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W
e propose a modified version of the mountain
clustering method (MCM) to find a library of
structural building blocks for the construction of
three-dimensional (3-D) structures of proteins.

The algorithm decides on building blocks based on a measure
of local density of structural patterns. We tested our algorithm
on a well-known data set and found it to successfully recon-
struct a set of 71 test proteins (up to first 60 residues as done by
others) with lower global-fit root mean square (RMS) errors
compared to an existing method that inspired our algorithm.
The constructed library of building blocks is also evaluated
using some other benchmark data set for comparison. Our
algorithm achieved good local-fit RMS errors, indicating that
these building blocks can model the nearby fragments quite
accurately. In this context, we have proposed two alternative
ways to compare the quality of such quantization and recon-
struction results, which can be used in other applications too.

Discovering the relations between protein sequences and their
3-D structures is an important research topic and has received a
lot of attention, because knowing the 3-D structure of a protein
helps biologists to study the functions of the proteins, perform
rational drug design, and design novel proteins. Finding the 3-D
structure of a protein by using X-ray crystallography or nuclear
magnetic resonance imaging is time consuming and expensive;
hence, alternative approaches are being tried. Several approaches
such as comparative modeling, fold recognition [1], [2], ab initio
prediction [3], [4], and 3-D building blocks approaches [5]–[8]
have been proposed. As pointed out by Bujnicki [7], modeling of
a protein structure de novo without using templates is quite diffi-
cult because the search space is enormous even for proteins of
moderate sequence lengths. The methods based on the assembly
of short fragments have shown a great promise [5]–[18]. Among
these methods, 3-D building blocks approaches have been suc-
cessfully applied to construct libraries of well-chosen short
structural motifs extracted from known structures. These build-
ing blocks are then used to construct or analyze structures of new
proteins. The short structural fragments that recur across different
protein families can often be viewed as stand-alone units that fold
independently and hence can help assignment of building blocks
to unknown proteins for reconstruction of 3-D structures [15].

The clustering method used in [15] is a two-stage process, where
building blocks are classified according to their structural classi-
fication of proteins (SCOP) family and clustered within the
family in the first stage and then merged in the second stage. The
building block cutting algorithm uses a stability score function
that involves properties like compactness, hydrophobicity, and
isolatedness. The critical building block finding algorithm uses a
score function based on the contacts the building block has with
other building blocks. This is an involved and interesting ap-
proach. Our proposed approach is comparatively very simple
and does not use the physical or chemical or structural properties
of the residues.

In [16], Anishetty et al. suggested that rigid tripeptides have
no correlation with the protein’s secondary structure, and tripep-
tide data may be used to predict the plausible structures for oligo-
peptides. The hybrid protein model of de Brevern et al. obtains
3-D protein fragments encoded into a structural alphabet consist-
ing of 16 protein blocks (PBs) [18], [19]. Benros et al. [17]
further continued this study considering 11-residue fragments
encoded as a series of seven PBs. They had built a library of 120
overlapping prototypes with good local approximation of 3-D
structures. Every PB in [18] is only five-residue long and
described by eight dihedral angles. Each of them serves as a
building block approximately representing a known structural
motif, such as central a-helices, central b-strands, and b-
strand-N-caps. Consequently, a protein’s 3-D structure can be
represented by a string of alphabets. Unlike our approach, the
similarity between fragments is defined by the RMS deviation
(RMSD) on angular values, and the clustering algorithm used
is a self-organizing map-type neural network.

The effectiveness of such a method heavily depends on the
extraction of good representative 3-D building blocks. Unger et al.
[5] proposed a two-stage clustering algorithm (TSCA) to choose
hexamers having a large number of neighbors to be the building
blocks. These center hexamers are called the 3-D building blocks
[5]. Micheletti et al. also used the largest number of nearby points
within a similarity cutoff called proximity score [6] to select cluster
centers, while Kolodny et al. proposed a simulated annealing
k-means method to perform the clustering task with the minimal
total variance score [8], [13]–[14]. In this article, a modified form
of the MCM or subtractive clustering method (SCM) [20], [21] is
proposed to find building blocks. Our experiments with some
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benchmark data sets show that it can find better representative
building blocks than the method in [5]. We also propose two alter-
native ways of depicting the quality of the building blocks.

3-D Building Block Approaches
The 3-D building block approach involves several steps. First,
we need to decide on the fragment length. Then, given a set of
proteins (training data), we need to compile the whole set into
all possible fragments of the specified length. Next, a clustering
method is used to divide these fragments into clusters and pick
up the center of each cluster to be a building block. If these
building blocks are good enough, then they can be used success-
fully to represent all original fragments within a tolerable limit
and therefore can be used to reconstruct the 3-D structure of a
whole protein within some tolerance.

Distance Measure Between 3-D Structures
A well-accepted definition of dissimilarity between two frag-
ments is the RMSD between two structures computed after
alignment of the two fragments to the greatest possible extent
using the best molecular fit (BMF) algorithm [22], [23]. Given
two structures s and t, the RMS can be calculated as follows:

RMS ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPK
i¼1 rs

i � rt
i

�� ��2

K � 2

s
, (1)

where rs
i is a 3-D coordinate of ith Ca atom in the molecule s

and K denotes the number of atoms in the structure. Typically,
for the computation of RMS, one should divide by K, but for
the ease of comparison with published results, we divide by
(K � 2) as done in [5].

Method of Reconstruction
Following [5], we use this procedure: first, we replace each orig-
inal hexamer of a protein by its closest building block. Then,
since the building blocks overlap, we align every two consecu-
tive building blocks by using the BMF algorithm. The chain
grows as follows. Onto the suffix (the last five residues) of the
first building block, we fit the prefix (the first five residues) of
the next building block. The 3-D position of the sixth (last) resi-
due of the latter hexamer is thus determined and is added to the
growing chain. This process is repeated until the whole protein
is reconstructed.

Performance Measure
To evaluate the performance of the proposed method, we use
the same two criteria as in [8]: 1) local-fit RMS, which
measures how well the fragments of the target proteins can be
represented by the library of building blocks at hand. It takes
an average of all coordinate RMSDs between every fragment
and its associated building block. 2) Global-fit RMS, which
measures the RMSD of the reconstructed 3-D structure from
the entire native structure of the target. In addition, we also
use two alternative ways, as explained later, for assessment of
quality of the building blocks.

Two-Stage Clustering Algorithm
Since we will compare our results with those by the algorithm
in [5], we briefly describe the same. The TSCA defines a
cluster as a set of structures such that the RMSD of any mem-
ber in the cluster from a designated representative member is
less than a threshold. In [5], 1 Å is used as the separation

between similar and dissimilar hexamers and hence as the
threshold for defining clusters. In the first stage, a randomly
chosen hexamer is taken as the center of the first cluster, and
all hexamers which are within 1 Å distance after the best
molecular fit are placed in that cluster. Each member of this
cluster then acts as a new center and adds all of its neighbors
which are within the threshold. This annexation process is
continued till no more hexamers can be added to the cluster.
Then, another unused hexamer is taken as the center of the
next cluster, and the process is repeated to get the next cluster.
The entire process is repeated till every hexamer is included in
some cluster. It is obvious that, in such a cluster, the maximum
distance between a pair of hexamers could be much higher
than 1 Å. In the second stage, these big clusters are divided
into smaller clusters such that every member of a cluster is
within a distance of 1 Å from a centroid. For each cluster, the
hexamer with the maximum number of neighbors within 1 Å
is taken as the center of a new subcluster having those neigh-
bors as members. The process is repeated until all hexamers of
the cluster are assigned to subclusters.

MCM and SCM
Let X ¼ x1, x2, . . . , xnf g � <p be a set of n data points in p
dimensions. We denote xjk as the jth component of the kth
point xk; k ¼ 1, 2, . . . , n; j ¼ 1, 2, . . . , p. The MCM [20] gen-
erates a set of N equispaced grid points vi, i ¼ 1, 2, . . . , N in
<p over the smallest hypercube (in <p) containing X. Then, at
every grid point, a potential value (called mountain potential)
is computed, which represents a kind of local density of points
around the grid point. Now the grid point with the maximum
mountain potential is selected as the first cluster center. To
find other cluster centers, the mountain function values are
discounted to reduce the effect of already detected centers,
and the grid point corresponding to the highest peak of the dis-
counted potential is taken as the next cluster center. This
process of discounting and finding of cluster centers is contin-
ued until the discounted potential becomes too small to look
for useful clusters.

In an MCM, the quality of the centers depends on the fine-
ness of the grid, and better resolution leads to more cost. The
computational overhead increases rapidly with dimension p.
To reduce the computational overhead of MCM, Chiu [21]
suggested a modification of MCM, known as the SCM.

Instead of imposing artificial grids, Chiu [21] used each
data point as a potential cluster center. Following the MCM,
the potential function is defined as

P1(xi) ¼
Xn

k¼1

e�ad2(xk , xi); i ¼ 1, 2, . . . , n, (2)

and discounting the potential on subsequent steps is done as
follows:

Pk(xi) ¼ Pk�1(xi)� P�k�1e�bd2(x�k�1
, xi) (3)

for k ¼ 2, 3, . . . , c and i ¼ 1, 2, . . . , n. Here x�k�1 is the
(k � 1)th (most recently detected) cluster center, and a and b
are positive constants. The rest of the SCM algorithm remains
the same as that of the mountain method. Unlike MCM, here
the number of prospective cluster centers is n, and hence is inde-
pendent on the dimensionality and spread of the data. Chiu [21]
terminated SCM when P�k�1=P�1 < d, 0:0 < d < 1:0. Although,
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SCM reduces the computational complexity, it will give good
results only if the desired cluster centers (points corresponding to
the maximum local density) coincide with one of the data points or
close to it. For the present problem, since we have to choose one of
the hexamers as the center, the SCM framework is quite suitable.

Structural Mountain Clustering Methods
This is a modified form of subtractive MCM [20], [21] to handle
structural data such as hexamers. For hexamers, the use of
Euclidean distance will not be meaningful, because the Euclid-
ean distance between the two hexamers, where one is a translated
version of the other or one is a rotated version of the other, would
be high while for our purpose they are the same. Suppose the set
of hexamers is represented by X ¼ x1, x2, . . . , xnf g � <p. In
structural mountain clustering methods (SMCMs), each hexamer
is considered a potential cluster center. Instead of the Euclidean

distance, the contribution made by a hexamer xj to the potential
associated with another hexamer xi, i 6¼ j, depends on the
structural similarity between xj and xi. The structural similarity
is obtained after aligning the data points using the BMF routine
[22], [23]. Thus, the higher the similarity between the two hex-
amers, the more quantity is added to the potential. In this way, at
every hexamer, we compute the mountain potential P using all
other hexamers. After this, like MCM we find the hexamer, xk,
with the highest potential as the first building block. Then, we
form the first cluster, taking all hexamers that are within 1 Å of
RMS after the best molecular fit.

We now remove all members in the first cluster and recompute
the potential to find the next cluster center. Note that MCM and
SCM neither remove any data point nor recompute the potential.
Here we recompute the potential as we want every cluster center
to be at the center of a dense region. To get the third cluster, the
members of the second clusters are removed and the potential is
recomputed. The process is continued until every data point is
assigned to some cluster as described in the Algorithm 1.

The choice of a may have an effect on the clusters extracted,
and hence, we experimented with different choices of a to get
an optimal value for it.

SMCM Can Produce Better Building Blocks than TSCA
Note that to find a local estimate of the density, SMCM takes
into account the geometry of the data and not just the count of
number of points within a cutoff distance and, hence, it is
likely to produce better building blocks. For example, con-
sider a two-dimensional data set having 31 points, such that
one point is at the center of a circle of radius 1 Å and the
remaining 30 points are grouped into two clusters, each having
15 points such that 10 points from each cluster are within a
distance of 1 Å from the central point. Here, TSCA will take
the center point as a building block as it will have 21 points
(including itself) within 1 Å, while the remaining 5 points from

each cluster will form two
other clusters. Clearly, these
clusters and building blocks
are not the desirable ones.
But the SMCM will identify
the center of each cluster
with 15 points as the building
block. These building blocks
are better than those selected
by TSCA, because SMCM
building blocks are at the
centers of dense regions. The
isolated central point will
also be extracted as a build-
ing block, but since it is sup-
ported by only one point, it is
a poor building block and
can be discarded. The SMCM
is also expected to find better
representative building blocks
than hierarchical clustering or
k-means type clustering. This
is so because hierarchical clus-
tering algorithms do not pay
attention to the density of
points (here density of simi-
lar structures). Moreover, a

Algorithm 1: Structural mountain clustering
Begin
Input data set X ¼ x1, x2, . . . , xnf g � <p

Choose a
Compute d(xi, xj) ¼ RMSi, j, for all i, j ¼ 1, 2, . . . , n

using the BMF algorithm; RMSi, j is the root mean
square distance between xi and xj after BMF.
Repeat while any hexamer is left to be assigned to a
cluster

Calculate the potential at each hexamer xi using (2)
Find the hexamer with the highest potential and

choose it as a building block
Remove all hexamers, which are within a RMS error

of 1 Å from the building block, to form the cluster
associated with the building block.
Continue
End Repeat

System Block Diagram Sample Activities

a b c d

e f g

a b c d

a b g

b* a* g

a b a*

d

f e g

Training Peptides

Test Peptide

Building Blocks

(RMSD Is Small)

(RMSD Is Larger)

Collect Structural Data of Proteins

Compile the Training Set
of Short Fragments

Divide the Fragments
into Clusters by SMCM

Pick up Representative Fragments
as the Building Blocks

Reconstruct the Proteins by the
Building Blocks and Evaluate RMSD

Fig. 1. A block diagram of the building block approach using SMCM. Note that fragment x*
represents the fragment x after some rotation and alignment.
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hierarchical clustering algorithm does not produce any proto-
typical building blocks. The poor performance of hierarchi-
cal clustering algorithms for fragment data is also pointed
out in [8]. The usual k-means type clustering is also not very
appropriate for such a problem, as the mean of a set of 3-D
structures (even after best alignment) will not have any asso-
ciated residue sequence and hence is difficult to interpret.

For an easy understanding of the entire process, on the left
part of Figure 1, we provide a block diagram and on the right
side of each block we illustrate the activity in the block by
using a simple data set consisting of two training peptides and
one test peptide. For illustration, we consider fragments of
length four. Thus, the two training peptides result in seven
fragments named a–g in Figure 1. In the third step (block), the
SMCM finds four clusters. For example, in the first cluster,
fragments f and a are placed together because they are almost
the same after BMF alignment. The four clusters result in four
building blocks, a, b, g, and d, as shown in the fourth block on
the right part of Figure 1. In the last step, we show two recon-
struction cases of which the first one, (b*þa*þg), has a
smaller reconstruction error than the second one, since its cor-
responding building blocks are better matched. It is noted that
b* represents the building block b after alignment.

Data Sets
We have used the same 82 peptides as in [5]. (The list of pepti-
des used can be found in Table I of [5].) To create the library
of fragments, only the Ca coordinates are used. We use the
same four proteins (1BP2, 1PCY, 4HHBb, 5PTI) as in [5] as
the training set. The data in the Protein Data Bank (PDB) are
updated as new information becomes available. As of Decem-
ber 2006, in PDB, the information about the following 21 pro-
teins was changed: 1APR (2APR), 1CPP (2CPP), 1CPV
(5CPV), 1FB4h (2FB4h), 1FBJl (2FBJl), 1FDX (1DUR),
1GCR (4GCR), 1HMQa (2HMQa), 1INSa (4INSa), 1PCY
(1PLC), 1SN3 (2SN3), 3PTP (5PTP), 3RXN (7RXN), 3TLN
(8TLN), 4ADH (8ADH), 4ATCa (6AT1a), 1GAPa (1G6Na),
2FD1 (5FD1), 4FXN (2FOX), 2APP (3APP), 4CYTr
(5CYTr). The new PDB ID is shown within parentheses. We
have used both the old database as used in [5] and the new
database as of December 2006.

Experimental Results
The SMCM has only one parameter a. Using fragments of
length 6, we have experimented with different choices of a
such as a ¼ 2, 3, 4, 5, and 6, using the same database as used
in [5]. We have found a ¼ 4 and 5 to yield better results. So,
we further fine-tuned a in the range of 4–6 in steps of 0.5.
Finally, we have got a ¼ 5 to produce the best result with a
global-fit RMS 7.19, which is less than 7.3 than is reported in
[5]. We have also experimented with the newly updated

database. For the new data set, a ¼ 5:5 resulted in the best
global-fit RMS of 7.32. Table 1 summarizes the variations in
the local-fit RMS error and global-fit RMS error with the same
choice of a for both data sets.

To further compare the quality of building blocks, we have
implemented the TSCA method on the same data. We have
obtained 55 main clusters and 102 subclusters (Unger et al.
reported 103). SMCM extracted 104 building blocks. So for a fair
comparison, we remove the trailing two building blocks from 104
building blocks. Thus, for both methods, we use the same number
of building blocks to represent all target fragments and reconstruct
the first 60 residues of 71 proteins whose lengths are larger than
60 residues using the same approach as in [5]. For our method,
when we use only 102 clusters, the local-fit RMS increases to
0.75 and global-fit RMS increases to 7.23, which is still better
than 7.3. Our implementation of TSCA results in a local-fit RMS
of 0.77 and a global-fit RMS of 8.27, and these are higher than the
values reported in [5]. Since the clustering algorithm is an itera-
tive one, we provide an approximate analysis of its complexity.
Note that, although the repeat–end repeat loop in the algorithm
uses (2), e�ad2(xk , xi), 8 i, k can be computed just once for all and
stored in a table to be used in the repeat loop. Let us assume that
the cost for computing e�ad2(xk , xi) for any pair fxk, xig be D. D
involves the cost of computing the RMSD using the best molecu-
lar alignment of two segments, the cost of a multiplication, and

Table 1. Effect of the choice of a on the local-fit RMS error
and the global-fit RMS error for the SMCM algorithm when
the fragment length is 6.

a

Library
Size

Local-
Fit RMS

Global-
Fit RMS

Original data set
6 106 0.742 7.64
5.5 106 0.742 7.64
5 104 0.749 7.19
4.5 104 0.750 7.27
4 105 0.748 7.30
3.5 104 0.750 7.62
3 103 0.751 7.92
2 105 0.746 7.95
Newly updated data set
8 108 0.726 7.53
7 107 0.727 7.48
6.5 107 0.727 7.48
6 107 0.723 7.32
5.5 107 0.723 7.32
5 107 0.725 7.59
4.5 107 0.727 7.69
4 106 0.728 7.75

The effectiveness of the method heavily

depends on the extraction of good

representative 3-D building blocks.
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that of computing the exponential. Thus, the total cost of comput-
ing e�ad2(xk , xi), 8 i, k is n(n� 1)D=2. The iterative part of the
algorithm needs to make additions of such values read from the
table. Let us assume that n hexamers are iteratively divided into c
clusters and each cluster is of size k on an average, i.e., n ¼ ck. In
the first iteration, the potential for each hexamer is calculated by
the summation of n exponential values taken from the table. It
requires n2 additions for n hexamers. In the second iteration, since
k hexamers are removed and assigned to the first cluster, the
remaining hexamers require (n� k)2 additions in the computa-
tion of potential. Likewise, in the final iteration, it requires k2

additions. So the required time in addition operation to compute
potential for the entire algorithm is

Xc�1

i¼0

(n� ik)2 A ¼ k2 c(cþ 1)(2cþ 1)

6
A: (4)

In (4), A is the cost of one table lookup and that of an addi-
tion operation. The total computation time required is thus
T ¼ n(n� 1)D=2þ k2 c(cþ 1)(2cþ 1)A=6. Since A is a con-
stant and D is assumed to be a constant, the first term in T is of
O(n2) and the second term is of O(n2c). For this specific data
set, SMCM takes 2 min 48 s on a personal computer with a
3.4-GHz CPU and 1-GB RAM to find the clusters, whereas
TSCA uses 51 s for the clustering task. One reason for the
noticeable difference in the running time between the two
algorithms is that we did not use the efficient table-lookup
procedure but evaluated the distances and exponentials in
every iteration of the repeat-loop in the algorithm. The use of
small structural motifs as building blocks is based on the
hypothesis that there are repeatedly occurring stable fragments

and, hence, in practice we shall not need to run such an algo-
rithm on a very large database.

To have a visual assessment of the quality of the building
blocks and the reconstruction [Figure 2(a)–(c)], we depict
one of the most frequently used building block (NCYKQA),
a very good fit target hexamer (LANWMC), and its repre-
sentation using the building block. Figure 2(a) is the original
building block (in solid red lines), while Figure 2(b) shows
the original target hexamer (in dashed blue lines). Although
at first sight the two structures look quite different, after the
best alignment, the superimposed structures look identical
[Figure 2(c)]. It is interesting to observe that the local
secondary structures of both fragments are all alpha helix.
This indicates that the identified building blocks are biologi-
cally meaningful structural motifs. Figure 2(d) displays
another building block (NKEHKN), and Figure 2(e) depicts
a poor fit target fragment (AAHCKN, the RMS error is
larger than previous example but is still less than 1 Å). In
this case too, we find a very good match between the two
structures in Figure 2(f).

The most typical helical building block found by SMCM is
NCYKQA and is located at residues 50–55 of 1BP2; while the
most-populated building block found by TSCA [5] is ICFSKV
and it is located at residues 104–109 of 1BP2. From the fact
that ICFSKV is also an all-helical structure and is included in
the cluster of NCYKQA, it appears that the TSCA cluster
associated with ICFSKV and the SMCM cluster associated
with NCYKQA represent the same biological structural motif.
Figure 3(a) and (b) shows these two building blocks, and it is
clear that they represent the same structural unit. Similarly, we
find that the most typical extended strand GKVTVN found by

SMCM is located at residue
94 of 1PCY, while its coun-
terpart NEITCS found by
TSCA is located at residue
80 of 1BP2. These two build-
ing blocks are depicted in
Figure 3(c) and (d). The hex-
amer CSSENN is another
interesting building block
found by SMCM. Unger et al.
[5] pointed out that CSSENN
represents a turn joining two
beta strands. Thus, we find
that building blocks found by
SMCM represent structures
of biological significance.

Alternative Ways of
Performance Evaluation
To evaluate the local-fit RMS
quality, we compare the his-
tograms of local-fit RMS
error measuring the devia-
tions of fragments from their
corresponding building blocks
[Figure 4(a)]. It shows that the
total count of the lower RMS
error (area under the curve)
for SMCM is larger than that
for TSCA, and this indi-
cates that more fragments
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Fig. 2. Representation of target fragments using building blocks: (a) a building block with
sequence NCYKQA; (b) a very good fit target hexamer with sequence LANWMC; (c) the
building block and target hexamer superimposed after alignment (NCYKQA and LANWMC
superimposed); (d) another building block with sequence NKEHKN; (e) a poor fit target hex-
amer with sequence AAHCKN; and (f) the building block and target hexamer superimposed
after alignment (NKEHKN and AAHCKN superimposed).

IEEE ENGINEERING IN MEDICINE AND BIOLOGY MAGAZINE JULY/AUGUST 200942



are represented by good building blocks with lower recon-
struction errors for SMCM.

Finally, we compare protein by protein the local-fit RMS
error produced by SMCM and TSCA in Figure 4(b), where
proteins are sorted in descending order of local-fit-RMS errors
produced by SMCM. Figure 4(b) reveals that SMCM’s local-
fit RMS error is usually lower than the corresponding TSCA
error. In this particular case, about 75% of the protein’s SMCM
local-fit RMS error is lower. The results on the updated data-
base are found to be quite similar to the results on the original
database. We have also experimented with fragment lengths
5–7 and found that, for the SMCM, the fragment length 6 is the
optimal in terms of reconstruction error for both databases that
we have experimented with. For SMCM, the reconstruction
error obtained with fragment length 7 is 7.57, which is slightly
higher than that with hexamers. However, for TSCA, the best
reconstruction error of 7.59 is achieved with fragment length 7
while the error with fragment length 6 is 8.14.

Evaluation of the Library of Building Blocks
on Other Data Sets
To evaluate the quality of the library of building blocks, we
use it to reconstruct proteins used in two more recent studies
by Micheletti et al. [6] and Kolodny et al. [8]. We have
excluded a few proteins with sequence discontinuity [14]. In
these two data sets, there are 10 and 144 proteins, respectively,
which are used for testing. For the reconstruction, we follow a
scheme similar in spirit with the method in [8]. The recon-
struction process tries to minimize global-fit RMSD.
Although reconstructing residue by residue, instead of using
the building block with the best local-fit RMS, the one with
the minimum global-fit RMSD
is chosen. It is noted that local-
fit RMSD at each residue during
such reconstruction usually will
be higher. For the Micheletti
et al. data set, the global-fit RMSD
obtained is 0.92 Å, which is
slightly lower than 1.06 Å
reported in [6]. For the data set
used by Kolodny et al., authors
reported the global-fit RMSD
between 0.76 and 2.9 Å for dif-
ferent fragment lengths, whereas
for this data set using hexamers,
we have achieved a global-fit
RMSD of only 1.05 Å, which is
better than a global-fit RMSD of
1.26 Å reported in [8]. This
further establishes that SMCM
can extract biologically mean-
ingful structural motifs that can
be used for reconstruction of
protein structures.

Conclusions
We proposed a modified form of
MCM to deal with structural data
and explained how this algo-
rithm exploits the data geometry
to yield better building blocks.
We have applied this algorithm
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Fig. 3. (a) SMCM building block NCYKQA at residues 50–55
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1PCY; (d) TSCA building block NEITCS at residues 80–85 of 1BP2.
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to find building blocks for reconstruction of protein’s 3-D struc-
tures on the same data set used by Unger et al. and also on the
most recent version of the same data set. These building blocks
can successfully reconstruct the 3-D protein structure for the first
60 residues (as done by Unger et al.) of all test proteins with
global-fit RMS error within 7.23 Å and also obtain good local-fit
RMS error, indicating that they can model the nearby fragments
within tolerable errors. Using the reconstruction error, we have
demonstrated that SMCM building blocks are better than those
obtained by TSCA. The superiority of the same set of building
blocks found by SMCM is further established by reconstructing
the 3-D structures of two additional data sets used by other
researchers. The computation overhead of SMCM is also dis-
cussed. We have proposed two alternative ways to compare local-
fit RMS errors, which reveal that the performance of SMCM
building blocks is usually better than TSCA building blocks.
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