tools (see Table IV). RCIndex achieved the best average
alignment quality as measured by the TM-score, with cover-
age (%N) comparable to that of other methods. Only SSAP
produced alignments that are slightly longer than those of
RCIndex; however, at the cost of significantly higher RMSD
errors. One of the extreme cases is the 1ede-1crl pair, for
which SSAP gives the largest RMSD error of any of the
alignments by any method.

Vorolign [6], which is a pairwise structure alignment
method also based on Voronoi contacts, gives the best
RMSD, at the cost of significantly shorter alignments, and
lower TM-scores. Furthermore, Vorolign fails to produce an
alignment for 1ten-3hhrb pair. We attribute the differences
between the alignment qualities of Vorolign and RCIndex
to the sensitivity of the metric substitution matrix we have
developed, and to the more accurate distance function we
use to compare contact strings.

Fig. 4. Example RCIndex alignments from 10 difficult pairs. Left: 1ubq and
1fxia are from different superfamilies in the Ubiquitin-like beta grasp fold.
Right: 3hlab and 2rhe are from different families of the Immunoglobulin
superfamily, and have the lowest sequence identity (4%) among the 10
difficult pairs.

IV. DISCUSSION

We have presented a protein structure retrieval method
which achieves accurate identification of similar proteins
from a database of proteins. More remarkably, it at the same
time produces structural alignments that are comparable to
or better than those produced by current pairwise structural
alignment tools. The success of our approach is based on
a sensitive representation and a metric comparison of the
residue contacts. The observation that similar proteins share
similar residue contacts is exploited in developing a hit & ex-
tend methodology where similar residue contacts are quickly
identified with the help of distance-based indexing, and
extended to obtain high scoring segment pairs (HSPs). The
HSPs derived in this way inherently contain correspondences
between structurally compatible residues, and provide a good
basis for an iterative optimization of structural superposition.

While RCIndex is presented as a specific implementation,
it directs to a more general, extensible framework of struc-
tural search and alignment. Particularly, different substitution
matrices or distance functions that incorporate geometrical
or biochemical nature of the residue environments can be
developed and used in RCIndex without any changes to
the rest of the algorithm, provided that they satisfy metric
properties, or permit other efficient indexing strategies. The
extension phase of RCIndex can also incorporate other filters
for candidate evaluation, or other structural compatibility
functions. We are currently evaluating such extensions that
can further increase the efficiency of RCIndex.

Our current focus is on demonstrating the benefits of
RCIndex on large-scale experiments and extending it to
structural motif mining applications. Initial results (not
shown here) indicate that RCIndex is scalable to very large
protein structure databases and still gives time performance
comparable to that of less accurate coarse-level scanning
methods, and accuracy comparable to detailed structure
alignment methods. For the large non-redundant database of
more than 4,000 proteins currently served by the RCIndex
web service, a typical search takes around 1 minute to
perform, including structural alignment of the top scoring
hits. This is a remarkable saving over exhaustive scanning
by pairwise alignment tools, which typically takes days to
weeks to complete for the same database.
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TABLE IV
COMPARISON OF ALIGNMENT QUALITY ON 10 DIFFICULT PAIRS.

CE SSAP DaliLite Vorolign∗ RCIndex
avg. size %identity rmsd %N TM rmsd %N TM rmsd %N TM rmsd %N TM rmsd %N TM

1ubq 1fxia 86 7 3.82 0.84 0.49 4.02 0.88 0.49 2.69 0.80 0.53 2.16 0.42 0.40 2.48 0.82 0.56
1ten 3hhrb 143 19 1.90 0.97 0.80 1.88 0.96 0.81 1.91 0.96 0.79 — — — 1.74 0.97 0.82
3hlab 2rhe 106 4 3.38 0.85 0.51 4.99 0.85 0.45 3.03 0.76 0.51 2.18 0.39 0.43 3.15 0.84 0.54
1paz 2azaa 124 12 2.86 0.70 0.52 3.41 0.73 0.53 2.46 0.68 0.53 2.26 0.59 0.63 2.73 0.71 0.54
1mola 1cewi 101 15 2.34 0.86 0.66 2.46 0.87 0.66 2.26 0.86 0.67 1.99 0.76 0.70 2.12 0.86 0.68
2rhe 1cid 146 11 2.91 0.85 0.64 3.72 0.90 0.64 3.02 0.83 0.63 1.95 0.58 0.62 2.79 0.87 0.67
1ede 1crl 422 5 3.85 0.71 0.57 9.25 0.86 0.46 3.43 0.67 0.56 3.22 0.34 0.44 4.86 0.76 0.56
2sim 1nsba 386 8 2.97 0.72 0.63 5.42 0.84 0.65 3.28 0.76 0.65 2.63 0.52 0.71 3.67 0.81 0.68
2gmfa 1bgeb 140 13 4.64 0.90 0.52 5.36 0.97 0.56 3.20 0.77 0.56 2.17 0.46 0.50 3.86 0.91 0.61
4fgf 1tie 145 10 3.04 0.94 0.70 3.23 0.96 0.69 2.88 0.90 0.70 2.00 0.59 0.63 2.79 0.94 0.72
average: 180 10 3.17 0.83 0.60 4.37 0.88 0.59 2.82 0.80 0.61 2.28 0.52 0.56 3.02 0.85 0.65
∗ Vorolign reports alignments for multiple substitution matrices; here we use the SM-THREADER matrix [10], which gives the best results.
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