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ABSTRACT In this work we present a novel
correlated mutations analysis (CMA) method that is
significantly more accurate than previously re-
ported CMA methods. Calculation of correlation
coefficients is based on physicochemical properties
of residues (predictors) and not on substitution
matrices. This results in reliable prediction of pairs
of residues that are distant in protein sequence but
proximal in its three dimensional tertiary structure.
Multiple sequence alignments (MSA) containing a
sequence of known structure for 127 families from
PFAM database have been selected so that all major
protein architectures described in CATH classifica-
tion database are represented. Protein sequences in
the selected families were filtered so that only those
evolutionarily close to the target protein remain in
the MSA. The average accuracy obtained for the
alpha beta class of proteins was 26.8% of predicted
proximal pairs with average improvement over ran-
dom accuracy (IOR) of 6.41. Average accuracy is
20.6% for the mainly beta class and 14.4% for the
mainly alpha class. The optimum correlation coeffi-
cient cutoff (cc cutoff) was found to be around 0.65.
The first predictor, which correlates to hydrophobic-
ity, provides the most reliable results. The other two
predictors give good predictions which can be used
in conjunction to those of the first one. When stricter
cc cutoff is chosen, the average accuracy increases
significantly (38.76% for alpha beta class), but the
trade off is a smaller number of predictions. The use
of solvent accessible area estimations for filtering
false positives out of the predictions is promising.
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INTRODUCTION

The three-dimensional (3D) structure of a protein circum-
scribes its biological function, and is of crucial importance
for studying biochemical processes in living organisms.
Experimental methods such as X-ray crystallography and
NMR spectroscopy can solve certain protein structures,
but the processes involved are cumbersome and time
consuming. This fact, combined with the necessity of
analyzing millions of protein sequences determined by
recent genomic projects, creates the need for efficient
computational prediction methods.

Many of the existing prediction methods incorporate
only sequence or local secondary structure information.
Recent methods are focusing on predicting distant residue
contacts in a protein, i.e., residue pairs that are distant in
protein primary structure, but proximal in its native
folded structure. Nonlocal, noncovalent interactions are
necessary for secondary structure elements to be packed in
a cohesive native structure, a structure that is favored
energetically over alternative conformations.1,2 Thus, pre-
diction of such proximal residues is useful for protein fold
prediction.3 Among the most promising of those methods is
the one that predicts residue contacts through occurrence
of correlated mutations.

The basic hypothesis founding the concept of correlated
mutations is that proximal residues tend to mutate in a
covariant fashion. When random mutations occur in the
genome of a living organism, the expressed proteins should
maintain or improve their function, as well as their
structural integrity. Otherwise, the living organism under-
going the mutation has fewer chances to survive in the
biosphere due to undermined protein properties. Thus,
when a residue playing a crucial role in the function or
structure of a protein randomly mutates, the proximal
residues are forced to compensate for the change by
undergoing mutations covariant to the first one.4

Correlated mutations analysis (CMA) has been ex-
ploited in various ways. It has been widely used for residue
contacts prediction of protein sequences. The predicted
residue contacts were used for the construction of contact
maps. Fariselli and coworkers3,5,6 used CMA-derived resi-
due pairs in neural networks for contact map prediction.
Olmea and coworkers7 combined information of CMA with
a variety of applications such as protein docking and
threading. CMA has also been used to identify functionally
important residues8 and residues involved in protein–
protein interactions.9 The most promising use of CMA
results is in protein folding predictions. Ortiz and cowork-
ers 10–12 used CMA-predicted proximal residue pairs
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which after enrichment were used as distant constraints
in Monte Carlo simulation. Overall, the method provides
useful information for protein structure prediction.

Previous CMA methods have largely used amino acid
substitution matrices for comparison of the protein resi-
dues and calculation of correlation scores. Those matrices
were created by utilization of statistical analysis on se-
quence data, currently known at that time. This however
could be a considerable setback for the predictive ability of
the method, because statistically derived information about
protein sequences is outdated with only but a minimum
passing of time. The recent estimate of sequence output by
genomic projects has grown to approximately 5.4 million
entries per year,13 which indicates the vast amount of
change in sequence information.

Efforts have also been made to incorporate residue
physicochemical properties for amino acid comparison.14,15

Still, only certain properties such as hydrophobicity, side
chain volume, and charge and polarity have been used,
and the contribution of those properties to the method’s
predicting ability is inconclusive. So far, the average
accuracy of residue contact prediction is low, less than
20%.5,16 Singer and coworkers16 have used structural
information from Protein Data Bank (PDB)17 to create a
contact likelihood matrix which can be used for contact
map prediction, but the average accuracy obtained is still
low, around 15%. Such low accuracy for predicted residue
contacts by CMA prohibits them for direct use in protein
fold prediction.7 Also, there has been no particular study
regarding CMA’s performance in different folds. Finally,
questions such as under what conditions CMA should be
implemented, and what the expected accuracy is for the
predictions have never been addressed in a systematic
manner.

In this paper, we investigate a new approach of corre-
lated mutation analysis (CMA) and its application toward
the prediction of distant residue contacts. Amino acid
property vectors based upon experimental physicochemi-
cal properties have been constructed and tested for residue
comparison. The predictive ability of the method is evalu-
ated for 127 different protein families taken from PFAM
database,18 representing all major classes and architec-
tures of CATH database.19 We also discuss the conditions
where CMA is expected to demonstrate highest accuracy
for proximal residue prediction.

MATERIALS AND METHODS
Creation of Amino Acid Physicochemical
Descriptors

The starting point of our method is the assignment of
physical and chemical properties to amino acid residues.
To do that, suitable amino acid physicochemical property
vectors were created. These vectors, which will be called
descriptors for the remainder of this work, are used for
residue similarity comparison. We expect the comparison
to be based on physicochemical properties, such as hydro-
phobicity, size, and residue charge. Additionally, applica-
tion of the descriptors for residue comparison could pro-
vide us with an insight into the conditions for residue

mutations and their influence on protein structure and
function. Moreover, the simple forms of the descriptors
make the entire method robust and easy to apply.

The AAindex database20 contains a large number of
experimental assignments, describing a large variety of
physical and chemical properties of the amino acids. From
these data, 142 experimental amino acid properties were
manually extracted, excluding all empirically derived pro-
pensities of amino acids. In order to distinguish the
important data, separate them and finally construct the
descriptor vectors, we applied Principal Component Analy-
sis21 (PCA) on the selected set of properties. PCA reduces
the dimensionality of a given set of data, and produces a
new set of principal components, which account for the
largest variation of the original data. It takes linear
combinations of the data such that the first principal
component accounts for the maximum variation, the sec-
ond principal component has the next highest variation
subject to being orthogonal to the first, and so on. JMP22

statistical software package has been utilized on the set of
experimental properties, previously normalized so that
their mean value and standard deviation be zero and one
respectively. Ninteen principal components were created
that account for 99.99% of the variance in the dataset. The
first three account for 72.3% of the experimental data
variation. With the use of only three principal component
vectors, shown in Table I, the entire original data set of
properties is described with an approximate 28% loss of
variation, thus the dimensionality of the original data is
significantly reduced. The first principal component,
PRIN1, which solely accounts for 44% of the data varia-
tion, has a strong correlation to hydrophobicity properties.
The second component, PRIN2 is correlated to residue
size. Finally the third component, PRIN3 is correlated to
pkN values of the amino acids.

TABLE I. The First Three Principal
Component Descriptors

Amino acids PRIN1 PRIN2 PRIN3

A �1.0169 �7.9863 0.7662
R �8.4267 10.1801 0.7834
N �8.0017 0.3275 �2.4554
D �10.2708 �0.3838 �2.7082
C 5.7345 �3.3045 �8.1438
Q �7.3957 2.5179 �0.9235
E �8.8179 1.4271 �1.3474
G �4.6415 �10.7191 1.7519
H �0.9279 3.3268 �2.2375
I 11.1181 �1.9529 1.8220
L 9.3995 �1.5643 1.8902
K �8.5038 7.2728 3.8666
M 7.8783 0.3062 �2.5638
F 11.5142 2.6570 �0.4756
P �1.3637 �3.4392 8.9967
S �6.5985 �5.2529 �1.1304
T �4.0894 �3.3886 0.1740
W 11.9190 7.9189 1.2488
Y 4.7959 6.3255 0.0512
V 7.6950 �4.2680 0.6346
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Application of CMA: Evaluation of Correlation
Coefficients

Following previous works4,7,8,10,15,16,23 we calculated
correlation coefficients Cij between pairs of positions (i)
and (j) in a multiple sequence alignment (MSA). The
absolute magnitude of the correlation coefficient character-
izes the amount of covariant mutation of the amino acid
residues located in the MSA column positions. An illustra-
tion of the application of CMA is shown in Figure 1. In our
approach, each residue in an MSA position was substi-
tuted with its corresponding physicochemical property,
taken from the property descriptor used for the residue
comparison. For the gaps, the mean value of the descriptor
for all twenty amino acids was calculated and assigned.
Also, positions in the MSA with more than 10% gaps were
omitted from the calculations.

The mean value and standard deviation for all column
positions were calculated. Finally, correlation coefficients
between two MSA positions are calculated with the use of
a simple Pearson product moment correlation formula
(shown in Equation 1).

Cij �
1

NMSA
�
k�1

NMSA �qi
k � mi��qj

k � mj�

�vari�varj
(1)

Where :

● cij: The correlation coefficient between positions (i)
and (j).

● qi
k, qj

k : The values of the descriptor chosen for the
aminoacids in the (i) and (j) position, for the protein
sequence k.

● mi, mj: The mean values of the descriptor for the
positions (i) and (j).

● vari, varj : The variances of the descriptor for the
positions (i) and (j).

● NMSA: The number of sequences in the MSA.

The term
�qi

k � mi�

�vari
is related to the relative deviation of

the physicochemical property qi
k for each residue at posi-

tion (i) from the mean value mi, normalized by the
standard deviation �vari. The total sum of the products of
relative deviations between two MSA positions (i) and (j)
indicates the mutation covariance between the two posi-
tions.

In this work, the magnitude rather than the sign of the
correlation coefficient is considered to be indicative of the
covariance between two positions. When a covariant muta-
tion occurs, the properties of two interacting positions may
simultaneously be reduced or increased, resulting in a
positive correlation coefficient for this property. The posi-
tions however might undergo such mutation, that the
property of one increases while the other decreases, so that
the average value of this property in the two-residue
cluster remains the same. In this case, a negative correla-
tion coefficient occurs. The hypothesis behind CMA is that
both cases are the result of interactions between proximal
residues. We expect distant residues to have low magni-

Fig. 1. Illustration of the calculation of the correlation coefficients. This example is taken from the
Kunitz_legume multiple sequence alignment. The names of each protein sequence are stated at the far left of
the illustration. The additional word “MODEL” has been added to the target protein, which is the first sequence
of the MSA. Positions (i) and (j) of the MSA are taken, and each amino acid is replaced by its corresponding
value of the descriptor. For this example, descriptor PRIN1 is used.
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tude of correlation coefficients, which allows us to separate
them from the proximal ones.

Multiple Sequence Alignments

All available multiple sequence alignments (MSA) were
taken from the PFAM protein family database, release
12.0, January 2004. This choice was made because PFAM
is considered to be state of the art database of protein
families.

Each chosen PFAM MSA contains at least one protein
sequence of known structure. CMA does not require a
protein of known structure to be applied. However, this
protein’s atom coordinates would be the experimental
reference with which the theoretical results from CMA are
compared and evaluated. The corresponding atom coordi-
nates of the target proteins for each family are obtained
from the PDB databank, and checked for possible inconsis-
tencies. In terms of inconsistencies, we refer to cases
where several atom coordinates could not be experimen-
tally obtained; therefore they were not reported and stored
into the PDB file.

The multiple sequence alignments were chosen in such a
way that all major protein architectures described in the
CATH classification database were well represented. The
actual choice of the families and therefore the alignments
was arbitrary, because the entire range of protein folds in
CATH could not be covered in its entirety. Major difficul-
ties such as inconsistencies in the PDB files of certain
families, the small number of protein sequences aligned,
and the partial inclusion of the target protein’s sequence in
the MSA prohibited us from performing CMA on all folds
in CATH. The goal was to cover all major architectures of
CATH with a sufficient amount of families, so that the
results obtained would provide us with a clear picture as to
how the CMA method behaves in different folds. Eventu-
ally 127 families were chosen. From the mainly alpha
class, 16 orthogonal bundles, 14 up-down bundles, two
barrels and one solenoid architecture proteins have been
chosen, a total of 33 mainly alpha protein families. From
the mainly beta class, nine sandwiches, three distorted
sandwiches, three beta ribbons, three beta rolls, six beta
barrels, two trefoils, one beta aligned prism, one beta
orthogonal prism, one three-layer sandwich, four prope-
lors, one beta solenoid and two beta complex architecture
proteins are chosen, a total of 39 mainly beta protein
families. From the alpha-beta class, five rolls, one super
roll, seven barrels, 12 two-layer sandwiches, 11 aba three-
layer sandwiches, two bba three-layer sandwiches and
eight alpha–beta complex architecture proteins are cho-
sen, a total of 46 alpha–beta protein families. Finally, nine
unclassified–irregular architecture proteins, a total of
nine complex–unclassified protein families were chosen.

Filtering of Multiple Sequence Alignments

When families are created and added in the PFAM
database, they contain a large number of distant homolog
proteins, which may not be structurally similar to the
target protein. Also, plenty of the listed protein sequences
may be highly homologous to each other, thus the evolution-

ary information corresponding to these sequence sets is
redundant. To avoid using redundant or structurally incom-
patible information in CMA, filtering of the MSA is
required to clear out the undesirable sequences.

Obtaining a filtered multiple sequence alignment with a
sufficient number of sequences in it so that CMA can be
performed is straightforward. All filtering steps should use
the default threshold values, so that the final MSA should
contain at least 25 sequences. Studied families where
filtering gives a MSA containing less than 25 sequences
should not be used for CMA since the expected accuracy is
very low.

The filtering involves three steps:

1. In the first step, all protein sequences containing more
that 50% gaps when aligned in the MSA, were excluded.
PFAM alignments often contain small parts of protein
sequences with considerably smaller numbers of resi-
dues than the target protein. These parts are intro-
duced into the MSA with a large amount of gaps filling
the remaining aligned space. We consider those small
entries to provide false structural information to CMA,
because we expect their nonaligned, larger parts of
these sequences (which are not included in the MSA) to
be of considerably different structure and function
compared to the remaining sequences in the MSA. For a
few MSAs a strict gap threshold value eliminates a
fairly large number of sequences, leaving us with less
than 25 sequences. In these cases, the less strict value
of 60% has been used.

2. The second step is the exclusion of sequences with
sequence identity to the target protein less than a
certain threshold value. This threshold varies and
depends upon the protein family that is applied. The
threshold should be such that the number of the
remaining sequences should be sufficiently large for
CMA application, i.e., larger than 25. We find that
sequence identity threshold of 20% is the most suitable
for the filtering process. Again, only in a few cases a
different sequence identity threshold has been used.

3. The final filtering step involves the identification and
omission of very distant homologs of the target protein,
and the sequences containing redundant evolutionary
information. The starting point of this procedure is the
calculation of the evolutionary distance between the
target protein and the remaining proteins in the MSA.
The Gonnet amino acid substitution matrix24 had been
used for the calculation of log odd similarity scores.

The evolutionary distance between target protein and
any sequence included in the MSA is calculated as follows:

ed�i,tp� � �1 �
log odd score�i,tp�

log odd score�tp,tp�i
� � 100 (2a)

log odd score�i,tp� � �
k�1

alignment size

subst��aai�k,�aatp�k� (2b)
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log odd score�tp,tp�i � �
k�1

alignment size

subst��aatp�k,�aatp�k� (2c)

Where:

● ed�i,tp� is the evolutionary distance between protein
sequence (i) and the target protein (tp)

● log odd score�i,tp� is the log odd score of sequence (i) if
it mutates into the target protein

● log odd score�tp,tp�i is the log odd score of the target
protein if it mutates into itself

● �aatp�k is the amino acid of the target protein at the
alignment position k

● �aai�k is the amino acid of sequence (i) at the align-
ment position k

● subst�aa1,aa2� is the value of the Gonnet substitution
matrix for the mutation of aa1 amino acid, into the aa2

amino acid

Positions containing gaps were ignored in the calcula-
tions. This means the parameter k for Equations 2b and 2c
runs for all the positions in the MSA which contain no gaps
for both the target protein as well as for the currently
chosen sequence (i). It should be mentioned that
log odd score�tp,tp�i differs for different sequences (i) be-
cause of the different gap distribution between the target
protein and each sequence entry (i) in the MSA. This is
shown in the example illustrated in Figure 2.

Protein sequences having an evolutionary distance to
the target protein greater or equal to 90 were omitted from
calculations of CMA, because they were considered to be
evolutionarily very distant.

The same procedure is followed for the omission of MSA
sequences containing redundant information. The average
evolutionary distance of all pair combinations of sequences
is calculated, using Equations 3a and 3b.

ed�i,j� � �1 �
log odd score�i,j�
log odd score�j,j�� � 100 (3a)

�ed�i,j�� �
ed�i,j� � ed�j,i�

2 (3b)

When a sequence pair (i, j) has an evolutionary distance
score equal or lower to a threshold value of 5, then
sequence (j) is omitted from the calculation of CMA. Again,
the value of the threshold depends solely upon the tested
family, and should be such that a sufficiently large number
of protein sequences remains for CMA application. Con-
cerning the last two steps, the filtering process is less
sensitive to the value of the evolutionary distance thresh-
old. The vast majority of the sequences in PFAM MSAs are
very distant to each other, and a threshold value of 5 is
sufficient to eliminate all evolutionary redundant se-
quences. A less strict value of 4 or 3 for the evolutionary
threshold is applied only in a few extreme cases, when the
final number of sequences after the first three filtering
steps is very small.

Residue Contact Distances

Residue distances for the target protein are required for
the evaluation of the predictive ability of CMA. The
distance between two residues can be defined in different
ways. In this work, four types of distances are being
investigated: C	 distances, C
 distances, distances be-
tween residue centers of mass and finally the residues
minimum distance between residues. All mentioned dis-
tances for the target protein were calculated from the
coordinates reported in its corresponding PDB file. Hydro-
gen atoms have been omitted from the calculations.

RESULTS AND DISCUSSION
Correlation Coefficient Cutoff and Accuracy of
CMA

As stated in previous works, residue pairs showing high
covariant mutation tend to be proximal. Following the
example of Goebel et al., Fariselli et al., Olmea et al., and
Ortiz et al.,3,4,7,10,11 an arbitrary positive cutoff value for
the correlation coefficient has been defined. Residue pairs
having an absolute value of correlation coefficient equal or
larger to the cutoff value are predicted to be proximal.

Looking at the structures of proteins, pairs of residues
separated from each other with eight or more consecutive
residues, whose distance in the tertiary structure is equal
or less than a threshold value of 6 Å, are considered to be
proximal. Pairs of residues that are less than eight consecu-
tive residues are omitted from the calculations. CMA was
applied to 127 families shown in Table II–V. With the use
of the first three descriptors shown in Table I, CMA is
evaluated by comparing the predictions with the actual
experimental data of the target protein for each family.

The accuracy (acc) of CMA for a certain cc cutoff is
calculated as follows:

acc �
TP

TP � FP (4)

Where TP is the number of truly proximal residue pairs
predicted to be in contact and FP is the number of falsely
proximal residues predicted to be in contact by CMA.

Changing the cutoff value, the number of pairs for each
category changes, thus accuracy is affected. In order to
investigate the dependence of accuracy and the number of

Fig. 2. An example of calculating evolutionary distances log odd
score(tp, tp)i. Target protein has gaps at position 4,7,8, while se-
quence 1 has only one gap at position 3 and sequence 2 has no gaps.
For the calculation of log odd score(tp, tp)1, which corresponds to
sequence 1, positions 3, 4, 7, and 8 are omitted, while for odd
score(tp)2f, which corresponds to sequence 2, position 3 is included
in the calculations, since there is no gap. Therefore:
log odd score�tp,tp�1 � log odd score�tp,tp�2.
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predicted pairs on the cc cutoff, accuracy plots were
created. The true positive and false positive pairs are
identified for a varying cc cutoff. Then the accuracy acc and
the total number of predicted pairs Npairs are plotted
against the cc cutoff.

Accuracy Plots, Minimum Distance, Number of
Predicted Contacts

Increasing the cc cutoff and selecting the residue pairs
with higher or equal to the cc cutoff absolute value of
correlation coefficient, we enrich our selection with proxi-
mal pairs. This happens for all four different residue
distances, for all three descriptors, as it was expected since
previous research has shown an increase of contact predic-
tions by increasing cc cutoff. However, accuracy results
show that from all four different residue distance defini-

tions, the minimum distance is the one that gives the
highest accuracy results. This is illustrated in Figure 3 for
the protein target 1JUL of the IGPS family.

An increase of the cc cutoff positively affects the ac-
curacy of the predicted pairs. The tradeoff however for
the increase of the accuracy is the dramatic decrease of
the number of the predicted pairs, as illustrated in
Figure 4.

Accuracy and Improvement Over Random
Accuracy for Different Folds

For each family of the set of the 127 families, the
improvement over random accuracy (IOR) was calculated.
As random accuracy, we refer to the fraction of the residue
pairs of a protein sequence at least eight residues apart,
which are proximal in its tertiary structure. The improve-

TABLE II. Performance of CMA for Mainly Alpha Families

Family namea
PDBb

ID
Aligned
lengthc

PRIN1 PRIN3

cc cutoffd Acce Nf IORg cc cutoff Acc N IOR

IRF 1IF1 105 0.65 0.3 10 2.25 0.55 0.1429 7 1.0714
HTH_8 1FIP 41 0.25 0.4286 7 2.7836 0.2 0.4444 18 2.8867
Arg_repressor 1AOY 71 0.65 0.2857 7 4.06 0.65 0.18 11 2.58
ACBP 1ACA 85 0.5 0.1875 16 3 0.5 0.2105 19 3.38
FE_DEP_REPR_C 2TDX 71 0.5 0.2143 14 3.72 0.45 0.2143 14 3.72
PEP-utilisers_N 1ZYM 125 0.5 0.1333 15 7.065 0.5 0.067 15 3.5327
Endotoxin_N 1JI6 226 0.7 0.1 10 4.75 0.6 0.22 9 10.55
Bcl-2 1LXL 99 0.5 0.1538 13 3.59 0.6 0.14 7 3.33
Ribosomal_S7 1RSS 135 0.8 0.1 20 2.87 0.55 0.055 36 1.6
ribonuc_red_sm 1R2F 276 0.85 0.22 27 11.63 0.85 0.1951 41 10.21
Phenol_Hydrox 1MTY 228 0.95 0.0346 231 1.53 0.95 0.0278 180 1.2293
Cytochrom_C_2 1BBH 126 0.65 0.1471 34 5.03 0.6 0.09 44 3.11
Phospholip_A2_1 1BUN 119 0.7 0.1429 42 3.02 0.75 0.2414 29 5.11
TarH 1VSL 136 0.95 0.1351 37 4.72 0.85 0.0989 91 3.45
ATP-cone 1R1R 85 0.75 0.1538 13 3.5632 0.6 0.909 11 2.1
ATP-synt_ab_C 1BMF 105 0.7 0.058 17 1.84 0.55 0.0357 28 1.11
Interferon 1AU1 166 0.8 0 7 0 0.65 0.0385 14 1.3214
Photo_RC 1QOV 258 0.9 0.0312 32 2.1 0.8 0.0429 70 2.88
Hormone_recep 1FCY 181 0.5 0.0357 28 1.36 0.5 0 8 0
LYASE_1 1FUP 331 0.8 0.1538 13 10.69 0.8 0.1313 30 9.27
Glyco_hydro_8 1CEM 354 0.9 0.0556 18 2.95 0.9 0.083 12 4.43
Glyco_hydro_9 1TFU 436 0.95 0.0619 291 3.8079 0.95 0.0984 122 6.0552
PCP 1PPR 146 0.9 0 16 0 0.9 0.0769 13 4.8707
ATP-synt_DE 1AQT 45 0.5 0.125 8 1.6799 0.4 0.2 15 2.6878
Chorismate_mut 1ECM 85 0.5 0 13 0 0.35 0 36 0
Acyl_CoA_dh 1IVH 150 0.4 0.1429 28 5.2016 0.4 0.1333 15 4.8548
COX3 2OCC 256 0.6 0.2143 14 5.2878 0.6 0.1 10 2.4676
ATP-synt_C 1A91 70 0.5 0.1538 13 3.1476 0.4 0 11 0
PARP_reg 1A26 134 0.95 0.2222 9 8.4902 0.65 0.0536 56 2.0467
HMG_box 1QRV 67 0.25 0.1111 54 4.0037 0.25 0.069 58 2.485
CheR_N 1AF7 57 0.45 0.2222 9 4.8611 0.45 0.2 10 4.375
RGS 1AGR 114 0.55 0.3 10 4.503 0.45 0.4444 9 6.6711
Gag_p17 1HIW 115 0.7 0.1429 7 3.8798 0.55 0 11 0
aThe PFAM name.
bThe PDB ID name of the target protein, used for the predicting ability of CMA.
cThe size of the target protein sequence, aligned in the MSA.
dThe correlation coefficient cutoff where improvement over random is maximum and additionally the number of predictions is minimum seven
pairs.
eAccuracy.
fNumber of predictions.
gImprovement over random accuracy.
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ment over random accuracy is therefore simply the ratio of
the obtained accuracy for each cc cutoff, over random
accuracy. For all but a few of the protein families tested,
regardless of the size and the fold of their target protein,
both accuracy and IOR increase when cc cutoff increases.

Not all folds demonstrate similar behavior in CMA. The
cc cutoff used for the predictions was chosen so that the
highest IOR is achieved, when at the same time CMA
predicts at least seven pairs. These cc cutoff values and
IOR are shown in Tables II–V. IOR and accuracy obtain
very high values at high cc cutoff of around 0.8–0.9.

However, as we stated above, the number of predicted
contacts is very low at this cc threshold.

It is noted that there are families such as Phenol_Hy-
drox, Glyco_hydro_9, Xylose_isom, HCV_NS3 and
NEUR, for which CMA predicts a very large number of
residue contacts, and influence the average number of
predictions and the standard deviation to higher num-
bers. A typical number of predictions for the rest of the
families is, in actuality, around 20. No apparent connec-
tion between accuracy or IOR and the size of the fold
was detected. The accuracy however is dependent upon

TABLE III. Performance of CMA for Mainly Beta Families

Family namea
PDBb

ID
Aligned
lengthc

PRIN1 PRIN3

cc cutoffd Acce Nf IORg cc cutoff Acc N IOR

Crystall 1PRR 82 0.6 0.1818 11 1.9331 0.65 0.2857 7 3.0377
Dioxygenase_C 3PCG 167 0.4 0.1 10 2.1588 0.35 0.0769 13 1.6606
F5_F8_type_C 1GOF 129 0.55 0.3 10 3.9704 0.35 0.1538 13 2.0361
Polyoma_coat 1VPS 285 0.95 0.0388 103 1.4904 0.95 0.0227 88 0.8721
RHD 2RAM 166 0.95 0.2857 7 5.4906 0.9 0.2727 11 5.241
P53 1TSR 196 0.95 0.0791 139 2.1068 0.95 0.0729 96 1.9412
Gal-bind_lectin 1IS6 133 0.5 0.375 16 5.5349 0.45 0.1 10 1.476
Glyco_hydro_11 1C5H 184 0.8 0.2222 9 4.7965 0.7 0.25 16 5.3961
Sod_Cu 1ESO 143 0.55 0 7 0 0.55 0 14 0
Glyco_hydro_7 1CEL 431 0.95 0.061 82 3.0111 0.95 0.1077 65 5.3181
Cu_amine_oxid 1AV4 414 0.95 0.1818 22 9.2918 0.9 0.2 20 10.221
PTS_EIIA_1 1F3Z 105 0.6 0.1875 16 2.6231 0.5 0.3571 14 4.9963
UPAR_LY6 1CDQ 71 0.65 0.1429 7 1.3238 0.55 0.3636 11 3.3697
Urease_beta 1A5M 100 0.75 0.125 8 2.0369 0.55 0.125 32 2.0369
PDGF 1PDG 84 0.9 0.2222 9 2.5829 0.95 0.2222 9 2.5829
PDZ 1IU0 85 0.2 0.2222 9 2.9921 0.15 0.125 8 1.683
PH 2DYN 106 0.5 0.5455 11 7.1059 0.4 0.0909 11 1.1843
CAT_RBD 1AUU 55 0.55 0.1667 6 1.3737 0.45 0.3333 9 2.7475
Serpin 1ATU 371 0.75 0.2727 11 8.6224 0.5 0.3333 9 10.5385
Ribosomal_S8 1AN7 135 0.6 0.1667 12 1.4987 0.55 0.2222 9 1.9983
SH3 1BBZ 56 0.15 0.4688 32 3.7158 0.15 0.2 15 1.5854
Glyco_hydro_45 2ENG 199 0.9 0.1013 79 1.7 0.95 0.1 60 1.6788
HCV_NS3 1A1R 149 0.95 0.0645 186 1.3264 0.95 0.0818 159 1.6809
Kringle 1KDU 80 0.65 0.1765 17 1.6906 0.65 0.2 10 1.916
SNase 2SNS 134 0.45 0.2 15 3.0407 0.45 0.2857 7 4.3438
Ribosomal_L14 1WHI 122 0.55 0.0938 64 1.5108 0.5 0.0727 55 1.172
Pro_isomerase 1OCA 158 0.65 0.2308 13 4.039 0.5 0.4 20 7.0009
Kunitz_legume 1FMZ 172 0.7 0.3125 16 5.1234 0.55 0.625 8 10.2469
IL1 6I1B 143 0.7 0.3333 24 5.0198 0.8 0.2727 11 4.1071
Jacalin 1JAC 133 0.55 0.1333 15 2.0806 0.5 0.1333 15 2.0806
B_lectin 1JPC 107 0.8 0.3 10 4.413 0.65 0.1 20 1.471
Rieske 1RIE 93 0.5 0.3333 9 3.7136 0.5 0.4286 7 4.7746
PQQ 1H4I 38 0.35 0.125 8 0.7466 0.3 0.3636 11 2.172
NEUR 1MWE 385 0.95 0.1219 361 4.6325 0.95 0.1573 267 5.9788
Peptidase_S9 1QFS 81 0.65 0.2727 11 6.7386 0.4 0.1333 15 3.2944
Cytochrom_D1 1NIR 395 0.8 0.2 5 4.1519 0.8 0.2222 9 4.6132
Pec_lyase_C 1AIR 209 0.75 0.4 10 9.2211 0.7 0.1818 11 4.1914
Topoisom_I_N 1OIS 219 0.95 0.2 70 7.7696 0.95 0.2941 34 11.4259
Hom_end_hint 1VDE 177 0.85 0.1111 9 0.7646 0.8 0.1667 6 1.1469
aThe PFAM name.
bThe PDB ID name of the target protein, used for the predicting ability of CMA.
cThe size of the target protein sequence, aligned in the MSA.
dThe correlation coefficient cutoff where improvement over random is maximum and additionally the number of predictions is minimum seven
pairs.
eAccuracy.
fNumber of predictions.
gImprovement over random accuracy.
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the random accuracy of the particular family. Random
accuracy could vary from low values of only 1.5% to high
values of 15%, and it is solely dependent upon the
particular fold of the target protein. Larger folds tend to
have lower random accuracies. Therefore, even though

CMA increases IOR up to approximately four times for
these families, the final accuracy obtained is low com-
pared to other smaller folds. Of the 127 protein families,
Chorismate_mut, Sod_cu and Crystatin families were
the only ones which completely failed to give any good

TABLE IV. Performance of CMA for Alpha–Beta Families

Family namea
PDB
IDb

Aligned
lengthc

PRIN1 PRIN3

cc cutoffd Acce Nf IORg cc cutoff Acc N IOR

Fer2 1FRD 77 0.35 0.4286 7 5.5934 0.25 0.0909 11 1.1865
IF3_N 1TIF 75 0.7 0.125 8 1.8702 0.55 0.125 8 1.8702
QRPTase_C 1QAP 96 0.65 0.0167 60 0.5359 0.7 0.125 16 4.0189
Cyt-b5 1B5M 75 0.4 0.2 10 2.9986 0.35 0.125 8 1.8741
Carb_anhydrase 1DMX 236 0.8 0.4375 16 11.2559 0.7 0.6364 11 16.3722
LBP_BPI_CETP 1BP1 177 0.7 0.2727 11 6.6479 0.6 0.1818 11 4.432
Aminotran_4 3DAA 268 0.7 0.125 8 4.8777 0.6 0.125 8 4.8777
Pterin_bind 1AD4 186 0.8 0.5714 7 18.4796 0.65 0.2727 11 8.8198
TIM 1YDV 246 0.7 0.1429 21 4.2987 0.45 0.2 55 6.0181
Enolase_C 1ONE 292 0.8 0.5238 21 15.9043 0.75 0.5 12 15.1813
Xylose_isom 1CLK 378 0.95 0.1056 161 7.3339 0.95 0.0882 102 6.1285
Crystatin 1CEW 161 0.45 0.0526 19 0.6468 0.35 0.04 75 0.4916
Potato_inhibit 1CSE 63 0.65 0.2857 7 2.7867 0.65 0.1429 7 1.3934
2-oxoacid_dh 1EAF 232 0.65 0.0568 88 2.2922 0.8 0.1429 7 5.7633
Thymidylat_synt 1TYS 264 0.9 0.2143 14 8.3956 0.9 0.3333 9 13.0598
zf-C4 1GLU 74 0.75 0.5556 9 8.4132 0.75 0.5 8 7.5719
Thionin 1BHP 45 0.5 0.2143 14 1.6378 0.65 0.2857 7 2.1837
Ribosomal_S6 1RIS 92 0.55 0.5 8 7.3692 0.55 0.1429 7 2.1055
Acyl_transf_1 1MLA 303 0.5 0.075 40 3.4406 0.45 0.1176 34 5.397
PPV_E2_C 1DBD 81 0.75 0.2 10 3.5917 0.65 0.1111 9 1.9954
GAF 1F5M 81 0.65 0.4375 16 5.3395 0.7 0.4615 13 5.6329
Hexokinase_1 1DGK 206 0.95 0.375 8 16.0294 0.85 0.625 8 26.7157
Asparaginase_2 1APY 161 0.7 0.2222 9 6.1927 0.65 0.0909 11 2.5334
Inositol_P 1DK4 252 0.6 0.4615 13 13.748 0.45 0.2143 28 6.383
SCP 1QNX 144 0.75 0.4286 7 7.7109 0.7 0.4286 7 7.7109
IGPS 1JUL 245 0.8 0.3824 34 10.1287 0.8 0.375 8 9.934
PAN 2HGF 91 0.35 0.625 8 5.9128 0.35 0.375 8 3.5477
GMC_oxred_N 1GAL 304 0.85 0.25 16 11.7081 0.85 0.3 10 14.0497
Hist_deacetyl 1C3P 313 0.95 0.1875 32 5.0871 0.9 0.2121 33 5.7551
Ribosomal_L9_N 1DIV 52 0.5 0.25 8 2.7074 0.45 0.375 8 4.0611
PTSIIB_sorb 1BLE 151 0.65 0.0476 21 1.2763 0.7 0.1429 7 3.8289
Dala_Dala_lig_N 1IOW 93 0.9 0.3333 9 5.4444 0.55 0.1875 16 3.0625
NAD_binding_1 2PIA 101 0.35 0.1111 18 2.0461 0.4 0.1429 7 2.6307
CoA_binding 2SCU 112 0.7 0.3333 18 6.9061 0.55 0.069 29 1.4289
VWA 1LFA 172 0.6 0.2308 13 3.8024 0.45 0.0625 48 1.0298
CheR 1AF7 192 0.6 0.2 10 5.8029 0.45 0.0645 31 1.8719
OTCace 1A1S 158 0.85 0.2857 7 7.752 0.75 0.2857 7 7.752
Xlink 1TSG 93 0.7 0.3 10 3.7157 0.6 0.1429 21 1.7694
Pep_deformylase 1DEF 146 0.6 0.1 10 1.8331 0.65 0.4286 7 7.856
Mur_ligase 1UAG 250 0.65 0.1667 18 6.8094 0.5 0.2222 9 9.0792
Pyrophosphatase 1YPP 185 0.8 0.1579 19 3.7665 0.8 0.1667 12 3.9758
Ldh_1_C 1MLD 165 0.8 0.1 10 2.8281 0.7 0.3 10 8.4842
Y_phosphatase 1YTN 238 0.65 0.2609 23 7.517 0.5 0.1538 13 4.4331
Fibrinogen_C 1FIB 241 0.85 0.3846 13 10.4548 0.75 0.2727 11 7.4134
ECH 1DUB 167 0.35 0.3529 17 9.1087 0.3 0.2222 9 5.7351
IU_nuc_hydro 1MAS 310 0.7 0.2857 7 13.0006 0.65 0.25 8 11.3755
aThe PFAM name.
bThe PDB ID name of the target protein, used for the predicting ability of CMA.
cThe size of the target protein sequence, aligned in the MSA.
dThe correlation coefficient cutoff where improvement over random is maximum and additionally the number of predictions is minimum seven
pairs.
eAccuracy.
fNumber of predictions.
gImprovement over random accuracy.
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prediction with PRIN1 or PRIN3. The majority of the
families give good results with both descriptors, and
finally few families tend to give poor predictions with
one descriptor but good predictions with the other one.
Those cases need further study, because the mutational
behavior could imply functional or structural impor-
tance.

The alpha-beta class of proteins gave the best predic-
tions for both predictors with an average accuracy of
26.8% for PRIN1 and a slightly smaller accuracy of
23.6% for PRIN3. Therefore, there is an indication that
alpha– beta proteins undergo more covariant mutations
than the other classes. The predictions for the mainly
alpha class are relatively poor, with an average accu-

racy of around 15% for both predictors, while mainly
beta class gives better accuracy of around 20%. Also, the
Irregular– unassigned proteins gave good predictions of
around 20% for PRIN1 and 16.5% for PRIN3, even
though the actual number of families used prohibits us
from deriving valuable conclusions.

All average values and standard deviations are summa-
rized in Table VI. From this table we also observe that all
predictions had maximum IOR when a cc cutoff of around
0.65 is used for PRIN1 and around 0.61 for PRIN3.
Therefore we conclude that pairs of residues with a
correlation coefficient larger than 0.60, show a strong
covariant mutation signal, and a cc cutoff not smaller than
0.60 should be used for CMA predictions. Larger cc cutoff
would give higher accuracies than those presented in
Table VI, but the number of predictions would also be
much smaller.

Decreasing the necessary minimum number of pre-
dicted pairs from seven to three (thus increasing the cc
cutoff), greatly increases accuracy and IOR. For the
alpha– beta class families studied, this decrease re-
sulted in a considerable increase of average accuracy to
38.76% and average IOR to 8.7, for an average cc cutoff

TABLE V. Performance of CMA for Unclassified–Irregular Families

Family Namea
PDB
IDb

Aligned
lengthc

PRIN1 PRIN3

cc cutoffd Acce Nf IORg cc cutoff Acc N IOR

ketoacyl-synt 1DD8 246 0.55 0.0833 36 2.9783 0.4 0.0299 134 1.0668
Gln-synt_C 2GLS 282 0.85 0.3333 15 10.0617 0.65 0.2667 15 8.0493
Glu_synthase 1EA0 369 0.85 0.1594 207 8.3268 0.8 0.092 87 4.8029
Disintegrin 2ECH 45 0.4 0.7647 17 4.6238 0.4 0.5 10 3.0233
COX6C 2OCC 73 0.95 0.0333 90 4.2157 0.7 0.005 201 0.6292
Antifreeze 1GZI 58 0.55 0.1538 13 1.0631 0.65 0.125 8 0.8638
LHC 1KZU 41 0.65 0.0357 28 1.9107 0.5 0.0556 18 2.9722
CDI 1JSU 51 0.65 0.1 10 2.875 0.65 0.1667 6 4.7917
Bac_DNA_binding 1IHF 90 0.4 0.1176 34 2.8729 0.55 0.25 4 6.1048
aThe PFAM name.
bThe PDB ID name of the target protein, used for the predicting ability of CMA.
cThe size of the target protein sequence, aligned in the MSA.
dThe correlation coefficient cutoff where improvement over random is maximum and additionally the number of predictions is minimum seven
pairs.
eAccuracy.
fNumber of predictions.
gImprovement over random accuracy.

Fig. 3. Accuracy results for IGPS family. The C	 distances illustrated
in A, C
 distances in B and center of mass distances in C, give a weak
prediction signal, even though accuracy increases with an increase of cc
cutoff. The minimum distance of residue pairs however, shown in D, gives
a strong prediction signal and its accuracy for a cc cutoff above 0.6
surpasses the other ones for all three descriptors.

Fig. 4. Illustration of the decrease of predicted proximal pairs with the
increase of cc cutoff for IGPS family. For predictors PRIN1, shown in A
and PRIN3 shown in B, we observe an increase in accuracy, with a
simultaneous decrease in the number of predicted contacts. For a cc
cutoff of 0.8 where the accuracy is high for all demonstrated families, the
use of PRIN1 gives only 34 contacts. PRIN3 predicts even less pairs than
PRIN1, even though the obtained accuracy reaches similar values with
those of PRIN1.
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of 0.72. The drawback is that CMA predicts lower num-
ber of predicted proximal pairs, with an average of
16.59.

Validation Study

We randomly selected 100 protein families out of the
investigated set. We calculated the average cc cutoff for
maximum accuracy for all three descriptors of 0.85 for
PRIN1 and PRIN3 and 0.8 for PRIN2. Maximum average
accuracy for PRIN1 was 0.24, for PRIN2 0.24, and for
PRIN3 0.32. Using the rest (27 families) as a separate
testing set, we calculated an average accuracy of 0.22 for
PRIN1, 0.34 for PRIN2, and 0.29 for PRIN3, at the same cc
cutoffs found from the training set. The 27 testing set
consisted of the following families: 2-oxoacid_dh, ATP-
synt_C, cox3, cu_amine_oxid, cyt-b5, dioxygenase_C, ech,
fibrinogen_c, gln-synt, glyko_hydro_8, hcv_ns3, hist-
_deacetyl, hom_end_hint, hormone_rec_c, hth_8, irf, keto-
acyl_synt, kunitz_legume, mur_ligase, pdfg, ppv_e2_c, pro-
isomerase, pts_EIIA_1, pyrophosphatase, ribonuc_red_sm,
ribosomal_L14, y_phosphatase. We observe that PRIN1
and PRIN3 had average accuracies very close to those of
the training set, while for PRIN2 a much higher average
accuracy has obtained.

We conclude that the predictions of PRIN1 and PRIN3
are more reliable than PRIN2, and further studies should
be done to explain the predictive behavior of PRIN2.

Performance of the PCA Descriptors

Figures 5 to 7 show the average accuracy obtained for
different cc cutoffs for sets of proteins of different class,
with the first three principal components being used as
property descriptors. It is clearly shown that all three
descriptors show similar behavior in terms of its predictive
ability. The average accuracy increases with the increase
of the cc cutoff, and all predictors reach high accuracy
above the value of 0.20, for all protein classes. However,
many key differences of their performance should be
noted.

The important conclusion from these figures is that
PRIN1, which as stated earlier is related to hydropho-
bicity, provides the most reliable results. This is due to
the fact that PRIN1 gives in general the largest number
of predictions compared to PRIN2 and PRIN3, with

equally high accuracy compared to the other two de-
scriptors. The average number of predictions for a
cc_cutoff of 0.8 is 102.96 for PRIN1, 90.57 for PRIN2
and 74.54 for PRIN3. From Figure 5 we also observe
that for the set of mainly alpha proteins PRIN2 and
PRIN3 provide very poor predictions compared to
PRIN1. This could be an indication that hydrophobicity
is very important when correlated mutations occur be-
tween helices. Predictions from PRIN2 are also impor-
tant for alpha– beta and mainly beta proteins. PRIN3
provides a much lower number of predictions although
highly accurate for large cc cutoffs. It has also been
observed (results not shown) that a substantial number
of true-positive predictions from PRIN2 tend to be the
same with PRIN1 for a large number of tested proteins.
This is not the case for PRIN3, which gives generally a
low number of predictions, but different from those of
PRIN1 and PRIN2. The reason behind the similarity of
the predictions between PRIN1 and PRIN2 is that even
though these descriptors are correlated to hydrophobic-
ity and size respectively, they may also share other
physical and chemical properties, from the original 142
property set that was used to create them.

TABLE VI. Average Performance of CMA for the Four Different CATH Classes of
Proteins

Class Accuracy IOR N-predictions CC Cutoff

PRIN1
Mainly Alpha 0.144 (SD0.097) 3.86 (SD2.63) 32.8 (SD60.39) 0.66 (SD0.20)
Mainly Beta 0.206 (SD0.118) 3.62 (SD2.42) 37.4 (SD66.34) 0.68 (SD0.21)
Alpha Beta 0.268 (SD0.153) 6.41 (SD4.23) 19.84 (SD25.56) 0.67 (SD0.16)
Irregular–Unclassified 0.197 (SD0.230) 4.32 (SD2.98) 50 (SD63.70) 0.65 (SD0.20)

PRIN3
Mainly Alpha 0.150 (SD0.174) 3.43 (SD2.71) 32.12 (SD37.38) 0.60 (SD0.19)
Mainly Beta 0.208 (SD0.128) 3.67 (SD2.88) 30.90 (SD49.69) 0.62 (SD0.23)
Alpha Beta 0.236 (SD0.147) 6.06 (SD4.92) 17.28 (SD18.82) 0.61 (SD0.17)
Irregular–Unclassified 0.165 (SD0.136) 3.59 (SD2.56) 53.66 (SD71.38) 0.65 (SD0.20)

Fig. 5. Average accuracy for all sets of mainly alpha proteins. The first
predictor Prin1 shows better predictions that the other two, for cc cut of
higher than 0.7.
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In general, the use of CMA with all three principal
components leads to highly accurate predictions when a
high cc cutoff is used. However, it must be noted that
not all proteins tested show the same prediction behav-
ior with any of those predictors. First, not all proteins
tested give high values of correlation coefficients. For
PRIN1, 40 protein families out of the total 127 tested,
did not give cc values larger than 0.8, and 64 families,
nearly half of the total set, did not have cc values larger
than 0.9. The conclusion is that when CMA gives high cc
values of above 0.7 for a protein family, the predictions
will have a high probability to be proximal. However, we
should not exclude the possibility that proteins having
low cc results may also provide highly accurate predic-
tions. That is the main reason that Tables II–V provide

a better description of CMA results for PRIN1 and
PRIN3, where families with low value cc’s are included,
rather than Figures 5 to 7.

Performance of CMA for Different Multiple
Sequence Alignments

When PFAM families undergo filtering, a considerable
amount of protein sequences are omitted from the calcula-
tion. The question that arises is whether omitted se-
quences influence the original PFAM MSA in such a way
that the accuracy of CMA is affected. To examine this case,
six families from each of the first three CATH classes have
been chosen, three of them showing very good performance
with CMA. After filtering, the remaining sequences of
those total 18 families were realigned with the use of
HMMER.25 The seeds for the original PFAM alignment
were used to create the HMM model necessary for the
creation of the new alignments. Then CMA was performed
again for the new sets of MSAs.

The protein families used for this examination were the
following: ACBP, Endotoxin_N, ribonuc_red_sm, Glyco_hy-
dro_8, Lyase_1, Chorismate_mut, RHD, PH, Pro_isomer-
ase, Dioxygenase_C, Sod_cu, Ribosomal_S8, QRPTase_c,
Thionine, Crystatin, Enolase_c, IGPS, CoA_binding. The
results for CMA showed that accuracy was virtually
unchanged for all tested families (results not shown).

Additionally, CLUSTALW26 has been used to realign
the sequences remaining after filtering. CMA was again
performed on the new alignments. The accuracy obtained
from these sets of CLUSTALW derived MSAs was consid-
erable lower than the ones obtained with PFAM align-
ments (results not shown).

We conclude that PFAM MSAs could be directly used for
CMA, without realigning the filtered sequences with other
methods.

Evaluation of Contact Predictions—Delta Analysis

Following the example of Ortiz et al,27 we employed
delta analysis on the same set of 18 protein families we
used to validate different multiple sequence alignments.
The families were chosen from all three major CATH
classifications. The set contains families like IGPS and
PH, where CMA gives very accurate predictions, as well as
families such as Sod_cu and Chorismate_mut, whose CMA
predictions were very poor. With delta (�), we are referring
to the vicinity of residues of a position i or j in the protein
sequence we investigate, in order to find out whether an
originally false pair prediction does include a true positive
residue contact.

For example, consider residue positions, 10 and 40, which
are predicted, to be proximal but in reality there are not (false
positives). For � � 1, the residues 10 � 1, 10 and 10 
 1 are
investigated with residues 40 � 1, 40 and 40 
 1 to find out
whether there is a proximal contact among them. If there is
one, then we say that the prediction is a success for � � 1.

We have used delta analysis for � values varying from 1 to
5. When � � 0, the accuracy of the predictions are found,
while when � � 0, the precision of the prediction is mea-
sured.27 The results are shown in Table VII. The correlation

Fig. 6. Average accuracy for all sets of mainly beta proteins. The third
predictor Prin3 is always more accurate than the other two predictors. We
must not forget though that Prin3 is the one that gives the lowest number
of predictions. Thus, results from Prin2 and Prin3 are always important.

Fig. 7. Average accuracy for all sets of alpha–beta proteins. All three
predictors show similar predictive ability. However, Prin1 gives always the
largest number of predictions.
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coefficient cutoffs used for those families is a fixed value
of 0.6 for the first part of the table, and the values
described in Tables II–V for the second part. For � � 0
the accuracy of CMA for the given cutoff is shown. From
this table, we observe that with � � 1, there is an
important increase of contact predictions. Predictions
which are two or three times more accurate than those
obtained at � � 0, such as in ACBP, RHD, Crystatin,
were observed. Only Chorismate_mut, Dioxygenase,
and Sod_cu fail to provide good results for � � 1, though
they provide good results for � � 3. Qrptase_c also
shows an increased ability for predictions with � � 2
and above. It is within our opinion that values of � above
3 are not very important, simply because the vicinity of
residues becomes large and that random probability of
finding a proximal pair increases considerably. Hence,
there is no meaning for searching residue contacts with
� larger than 2.

It should be mentioned that choosing a certain cc cutoff
to describe the predictive ability of a certain family is not
always adequate. As described before, not all protein
families give high values of correlation coefficients. There-
fore, it should be more appropriate to choose the predicted
pairs with the highest values of cc’s, rather than using a
fixed cc cutoff. For the families shown in the second part of
Table VII, if we use the cc cutoffs described in Tables II–V,
we get superbly better results that those shown in the first
part. Lyase_1 for example has an enrichment of 38% for
� � 1 when a cc cutoff of 0.8 is used, rather than the
relative poor value of 9% for cc cutoff of 0.6.

Table VII indicates that in many cases, even though
CMA predictions are not very accurate, there is still a
great chance that a proximal residue pair within � 2
residues exists. These results could be very important for
constrained protein folding simulations, because they pro-
vide us with an indication that a small sifting of the

TABLE VII. Delta Analysis for a Set of Protein Families, for Predictor PRIN1

Protein families
Cc

cutoff
Accuracy
Delta � 0

Accuracy
Delta � 1

Accuracy
Delta � 2

Accuracy
Delta � 3

Accuracy
Delta � 4

Accuracy
Delta � 5

Fixed cc cutoff of 0.6
ACBP 0.33 0.33 0.33 0.33 0.66 1
Endotoxin_N 0.05 0.17 0.21 0.33 0.5 0.52
ribonuc_red_sm 0.04 0.12 0.19 0.28 0.34 0.39
Glyco_hydro_8 0.02 0.11 0.16 0.21 0.27 0.44
Lyase_1 0.03 0.09 0.17 0.22 0.25 0.30
Chorismate_mut 0 0 0 1 1 1
RHD 0.08 0.18 0.29 0.38 0.50 0.59
PH 0.57 0.71 0.85 1 1 1
Pro_isomerase 0.18 0.31 0.45 0.5 0.68 0.68
Dioxygenase_C 0 0 0 0 0.5 1
Sod_cu 0 0 0 0 0.33 0.33
Ribosomal_S8 0.16 0.33 0.5 0.58 0.66 0.75
QRPTase_c 0.02 0.04 0.11 0.22 0.37 0.46
Thionine 0.11 0.22 0.77 0.77 0.88 0.88
Crystatin 0 1 1 1 1 1
Enolase_c 0.24 0.48 0.6 0.73 0.81 0.87
IGPS 0.18 0.36 0.51 0.63 0.68 0.71
CoA_binding 0.19 0.35 0.51 0.60 0.75 0.75

Cutoffs from Tables II to V
ACBP 0.5 0.21 0.57 0.71 0.85 0.92 1
Endotoxin_N 0.7 0.10 0.20 0.20 0.30 0.60 0.60
ribonuc_red_sm 0.85 0.22 0.40 0.51 0.66 0.66 0.66
Glyco_hydro_8 0.9 0.05 0.22 0.33 0.33 0.38 0.44
Lyase_1 0.8 0.15 0.38 0.53 0.61 0.61 0.61
Chorismate_mut 0.5 0 0 0.27 0.63 0.72 0.81
RHD 0.95 0.28 0.57 0.57 0.71 0.71 0.85
PH 0.5 0.54 0.63 0.81 0.90 0.90 0.90
Pro_isomerase 0.65 0.23 0.38 0.46 0.46 0.69 0.69
Dioxygenase_C 0.4 0.1 0.2 0.3 0.5 0.6 0.6
Sod_cu 0.55 0 0 0.14 0.14 0.28 0.42
Ribosomal_S8 0.6 0.16 0.33 0.5 0.58 0.66 0.75
QRPTase_c 0.65 0.02 0.03 0.1 0.21 0.35 0.46
Thionine 0.5 0.21 0.28 0.71 0.78 0.85 0.92
Crystatin 0.45 0.05 0.25 0.3 0.45 0.7 0.95
Enolase_c 0.8 0.52 0.76 0.80 1 1 1
IGPS 0.8 0.38 0.55 0.58 0.73 0.76 0.79
CoA_binding 0.7 0.33 0.5 0.61 0.72 0.83 0.83
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predicted pairs could lead us to discover covered truly
proximal residue pairs.

Combining Results From CMA with Information of
Surface Accessible Area of Target Protein

From the tests conducted of the set of PFAM families,
and from the analysis of prediction data, it has been found
that the majority of the true positive predictions of CMA
lie in the buried region of the target protein. This observa-
tion has been quantified with the use of the surface
accessible area (s.a.a.) of the target protein residues. The
definition of Lee and Richards28 has been used, and the
Fortran code from Sali et al,29 has been employed, in order
to calculate the actual surface accessible area for the
residues of the target proteins. Using the s.a.a data for the
true positive and the false positive predicted residues, it
has been found that a significant amount of false positive
residues have s.a.a percentage value more than 20%, while
the majority of the true positive pairs lie between 0–20%.

This observation can provide us with the opportunity to
use CMA predictions with less than 0.65 values of correla-
tion coefficient. From CMA, a large number of predictions
are obtained for cc cutoff around 0.5 where pairs are
considered to undergo lower degree covariant mutation,
thus being less accurate. Filtering of residues whose s.a.a
value exceeds 20% will significantly decrease the number
of false positives, while at the same time the number of
true positives will be virtually unchanged. The filtering of
the target proteins of the families tested is illustrated in
Table VIII. Using the predictions of both PRIN1 and
PRIN3, a cc cutoff threshold has been chosen such that the
first 100 pairs with the highest correlation coefficient from

PRIN1 could be obtained. The same cc cutoff has been used
to obtain all predictions above this value for PRIN3, which
are less than those of PRIN1.

From Table VIII, it is clearly seen from the middle three
columns that filtering the CMA predictions with calcu-
lated s.a.a information for lower cc cutoff thresholds,
significantly decreases the number of false positives, with
only but a small loss of true positives. Thus, the filtering is
successful. Having the knowledge that filtering of the false
positives can increase both the accuracy and the number of
predicted pairs, we can combine CMA with surface-
accessible area prediction methods. A method developed
by Ahmad et al30 has been used, and predictions of
proximal pairs have been filtered using s.a.a prediction
information. Unfortunately, this s.a.a prediction method
under-predicts the true positives obtained from CMA, and
does not provide good results. The filtering with the use of
s.a.a prediction succeeds in clearing a fairly large portion
of the false-positive pair predictions. At the same time
however, it excludes a significant amount of the true
positive predictions. We observe that the accuracy for most
of the families after the filtering using predicted s.a.a data
(last three columns of Table VIII) is smaller than the one
obtained after the filtering using experimental s.a.a data.
Still, in many cases, the accuracy obtained with predicted
s.a.a. filtering, though it does not reach the values of the
ideal s.a.a filtering is better than the initial one obtained
from CMA (first three columns of Table VIII). The results
obtained by coupling CMA predictions with s.a.a predic-
tion look promising, since there is currently considerable
development in s.a.a prediction methods.

TABLE VIII. The Number of Total True Positive and False Positive Pair Predictions
From PRIN1 and PRIN3 Before and After the Filtering†

Families

Original distributiona Experimental s.a.a filteringb Predicted s.a.a filteringc

TP FP acc TP FP acc TP FP Acc

IL1 30 137 0.18 18 33 0.35 15 32 0.32
PPV_E2_C 15 143 0.09 11 32 0.25 5 71 0.06
GAF 32 171 0.16 16 56 0.22 7 50 0.12
Gln-synt_C 22 108 0.17 13 66 0.16 2 10 0.17
Glu-syntase 17 87 0.16 17 72 0.19 0 12 0
Gmc-Oxyred_N 25 114 0.18 22 86 0.20 10 20 0.33
Hexokinase_1 17 133 0.11 10 71 0.12 8 60 0.12
Hist-deacetyl 19 106 0.15 19 71 0.21 4 13 0.23
Inositol-P 32 104 0.23 26 66 0.28 14 28 0.33
Jakalin 13 157 0.08 1 38 0.02 2 39 0.05
Ketoacyl synt 9 127 0.07 9 68 0.12 5 45 0.10
Kunitz-legume 27 96 0.22 20 41 0.33 18 37 0.33
SCP 28 125 0.18 23 85 0.21 16 61 0.20
IGPS 27 89 0.23 25 77 0.24 10 39 0.20
Gal-bin-lectin 21 103 0.17 8 29 0.22 6 32 0.16
Glyco-hydro_11 18 140 0.11 11 44 0.20 3 30 0.09
Pro-isomerase 31 97 0.24 19 42 0.31 11 36 0.23
†TP are the true positive pairs, FP are the false positive pairs, and acc is the accuracy of the predictions.
aThe original distribution of predictions for protein families, predicted by CMA, where the predictions have been taken by summing up the results
from PRIN1 and PRIN3, excluding the very few common predictions.
bThe distribution of predictions for the same protein families, after the use of the experimentally derived surface accessible area as a filter.
cThe distribution of predictions for the same protein families, after the use of the surface accessible area predicted by Ahmad et al.30
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CONCLUSIONS

We have developed an algorithm to predict amino acid
residues distant in the protein’s primary structure, but
proximal in its tertiary structure. Correlated mutation
analysis (CMA) has been used to extract necessary evolu-
tionary information from multiple sequence alignments
taken from PFAM. Amino acid residue descriptors have
been developed from experimental data obtained from
AAindex database. Correlation coefficients have been cal-
culated for all positions in the MSA. One hundred and
twenty-seven (127) families representing all major classes
and architectures from CATH have been arbitrarily cho-
sen for CMA evaluation. Previously reported CMA accu-
racy7,16 was around 15%, while in our method the vast
majority of the tested families CMA perform well, with an
average improvement over random prediction reaching
the value of 4, and accuracy exceeding 20% for the mainly
beta and alpha beta families. Using stricter thresholds
than the current one of around 0.65, CMA can be up to 40%
accurate, but with a very low number of predicted pairs.
CMA can be performed for multiple sequence alignments,
containing 25 or more sequences, with evolutionary dis-
tance from the target protein not more than 90. Still, CMA
performance is highly dependent upon the quality of the
multiple sequence alignment.

PRIN1, which has strong correlation to hydrophobicity,
is the predictor that gives the most reliable results. PRIN3
also provides very accurate results, but the number of
predicted contacts it provides is much smaller compared to
PRIN1. Finally PRIN2, which correlates well with size,
provides equally accurate results compared to the other
two predictors and it should be used in conjunction to
PRIN1, since many of its true positive predictions are
already included in those of PRIN1.

Delta (�) analysis was performed in a set of protein
families from all three major CATH classifications. It has
shown that with a very close proximity of the residue
positions that CMA predicts to be proximal, there is a very
high probability that there exists a pair set of residues that
is truly proximal. Therefore CMA predictions could be
directly used for protein folding simulations.

The fact that true positive pair predictions lie in the
buried region of the protein can be exploited with the
coupling of CMA predictions and surface-accessible-area
predictions. This is only but one out of many other methods
that CMA can be coupled so that its results can be
improved. The results from CMA-s.a.a coupling are not
impressive, but they can show great potential in the
future, since the accuracy of the s.a.a. method continues to
increase.

The CMA algorithm described in this work gives good
results for most of families taken from PFAM. The
predicted proximal residue pairs can be used for simu-
lations and protein-fold recognition methods. That gives
us the initiative to create an automated version of the
same algorithm, and apply it to other protein families,
such as those stored in HSSP. CMA can be periodically
evaluated and improved every time the used protein
families database is updated. The direct relation be-

tween protein fold and CMA accuracy can be deci-
phered.

In future work, we expect that by creating an automated
version of our algorithm, which is periodically applied into
PFAM and other protein families databases, we can test
more families which currently do not contain sufficient
number of nonredundant sequences, and reevaluate those
families already being tested with previous database
versions. Comparative studies between families derived
from different databases can also be performed and valu-
able conclusions could be drawn on the performance of
CMA with different MSAs.
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