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Abstract

A graph theoretical algorithm has been developed to identify backbone clusters of residues in proteins. The
identified clusters show protein sites with the highest degree of interactions. An adjacency matrix is constructed from
the non-bonded connectivity information in proteins. The diagonalization of such a matrix yields eigenvalues and
eigenvectors, which contain the information on clusters. In graph theory, distinct clusters can be obtained from the
second lowest eigenvector components of the matrix. However, in an interconnected graph, all the points appear as

Ž .one single cluster. We have developed a method of identifying highly interacting centers clusters in proteins by
truncating the vector components of high eigenvalues. This paper presents in detail the method adopted for
identifying backbone clusters and the application of the algorithm to families of proteins like RNase-A and globin.
The objective of this study was to show the efficiency of the algorithm as well as to detect conserved or similar
backbone packing regions in a particular protein family. Three clusters in topologically similar regions in the case of
the RNase-A family and three clusters around the porphyrin ring in the globin family were observed. The predicted
clusters are consistent with the features of the family of proteins such as the topology and packing density. The
method can be applied to problems such as identification of domains and recognition of structural similarities in
proteins. Q 2000 Elsevier Science B.V. All rights reserved.
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1. Introduction

The problem of protein folding has been a
subject of great interest for many theoreticians

w xand experimentalists 1,2 for the last two decades.
The key issue is to unravel the code for the
unique three-dimensional structure of proteins.
One of the methodologies adopted is to analyze
the crystal structures of proteins and derive

w xknowledge-based rules 3 .
It is clear from many observations that non-

local interactions play a major role in the process
of protein folding and in deciding the three-di-

w xmensional structures of proteins 4,5 . Protein
structures are dominated by non-covalent interac-

w xtions with non-uniform packing density 6 . Clus-
tering of amino acid residues are seen in proteins
w x3,7 . Analysis of clusters gives insight into the
folding patterns and possibly to the folding path-
ways in proteins. The clusters may be formed at
some stage in the folding process, which consider-
ably reduces the searchable conformational space
and drives protein folding in the correct direction.
The clusters also provide hints for site-directed
mutagenesis and protein engineering experiments
as they are important for structural stability. The
ultimate goal in protein structure prediction is to
deduce the three-dimensional structure of any
protein purely from its sequence. The interactions
among residues, together with their interactions
with the surrounding medium determine the
unique structure of globular proteins. Therefore,
any cluster of interacting residues could be of
significant interest from the viewpoint of protein
folding and stability. Several cluster identification

w xalgorithms are available in the literature 3,7]10 .
Each of the methods highlight different aspects of
protein structure.

Graph theory in general is an important tool in
topological investigation. Proteins have been in-
vestigated earlier by graph theoretical methods in
contexts such as secondary structure identifica-

w x w xtion 11 , recognition of b-folds in b-barrels 12
w xand tertiary folds in G-proteins 13 from se-
w xquence information. Bahar et al. 14]17 have

applied Kirchoff’s matrix to describe the spatial
neighboring residues in proteins and have eluci-
dated a number of properties such as vibrational

dynamics and thermal fluctuations in proteins. In
this paper we applied this technique on the
three-dimensional structure of proteins to iden-
tify non-bonded clusters from the contacts
between spatially neighboring amino acid residues
in proteins. The advantage of this method is that
the clusters are automatically obtained as solu-
tions to the connectivity matrix. Computationally,
it is an elegant procedure and various features
such as the connectivity between clusters, the

Žbasic core core corresponds to the minimum
.number of residues present in each clusters of

the cluster and the core expansion can be easily
obtained from the solution. Earlier, for the first
time we adopted this procedure to identify non-
bonded clusters in two- and three-dimensional

w xlattice models 18 . The present application to
real protein structures enables us to detect con-
formational similarities by relating eigenvalues
and vectors to a cluster of connected interactions.
Recently, an elegant method has been described

w xto identify side chain clusters in proteins 19 . In
the present study, the backbone C atom is useda

to define the connectivity and therefore, the re-
sulting clusters are referred to as backbone clus-
ters. In general, the core obtained in the present

Ž .study is similar to the stabilization center SC
w xdescribed in earlier studies 7 .

2. Method

2.1. Construction of adjacency matrix

Graphs can be represented in algebraic form as
w xmatrices 20 . The molecular graph is a non-

numerical representation of the chemical struc-
ture. The presentation of graphs in matrices al-
lows the computerised manipulation of graphs
through the agency of standard numerical algo-

Ž .rithms. The adjacency matrix AsA G of a
graph G with N vertices is the square NUN
symmetric matrix.

w x Ž .A s1 if i/ j and e « E Gi j i j

Ž .0 if is j or e « E Gi j
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w Ž .Where e is edge between i and j and E G isi j
xedge set of graph G

The first step of our method is to construct an
adjacency matrix of the backbone structure of a
protein whose co-ordinates are obtained from the
PDB file. The matrix is constructed by identifying
the spatial neighbours lying within the range of

˚ w x6.5 A from the selected atom in the protein 21 .
The number of C atoms surrounding the chosena

Ž . ŽC C along the chain excluding the two se-a i
.quence neighbors C , C , C and C areiy2 iy1 iq1 iq2

identified as spatial neighbors for each residue of
the protein and this number is designated as
contacts. We have chosen a sphere of radius 6.5
Å, which was found to be approximately the dis-
tance corresponding to the first peak in the radial
distribution of residues in the interior of proteins
w x w x22,23 . Panjikar et al. 21 , have used this concept
in determining backbone packing in globular pro-
teins. We have constructed an adjacency matrix in
which the C atoms of residues i and j are withina

˚6.5 A. The matrix element a s1 if C and Ci j a i a j
˚ Ž .are within 6.5 A. All a with distance C ]Ci j a i a j

˚)6.5 A are set at zero. Furthermore, the element
a is also set at zero, where ks iy2 to iq2.i k

2.2. Diagonalization of matrix and sorting of
eigen¨alue and eigen¨ector components

The general matrix diagonalization equation is
Ž .given by Ayl I Xs0, where I is the identity

matrix, X is the eigenvector and A is the adja-
cency matrix. The matrix A is diagonalized using

Ž .MATLAB version 5.0, 1996 to obtain eigenval-
ues and eigenvectors. The eigenvalues are sorted
along with their corresponding eigenvector com-

w xponents 24 . The sorted eigenvalues and eigen-
vectors of such a matrix contain information re-

Ž .garding clusters highly connected region , the
Ž .important residues which make the cluster core

and the nature of connectivity of the residue
Ž .branching parameter . We can also obtain the

Ž .number of edges connected to a center degree
by eigenvalue analysis. Generally, cluster infor-
mation can be obtained from the second lowest
eigenvector component of the Laplacian matrix
w x24 . However, if all the points are intercon-

nected, the distinct clusters cannot be identified
by the second lowest eigenvector. We have de-
vised a method of identifying distinct clusters in a

Ž .connected graph using top higher eigenvalues.
w xAs Gutman 25 has pointed out, the highest

eigenvalue is related to the branching parameter.
Many physical and chemical properties of satu-
rated hydrocarbons depend on the extent of
branching of the carbon skeleton of the molecule.
The boundary limit of the highest eigenvalue is

w xD Fl FD 25 , where D and D aremin 1 max max min
the maximum and minimum degrees of the graph,
respectively and l is the highest eigenvalue. The1
present analysis on protein structures is to eluci-
date the nature of non-covalent interactions,
where the maximum branching at an edge ranges

w xfrom four to nine 21 representing the backbone
packing density. The high branching centers cor-
respond approximately to the stabilization center
Ž . w xSC 7 in proteins. In the graph theoretical con-
text, the eigenvector components of high eigen-
values highlight such stabilization centers. In Sec-
tion 2.3 we discuss our method for identifying
backbone clusters.

2.3. Identification of independent clusters

In the two-dimensional lattice model, the dif-
ferent eigenvalues corresponded to different con-

w xnected subgraphs, i.e. small clusters 18 . How-
w xever, in three-dimensional models 18 and in

proteins most of the residues are interconnected
and hence a clear identification of the cluster by
the inspection of eigenvalue is not possible. The
eigenvalues and their eigenvector components
give an indication of the corresponding individual

w xcluster. Randic 26 has shown that the largest
coefficient belongs usually to the vertices of maxi-
mal degree, while the smallest coefficient belongs
to terminal vertices and their neighbors and this
was found to be true in the non-covalent interac-

w xtions in polymers in two-dimensional models 18 .
However, in proteins the contribution from other
clusters is non-zero and hence the problem of
terminating a cluster arises. This problem of iden-
tifying residues belonging to individual clusters is
handled systematically in the following way. In
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our observation the highest branching center or
the center connected to highly branched centers

Ž .contributes the highest vector component X toi
the corresponding eigenvector of higher eigenval-
ues and the component values tend towards zero
as we move away from the branching center. The
eigenvectors are normalized, i.e.

N
2Ž .X s1, where N is theÝ i

is1

total number of centers.

Ž .We define another term called sum n s
n Ž .2Ý X ,is1 i
Where nsnumber of sorted eigenvector com-

ponents, which corresponds to ‘n’ number of
residues and -N. A plot of the number of

Ž . Ž .residues vs. sum n in the RNase-A 7 rsa is
given in Fig. 1. From the sorted eigenvector com-
ponents, initially there is a rapid increase of sum
Ž .n and the contribution slows down as we come
down the components. In order to select the
components contributing to the rapid increase of

Ž .sum n we have adopted a simple method, in
which we start by taking at a minimum the two

Žhighest eigenvector components designated as
.cutpoint 2 and a regression line is drawn. The

regression line where it cuts the X axis gives the
total number of residues included in the cluster at
cutpoint 2 and we define the number of residues
present in a cluster at a minimum cutpoint as the
core of the cluster. As the cutpoint increases the
size of the cluster increases, including more and
more numbers of residues.

The vectors corresponding to high eigenvalues
may represent independent stabilization centers
or may be a different representation of the same
center. Our goal is to pick up all independent
centers in the protein. We select approximately
10 top eigenvectors and their corresponding com-
ponents. The rationale behind this selection is
based on our observation on the proteins investi-
gated, that the top eigenvalues and their vector
components contain the information relevant to
independent clusters. The lower eigenvalues do
not offer any information on new clusters. Ap-
proximately 10 eigenvectors of the sorted high

Ž . w x Ž .Fig. 1. A plot of sum n see Section 2 for details Y axis vs.
Ž .the number of residues X axis corresponding to the highest

Ž . Ž .eigenvector of 7 rsa. A regression line } of eight points v

Ž .intersects the X axis at 13 number of residues .

eigenvalues are selected and designated as top
eigenvectors. In each one of them we identify the
stabilization center by the minimum cut point
method as described above. Then a cross-check of
the residues, which have been obtained from vari-
ous eigenvectors is done. If the selected residues
figure out in only one eigenvector, it is considered
as an independent cluster. If some of the selected
residues appear in more than one eigenvector,
the eigenvector with the higher eigenvalue is con-
sidered.

The cluster identification method discussed
here is illustrated with an example of the protein
hemoglobin which contains 136 amino acid
residues. The co-ordinate selection is done from

Ž .PDB 1 eco file and adjacency matrix is con-
structed by checking the distance between Ca

atoms among themselves. The matrix element
A is considered to be 1 if the distance betweenŽ i j.

˚ Žthe C and C atoms is less than 6.5 A exclud-a i a j
ing the cases where j takes the values between

.iy2 and iq2 and all other matrix elements are
Žconsidered to be zero. The matrix of the order

.136 thus obtained is diagonalized and eigenval-
ues and eigenvectors are sorted. The top 10
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eigenvectors are compared for independent clus-
ters as follows. The number and nature of residues

Židentified by the minimum cutpoint method core
.residues in each of the 10 eigenvectors are given

in Table 1. These core residues are compared

between themselves in each of the 10 eigenvec-
tors. The number of common residues among 10
eigenvectors is given in Table 2 in a matrix form.
In Table 2 the diagonal entries represent the
number of residues present in that particular

Table 1
Core residues and eigenvector coefficients of top 10 eigenvectors for 1 eco

Eigen- Corresponding vector component with residue
¨alue

4.774 0.246 0.246 0.282 0.288 0.289 0.292 0.336 0.361
30 A 100 F 26 A 23 I 104 F 107 Y 27 V 103 G

4.186 0.182 0.211 0.226 0.288 0.298 0.338 0.343 0.415
123 A 124 T 8 T 5 Q 121 W 117 A 120 A 9 V

4.092 0.149 0.167 0.245 0.247 0.254 0.273 0.307 0.322 0.408
62 I 103 G 21 V 56 E 24 L 60 N 63 V 20 P 59 A

3.507 0.198 0.241 0.252 0.316 0.381 0.396
41 F 38 F 42 A 32 P 28 F 35 M

3.443 0.143 0.143 0.152 0.153 0.163 0.164 0.169 0.171 0.172
88 K 130 G 125 L 35 M 126 D 79 D 87 H 81 N 128 F
0.202 0.208 0.214 0.228 0.250 0.301
129 F 76 I 83 F 84 V 132 I 80 V

3.279 0.141 0.141 0.143 0.144 0.146 0.148 0.150 0.152 0.153
8 T 10 Q 82 T 9 V 131 M 87 H 133 F 79 D 81 N
0.162 0.164 0.170 0.170 0.171 0.183 0.184 0.188 0.188
80 V 123 A 128 F 83 F 84 V 76 I 122 G 125 L 127 T
0.200 0.204 0.212 0.236
129F 130G 126D 69I

3.124 0.132 0.135 0.142 0.154 0.159 0.173 0.175 0.186 0.194
23 I 35 M 64 G 112 T 26 A 68 K 65 F 69 I 98 N
0.200 0.203 0.221 0.231 0.248 0.288
101 R 114 F 102 A 108 M 109 K 105 V

3.039 0.139 0.142 0.147 0.153 0.156 0.159 0.171 0.173
112 T 81 N 70 I 64 G 59 A 84 V 26 A 73 L
0.173 0.176 0.179 0.203 0.215 0.219 0.220 0.239 0.268
101 R 114 F 72 E 109 K 65 F 68 K 108 M 105 V 69 I

2.826 0.130 0.134 0.167 0.182 0.205 0.211 0.212 0.223 0.223
30 A 97 L 111 H 114 F 31 D 96 Q 104 F 23 I 95 D
0.231 0.232 0.240 0.250 0.399
98 N 108 M 107 Y 102 A 99 N

2.743 0.164 0.168 0.170 0.179 0.192 0.208 0.218 0.280 0.309
132 I 129 F 3 A 120 A 13 F 17 K 11 A 14 D 7 S
0.343
10 Q
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Table 2
Number of common residues in the core cluster of 1 eco from
the top 10 eigenvectors

1 2 3 4 5 6 7 8 9 10

1 8 0 1 0 0 0 2 1 4 0
2 0 8 0 0 0 3 0 0 0 1
3 1 0 9 0 0 0 0 1 0 0
4 0 0 0 6 1 0 1 0 0 0

5 0 0 0 1 15 12 1 2 0 2
6 0 3 0 0 12 22 1 3 0 2
7 2 0 0 1 1 1 15 11 5 0
8 1 0 1 0 2 3 11 17 2 0
9 4 0 0 0 0 0 5 2 14 0

10 0 1 0 0 2 2 0 0 0 10

cluster and the off diagonal entries indicate the
number of residues that are common between the
eigenvectors. The 1st eigenvector has common
core residues with the 3rd, 7th, 8th and 9th eigen-
vectors. The 2nd eigenvector has common residues
with the 6th and 10th eigenvectors and the 4th
overlaps with the 5th and 7th eigenvectors. Thus,
the only three independent eigenvectors are the
1st, 2nd and 4th containing eight, eight and six
core residues, respectively. They are represented
in the box in Table 2.

When the cutpoint is increased, the cores also
expand, and at cutpoint 17 two clusters corre-

Žsponding to eigenvector 1 and 4 of hemoglobin 1
. Ž .eco merge Table 4 and give rise to only two

independent clusters corresponding to eigenvec-
tor 1 and 2. These two clusters merge at cutpoint
34. It has been observed in all the cases that
merging of clusters takes place at the residue

which is either the center of another cluster or is
present in the expanding regions of a cluster.

In Section 3, we demonstrate the power of this
graphs theoretical approach to identify non-
bonded backbone clusters in proteins by identify-
ing the clusters in two families of proteins,
RNase-A and globins. The list of selected pro-
teins is given in Table 3. The eigenvectors of the
adjacency matrices are generated and sorted as
mentioned in Section 2.2. The details of the clus-
ters are presented in Table 4 and the graphical
representations are shown in Fig. 2.

3. Results and discussion

3.1. RNase-A family

RNase-A family proteins from different sources
have been selected for the present investigation.
They carry out different functions, although all of
them perform the common ribonucleolytic action
w x27 . Structurally they are similar. Backbone clus-
ters are analyzed in the present study. The results
presented in Table 4 show that the number of
clusters vary from two to four. A close inspection
of the clusters graphically presented in Fig. 2
shows that there are generally three regions where

Ž .clusters are formed, one on the left lobe I , one
Ž . Ž .in the middle III and one on the right lobe II

of the molecule. The middle one is not strong
enough to be recognized in 1 agi and the left one
is divided into two in 1 onc. A sequence align-

Žment of the selected proteins using the program,

Table 3
Proteins from the RNase-A and globin families selected for cluster analysis

˚Ž .PDB code Name Source Resolution A

7 rsa Ribonuclease A Bovine pancreas 1.26
1 ang Angiogenin Human 2.4

Ž .1 agi Angiogenin Bovine milk 1.5
1 onc Pancreatic ribonuclease Rana Pipiens 1.7
1 eco Hemoglobin Chironomous thumi thumi 2.0
1 mba Myoglobin Sea hare 2.0
1 mbs Myoglobin Common seal 2.5
1 nih Hemoglobin Human 2.6
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Table 4
The identified clusters in selected proteins

PDB code Total Cutpoint No. of No. of residues in
no. of number cluster each cluster and

Ž.residue their corresponding eigenvector in

Ž . Ž . Ž .7 rsa 124 2 3 8 1st 8 2nd 10 3rd
8 2 13, 14

39 1 39

Ž . Ž . Ž .1 ang 123 2 3 8 1st 10 2nd 10 3rd
10 2 13, 15
30 1 31

Ž . Ž .1 agi 125 2 2 13 1st 9 2nd
28 1 31

Ž . Ž . Ž . Ž .1 onc 104 2 4 8 1st 8 2nd 7 3rd 8 4th
9 3 13, 12, 12

20 2 21, 20
34 1 34

Ž . Ž . Ž .1 eco 136 2 4 8 1st 8 2nd 6 4th
16 3 18, 18, 21
17 2 19, 19
34 1 34

Ž . Ž .1 mba 146 2 2 13 1st 9 3rd
20 1 26

Ž . Ž .1 mbs 153 2 2 6 1st 12 2nd
32 1 32

Ž . Ž . Ž .1 nih 146 2 3 8 1st 9 2nd 9 3rd
4 2 9, 10

46 1 46

.Multiple Alignment is given in Table 5 with the
cluster residues highlighted. Several interesting
features can be noticed from Fig. 2 and Table 5.
Cluster I is generally made up of hydrophobic

Ž .residues such as P, A, V , whereas a number of
Ž .polar and charged residues Y, ErD, KrR, SrT ,

Žappear in cluster II. The center high branching
.center with highest vector component of cluster

ŽII, is a tyrosine, 97Y all numberings in this
.discussion will correspond to that of 7 rsa in all

the proteins. Its importance in folding is shown by
w xmutation studies 28 . The center of cluster I,

however, varies. In fact in 1 onc, cluster I region
is made up of two core clusters. The active site
residues 11Q and 12H are a part of cluster III.

The important conserved hydrophobic residues of
cluster III precede the binding site residue 45T
and similarly the catalytic residue 119H is present

Ž .immediately after the conserved PV 117]118
residues which is a part of cluster I. Proline 113

Ž .in 1 agi equivalent to P117 of 7 rsa is in fact the
center of cluster I and the equivalent residues in
other proteins have high eigenvector components.
The importance of disulfide bridges can also be
seen in the identified clusters. The disulfide
bridges between 58 and 100 C and 26 and 82 C
are the important components of cluster I and II,
respectively, in all the proteins. On the other

Ž .hand, 61 C of the disulfide bridge 61]70 C is not
in the core cluster and perhaps is not essential to
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Ž w x. Ž .Fig. 2. A graphical representation generated by VMD 30 of different core clusters with their centers highest vector component marked by O for RNase-A family
proteins.
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Table 5
Sequence alignment of RNase-A family

The highlighted residues of RNase-A family appear in the core clusters as shown in Fig. 2
1 ang .QDNSRYTHF LTQHYDAKPQ .GRDDRYCES IMRRRGLTSP .CKDINTFIH GNKRSIKAIC ENKNGNPHRE
1 agi AQDDYRYIHF LTQHYDAKPK .GRNDEYCFN MMKNRRLTRP .CKDRNTFIH GNKNDIKAIC EDRNGQPYRG
7 rsa ;;KETAAAKF ERQHMDSSTS AASSSNYCNQ MMKSRNLTKD RCKPVNTFVH ESLADVQAVC SQKNVACKNG
1 onc ;;;;ZDWLTF QKKHIT..... .NTRDVDCDN IMSTNLF... HCKDKNTFIY SRPEPVKAIC KGIIAS....

1 ang ..NLRI..SKSS FQVTTCKLHG GSPWPPCQYR ATAGFRNVVV ACENG..LPV HLDQSIFRRP ;
1 agi ..DLRI..SKSE FQITICKHKG GSSRPPCRYG ATEDSRVIVV GCENG..LPV HFDESFITPR H
7 rsa QTNCYQ.SYST MSITDCRETG SSKYPNCAYK TTQANKHIIV ACEGNPYVPV HFDASV;;;; ;
1 onc ..KNVLTTSE FYLSDCNVTS R....PCKYK LKKSTNKFCV TCEN..QAPV HFVGVGSC;; ;
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hold the structure. This idea is also supported by
its absence in angiogenin and complete lack of
this loop structure in 1 onc. The role of the fourth

Ž .disulfide bridge 40]95 C seems to be to hold the
two loops in position and to place 97Y in proper
place for cluster formation. This disulfide by itself
does not become part of the core cluster. Thus,
the signature of RNase-A family proteins is also
seen at the core cluster level with many of the
conserved and active site residues taking part in
the core cluster formation.

3.2. Globin family

Globins are a-helical proteins consisting of he-
Ž .lices A]H . The prosthetic group porphyrin is

surrounded by three regions, which we have
marked as I, II and III in Fig. 3. The residues
participating in these clusters are also presented
in Fig. 3 and the number of independent clusters
are listed in Table 3. Several helices cross each

w xother 29 in different regions of globins, for in-
stance the crossing of helices B]E, B]G occurs in
the region marked as I and the crossing of helices
H]F]G and A]H takes place in regions II and

w xIII, respectively. As noted earlier 21 these helix
crossings occur at places where small residues
like glycine, alanine and serine are present with

Žhigh backbone neighbor density denoted as con-
w x.tacts 21 . Interestingly, these are the regions

which show up as core clusters in our present
analysis. These clusters for some of the globins
are presented in Fig. 3. The residues constituting

the top three eigenvector components in these
clusters are presented in Table 6. They invariably
appear in high neighbor density regions as seen
by high contact number. In most of the cases, the
clusters are made up of two helices and in some

Ž .cases from three helices 1 mba, II cluster . Apart
from the small residues, glycine, alanine and ser-
ine, occasionally valine and methionine also ap-
pear in these core clusters and these residues
have the highest eigenvector component of the
corresponding cluster. While the first highest vec-
tor component appears from one helix, the sec-
ond or third highest component comes from the
other crossing helix. This indicates a high branch-
ing factor for the residues of both the helices in
the crossing region. The high vector component
residues in a given cluster is similar to the

Ž . w xstabilization center SC identified earlier 7 . It
w xwas earlier stated that 7 the SCs tend to connect

more sheets to each other, while connections with
helices and turns are less populated. However,
helical proteins like globins contain only helices
as secondary structures which need to be
stabilized. In the present study we have found
that the interhelical crossing regions correspond
to such SC in globins.

In the present study we have thus demon-
strated that backbone clusters in proteins can be
identified by graph theoretical parameters and
that the clusters in similar regions of structurally
similar proteins can be detected. The method,
however, can be applied to other interesting prob-
lems such as the identification of domains and

Table 6
Ž .Core clusters of globin family Fig. 3 : residues corresponding to the three highest vector components from the corresponding

eigenvector

CLUSTER IA IB II III

aŽ . Ž . Ž . Ž .1 eco 35M 5 , 28F 6 103G 7 94V 7
Ž . Ž . Ž . Ž .32P 4 27V 6 , 107Y 6 120A 5

Ž .117A 5
Ž . Ž . Ž . Ž .1 mba 64S 7 , 25G 6 141L 8 , 92A 7
Ž . Ž .26L 6 102F 6
Ž . Ž . Ž .1 mbs 25G 10 , 65G 9 131M 6
Ž . Ž . Ž .26Q 8 10V 7 , 132K 6
Ž . Ž . Ž . Ž . Ž .1 nih 24G 7 , 64G 7 109V 6 89S 8 , 85S 6 ,
Ž . Ž . Ž . Ž .65K 8 27A 7 , 113V 5 140A 6

a The values in parentheses are the number of contacts made by the residue.
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Ž w x. Ž .Fig. 3. A graphical representation generated by VMD 30 of core clusters with center marked by O for the globin family.
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amino acid residues important in stabilizing the
folding intermediates. Recently we have carried

w xout 19 similar clustering analysis on the side
chains of amino acids in proteins. The present
analysis of backbone clusters can complement the
results of side chain cluster analysis.

4. Summary

The graph theoretical approach has been used
to identify non-bonded backbone clusters in pro-
teins. The non-covalent interactions among spa-
tially neighboring residues in proteins are con-
sidered. The adjacency matrix is constructed by
considering non-sequential residues appearing

˚within a distance of 6.5 A of the C atom of thea

chosen residue. The diagonalization of the matrix
yields eigenvalues and eigenvectors, which can be
related to backbone clusters in protein structures
and the center of clusters, respectively. The
method has been applied to the proteins of the
RNase-A and globin family. Three clusters in
similar regions in many of the RNase-A and
family proteins are identified. Several important
conserved residues are part of the clusters with
high vector components. The globin family pro-
teins have been identified to be made up of
approximately three clusters located around the
porphyrin. The helix]helix crossing regions con-
taining generally the small residues such as
glycine, alanine and serine form the center of
clusters with high branching parameters as found
by eigenvector components.

The cluster identification method developed
here is simple, straightforward and gives consis-
tent results. The method can prove to be useful in
detecting structural similarities in proteins. The
method can also be useful in identifying domains
in proteins unambiguously. The current investiga-
tion has the potential to assist experiments such
as mutational studies designed to investigate the
process of protein folding and in homology mod-
eling of protein structures.
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