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Abstract

The analysis of correlated mutations in protein sequence alignments is of considerable interest, since it may provide useful energetic and even

structural information (ideally, residue contacts). However, a number of recent experimental studies support the existence of long-distance

communication in proteins, a fact that may lead to correlation between distant residues. We introduce in this work a simple statistical procedure to

describe the relation structure–alignments on the basis of the residue–residue distance dependence of the number of residue couples over given

thresholds of a correlation measure (such as a covariance value). This procedure may lead to clear pictures of the distance distribution of correlated

mutations and may provide a simple but efficient tool to explore the different structural features that are reflected in the sequence alignments.

D 2005 Elsevier B.V. All rights reserved.
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1. Introduction

The analysis of correlated mutations in protein sequence

alignments is of considerable interest. For instance, a signif-

icant number of such correlations could correspond to close

residue contacts in the native structure and, consequently, the

possibility of using information derived from sequence align-

ments in structure prediction has been suggested and explored

[1–9].

It appears likely, however, that one of the main factors that

determine the relation between sequence alignments and

protein structure is the existence of long-distance interactions

(long-distance energetic coupling or ‘‘long-distance communi-

cation’’ between distant residues). For instance, cooperative

coupling between distal mutations has been shown to be

involved in the acquisition of multidrug resistance to HIV-1

protease inhibition [10]. Also, hydrogen/deuterium exchange

studies show that the effect of a core mutation in E. coli

ribonuclease HI is communicated to regions outside the core

[11]. Long-distance intramolecular signalling in a tRNA
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synthetase complex has been reported to span distances of

about 40 Å [12]. Many other examples of long-distance

communication in native proteins are referenced in Ref. [13].

In addition, recent work shows that cooperative processes and

long-distance interactions may also occur in protein denatured

states [14–16] and, in fact, a role for residual structure within

the denatured state in fine-tuning protein stability has been

proposed [16]. It is, therefore, at least plausible that some

correlated mutations in sequence alignments actually reflect

denatured-state effects and provide information about dena-

tured-state residual structure, as we have recently suggested

[17].

Regardless of their origin (native or denatured states), the

molecular mechanisms involved (see Ref. [13] and references

quoted therein), and their functional role (alosteric regulation,

for instance), long-distance communication may lead to

correlated mutations between distant residues. In fact, long-

distance coupling has been detected in analyses of sequence

alignments addressed at determining pathways of energetic

connectivity in proteins [18,19].

It appears then that correlated mutations in proteins may

span a wide range of inter-residue distances; i.e., from short

distances corresponding to close contacts in the spatial
19 (2006) 240 – 246

http://www.elsevier.c



R. Perez-Jimenez et al. / Biophysical Chemistry 119 (2006) 240–246 241
structure of the protein to long distances that perhaps reflect

alosteric regulation mechanisms. In view of this, it appears

advisable to develop simple analytical tools to specifically

explore the distance distribution of correlated mutations in

sequence alignments. Such tools may help to ascertain the

impact of long-distance communication over close contacts in

sequence alignments, provide criteria for the selection of

correlation measures and, potentially, lead to structure–

alignment descriptors useful in structure prediction.

In this work, we introduce a statistical procedure to describe

the relation structure–alignments based on the residue–residue

distance dependence of the number of residue couples over

given thresholds of a correlation measure. For the sake of

simplicity, we use a simple covariance value as the measure of

correlation, although more complex measures could be easily

implemented. We explain our approach using a set of sequence

alignments derived from a BLAST search using as query the

sequence of E. coli thioredoxin. Subsequently, we illustrate its

application with a set of 24 proteins extracted from the

architecture representatives in the CATH database [20].

2. Methods

Calculations reported in this work have been performed for

E. coli thioredoxin and for a set of 24 proteins extracted from
Table 1

Protein set analyzed in this work

pdb code Number of

residues

Number of

sequences

ropt f*opt g(ropt)

1pdc 45 83 2.56 I10�3 0.24 31.5

1cdf 46 28 4.68 I10�3 0.14 50.7

1npo 81 214 2.17 I10�2 0.77 29.9

1ahl 49 44 6.17 I10�2 0.55 49.2

2hgf 97 10 3.13 I10�2 0.43 57.3

2trx 108 491 1.03 I10�2 0.44 137.5

1jpc 108 99 3.36 I10�2 0.62 102.8

1ytf 115 5 6.25 I10�2 0.82 44.17

2cy3 117 7 4.00 I10�2 0.77 172.0

1hcd 118 68 2.08 I10�2 0.63 157.3

1rie 127 69 1.85 I10�2 0.45 401.0

1div 149 48 2.22 I10�2 0.45 156.2

1cuk 203 5 6.25 I10�2 0.76 228.3

1lrv 233 5 0.125 0.63 988.6

3aah 237 20 1.13 I10�2 0.36 778.0

1bg5 252 38 7.81 I10�4 0.40 3951.0

1plq 258 34 3.67 I10�2 0.79 526.9

1lxa 262 36 1.68 I10�2 0.46 604.6

3daa 277 89 3.18 I10�2 0.75 727.0

1fl2 310 285 3.14 I10�2 0.75 657.6

1ppr 312 57 4.39 I10�4 0.44 1062.4

1aa8 340 29 3.87 I10�2 0.54 1196.0

3bcl 350 33 0.105 0.83 3344.5

1cem 362 9 2.50 I10�2 0.93 346.0

1f8d 388 629 6.71 I10�4 0.36 2483.0

The number of residues refers to the residues for which atomic coordinates are

given in the pdb file. The number of sequences refers to those in the alignment

with similarity with the query higher than 0.25. The value of the optimum

covariance threshold for q calculation with Dr =5 Å (Eq. (2)), the

corresponding f* value (Eq. (6)) and the value of the integral g (Eq. (5)) for

the optimum threshold are also given.
the architecture representatives in the CATH database [20] by

eliminating (for calculation performance reasons) those with

more than 400 residues with reported atomic coordinates in

the corresponding pdb files. It is important to note that,

although the CATH database provides sequences for protein

domains, we used in our calculations (i.e., as queries in

database searches) the whole sequences for which atomic

coordinates are reported in the pdb files.

BLAST 2 (Gish, W. (1996–2003) http://blast.wustl.edu)

was used to search the UniProt/TrEMBL database (http://

www.ebi.ac.uk/trembl/) with the sequences of each given

protein in the set as query and the default options of the

search. The sequences found were aligned to the query

sequence using the Smith–Waterman algorithm and those

with similarity with the query higher than 0.25 were retained

(similarities were calculated as the number of matches

between the given sequence and the query divided by the

number of residues in the latter). The 0.25 cutoff was chosen

because it is usually accepted that protein from various

species and having sequence similarity of at least 0.25–0.3

have similar tridimensional structures (see Ref. [21] and

references quoted therein). Therefore, we assumed that most

of the retained sequences share the fold of the query protein.

The resulting sets of sequences (see Table 1 for the number of

sequences in each set) were used in all the calculations

reported in this work.

3. Results and discussion

3.1. Covariance analysis of thioredoxin sequence alignments

We analyzed a set of 490 sequences each individually

aligned (Smith–Waterman algorithm) to the E. coli thio-

redoxin sequence (see Methods for further details). For each

couple of positions (X and Y) in the E. coli thioredoxin

sequence, we calculated a covariance value defined as:

rXY¼
X

sequences

dX � bdX�ð ÞI dY � bdY�ð Þ
NS

¼ bdXIdY�� bdX�IbdY�

ð1Þ

where dP (with P equal to X or Y) takes a value of 1 for a

given sequence if the aminoacid at position P in the sequence

is the same as in the thioredoxin sequence (and takes a value

of 0 otherwise), bdP� is the average value of dP (i.e., AdP /
NS), NS is the total number of sequences and the sum is the

overall sequences. This simple covariance calculation is

similar in spirit to the v2 association test we have previously

employed [17]. We note, however, that covariance values can

be positive and negative. We take sufficiently large absolute

values of rXY (regardless of their sign) as indication of

correlated mutations at positions X and Y. We also note that

the covariance value calculated according to Eq. (1) equals

zero if one of the positions is perfectly conserved.

The above calculation yields 5778 covariance values

corresponding to the 5778 residue couples in thioredoxin.

We show in Fig. 1 plots of residue–residue distance, as

http://blast.wustl.edu
http://www.ebi.ac.uk/trembl/


Fig. 1. Plots of residue– residue distance versus absolute value of covariance for

E. coli thioredoxin. Covariance values are calculated from sequence alignments

using Eq. (1) (see text for details). The negative covariance values are shown

with open symbols. Residue– residue distances are measured by the distance

between closest atoms (panel A) of between the a-carbons (panel B). The

horizontal lines in panel B stand for distance values of: 6, 12, 18, 24 and 30 Å.
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measured by the distance between closest atoms (Fig. 1A)

and by the distance between a-carbons (Fig. 1B), versus

absolute value of covariance (|r|). Strikingly, these plots

show a roughly triangular shape (see Ref. [1] for a similar

result). That is, for a given value of |r| a certain range of

residue–residue distances is observed, the average distance

and the range itself showing a rough tendency to became

smaller as |r| increases above. This result suggests that, in

this case at least, the relation between structure and sequence

alignments (at least, as characterized by our simple

covariance calculation: Eq. (1)) is to a significant extent

determined by long-distance coupling. Note that, if the

relation structure–alignments were dominated by contact

interactions, we could expect the plot of residue–residue

distance versus |r| to be L-shaped, with most of the

residue–residue distances about a certain |r| threshold being

very short.

Another surprising feature is revealed by a close examina-

tion of the plots of residue–residue distance versus |r|, in

particular the plot based on the distance between a-carbons

(Fig. 1B). The distances corresponding to the higher |r| values
seem to be organized roughly in layers corresponding to about

6, 12, 18, 24 and even 30 Å. These inter-residue distances

could be viewed as the integer multiples of a typical a-carbon

distance for residues in close contact (about 5–6 Å), thus

suggesting long-distance communication through roughly

linear networks of connected residues in the native state (or,

perhaps, in a denatured state with some native-like residual

structure).
3.2. Statistical description of the relation between structure and

sequence alignments: application to thioredoxin

In order to further explore the relation between protein

structure and sequence alignments we introduce here a simple

statistical analysis based upon the following function:

q r; r4ð Þ¼ N rFDrð Þ
2IDr

P jrj � r4jrFDrð Þ� P jrj � r4ð Þf g ð2Þ

where N(r TDr) is the number of residue–residue distances (as

measured using the a-carbons) within the {r�Dr, r+Dr}

range, P(|r|�r*) is the probability of finding couples of

residues with absolute values of covariance equal or higher

than a given threshold (r*), and P(|r|�r* | r TDr) is the same

probability but conditional to the fact that the residue–residue

distances are in the {r�Dr, r +Dr} range. Strictly speaking, q
should be defined as the DrY0 limit of the right-hand-side of

Eq. (2) and thus it would have the meaning of a number density

(see further below for details). In practice, however, a finite Dr

value must be used in the calculation. The probabilities in Eq.

(2) are calculated as,

P jrj � r4ð Þ ¼ N jrj � r4ð Þ
N

ð3Þ

P jrj � r4j rFDrð Þ ¼ N jrj � r4; rFDrð Þ
N rFDrð Þ ð4Þ

where N is the total number of residue couples (108 I107 /
2=5778 for thioredoxin), N(|r|�r*) is the number of couples

with |r| equal or greater than the threshold (r*), and

N(|r|�r*, r TDr) is the number of residue couples for which

simultaneously |r|�r* and the residue–residue distance is in

the {r�Dr, r +Dr} range.

The difference between the two probabilities multiplied by

N(r TDr) gives the number of couples with |r|�r* and within

the {r�Dr, r +Dr} range, in excess over the number expected

if the probability of finding couples with |r|�r* did not

depend on the distance range under consideration. For instance,

the number of residue couples with absolute values of

covariance larger than a threshold of r*=0.01 is 3331 and,

consequently, P(|r|�0.01) is 3331 /5778=0.576. The number

of residue couples for which the residue–residue distance is

within the 12T0.5 Å interval is 290; if the probability of

finding couples with |r|�0.01 did not depend on residue–

residue distance, the probability value of 0.576 would apply to

the 12T0.5 Å interval and the number of couples with

|r|�0.01 within that interval would be expected to be

0.576 I290;167. However, the actual number is significantly

higher (190), indicating an excess number of couples above

the threshold of about 23. This is, of course, the same result

that would be obtained by subtracting the two probabilities

defined by Eqs. (3) and (4) and multiplying by the total

number of couples within the distance interval [that is:

P(|r|�0.01 |12T0.5)=190 /290=0.655, P(|r|�0.01)=3331 /

5778 = 0.576, N (12 T0.5 Å ) = 290 and 290 I(0.655 –
0.576);23]. Note that, although in this particular example the



Fig. 2. Statistical analysis of the relation structure–alignments for E. coli

thioredoxin on the basis of the q function (Eq. (2)). (Panel A) Plot of q value

versus a-carbon inter-residue distance. The symbols refer to the width of the

distance interval used in the calculation (closed symbols: Dr =5 Å; open

symbols: Dr =0.5 Å). The error bars correspond to the uncertainties calculated

assuming binomial distributions for N(|r |�r*) and N(|r |�r*, r TDr). The
value of r* used in the calculation is the optimum (see Table 1) given by the

maximum of the plot of g(r*) versus f* shown in the Inset. (Panel B) Plot of

the difference between the q values calculated with Dr =5 Å and Dr =0.5 Å

versus inter-residue distance. The line connecting the points is a spline

interpolation and is only meant to guide the eye.
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excess number is positive, it may in general have either sign.

The uncertainty associated to the calculated excess number of

residue couples can be easily estimated by assuming

binomial distributions for N(|r|�r*) and N(|r|�r*, Dr).

For instance, the total number of residue couples is 5778

(number of trials for the binomial distribution), out of which

3331 have |r|�0.01 (number of successes); the success

probability is then 0.576 and the standard deviation

associated to N(|r|�0.01)=3331 (see chapter 21 in Ref.

[22]) is given by [5778 I0.576 I (1�0.576)]1 / 2=38. A similar

calculation yields N(|r|�0.01 |12T0.5)=19T08. Finally, us-
ing Eqs. (2)–(4) with standard error propagation procedures

we obtain, for the example given here, q =23T8.
In Eq. (2), the excess number is actually divided by the size

of the distance range (2 IDr) in order to approach an excess

number density (excess number of couples per Ångström).

Rigorously, the number density would be given by the DrY0

limit of Eq. (2). In practice, however, the estimated errors for q
become very large for very low values of Dr. Most calculations

reported here use Dr values of 5 and 0.5 Å, which we found to

be an acceptable compromise between resolution and associ-

ated error (although, as expected, Dr=5 Å produces smoother

q versus r profiles).

Clearly, the outcome of the q calculation depends on the

value chosen for the r* threshold. If r*=0, the two

probabilities (Eqs. (3) and (4)) become unity and the q value

is zero for all distances. If r* is large, there will be few couples

with |r|�r* and the q values will be necessarily low. We may

expect the q values to be comparatively large (in absolute

value) for some intermediate threshold. In order to determine

the optimum value of r* I (ropt), we calculate the integral of the

absolute values of q:

g r4ð Þð Þ ¼ Xjq r; r4ð ÞjIdr ð5Þ

and take as ropt the r* value that maximizes g(r*).
For practical calculations, we found convenient to define the

value of r* in terms of the fraction of residue couples below

the threshold:

f 4 ¼ N jrj < r4ð Þ
N

: ð6Þ

Obviously, the value of f* completely specifies that of r*. The
inset in Fig. 2A shows the plot of g versus f* for thioredoxin

with Dr =5 Å. A clearly defined maximum is observed for

f*=0.44 (corresponding to ropt=1.03 I10
�2 ) and g =137.5,

which indicates a total number of excess residue couples of the

order of a hundred. This is, of course, a statistical result, thus,

we cannot assign that excess number to specific residue

couples. The plot of q versus r for this optimum value of the

threshold (Fig. 2A) indicates that q values tend to be positive

below 15 Å and negative above that residue–residue distance.

That is, short residue–residue distances are favored over long

ones for high values of absolute covariance (above the

threshold). Note, nevertheless that the maximum of the profile

is about 10 Å, a value clearly above the contact distance.

The profile of q versus r calculated for Dr =0.5 Å (Fig.

2A) is similar to that obtained with Dr =5 Å although, as was
to be expected, shows a higher apparent noise level.

Interestingly, the difference between the two profiles (Fig.

2B) appears to be modulated, with maxima at about the

preferred distances shown in Fig. 1B. An interesting

possibility is then that some of the ‘‘noise’’ in the Dr =0.5

Å profiles actually reflects the preferred distances for long-

range interactions if these are transmitted through roughly

linear networks of connected residues. Actually, we have

undertaken an experimental mutational analysis into the

residue–residue couplings suggested by Figs. 1B and 2B

(work in progress).

3.3. Statistical analysis of the structure–alignments relation

for a set of 24 proteins

In order to assess the general applicability of the

structure–alignments analysis based on the q function, we

have applied it, as described above, to a set of 24 proteins

extracted from the 41 architecture representatives in the

CATH database by eliminating (for calculation performance

reasons) those with more than 400 residues (see Methods for

further details). Names of pdb files, numbers of residues and

other parameter of interest are collected for all the proteins

analyzed here in Table 1. Plots of inter-residue distance



Fig. 3. Four illustrative examples of the plots of residue– residue distance versus absolute value of covariance obtained from the analysis of a set of 24 proteins

extracted from the architecture representatives of the CATH database.

Fig. 4. Statistical analysis of the relation structure–alignments for a set of 24

proteins extracted from the architecture representatives of the CATH database.

The profiles of q versus a-carbon inter-residue distance shown were calculated

with Dr =5 Å and the optimum value of r* according to the g criterion (Table

1). For the sake of clarity, associated uncertainties have been omitted.
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versus absolute covariance for these proteins had a clearly

triangular shape in some cases (but, not in all cases; see Fig.

3 for illustrative examples). The q / r profiles obtained with

Dr =5 Å and the optimum values of r* (given in Table 1) are

collected in Fig. 4. It is interesting to note that there appears

to be no strong correlation between the amount of information

derived from the analysis [as measured by the g(ropt) value]

and the size of the protein or the number of sequences in the

alignment (Table 1). We observed the following four general

types of behavior, which are illustrated by the specific

examples given in Fig. 5 (where q / r profiles calculated with

both Dr =5 Å and Dr =0.5 Å are shown): 1) For 6 proteins,

the calculated q / r profile is flat within the uncertainty of the

calculated q values (Fig. 5A). In this case, no information on

the structure–alignments relation is derived from the analysis.

2) For 6 proteins, the profiles (Fig. 5B) are similar to that

calculated for thioredoxin (Fig. 2); that is, a positive ‘‘peak’’

is observed for comparatively low distances and negative q
values are obtained for the larger ones. 3) For 8 proteins the

reverse behavior is observed (Fig. 5C): the positive q peak

was observed for the larger distances and negative q values

were obtained for the shorter ones. 4) For 4 proteins two

separated positive ‘‘peaks’’ (at short and larger distances) are

observed (Fig. 5D).

4. Concluding remarks

We have introduced in this work a simple statistical

procedure to describe the relation structure–alignments based



Fig. 5. Illustrative examples of the of the 4 different kinds of q versus inter-residue distance profiles found in the analysis of the set of 24 proteins extracted from the

architecture representatives in the CATH database (Fig. 3). The symbols refer to the width of the distance interval used in the calculation (closed symbols: Dr =5 Å;

open symbols: Dr =0.5 Å). The error bars correspond to the uncertainties calculated assuming binomial distributions for N(|r |�r*) and N(|r |�r*, r TDr).
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on the residue–residue distance dependence of the number of

residue couples over given thresholds of a correlation measure.

Thus, the q function (Eq. (2)) versus residue–residue distance

profiles (Fig. 5) appear to provide clear pictures of the distance

distribution of correlated changes in sequence alignments. We

believe that this kind of statistical description of the structure–

alignments relation may provide a simple but efficient tool for

the exploration of the different structural features that are

reflected in the sequence alignments. For instance, it could be

argued that, in some cases, the statistical preference for

correlations at the largest distances (see Figs. 4 and 5) could

actually be due to the high level of conservation of a certain

number of core residues (distances between these ‘‘central’’

residues and other residues in the protein will be comparatively

shorter and covariance values for residue couples involving

those residues will be comparatively smaller, due to the

conservation). This structural feature could obviously be probed

by eliminating highly conserved residues prior to covariance

and q calculation. Along the same lines, one could multiply the

covariance values by a function related with published values of

inter-residue contact energies [23,24] in order to increase the

weight of close interactions in the final statistical description.

Also, with adequate definitions of the d values in the covariance

equation (Eq. (2)) it should be possible to investigate the

distance distribution of correlations for specific couples of

aminoacid types. In addition, other types of correlation

measures (different than the simple covariance value defined

by Eq. (1)) could be employed. Finally, different subsets of

sequences may contain different structural information, a

hypothesis which could be tested by, for instance, sequence

clustering according to similarity prior to the statistical analysis.
Calculations of the kind described above may help to

elucidate the structural features that can be extracted from

sequence alignments and potentially lead to a set of sequence–

alignment descriptors (such as g values) sufficiently sensitive

to structure to be used in prediction.
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