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Abstract

New method of identification of dynamical domains in proteins — Hierarchical Clustering of the Correlation Patterns (HCCP) is
proposed. HCCP allows to identify the domains using single three-dimensional structure of the studied proteins and does not require any
adjustable parameters that can influence the results. The method is based on hierarchical clustering performed on the matrices of correlation
patterns, which are obtained by the transformation of ordinary pairwise correlation matrices. This approach allows to extract additional
information from the correlation matrices, which increases reliability of domain identification. It is shown that HCCP is insensitive to small
variations of the pairwise correlation matrices. Particularly it produces identical results if the data obtained for the same protein crystallized
with different spatial positions of domains are used for analysis. HCCP can utilize correlation matrices obtained by any method such as
normal mode or essential dynamics analysis, Gaussian network or anisotropic network models, etc. These features make HCCP an attractive

method for domain identification in proteins.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Motions of the protein domains play a crucial role in
different biological processes ranging from enzyme catalysis
and ligand binding to mechanical movement of the motor
proteins. Thus identification of protein domains and their
motions is an important task, which is addressed in a
number of studies. There are several definitions of the
protein domains, which are connected with different
methods for their identification. Definition of domains can
be based on their independent folding [1], sequence motifs
[2], presence of distinct hydrophobic cores [1], functional
activity [3,4], contact classification [5], topology [6] and
many other characteristics. These definitions are based on
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the static properties of the protein and thus correspond to so-
called structural domains. Alternatively, domains can be
defined according to their dynamic properties. Dynamic
domains are the parts of the protein molecule, which
maintain structural integrity during the large-scale confor-
mational changes and perform relatively independent
collective dynamics (e.g. exhibit rigid-body-like motions)
during such changes. The correspondence of structural and
dynamic domains was shown experimentally for some
proteins [7], however this feature cannot be considered
universal. In this study we will focus on the dynamic
domains.

There are several methods of dynamic domains identi-
fication [8—11,17], which differ by their theoretical robust-
ness, computational complexity and the amount of
information extracted. They can be roughly classified into
two categories: the methods, which rely on the comparison
of two different protein conformations [8], and those, which
are based on the single conformation [8,9,18]. The methods
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of the first group are usually quite accurate in identifying
dynamic domains and quite cheap computationally, but they
are applicable directly to the very limited number of
proteins, which can be crystallized in two different
conformations.

The methods of the second group estimate the dynamical
properties of the globule from single conformation and thus
seem to be applicable for the majority of proteins. These
methods typically involve various modifications of the
normal mode analysis [12—14,17] or essential dynamics
analysis [19], followed by grouping of similarly moving
residues into the dynamic domains. These techniques are
usually quite intensive computationally. To reduce the
computational demands various simplifications are intro-
duced on the stage of the normal mode analysis. Usually the
only C, atoms are considered and the simplified force fields
are used [15—-17].

Recently the Gaussian Network Model (GNM)
approach and its modification — Anisotropic Network
Model (ANM) became very popular in determining the
character of motions in the folded proteins [10,12]. GNM
describes the protein as a network of harmonic springs,
which connect the C, atoms of the residues in the close
spatial proximity regardless of their positions in the
sequence. Normal modes of such elastic network can be
computed easily. GNM can be viewed as an extremely
simplified version of the normal mode analysis (NMA),
where realistic potentials of the atom—atom interactions are
substituted by the purely harmonic potentials [10]. It is
shown, that GNM describes the motions of the folded
proteins surprisingly well and produces the results, which
are often indistinguishable from those of full-scale NMA.
Not only the normal modes of the system, but also the
cross-correlations between the motions of different residues
can be easily calculated in GNM. The later can be used for
domain identification by finding groups of residues, whose
movement is strongly correlated.

In the present study we introduce the method of domain
identification, which is based on the Hierarchical Cluster-
ing of Correlation Patterns (called HCCP hereafter). It is
shown that our method identifies dynamical domains in the
folded proteins successfully. The method allows obtaining
identical results when different conformations of the same
protein are analyzed (in the case of domains, which
maintain their structural integrity during conformational
changes). This means that it is quite insensitive to the small
details of the protein structure and the domains are resolved
reliably regardless of their positions and orientation. HCCP
is applicable to any kind of correlation or covariation
matrices produced, for example, by MD simulations,
essential dynamics calculations, GNM or ANM models.
HCCP is computationally cheap — the protein with up to
1000 amino acids can be analyzed in few minutes on the
ordinary office PC. These features make HCCP quite
attractive in identifying dynamical domains in the proteins
with known structure.

2. Methods
2.1. The Gaussian network model

As it was described above, GNM treats the protein as a
network of harmonic springs, which connect C, atoms of
the residues in the close spatial proximity. The detailed
description of the GNM can be found elsewhere [10]. Here
we present only the aspects, which are crucial for the further
analysis. Since only C, atoms are considered, the configura-
tional partition function for a protein of N residues is
defined as

e

where R is 3N-dimensional vector of the positions of the C,
atoms, E is the potential energy of the protein. GNM
considers only small harmonic fluctuations of the C, atoms,
which means that £ can be approximated by a sum of
harmonic potentials representing the fluctuations of indi-
vidual residues. Thus partition function is expressed in
GNM as

Zy = / exp( - ﬁ {ART}F{AR}> d{AR}

where AR is 3N-dimentional vector of the fluctuations in the
positions of individual residues, superscript T denotes the
transpose (swapping of the rows and columns of the matrix),
kg is the Boltzmann constant, 7 is the absolute temperature,
y is the spring elasticity constant of harmonic residue—
residue interactions, I’ is the N x N Kirchoff matrix.
Individual elements of I" are defined as

-1 if # and R;<r,

I — 0 if # and Ry >r.
ij — . ..
—> Iy if i# and
i

where 7. is the cut-off distance for residue—residue
interactions. In the original formulation of GNM [10]
r.=7.0 A. This value is obtained from statistical analysis
of PDB (Protein Data Bank) entries as the averaged value of
the radius of the first interaction shell of the individual
“averaged” residue. Normal modes of the system are
obtained by the eigenvalue decomposition of I' matrix

r=uru’

where U is an orthogonal matrix. Its columns are the
eigenvectors u; of I', which are usually sorted in ascending
order according to the corresponding eigenvalues 4. Each
eigenvector u; reflects the shape of corresponding i-th
normal mode, while the eigenvalue /; is the frequency of
this mode.

The most important for us is the cross-correlation
between the motions of individual residues. Covariation
between the motions of two residues can be expressed as the
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sum of contributions from N —1 normal modes with non-
zero eigenvalues

N-1
< ARCAR; >= (3ksT/7) D [ ' wuy]

k=1
Correlation coefficient ¢; between the motions of the
residues i and ; is then expressed as

< AR;AR; >
Cij —

If ¢;;=1, then the motions of the residues i and j are perfectly
correlated, and if ¢;;=—1 they are perfectly anticorrelated;
and if ¢;=0 they are completely uncorrelated.

In principle c;; is sufficient for identifying the dynamic
domains in the system. Indeed, the domain can be defined as
the set of residues, which exhibits collective motions as a
single unit i.e. in a highly correlated manner. Thus c;; should
be close to 1 for all the pairs inside the domain and close to
0 or negative for all the pairs, which involve one residue
within the domain and another one outside the domain.

2.2. The hierarchical clustering of correlations (HCC)

The hierarchical clustering procedure can be used to
identify the domains. Hierarchical clustering is the mathemat-
ical technique, which is routinely used to classify some objects
according to their “similarity”. The “similarity” could be any
function that shows quantitatively the extent to which two
objects are similar to one another. There are many modifica-
tions of the hierarchical clustering adapted for particular
applications. In the present work we used the modified
agglomerative clustering scheme with the average linkage. In
this scheme the most similar clusters are merged (agglom-
erated) on each step to produce larger clusters. Pairwise
similarity criterion is applied to all inter-cluster pairs and then
averaged to calculate the similarity between the clusters. The
details of the clustering algorithm are the following:

1. Each amino acid residue of the protein is assigned to be
the simplest cluster of size 1.

2. Minimal vy, and maximal v, elements of c; are
found. The interval (Vinin:Vmax) 18 divided into M bins
Vimax > V1>V2> ... >V 1>V (M=1000 in this study).
The index of the current bin is set to k=1.

3. The pair of residues whose correlation ¢;;>vy is found. If
no such pairs exist, then index of the current bin £ is
increased by 1 and step 3 is repeated.

4. Residues from the matching pair are merged into single
cluster.

5. Correlation matrix c;; is recalculated by the following

rule:
Z Ckl

Ml Eoaty 10

cij_

where m; and m; are the numbers of elements in the
clusters 7 and j; M; and M; are the vectors of sizes m; and

m;, respectively, which contain the indexes of the
residues in these clusters. In other words the average
correlation of all inter-cluster pairs is calculated.

6. The step 3 is continued until all the residues are merged

and the whole protein becomes the single cluster.

Because the values of the pairwise correlations (elements of
¢ matrix) are used in the clustering procedure we call this
procedure Hierarchical Clustering of Correlations (HCC).
Domains can be identified as large clusters, which are
merged on the last few steps of the clustering procedure. It is
necessary to emphasize the difference between the terms
“cluster” and “domain” used here. The clusters are
“temporary” objects. They are agglomerates of the similarly
moving residues, which appear on particular step (hierarch-
ical level) of the clustering procedure. The number of clusters
in the system decreases on each step of hierarchical
clustering. Domains are the functional units of the real pro-
tein, which exhibit rigid body-like motions and which are the
results of our search. Domains are the largest dynamic
“blocks” in the protein that exhibit high correlation of
motions. In terms of hierarchical clustering, domains corres-
pond to the largest clusters of the very last hierarchical level.

2.3. The hierarchical clustering of the correlation patterns
(HCCP)

As it is stated above, the matrix of the pairwise correlations
can be used for domain identification. However, it has one
serious drawback. Matrix c;; contains only pairwise correla-
tions. Thus only the motions of two residues are compared to
each other, regardless to the motion of the rest of the protein.
This makes the clustering procedure quite sensitive to small
variations of the c; matrix. In the case of GNM, small
changes of the protein structure can lead to the changes in the
eigenvectors, which results in a different ¢; matrix. The
overall structure of the matrix remains essentially the same,
but individual values can change significantly. As a result the
same residue can be assigned to different cluster according to
this changed value of the pairwise correlation. In other words
stability of the HCC algorithm is not very high. It is sensitive
to small variations of the input data.

In order to improve the stability of the clustering
procedure we considered the correlation patterns instead
of pairwise correlations.

Let us consider single k-th column (or row) of ¢;; matrix. It
contains the correlations of the given residue £ with all other
residues in the system (including self-correlation, which is
always 1). We will call such column-vector the correlation
pattern of the residue k. The new matrix, the correlation
matrix of correlation patterns p;; can be defined as

N
1 E . R
N Cik Cjk—Ci Cj
k=1
0,0j

pij =
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where ¢; is the mean of the i-th column of the matrix ¢, o, is
the root mean square deviation of the i-th column of the
matrix c. p; is the N X N matrix, whose elements show to
what extent the correlation patterns 7 and j are similar in terms
of linear correlation. The matrix p; provides much more
robust way of comparing the motions of residues than does
the conventional correlation matrix c;. Comparing the
correlation patterns one compares the whole set of correla-
tions of two given residues with the rest of the protein, but not
only the pairwise correlation between them. Thus, if this
analysis is performed for two different conformations of the
same protein the results should be much more similar than the
results obtained with the correlation matrix c;;. Clustering
procedure in this case remains the same as described above
with the c¢; substituted by p; everywhere. We call this
procedure Hierarchical Clustering of Correlation Patterns
(HCCP).

HCC and HCCP analysis were performed using our own
software written on Perl 5 and Fortran 90. Cut-off of 7.0 A
was used for Kirchoff matrix construction.

2.4. Test proteins

In order to test and compare the HCC and HCCP
procedures we considered five test proteins: the lysine-,
arginine-, ornithine-binding protein (LAO) from Salmonella
typhimurium [20]; the glutamine binding protein (GLNBP)
from E. coli [21]; phosphoglycerate kinase from Trypano-
soma brucei [22]; human calmodulin [23] and 5-enolpyr-
uvylshikimate-3-phosphate synthase from Streptococcus

Correlation, ¢

2LAO

1LST

25 50 75 100 125 150 175 200 225

pneumoniae [24]. All test proteins consist of two well-
defined domains, which undergo significant hinge-bending
motion during the binding of ligand or substrate. For each
protein the crystal structures of both “closed” (with the
ligand) and “open” (without ligand) forms are available.

In the cases of GLNBP, phosphoglycerate kinase and
calmodulin the number of resolved residues in the crystal
structures of the open and closed forms is different. In order
to simplify the comparison we truncated the longer
structures, so that both forms contain the same number of
residues. We extracted the Cartesian coordinates of the C,
atoms from both conformations of all proteins (the ligands
were not included) and performed HCC and HCCP analysis
on them. Domains were identified as the clusters on the last
step of clusterization procedure.

3. Results

The correlation matrices ¢ and correlation of the
correlation patterns matrices p are shown in Fig. 1 for
LAO protein and in Fig. 2 for GLNBP protein. Similar
results are obtained for other studied proteins (data not
shown).

Domains can be identified visually as large light
“squares”, which contain the residues, whose motion is
well correlated. First domain is split into two parts because
it is not continuous in sequence — it contains both N and C
terminal ends of the protein, while the central part of the
sequence forms the second domain. Dark areas contain the

Correlation of correlation patterns, p
—r —

25 50 75 100 125 150 175 200 225

Fig. 1. ¢ and p matrices for closed (2LAO) and open (1LST) forms of LAO protein. Color scale is from —1 (black) to 1 (white).
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Correlation, ¢

1WDN

1GGG

50 100 150 200

Correlation of correlation patterns, p

50 100 150 200

Fig. 2. ¢ and p matrices for closed (1WDN) and open (1GGG) forms of GLNBP protein. Color scale is from —1 (black) to 1 (white).

pairs of residues from different domains, whose motion is in
general anticorrelated. The diagonals of the matrices contain
self-correlations, which are always 1. Both ¢ and p matrices
posses very similar features, however there is one signifi-
cant difference. The values of ¢ matrices are closer to zero
(except the diagonal). Thus correlated and anticorrelated
regions are not very well separated, which is seen visually as
a “dim” picture. In contrast, the values of p matrices are

1400 2LA0
1200
1000
800
600 -
400 4

Frequency

close to —1 or 1. As a result, the correlated and
anticorrelated regions are very well separated, which can
be seen as essentially “black and white” picture with much
higher visual contrast.

This difference becomes especially prominent if one
calculates the frequency counts of values found in ¢ and p
matrices. To do so the range of values found in the matrix is
divided into large number (100—200) of equally spaced

Matrix value

Fig. 3. Frequency counts for ¢ and p matrices of LAO protein.
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1WDN
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Fig. 4. Frequency counts for ¢ and p matrices of GLNBP protein.

bins. Frequency counts are the histograms, which show the
number of matrix elements, whose values fall into each bin.
In other words, the histogram approximates the distribution
function of the values of matrix elements. The frequency
counts are shown in Fig. 3 for LAO protein and in Fig. 4 for
GLNBP protein.

Peaks on the frequency count plots correspond to either
highly correlated domain regions (positive values) or
anticorrelated regions (negative values). We will call the

89

distance between the peaks the correlation gap (CG). In
the case of closed form of LAO (2LAO) the separation
between these two peaks is rather small — CG ~0.4 for ¢
matrix and ~1.8 for p matrix (Fig. 3). In the case of the
open form of LAO (1LST), the peaks are not well resolved.
For ¢ matrix there is a single sharp peak near 0, while for p
matrix there is a broad distribution of values with very
poorly resolved maxima at ~—0.5 and ~0.6. The picture is
very similar in the case of GLNBP. In the case of IWDN

Table 1
Results of HCC and HCCP analysis
Protein Clustering Pdb 1st domain 2nd domain Difference
Method structure
Lysine-, arginine-, HCC 1LST 1-90; 186238 91-185 8
ornithine-binding 2LAO 1-89; 193-238 90-192
protein HCCP 1LST 1-89; 192-238 90-191 1
2LAO 1-90; 192-238 91-191
Glutamine HCC 1WDN 5-92; 188-223 93-187 2
binding protein 1GGG 5-90; 188223 91-187
(GLNBP) HCPP IWDN 5-90; 188-223 91-187 0
1GGG 5-90; 188-223 91-187
Phosphoglycerate HCC 13PK 5-206; 406-418 207-405 20
kinase 16PK 5-116; 170-193; 167-169;194—409
410-418
HCCP 13PK 5-207; 409418 206—408 10
16PK 5-195; 409-418 196408
Calmodulin HCC 1ICLL 5-85 85-145 10
1CDL 5-74 75-145
HCCP ICLL 5-79 80-145 4
1CDL 5-75 76-145
S-enolpyruvyl- HCC IRF5 1-18; 230-427 19-229 9
shikimate-3- IRF6 1-16; 233-410; 17-232;411-414
phosphate 415-427
synthase HCCP IRF5 1-17; 230-427 18-229 0
IRF6 1-17;230-427 18-229

The differences in positions of domain boundaries calculated by different methods are shown.
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a) IWDN HCC b) 1GGG HCC

Fig. 5. Domains found by HCC and HCCP algorithms in closed (a, ¢) and open (b,d) forms of GLNBP protein. PDB code of the shown structure and method
used for domain identification are indicated. First cluster is marked black, second cluster is gray.

a) 1LST HCC b) 2LAO HCC

Fig. 6. Domains found by HCC and HCCP algorithms in closed (a,c) and open (b,d) forms of LAO protein. PDB code of the shown structure and method used
for domain identification are indicated. First cluster is marked black, second cluster is gray. The arrow marks the helix, which is assigned to different clusters by
HCC in open and closed forms.
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two peaks are very close to 0 for ¢ matrix (CG ~0.2), but
there are two very broad well separated peaks for p matrix
(CG ~1.3). In the case of 1GGG the peaks are more
distinct and sharp (CG ~1.8).

In general, it is possible to conclude that the major effect
of transition from correlations ¢ to correlation patterns
correlations p is a dramatic change of the distribution of
values found in the matrices. As a result, the peaks of these
distributions, which correspond to the groups correlated and
anticorrelated residue pairs, become much more separated
and CG increases. The influence of this fact on the
clusterization procedure will be discussed below.

The results of application of hierarchical clustering
analysis are summarized in the Table 1. It is clearly seen
that in all the cases two domains in the protein structure
are identified reliably. However, the exact position of the
boundary between domains depends on the structure and
the clustering technique. We compared the results
obtained on different structures by the same clustering
method. The difference in the position of the domain
boundary (the number of residues, which belong to
different domains if different starting structures are
considered) is shown in Table 1. It is evident that in
the case of HCC the position of the domain boundary
depends strongly on the starting structure. However, in the
case of HCCP this position is much less structure-
sensitive. In the cases of GLNBP and 5-enolpyruvylshi-
kimate-3-phosphate synthase on application of HCCP the
absolutely identical domains are obtained for open and
closed structures. The largest discrepancy for the position
of domain boundary is observed in phosphoglycerate
kinase, however, even for this protein it is two times
smaller in the case of HCCP.

The domains for GLNBP, LAO and phosphoglycerate
kinase are visualized in Figs. 5 and 6. It is clear that in the
case of GLNBP both HCC and HCCP produce almost
identical results (Fig. 5 a—d). Two mismatched residues 91
and 92 lie in the hinge region connecting two domains.
This discrepancy is quite tolerable. However, the situation
is different in the case of LAO (Fig. 6). If HCC clustering
is performed on the open structure (Fig. 6b), the small
helix near the hinge region, marked by an arrow, is
assigned to the first domain (black). The same helix is
assigned to the second domain (gray) if the closed
structure is used (Fig. 6a). In the case of HCCP clustering,
the helix is assigned to the first domain regardless of the
used structure. Similar incorrect assignment in the case of
HCC is observed in phosphoglycerate kinase for the
residues 167—169 and in S5-enolpyruvylshikimate-3-phos-
phate synthase for the residues 411-414 (structures not
visualized).

These examples show, that HCC clustering can lead to
severe discrepancies in the domain pattern if different
starting structures are used for analysis. On the other hand
HCCP clustering produces much more consistent results,
which are not strongly dependent on the structure used.

4. Discussion

As it was stated in the introduction, there are many
methods of domain identification available. However, no
systematic studies were performed to investigate the
stability of domain identification if different conformations
of the same protein are used for analysis (if the domains
remain essentially unchanged in different conformations). If
a particular method does not produce sufficiently similar
results for the protein states, which differ only in positions
of domains, it is dangerous to use it for the analysis of new
proteins since the validity of domain identification becomes
questionable.

In the current study we used five proteins of different size
and spatial design, which are known to consist of two well
separated domains undergoing substantial hinge-bending
motion. These proteins are often referred as “classical”
examples of the hinge-bending proteins. All these proteins
are crystallized in open and closed forms, which allow
comparing the results of domain identification based on
different conformations of the same protein. This was the
reason for their choice in our study.

The major prerequisite of precise and reliable domain
identification by the clustering algorithm is a large differ-
ence in correlation coefficient between the residues of the
same domain and the residues from different domains. This
difference can be characterized by the correlation gap (CG)
parameter introduced above. If CG is large, then small
random variations in the correlation matrix are unlikely to
be comparable with CG and thus they cannot influence the
results of clustering procedure. In contrast if CG is small,
then small random variations become comparable with it
and can distort the result of clustering procedure. Two
different conformations of the protein produce slightly
different correlation maps. These differences can be viewed
as small random variations described above. Therefore our
first goal was to analyze the matrices ¢ and determine CG
for both open and closed conformations. In this context we
will discuss the representative results for LAO and GLNBP
proteins. Results for other studied proteins are quite similar.
It is clear from Figs. 1 and 2 that the conformational
changes do not lead to qualitatively important changes of ¢
matrices, however the quantitative changes are significant.
In the case of closed form of GLNBP correlated and
anticorrelated parts of the matrix are not well separated (CG
is close to 0.4, Fig. 4). The situation is even worse in the
case of the open form of LAO, where these parts are not
separated at all (CG=0). Only one peak is observed in the
frequency count histogram, which means that both positive
and negative correlations are quite weak and there is no CG.
This situation is quite unfavorable for clustering algorithm.
Thus, it is quite expectable that HCC procedure produces
different results for closed and open forms of LAO (Fig. 5).
In the case of GLNBP the correlation gap exists for both
open (CG ~0.3) and closed (CG ~0.1) forms. As a result
the difference in clustering results is smaller than in the case
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of LAO. This shows that the value of CG is essential for
reliable domain identification.

Construction of p matrices leads to dramatic increase of
CG (Figs. 3 and 4). This is a direct consequence of the fact,
that p matrix contains not only pairwise correlations but also
an information about whole correlation patterns for all
residue pairs. As a result, one should expect that HCCP,
which is based on p matrices, produces almost identical
results for both open and closed forms of the studied
proteins, which is really so.

There is an additional advantage of HCCP algorithm,
which makes it attractive for domain identification in
unknown proteins. It contains no adjustable parameters
(except the cut-off distance, which is a part of the GNM, but
not of the domain identification scheme). Thus the results
based on the application of HCCP cannot be biased by
inadequate choice of empirical parameters.

It necessary to emphasize the difference of HCCP from
recently developed GNM-based method of automatic domain
decomposition of Kundu et al. [18]. The latter is based on the
analysis of single eigenvector, which corresponds to the
lowest non-zero eigenvalue of GNM. The shape of this
eigenvector allows to detect the structural regions, which
move in opposite directions along the slowest normal mode
and assign them to different clusters. These clusters are post-
processed (“filtered”) to find the domains. Being very simple
and intuitive, Kundu’s method has several serious limitations:

1) it is limited to GNM;

2) only one normal mode is considered, which leads to
considerable loss of information;

3) the analysis is qualitative — only direction but not the
amplitude of motion is used for domain detection, thus
the degree of internal correlation of motions in the cluster
cannot be estimated,;

4) no hierarchical features, like rigid sub-domains, can be
found;

5) the filters applied to initial clusters contain many adjust-
able parameters.

HCCP does not possesses these limitations:

1) it is based on the pair-correlation matrices of any origin
and thus is not limited to GNM;

2) all normal modes are accounted if GNM is used to form
the pair-correlation matrices;

3) the analysis is quantitative — not only the sign, but also
the value of correlation is used for clustering.

4) hierarchical clustering allows to detect sub-structures of
different levels and estimate their rigidity in terms of
internal correlations;

5) no post-processing and adjustable parameters are
needed.

It is shown that HCCP is quite insensitive to the starting
conformation of the studied protein, providing that the

domains really maintain their integrity in all the cases of
change of protein conformation. Thus HCCP really finds
structurally separated domains, despite the masking effect of
numerous insignificant features of particular conformation.
However, it is possible that domain boundary determined by
HCCP changes significantly in different conformations of
particular protein. In this case we have to suggest that the
protein under study does not have well-defined domains,
which can be treated as independently moving structural
blocks. In this sense HCCP gives a unique opportunity to
identify not only the domains themselves but also the extent
of domain independence. All this makes HCCP an attractive
and computationally cheap method of the analysis of protein
structure.
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