
The Organization of Protein Sectors

Tatiana Artemova∗

Proteins perform the most important activities in a cell. Protein function is de�ned by its struc-
ture, which is determined by the sequence of amino acids. Di�erent protein sequences and struc-
tures often maintain similar functions. It is believed that proteins possessing similar functions have
diverged recently in their evolution. However, evolutionary constraints on this process remain un-
known. In this paper, I report the analysis of the organization of the �protein sectors� of correlated
mutations. A protein sector is a group of amino acids that are spatially close to each other in a
folded protein. Amino acids display strong correlations within a sector and weak correlations be-
tween di�erent pairs of sectors. Strikingly, in many cases only a few positions contribute most to the
correlation pattern within a sector. However, these contributions are not large enough to disregard
the correlations among the remaining positions. These results can be used to introduce coupling
constants in the spin system model.

INTRODUCTION

It has been known for more than 40 years that dis-
tribution of amino acids in proteins is non random [1].
Indeed, an amino acid sequence de�nes the structure of
a protein [2], which in turn determines its function [3].
It is critical for the survival of a cell that the proteins
inside the cell function properly. Therefore, both the
sequence and the structure of a protein are subject to
strong selection, which restricts the initial variability of
amino acid sequences to limited combinations. For in-
stance, detailed sequence analysis has revealed function-
ally important single residues that can rarely be replaced
without the loss of a function [4].
In folded proteins, not only single amino acids but also

residue-residue interactions play a crucial role in main-
taining structure and function [5, 6], making it some-
times costly to replace one amino acid without changing
its neighbors. In other words, two mutants with single
amino acid substitutions have a protein that functions
poorly in contrast to that of the double mutant. The
studies of the protein families have shown that the po-
sitions of these correlated mutations tend to be next to
each other spatially in the folded protein[6]. Moreover,
Halabi et al. have found the �protein sectors� of corre-
lated mutations [7]. These sectors are parts of a protein
that are spatially aggregated and di�erent from the sec-
ondary or tertiary structure. The amino acids' residues
are strongly correlated within a sector and weakly cor-
related between di�erent sectors. Although these sectors
are believed to play an important evolutionary role, their
origin and their purpose remain unknown. Indeed, while
protein domains are believed to be the evolutionary units
of proteins [8], the existence of the independent sectors
within domains raises a question about this belief.
The analogy of the states of folded proteins to the

states of the spin system at low temperatures has been
successfully used to understand physics of the protein
folding [9]. The existence of the protein sectors suggests
that nonrandom correlations within a group of positions
in the alignment can correspond to the correlated do-

mains of the spin systems at low temperatures. However,
in order to construct a useful model, the distribution of
coupling constants within a protein sector should be spec-
i�ed.

In this paper, I report the study of the organization
of protein sectors. I show that the contribution of di�er-
ent positions signi�cantly di�ers; i.e., the distribution of
their contributions is not peaked around the mean con-
tribution. Although some of these distributions have top
contributors, which are separated by a gap from the other
positions of a sector, the correlation pattern within a
sector cannot be explained by the correlations of all po-
sitions with the top contributor only. The results are
preliminary, because the process of sector identi�cation
is not robust to the data sets. For instance, identi�cation
of the sectors in this study slightly di�ers from that of
Halabi et al[7].

METHODS

The multiple sequence alignments of the protein do-
mains were obtained from the Pfam database[10]. The
analysis of the domain families were conducted on the
full data sets of the family PF00089 (corresponds to S1A
in [7]). Although this alignment corresponds to the same
family as in [7], they contain larger amount of proteins
(15894 in this study versus 1470 in [7]).

Sector identi�cation

The protein sectors were identi�ed following the pro-
cedure described in [7]. First, binary statistical coupling
analysis (SCA) matrices were constructed. (See the de-
tailed description of the construction of the SCA matri-
ces below.) The spectra of these SCA matrices were then
compared to the spectra of matrices that were obtained
by the randomization of the amino acids' distributions
among the proteins at each position. Thus, the overall



2

Figure 1: The spectrum of the SCA matrix includes �ve sig-
ni�cant eigenvalues compared to the spectrum of the random-
ized matrix. The histograms of two matrices are shown: in
the upper �gure the histogram of the SCA matrix, in the
lower �gure the histogram of the randomized matrix. While
the low-eigenvalue parts look similar for these matrices, the
spectrum of the SCA matrix contains �ve signi�cant eigenval-
ues, which correspond to statistically signi�cant correlations
between the pairs of the positions.

positional conservation remained the same, while an inter
positional correlation became random.
In order to �nd statistically signi�cant correlations, the

spectra of the SCA and the random matrix were com-
pared. In the domain families studied, few eigenvalues
signi�cantly larger than the maximal eigenvalue of a ran-
dom matrix were observed. (Fig 1.) The amino acids
whose positions contribute the most to the eigenvectors
corresponding to these high eigenvalues are correlated
more than expected in a random matrix. However, the
top eigenvalue comprises all the correlations and does not
distinguish among sectors. Therefore, in order to iden-
tify statistically signi�cant and independent sectors, the
eigenvectors corresponding to signi�cant eigenvalues (ex-
cept for the top one) were considered. These eigenvectors
were used to de�ne the cleaned correlation matrix:

C̄ ′ =
∑
k∈S

λk | k >< k |, (1)

where | k >is the kth eigenvector of the SCA matrix, S
is a multitude of the signi�cant eigenvalues, except for
the top one. Moreover, only positions that signi�cantly
contribute to the top eigenvectors were considered. The
signi�cance threshold for positional contribution was ob-
tained from the comparison of actual signi�cant eigen-
vectors with the corresponding vectors in the randomized
matrix.
Although in [7] all the protein sectors corresponded

to single eigenvectors, it is possible that in the di�erent
alignments the same protein sector corresponds either to
a di�erent single eigenvector or to the linear combina-
tions of the signi�cant eigenvectors. As shown in Fig 2,
in the alignment used for this study, protein sectors of the

Figure 2: The contributions of di�erent positions to the sig-
ni�cant eigenvectors. Colors correspond to di�erent sectors.
Note that blue and red sectors correspond to the linear com-
binations of the third and the fourth eigenvectors.

PF00089 domain corresponded to linear combinations of
the third and fourth eigenvectors. In general, each pro-
tein sector corresponds to a particular direction in the
eigenspace of the signi�cant eigenvectors. Thus, the pro-
cess of sector identi�cation is essentially the process of
the identi�cation of special directions in this space. The
positions of the sectors are grouped along these direc-
tions, and there are no or few positions with signi�cant
projections in two independent directions simultaneously.

SCA matrix

I used the same form of SCA matrix as [7]. Following
[7], I made a binary approximation and did not consider
20 amino acids. For each position a prevalent amino acid
was identi�ed, which became the �rst option for each
position:

xi,s = 1, (2)

where i � position number and s � sequence number. All
other amino acids at this position, including the absence
of amino acids, were considered as a second option for
this position:

xi,s = 0. (3)

The covariance matrix was then

Cij =< xi,s, xi,s >s − < xi,s >s< xj,s >s≡ fij − fifj .
(4)

An SCA matrix was obtained by weighting the covariance
matrix with the gradients of the positional conservation
vectors:
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Figure 3: The space �lling representation of the identi�ed sec-
tors proves physical proximity of the residues within a sector.
In (A) green and blue sectors are shown. These two sectors
are spatially separated. In (B) all three sectors are shown.
Pictures were obtained using RasMol software[13].
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where q(a) corresponded to the background sequences of
amino acids.The SCA matrix was then constructed:

C̄ij =
∂D

(ai)
i

∂f
(ai)
i

∂D
(aj)
j

∂f
(aj)
j
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The absolute values of Cij were used in order to disregard
negative correlations due to the speci�c choice of amino
acids. Absolute values still capture position-speci�c cor-
relation, while do not consider amino acid-speci�c corre-
lations.

RESULTS

In the domain family PF00089, three sectors were iden-
ti�ed. Fig. 2 shows the weights of the positions along
the top eigenvectors of the SCA matrix. As can be seen
from several two-dimensional projections, the identi�ed
sectors formed separate clusters in the eigenspace of the
SCA matrix.
Fig. 3 shows the localization of the identi�ed sectors

in the three-dimensional structure of pig trypsin (PDB
1YF4[11, 12]). While the blue and green sectors are spa-
tially aggregated and separated, the red sector is mainly
located between the green and blue sectors, while some
of the red sector residues are spatially closer to the green
and blue sector. This observation may also be done from
Fig. 1, where only few of the red sector residues have a
large projection on the second eigenvector.

Two of these sectors, the blue and green, corresponded
to the green and red sectors found in [7]. The third sector
(red) did not correspond to that of the previous study.
This discrepancy may be explained by two factors. First,
the choice of the leading directions, de�ning sectors, is
probably not optimal in this study. Second, some of the
sectors identi�ed in a small set of data can disappear in a
larger set of data. While in the original investigation, Ha-
labi et al. studied 1470 members of S1A protease family,
in this study I analyzed the alignment of 15894 protein
domains.
In order to investigate the constraints that limit the

size of a protein sector, I studied the distribution of the
strengths of the signi�cant correlations within a sector.
(Table 1.) Strikingly, typical standard deviations of the
correlations within a sector were usually almost the same
as their mean values. Thus, the distributions of correla-
tions were not peaked around some value. Moreover, a
negative correlation between the size of a sector and its
mean signi�cant correlation and standard deviation was
observed.
The observed negative correlation between the size of

a sector and the mean signi�cant correlation can be ex-
plained by the special organization of the position pro-
jections to the directions of the sectors. The red and blue
sectors are organized in the following way: there are few
leading positions that contribute most to the direction of
a sector and many less signi�cant positions, whose contri-
butions are signi�cantly smaller than that of the leading
positions. (Fig.2.) The fewer less signi�cant positions
contribute to a sector, the higher the mean correlation
within a sector.
The intuition about the role of the leading positions

can be obtained from the analysis of the process of the
identi�cation of the sectors. For the sake of simplicity,
I will consider two sectors with the assumption that if
a particular position contributes to one sector, it does
not contribute to the other. I will also assume that two
domain directions correspond to the eigenvectors. The
cleaned correlation matrix (equation 1) is then a block
matrix that has two positively correlated diagonal blocks
and negatively correlated or not correlated non-diagonal
blocks. The entries of the diagonal blocks are organized
as follows:

λm | m >< m |, (7)

where | m > is the eigenvector of the matrix, and λm is
the eigenvalue of this vector. The entries of | m > are
the contributions of di�erent positions to this direction.
Thus, every position in a sector always has the strongest
correlation with the leading position. With the addi-
tion of a gap between the leading position contribution
and the remaining position contributions, the role of the
leading position becomes even larger. Essentially, when
this gap is large enough, a sector may be considered as
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Table I: Summary of the properties of the proteins' sectors. Sector size is the number of positions composing a sector. Signi�cant
correlations include correlations from formula 1, while excluding self-correlation terms.

Protein domain
sector color

Sector size Mean signi�cant correlation Standard deviation of
signi�cant correlation

Blue 10 0.39 0.36
Green 30 0.10 0.16
Red 22 0.12 0.11

a collection of positions, highly correlated with the lead-
ing position and not correlated with each other. This
conclusion remains the same if the direction of a sector
is a linear combination of eigenvalues. However, if some
positions contribute signi�cantly enough to two sectors,
the resulting distribution of the correlations in matrix
(equation 1) signi�cantly di�ers from the contributions
evaluated in formula 7.

While a position that contributes most to any direction
can always be found, an important question is whether
the correlations of the less signi�cant positions with the
leading position is signi�cantly larger than those between
the pairs of the less signi�cant positions. For instance, if
all the correlations between pairs form a narrowly peaked
distribution, a position contributing most to the direction
still exists. However, I cannot say that other correlations,
except for the correlations with this position, are insignif-
icant.

In order to introduce a criterion of the signi�cance of
the leading positions, I will assume that there is a sin-
gle leading position, whose contribution to the direction
of the sector is y0. The contributions to the direction
of the sector made by these less signi�cant positions is
distributed with some mean (y) and standard deviation
(∆y). The criterion of the signi�cance of the top vec-
tor is then equivalent to the statement that the inter-
action of the leading position with the least signi�cant
position among the remaining is equal to, or larger than,
the self-interaction of the most signi�cant position of the
remaining:

y0(y −∆y)

(y + ∆y)2
≥ 1. (8)

For the blue sector, y0 equals 0.84; y equals 0.35; and ∆y
equals 0.17. (Two eigenvectors contribute to this sector.
Therefore, their projections were multiplied by the square
roots of the corresponding eigenvalues and summed as
vectors.) Thus, the parameter in formula 8 equals 0.56
and the blue sector does not follow the criterion 8. For
the red and green sectors the parameter are 0.62 and
0.63. Preliminary studies of the other protein domains
show that the criterion is never valid. In some of the
studied domains (PF07724), however, the parameter in
formula 8 was very close to one (0.91).

DISCUSSION

The existence of the protein sectors can a�ect the un-
derstanding of physics or protein folding. One prob-
lem with the localization of protein sectors, however, is
that the sectors can correspond to the directions in the
eigenspace, di�erent from eigenvectors. This problem can
be resolved by probing di�erent linear combinations of
signi�cant eigenvectors. The other problem is more fun-
damental. Although independent sectors have been ob-
served in few protein domain families[7], the localization
of these families is highly sensitive to the actual align-
ment of the protein domains. This observation raises a
question about the independence and therefore existence
of the protein sectors.

The results of this paper suggest that (i) in many pro-
tein sectors a leading position exists; (ii) however, in the
most of the cases the interactions of the remaining posi-
tions with the leading position are not signi�cant enough
to disregard all the correlations between positions, ex-
cept for those with the leading one. These results are
preliminary. In order to study more protein domains,
the algorithm for �nding sectors should be improved and
the discrepancies in the localizations of the sectors for
di�erent data sets should be explained.
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