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Protein families are a rich source of information; sequence conservation
and sequence correlation are two of the main properties that can be
derived from the analysis of multiple sequence alignments. Sequence con-
servation is related to the direct evolutionary pressure to retain the
chemical characteristics of some positions in order to maintain a given
function. Sequence correlation is attributed to the small sequence adjust-
ments needed to maintain protein stability against constant mutational
drift. Here, we showed that sequence conservation and correlation were
each frequently informative enough to detect incorrectly folded proteins.
Furthermore, combining conservation, correlation, and polarity, we
achieved an almost perfect discrimination between native and incorrectly
folded proteins. Thus, we made use of this information for threading by
evaluating the models suggested by a threading method according to the
degree of proximity of the corresponding correlated, conserved, and apo-
lar residues. The results showed that the fold recognition capacity of a
given threading approach could be improved almost fourfold by select-
ing the alignments that score best under the three different sequence-

based approaches.
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Introduction

At the molecular level, the natural process of
evolution is reflected in the accumulation of vari-
ation between sequences of the same protein in dis-
tinct organisms. Zuckerkandl & Pauling (1965)
initially proposed that protein families vary at
different rates and that sequence divergence
accumulates in protein regions related to protein
function. Since then, it has generally been accepted
that functional and structural constraints on pro-
teins lead to the conservation of the chemical char-
acter of amino acid residues in polypeptide chains,
as observed in multiple sequence alignments of
protein families (Benner, 1989; Benner & Gerloff,
1991; Cooperman ef al., 1992; Howell, 1989; Hwang
& Fletterick, 1986). However, it is almost imposs-
ible to distinguish the structural and functional
impacts from one another (Ouzounis et al., 1998).

The information derived from multiple sequence
alignments has been used successfully in problems
of protein family identification (Bairoch, 1992;
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Smith & Smith, 1992), the search for remote hom-
ologous sequences (Bork, 1989; Gribskov et al.,
1987; Koonin et al., 1996, Thompson et al., 1994)
and for the comparison of protein structures
(Artymiuk et al., 1993; Bork et al., 1995; Godzik &
Sander, 1989; Holm & Sander, 1994, 1995; Holm
et al., 1994, Mauzy & Hermodson, 1992; Murzin,
1996; Pastore & Lesk, 1990). Progress in secondary
structure and accessibility predictions has been
attributed largely to the use of simple sequence
profile (Rost & Sander, 1994). Both ab initio folding
experiments based on sequence constraints (Taylor,
1991) and popular threading approaches use
sequence information to some extent (Defay &
Cohen, 1996; Fisher & Eisenberg, 1996; Jones et al.,
1992; Ouzounis et al., 1993; Rost, 1995; Rost et al.,
1997). Sequence information is also commonly
used by biologists in a non-systematic way during
the analysis of specific protein families. Intuitive
rules are followed; for example, conserved histi-
dine or aspartate residues are often replaced by
site-directed mutagenesis in the search for active
sites.

Other, more sophisticated definitions of
sequence conservation can be derived from the
analysis of group-specific sequence information,
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i.e. residues conserved in particular groups of
sequences but not in the entire protein family.
These conserved residues are probably related to
functional adaptations specific to certain sequence
groups. Various strategies have been adopted for
the analysis of these residues (Andrade et al., 1997;
Casari et al, 1995, Lichtarge et al, 1996;
Livingstone & Barton, 1993; Pazos et al., 1997¢). It
is striking that no proper tools have yet been
developed to use this information for prediction of
protein structure.

Sequence correlation

Information other than conservation can possibly
be extracted from multiple sequence alignments,
i.e. cases of concerted patterns of variation between
different positions in multiple sequence alignments
(Altschuh et al., 1987, 1988). Correlated changes are
more likely to correspond to compensatory substi-
tutions that occur independently in proteins of the
same family, to maintain them within the limits of
protein stability. The underlying assumption is
that compensation may be favored between resi-
dues in physical contact; correlated mutation calcu-
lations were therefore proposed to be of use for
contact prediction (Gobel et al., 1994; Olmea &
Valencia, 1997; Pazos et al., 1997a,b). A variety of
methods detecting correlated positions has been
proposed (Gobel et al, 1994, Neher, 1994;
Shindyalov et al., 1994; Singer et al., 1995; Taylor &
Harrick, 1994). Conclusions about the amount of
information that can be extracted from the align-
ments differed substantially. This difference results
from different definitions of correlated mutations
(see Chelvanayagam et al., 1997; Pollock & Taylor,
1997; Pollock et al., 1999); our definition (Gobel
et al., 1994, Olmea & Valencia, 1997; Pazos et al.,
1997a,b) favors those cases in which one or a few
sequences co-vary over those in which large
groups (subfamilies) change in a concerted
manner. This seemingly subtle technical point is
the key to our approach.

Sequence information as a constraint for
structure prediction

The protein folding problem remains unsolved,
despite the enormous amount of effort spent on it.
One of the approaches pursued by a number of
groups has been to fold proteins using simulation
techniques under defined force-fields of different
natures. In this particular incarnation of the protein
folding problem, one of the major difficulties is to
obtain sufficiently accurate long-range constraints
to guide the simulation toward the correct fold. It
seems natural to believe that general properties
such as polarity, bulk, compactness, angular or sec-
ondary structure preferences may provide globular
structures but not definitively folded structures.

+ http: www.gredos.cnb.uam.es/CASP

Correlation between residue pairs appears to be a
more appropriate method for providing this
specific constraint.

The current precision of inter-residue contact
predictions is still insufficient to be used success-
fully as long-range constraints in distance geome-
try-related protocols. An exception may be the case
of small proteins, in which considerable success
has been reported using correlated mutations as
the main source of long-range sequence constraints
(Ortiz et al., 1998a,b). Furthermore, we have used
conservation and correlation in some cases to pro-
vide additional information for predicting protein
structure from sequence (Valencia et al., 1995; O.O.
et al., unpublished resultst).

Here, we review the current status of contact
prediction using conservation and correlation
information, and assess the feasibility of using con-
servation and correlation to discriminate incor-
rectly folded proteins.

A standard protein structure prediction test con-
sists of comparing real proteins with deliberately
misfolded proteins. The first example was pro-
vided by Novotny and co-workers (Novotny et al.,
1984), in which the sequence of a protein of known
all-helical three-dimensional structure (hemery-
thrin) was placed into the known structure of a
completely different type and anti-parallel -barrel
(immunoglobulin) and vice versa. Holm & Sander
(1992) applied a similar test extended to a larger
number of protein pairs with the same number of
residues but dissimilar structures, which were mis-
folded by swapping the sequence of each pair.
Variations of this test set have been used by other
authors (Hendlich ef al., 1990; Huang et al., 1995,
1996; Maiorov & Crippen, 1992), among others. In
particular in threading experiments, a related idea
(“ungapped threading’’) is commonly used as a
first test (e.g. see Ouzounis et al.,, 1993; Sippl &
Weitckus, 1992). We used an even larger set of
intentionally misfolded proteins. Unlike previous
studies, it is not necessary to refine the models in
our case, since we are interested only in the dis-
tances rather than the detailed environment of the
residues.

We present the results obtained extending the fil-
tering procedure to the analysis of threading
models. A specific threading algorithm (Rost, 1995;
Rost et al., 1997) was used to generate models. The
corresponding structure-based threading scores
were compared to the scores obtained with the cor-
responding information about correlated, con-
served and apolar residues.

Results

Relevance of sequence conservation for
protein structure

Predicting inter-residue contacts

Contact predictions can be as accurate as 35%
for small proteins when invariant residues were
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considered, and as low as 3% for large proteins
(Figure 1). The most representative results were
those corresponding to the protein size category of
103 to 166 amino acid residues. For these, contacts
were predicted at 13 % accuracy with invariant
residues. This was 2.6-fold better than the predic-
tion obtained with variable residues. When the
data were analyzed in terms of Xd values, this
trend became clearer. Higher values of conserva-
tion correlated well with inter-residue contacts. For
the 103-166 size category, the Xd value was 5.12,
whereas the prediction obtained with variable resi-
dues was —0.8. Furthermore, conserved residues
were found to be shifted toward smaller distances
such as the 4 to 12 A bins (Figure 2).

Sequence conservation distinguishes correctly
from incorrectly folded models

A total of 94% of the pairs were discriminated
with Xd values greater in the real protein than in
the incorrect model (Figure 3(a): positive differen-
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tial Xd values). For a specific correct-incorrect
example model, the distance distributions were
compared (Figure 2(a)). Conserved residues were
clearly closer than others (Figure 2(a)i: Xd value of
8.27), whereas they are randomly distributed in the
model protein (Figure 2(a)ii: Xd value of —2.83)
and were essentially indistinguishable from all
other residues. The difference of Xd values in this
case was 11.1.

Relevance of sequence correlation for
protein structure

Predicting inter-residue contacts

Contact prediction accuracy for correlated pairs is
represented for the same 71 protein families in
Figure 1(c). Strongly correlated pairs (L/2 set)
were found to be better predictors of contact than
weakly correlated pairs. The accuracy of the predic-
tions clearly depended on protein size, as it is
more difficult to predict contacts in large proteins
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Figure 1. Performance of conservation and correlation as predictors of proximity in protein structures. Bar diagram
of the average values of the predictions by (a) and (b) conserved or (c) and (d) correlated residues. The data are pre-
sented as grouping proteins into four protein length-categories (31-99, 103-166, 169-298 and 312-823 amino acid resi-
dues). The four bars correspond, from left to right, to variability levels of 0, 1-13, 14-18 and more than 21 in (a) and
(b), number of correlated pairs equivalent to L/2, L, 7L and non-correlated residues in (c) and (d), where L is protein
length. The number of proteins in each category of protein-size and variability or correlation are given on the y-axis.
Predictions are measured by (a) and (c) Accuracy, and (b) and (d) Xd. Data correspond to the first set of 71 non-
redundant proteins described in Methods as the first testing set.
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Figure 2. Representative examples of distance distributions in correctly and incorrectly folded proteins. The
proportion of residue pairs at different distances are shown grouped in distance bins. Results for (a) conserved
residues and (b) correlated residues. The proportion of conserved and correlated residues are represented by filled
bars and all other residues with open bars. The same representation is used for two real proteins (redoxin 1PUT in
(a)i and ras-p21 protein 121P in (b)i) and their corresponding incorrectly folded models ((a)ii 1IPUTon1PCP -growth
factor-; (b)ii 121Pon1CLH -cyclophilin). The number of observations was 56 distances between conserved residues in
1PUT wversus 5050 for all other pairs, and 75 distances between correlated pairs in 121P versus 10,333 distances for all

other residues.

than in small ones. For the best-represented set of
proteins (103-166), accuracy was 13 %, i.e. 6.5-fold
better than contact prediction with all non-corre-
lated pairs. The results evaluated with a measure
of proximity (Xd value) revealed a more pro-
nounced trend (Figure 1(d)), with clear separation
of correlated pairs (L/2 and L) from the samples
with almost no correlation (L7 or no correlation).
For the 103-166 protein size category, the L/2 most
correlated pairs had an Xd value of 5. In compari-
son, non-correlated pairs, which represented the
random prediction values, had an accuracy of 2%
and an Xd value of —0.7.

Distinguising correct and incorrect models

In as many as 91% of the pairs, the incorrect
model was effectively discriminated (Figure 3(b):
differential Xd values greater than 0). An example
of the distance distribution obtained is shown in
Figure 2(b). As in the case of conservation, we
observed a clear shift of the distances between

pairs of correlated positions toward small distance
(Figure 2(b)i). The Xd value of this displacement
was 4.47, indicating a strong displacement of both
populations. For the corresponding incorrectly
folded model (Figure 2(b)ii), the distances between
correlated residues were not smaller than between
other residues (Xd value of —4.43), indicating a
random distribution of correlated pairs when they
were mapped onto the incorrect structure. The cor-
relation information seemed only slightly less able
to discriminate incorrect models than the conserva-
tion data. This trend became more obvious when a
reduced set of proteins was analyzed. The reduced
set contained only proteins with less than 25%
pairwise sequence similarity (set 3, described in
Methods). In this case, the percentages of pairs
above the zero value of Differential Xd was 85 %
and 87 % for conservation and correlation, respect-
ively (Figure 4). Although the smaller test set was
“cleaner”, it was difficult because the number of
cases was drastically reduced.
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Figure 3. Sequence discrimination between real proteins and their corresponding incorrect models. The number of
observations is shown on the y-axis and the Differential Xd value on the x-axis. (a) Conserved, (b) correlated, (c) apo-
lar, (d) apolar-Huang, and (e) conserved-binding residues. Proteins were selected from the second set described in

Methods.

Other types of sequence information: apolar
residues as part of the protein core

We also investigated the information contained
in two different sets of apolar residues. Figure 3(c)
and (d) show the distribution of apolar residues
(Asp, Leu, Ile, Val, Met, Trp, Phe, and Tyr) and
apolar residues as defined by Huang et al. (1995)
(Cys, Leu, lle, Val, Met, Trp, and Phe). The Differ-
ential Xd values for the two sets were similar.

Apolar residues were closer in the real protein
than in the incorrect models in 95% of the pairs.
The subset apolar-Huang was slightly more discri-
minating in 98 % of the cases. Interestingly, the dis-
tributions for Differential Xd >1 were similar
between the sets of apolar (84 %), conserved (89 %),
and correlated pairs (78 %), but the set of apolar-
Huang yielded a better discrimination, with 97 %
of the cases reaching values larger than one.
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Figure 4. Sequence discrimination between correctly and incorrectly folded models in a non-redundant protein set.
A representation has been used for a reduced set of models derived from a list of non-sequence redundant proteins
(third set described in Methods) similar to that used for the first test set in Figure 1. The Figure represents Differen-
tial_Xd values for (a) completely conserved and (b) correlated residues.

Other types of sequence information: residues
with a tendency to form part of protein-binding sites

We have previously studied the tendency of
different residue types to form part of protein-
binding sites and the relationship to conservation
(Ouzounis et al., 1998). By analyzing the frequency
with which different types of invariant residues
form part of binding sites, four sets of residues
could be defined: strong tendency (Lys, Arg, Asp,
Cys, and His); moderate tendency (Phe, Tyr, Trp,
Gly, and Leu); slight tendency (Ser, Asn, Asp, Thr,
Met, Pro, and GIn); and negative tendency (Val,
Ile, and Ala). For the subset of invariant residues
that included those with strong and medium ten-
dencies to form part of binding sites, we observed
a significant discrimination of misfolded models,
represented as those with 96 % of the pairs cor-
rectly separated (Figure 3(e)). This was comparable
to the results obtained for other sets of conserved,
correlated or apolar residues. The only improve-
ment observed in analyzing these results was the
displacement of Differential Xd toward larger
values.

Networks of conserved, correlated or
apolar residues

Examples are shown of the spatial distribution
of conserved (Figure 5(a)), correlated (Figure 5(b))
and apolar residues (Figure 5(c)) in real proteins
and in the corresponding incorrectly folded
models. Most of the conserved residues were part
of a cluster, with only a single conserved residue
located away from this cluster (Figure 5(a)i). In the
growth factor example, cluster formation was less
clear; actually, at least two clusters were present
(Figure 5(a)ii). When this sequence information
was translated to a different structure, it tended to
render residues localized in the exterior of the pro-
tein and distributed randomly (Figure 5(a)iii and

(a)iv).

For correlated pairs, all residues implicated in
any of the correlated pairs have been represented.
In this representation, adopted for simplicity, the
relation between pairs of residues cannot be
appreciated, although the concentration in the pro-
tein interior can be observed (first protein,
Figure 5(b)i). In the second protein (Figure 5(b)ii),
one of the external alpha-helices is the main
element containing correlated pairs. In the incor-
rectly folded proteins (Figure 5(b)iii and (b)iv), the
correlated residues are now clearly distributed
mainly on the protein surface, occupying many of
the external loops.

The results obtained with a selection of apolar
residues (Figure 5(c)) showed the expected concen-
tration in the protein core, accompanied by many
exceptions (apolar residues on the surface:
Figure 5(c)i and (c)ii). When these residues were
represented in the corresponding incorrectly folded
models (Figure 5(c)iii and (c)iv), they were
randomly distributed and many were localized on
the protein surface.

Distinguishing correct and incorrect models

The discrimination of incorrectly folded models
through apolar residues (Figure 6(a)) appeared
to be inferior to that through conserved residues
(92% of the cases wversus 95%). However, the
two sources of sequence information were suffi-
ciently distinct. Thus, both could be improved
by selecting only pairs with good discrimination
in at least one case. For example, most of the
5% of incorrectly folded models that were not
identified with conserved residues could be
recognized by the distance between apolar resi-
dues and vice versa, whereas nearly all the cases
that were not discriminated using only apolar
residues (8 %) could be correctly assessed with a
conservation cut-off. Overall, combining conser-
vation and apolarity by using only values larger
than zero (a logical “or”) discriminated 99 % of
the incorrectly folded models (Figure 6(a)).
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Figure 5. Examples of the distribution of residues in protein structures. The structures of the real proteins are
shown in i and ii, and the corresponding swapped models in iii and iv. The different sets of residues are highlighted
in dark shading. (a) Cluster of invariant residues in redoxin (1PUT) (i) and a growth factor (1PCP) (ii) and the corre-
sponding models generated with the 1PUT sequence in the 1PCP structure (iii) and vice versa (iv). The corresponding
Xd values are: 1PUT, 8.27; 1PCP, 1.88; 1PUTon1PCP, —2.83; and 1PCPon1PUT, —5.04. (b) Best L/2 correlated pairs of
residues in ras-p21 protein (121P) (i) and cyclophilin (ICLH) (ii) and the incorrect models of 121P in the 1CLH struc-
ture (iii) and vice versa (iv). For clarity, all correlated residues are shown without differentiating which particular
pairs or groups of residues are correlated. The corresponding values of Xd are: 121P, 4.47; 1CLH, 2.34; 121Pon1CLH.
—4.43; and 1CLHon121P, —1.28. (c) Apolar residues in the structure of a hydrolase (1IKUM) (i) and a calcium-binding
protein (1CDP) (ii) and the models of 1IKUM in the 1CDP structure (iii) and wvice versa (iv). The corresponding values
of Xd are: 1IKUM, 4.39; 1CDP, 0.89; 1IKUMon1CDP, —2.53; and 1CDPon1CUM, —2.20.

Similarly successful were the other pair-  with a discrimination of 99.7 % (conservation-corre-
wise combinations of conservation-correlation  lation), and 98.8 % (correlation-apolar) of the incor-
(Figure 6(b)) and correlation-apolar (Figure 6(c))  rectly folded models. When combining all three
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Figure 6 (legend opposite)

sources of sequence information, only one anoma-
lous case was not correctly identified. This was the
Tat protein (Figure 6(d)) which was solved under
natural conditions, 1TVT (Willbold et al., 1994) and
in a trifluoroethanol solution 1TVS (Sticht et al.,
1994). In our test, the protein folded in a non-natu-
ral environment appeared like an incorrectly
folded protein when compared with its structure
obtained under normal conditions, and was clearly
different from all other proteins in the test set. This
observation concurs with our hypothesis that
incorrectly folded models could be discriminated
on the basis of the distribution of characteristic
residues.

Combining threading results with sequence
information, in practice

Evaluating accuracy for a large dataset

Since the sequence information proved success-
ful in discriminating between incorrectly folded
protein models, we applied it as a post-processing
filter for threading models provided by the predic-
tion-based threading method TOPITS (Rost, 1995;
Rost et al., 1997). As previously established (Rost,
1995), the accuracy of the threading method was
correlated with the statistical Z-score describing
the significance of a finding. At a level of TOPITS
Z-score >1.5, 59 correct solutions opposed 513
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Figure 6. Combined results of conservation, correlation and apolarity. The percentage of pairs found at four Differ-
ential_Xd cut-offs are represented for the combinations of (a) conservation-apolar, (b) conservation-correlation and
(c) correlation-apolar. The number of pairs with Differential Xd value for both parameters is (a) 1884, (b) 1866 and
(c) 4616. (d) The Differential_Xd values are represented for the combination of conservation and apolarity at three
different values of correlation Differential_Xd (i, less than 0; ii, between 0 and 5; iii, between 5 and 10; and iv, greater
than 10). In only one case (1TVSonlTVT) are Differential Xd values less than 0 for the three parameters.

incorrect ones (Precision of 11.5, Figure 7); at a level
of Z-scores >2.0, the precision improved to 15%
(Figure 7). Furthermore, structurally more similar
proteins were found more reliably than borderline
cases: structurally more similar pairs were found at
a correct/incorrect solution ratio of 7 (Figure 7).
All the implicit threading models were simul-
taneously evaluated by the proximity of correlated,
conserved and apolar residues using the Xd par-
ameter. Any of the three sequence criteria
improved finding remote homologs (Figure 7). In
particular for TOPITS Z-scores between 1.5 and 2,
many false positives could be excluded due to
their low Xd values (Table 1A). For example,
TOPITS alone for Z-score > 1.5 recognized 11.5%
of the correct folds (59 correct identifications over
513 pairs of alignments at this level of TOPITS
score), four times more than at TOPITS Z-scores
< 1.5 (Precision 2.8 %, 121 positive cases out of 4246
possible ones). The different sequence information
parameters produce a clear improvement in the
fold recognition results by themselves or combined
with the TOPITS scores. For example, at TOPITS Z-
scores better than 1.5 correlation leads to a 17.5%

precision, conservation to 16.6 % and apolar resi-
dues to 15%. These results are significantly better
than those obtained for the same sequence par-
ameters at TOPITS Z-scores less than 1.5, and also
better than the results obtained at Xd values smaller
than zero.

When all three Xd values for conservation, corre-
lation, and apolarity were required to be larger
than zero, the performance to improved a 24 % Pre-
cision, a value 3.4-fold better than the improvement
obtained when any of the three Xd values was
smaller than zero (Precision 7.1%). The significant
improvement obtained by using three sources of
sequence information was based on the large
degree of independence among the three sequence-
based parameters. The number of cases in which
these three parameters were simultaneously larger
than zero was 544 pairs, including 61 cases of posi-
tive fold recognition, Precision 11.2 %. This Precision
was similar to the result achieved by using only
TOPITS at a Z-score of 1.5, 59 correct for 513 total
number of aligned pairs of proteins, with a Pre-
cision of 11.5%. We concluded that sequence and
structure-based methods were also mutually fairly
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Figure 7. Evaluation of threading models with sequence information. The combined plot contains the information
on the fraction of pairs whose fold was correctly recognized for different TOPITS Z-score values (large X-axis, <=1,
1< <=1.5, 1,5< <=2, >2) and split into four different correlation Xd cut-offs (large Y-axis , <—10, —10< <=0, 0< <=10,
>10). At each one of the combinations, a plot of apolarity (small x-axis, <—10, —10< <=0, 0< <=10, >10) against con-

servation (small y-axis, <—10, —10< <=0, 0< <=10, >10) is given. The values correspond to the proportion of correct
predictions over the total number of predictions compared with a random prediction, as described in Methods (Discr
value in equation (4)). In the Figure, structural similarity is defined with a cut-off FSSP Z-score of 2. The actual num-
ber of observations in some of the most relevant combinations are given in Table 1.

independent, since they worked better in combi-
nation than any of them alone (Precision 24.1 %, 32
positive cases for 133 possible ones).

Finally, we repeated the analysis for a more
restrictive definition of correct fold identification
(FSSP  Z-scores > 3.5, Table 1B). In this subset,
the number of possible true positives was reduced
from 180 to 74. The conclusion nonetheless remains

the same, since both threading and sequence-based
criteria improved in this more conservative
subset. In fact, the precision of TOPITS and com-
bined sequence information was 6.3-fold more
accurate than a random prediction in the set
of FSSP Z-score>20, to be compared with
the 14-fold improvement in the set of FSSP
Z-scores > 3.5.
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Table 1. Fold recognition

A. Fold recognition in some of the most relevant combinations of threading, conservation, correlation and apolarity® at a structural similarity

cut-off of FSSP Z-score>2°

TOPITS < 1.5

Any TOPITS

TOPITS > 1.5

Any Xd
Correlation Xd>0
Xd<0
Conservation Xd>0
Xd<0
Apolarity Xd>0
Xd<0
Combined: Corr & Cons All Xd >0

& Apol. At least one Xd <0

121/4246 =2.8%
73/1636 =4.5%
48/2610 =1.8%
79/1608 = 4.9 %
42/2638 =1.5%
62/1777 =3.5%
59/2469 =2.4%

29/411=7.1%
92/3835=2.4%

B. Improvement of fold detection results with the increase in structural similarity
FSSP Z-score>2.0°

TOPITS >1.5
Combined: Corr & Any Xd 59/513 =11.5%
Cons & Apol. 3 folds?
All three Xd >0 32/133 =24.1%
6.3 folds?

180/4759 = 3.7 %
127/1945=6.5%
53/2819=1.8%
123/1873 = 6.5%
57/2886 =1.9 %
105/2059 =5 %
59/2469 =2.7%
61/544 =11.2%
119/4215=2.8%

59/513 =11.5%
54/309 =17.5%
5/204=25%
44/265 =16.6 %
15/248 =6.0%
43/282 =15.0%
16/231 =6.9%
32/133=24.1%
27/380=7.1%

FSSP Z-score>3.5

Any TOPITS TOPITS > 1.5 Any TOPITS
180/4759 =3.8% 36/513=7% 74/4759 =1.5%
background® 4.7 folds? background®
61/544=112%29  28/133=21.1% 39/544=7%
folds? 14 folds® 4.7 folds?

 The results are given as positive cases of fold identification, total number of cases that could have been identified at each one of
the cut-off levels and the corresponding percentage of fold identification (Precision, see equation (5)). An example could be taken
from the right upper corner of the Table. There are 36 cases of correct fold identification by threading (TOPIT > 1.5 column) out of
513 possibilities in the set of clear structurally related pairs, the corresponding Precision is 7 %. The additional analysis of those cases
with correlated mutation information (“correlation” rows) identifies positively (Xd > 0) 54 cases out of the possible 309 cases (Preci-

sion 17.5 %).

® The fold recognition results were assessed at different levels of structural similarity. In A the cut-off level is of FSSP Z-scores of
2.0 and in B results at cut-offs of 2 and 3.5 are compared. All the other combinations of TOPITS scores, correlation, conservation and
apolarity at different cut-off levels are represented in Figure 7 or given at http://www.gredos.cnb.uam.es/olmea/models/combina-

tions.

¢ Background level as given by the ratio between the number of related pairs of structures at a given FSSP Z-score and all pairs of

alignments provided by TOPITS.

9 Increase in the fold identifcation precision as compared with the background level.

Studying the details of the combination for CheY

The search for a possible structure for 3CHY
(CheY) with TOPITS returned a sorted list of
models that were scored by the proximity of the
correlated residues. In this case, the best model
(2DRI, sugar transport protein, with an FSSP
Z-score of 8.9) did not score as the first one in the
TOPITS or correlated mutation list. Another inter-
esting case was 5P21 (ras-p21, with an FSSP
Z-score of 7.2), which would have been difficult to
identify only by threading (TOPITS Z-score of 1.96)
or by correlation (ranking position 6, with an Xd-
correlation of 5.0). The combined score of the two
parameters ranked among one of the best-scoring
proteins for both parameters (best-scoring protein
if restricting the hits to those with Xd correla-
tion > 4). In detail, the model alignment revealed
shifts typical for slightly incorrect models in differ-
ent regions (Figure 8). Interestingly, the correlated
pairs still were close in space, although the model
contained errors. Obviously, the proximity of the
correlated residues was better in the correct struc-
tural alignment (Xd value of 6.5 for the structural
alignment versus 5.0 for the TOPITS alignment).

Studying the details of the combination
for gluthathione-reductase

In the threading search with the sequence of
3GRS (glutathione-reductase) among the 11 pro-

teins with similar structures the best candidates
was 1FCD (flavocytochrome c¢ sulfide dehydrogen-
ase, Z-score of 23.3, in two alternative structural
alignments). This protein ranked second by
TOPITS and fourth by Xd-conservation. We
selected another structurally similar protein (1PBE,
p-hydroxy-benzoate hydroxylase, FSSP Z-score
11.4) as a typical example that would have been
very difficult to identify by threading or conserva-
tion alone but became a much better candidate
when the two parameters were considered
(Figure 9). As for CheY, the proximity of the corre-
lated residues was better in the correct structural
alignment (Xd value of 11.9 for the structural align-
ment versus 3.1 for the TOPITS alignment).

Discussion

We showed that long-range inter-residue con-
tacts could be predicted at low but significant
levels of accuracy using information from sequence
conservation and correlation. The tendency of con-
served and correlated residues to cluster in space
became more obvious when using real values for
spatial distances rather than binary contacts: the
distance histograms for conserved and correlated
residues were shifted toward smaller values than
for all other residue pairs.
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Conserved residues form clusters
discriminating incorrectly folded proteins

The distance between conserved residues
resulted in a good model for selecting correctly
folded proteins in a significant number of cases. Of
the different conservation thresholds used, we
found completely conserved residues to be most
informative. A few less-conserved positions con-
tained structural information, but these were
clearly weaker predictors of contacts.

K F ™ NLLEEL EEAED
ADKELEFLVV DDFSTMRRIV R GFN NV GVD ALNELQAGGY ment, as taken from the FSSP data

d1DTaeEYSA MRDQYMRTGE . . .
AN /) f? s/ v base. Shift from one to five residues

DILDTAG. ..

RDOYMR..TG can be appreciated in different
regions. In the corresponding three-

PVLMVTAERK KENITIAAMQR dimensional plots the structure of

TTTTTTT]“A RTVESROROD 3CHY is represented highlighting

PMVLVGNVES RQAQDLARSY

the regions corresponding to the
two different alignments. The resi-
dues implicated in pairs of corre-
lated residues are shown by the
positions of their C? atoms.

Why were contact predictions from conserved
residues not more accurate?

The difficulty in distinguishing between structu-
ral and functional residues appeared to be the
major obstacle for conservation-based contact pre-
dictions. Proteins often use the same residues to
account for structural and functional constraints
(Gabrielian et al., 1990; Zvelebil et al., 1987). A
good separation between functional and structural
residues could improve prediction accuracy signifi-
cantly. The current separation (Ouzounis et al.,
1998) produced only a slightly better result than no
discrimination whatsoever.
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Correlated mutations discriminate incorrectly
folded proteins

We hypothesize that some of the correlations
detected during the analysis of protein families cor-
responded to substitutions that were compensated
during protein evolution by other replacements in
the nearby structural regions. This compensation
may relate to the limited window of stability of a
protein structure. Thus, the signal detected as cor-
relation can be expected to correspond to a general
structural proximity. Although valuable, this signal
is not strong enough for satisfactory prediction of
inter-residue  distances. However, correlated
mutations are at least as successful in recognising
incorrectly folded proteins as in sequence conser-
vation.

Why are correlated mutations not more accurate?

In the following, we explain why we believe that
it appears unlikely that it will be possible to
achieve dramatic improvements in predicting resi-
due contacts on the basis of the information con-
tained in sequence conservation and correlation. In
our understanding, the main reasons are:

Sampling errors in real protein families, such as
alignment errors, unequal distribution of sequences
in the sequence space (e.g. clusters of protein
families). These factors may render strong corre-
lation signals caused by the constant presence of
one or a few sequences that are difficult to align
with the rest of the protein family.

The natural signal of the compensation process
is probably mixed with many other changes
acquired by the structures (e.g. adaptation to new
functions, new specificity or new folding require-
ments). We know too little of these processes to be
able to account for them.

Our definition of correlation was restricted to
residue pairs. However, it would be more natural
to consider entire networks of co-varying residue
positions.

Uncorrelated residue pairs may be part of the
same contact network. For example, some of the
invariant positions are typically involved in contact
networks. However, uncorrelated pairs were not
considered in our definition of sequence corre-
lation. This may have distorted the observed distri-
bution of distances between correlated positions.
Similarly, positions influencing structure indirectly
may have created signals of correlation not corre-
sponding to direct physical proximity (Lapedes
et al., 1997).

Apolar residues and protein cores contain very
limited information

Surprinsingly, we found that contact predictions
derived from subsets of apolar residues were of
fairly limited accuracy. The best predictions were
obtained with the subset of apolar-Huang residues.
This definition of apolar residues has been used as

the basis for defining solvation potentials, effective
in analyzing protein models (Huang et al., 1995,
1996). In our analysis, they were only slightly
superior to other types of sequence information,
such as conservation or correlation.

Combining conservation, correlation, and
apolar information successfully recognized
incorrectly folded proteins

Despite the tendency of apolar and correlated
positions to be conserved (Hubbard & Blundell,
1987; and our unpublished results), these variables
contain sufficiently independent information to
improve our results with their combination as
independent variables. Indeed, the selection of
those pairs identified by any of the three criteria
led to the identification of all the cases, with only
one exception (0.05% of the sample). Conse-
quently, our results were similar to those obtained
using more sophisticated approaches for finding
incorrectly folded models; for example, semi-
empirical energy force fields (Abagyan et al., 1994;
Gregoret & Cohen, 1990; Novotny et al., 1988),
mean field potentials derived from statistical anal-
ysis of structural databases (Bowie et al., 1990;
Bryant & Amzel, 1987; Liithy et al., 1992; Ouzounis
et al., 1993; Sippl, 1995; Sippl & Weitckus, 1992; see
also Wodak & Rooman, 1993), regularities in pro-
tein structure according to tabulated sets of con-
straints (Clark et al.,, 1991, Rooman et al., 1992;
Rooman & Wodak, 1992; Vriend, 1990) and sol-
vation potentials (Holm & Sander, 1992; Huang
et al., 1995, 1996; Juffer et al., 1995, Thanki et al.,
1991).

Improving threading through combined
sequence information

The way we used sequence information was
rather naive, in that we did not attempt driving
threading algorithms based on the information we
extracted. Rather, we simply post-filtered the out-
put from one particular threading algorithm. We
then answered the question: did the model that
was predicted by threading appear correct using
sequence information? This was a particularly diffi-
cult enterprise, since automatic threading methods
have severe difficulties in producing correct align-
ments, even if fold identification is correct. Fortu-
nately, the sequence information seemed to be
strong enough to overcome this problem: the incor-
rect threading solutions could be rejected in many
cases. This improved the ratio of correct versus
incorrect folds significantly.

Each of the three sequence variables, correlation,
conservation and polarity, improved the results for
different proteins. This indicated again that the
three evidences of sequence information were of
distinct nature. The simple combination of the
three features through a logical “or” operation
resulted in a discrimination comparable to that
produced by the score of the threading program.
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The best final results were obtained by combining
threading with all three evidences of sequence
information. Sequence information was particula-
rily useful for retrieving correct models with low
threading scores.

Future directions

Conservation and correlation obviously contain
similar amounts of information. However, our suc-
cess in post-processing combination of the two
demonstrated clearly that they are not identical, as
previously suggested (Taylor & Harrick, 1994).
Thus, it may be beneficial to develop a strategy to
combine these. Indeed, a simple linear combination
of conservation and correlation indicates some
improvement (Olmea & Valencia, 1997). Further-
more, it may be worth including correlation and
conservation in  other contact prediction
approaches, such as statistical approaches
(Galaktionov & Marshall, 1994; Galaktionov &
Rodionov, 1981; Hubbard & Park, 1995; Thomas
et al., 1996) or neural network training (Fariselli &
Casadio, 1999; Lund et al., 1997).

In our analysis, the subset of invariant-binding
residues produced a small improvement in the pre-
diction of contacts. Future development of bind-
ing-site potentials will be needed to confirm this
result.

Finally, we have presented a great variety of
data illustrating how protein sequence information
could improve fold recognition by filtering thread-
ing models. The results encourage a more sophisti-
cated application, going beyond filtering schemes
toward the direct incorporation of sequence corre-

lation and conservation information into threading
algorithms.

Methods

Definition of conservation

Sequence conservation is defined in terms of the
Variability scale (Sander & Schneider, 1993), which
ranges from variability zero (invariant residues) to extre-
mely variable residues with values greater than 50. Our
results are presented as four conservation classes, 0, 1-13,
14-18, and more than 21 variability units.

Calculation of correlation

Correlated mutations were calculated as described
(Gobel et al., 1994). Each position in the alignment is
coded by a distance matrix. This position-specific matrix
contains the distances between all sequence pairs at that
position. Distances are defined by the scoring matrix pre-
sented by Mclachlan (1971). The association between
each pair of positions is calculated as the average of the
correlation for each corresponding bin of the position-
specific matrices. Positions with more than 10 % gaps or
those that are completely conserved were not included
in the calculation.

The formula used for calculation of the correlation
coefficient (r;;) for each pair of positions i and j of a pro-
tein, with N proteins in the alignment, is:

1 Yl — {si))(sik — {sj)

tii =
v N2 G,‘Gj

M

For each position in the alignment, we have an N x N
matrix in which each element (k and ! from 1 to N) is the
similarity (S;;) between the two residues (k and ) in
this position (i) according to the given homology
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Figure 9. Example of the analysis of a TOPITS run combining threading and information about sequence conserva-
tion. The same representation as in Figure 8 is used to illustrate the combination of threading with sequence conser-
vation. In this case, the example is taken from the threading run of 3GRS (glutathione-reductase) in which 1PBE
(p-hydroxy-benzoate hydroxylase) is identified as a possible related protein. In this case, the structural similarity is
clear, with an FSSP Z-score of 11.4. The structural and threading alignments differ by more than four residues in
different regions. The position of the conserved residues in the 1PBE family is represented by the corresponding CP

atoms in the three-dimensional plots.

matrix. (S;) is the mean of S;; o; is the standard
deviation of Sy,

Given that the accuracy of contact prediction depends
directly on the correlation values (Gobel et al., 1994;
Olmea & Valencia, 1997) the pairs of positions are sorted
by their correlation value and the best M residues are

defined as predicted contacts, with M proportional to the
protein size. For this study, we present results at differ-
ent proportions of sequence length (L): L/2, L, 7L and
greater than 7L.

Common measurements of contact prediction such as
Accuracy are highly dependent on protein size. Part of
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the analysis is therefore presented by dividing proteins
into four size categories (31-99, 103-166, 169-298, and
312-823 amino acid residues long), chosen to contain
similar numbers of proteins.

Threading method

The threading experiments have been carried out with
the TOPITS program (Rost, 1995), in the implementation
of Olmea (unpublished).

Each of the threading runs was carried using equal
weighting for the comparison of the single sequences
and for the matching between predicted and observed
secondary structures. Sequence similarity was evaluated
with the Blousum matrix and the similarity between pre-
dicted and observed secondary structures and accessibil-
ity with the matrix derived by Rost (1995).

Test set

For the comparison of correctly and incorrectly folded
proteins, three different protein test sets were used. The
first set comprises 71 non-redundant protein families
from the PDB-select list of August 1995 (Hobohm et al.,
1992), which was used to assess the accuracy of contact
prediction with conserved, correlated or simply apolar
residues.

The second set contains a larger set of protein pairs of
identical size and different structure, and includes poss-
ible redundant sequence families. The additional restric-
tion used is that each protein family must have at least
10% of positions in the category under study; that is,
more than 10 % conserved or apolar residues. The exper-
iments were performed with 3612 protein-model pairs in
the test with conserved residues, 4616 with correlated
pairs, 4634 with apolar, 4640 with apolar according to
Huang et al. (1995) (apolar-Huang) and 1005 with con-
served-binding residues. For the double test with two
variables, the number of pairs was 1884 for apolar-con-
served, 4616 for apolar-correlated and 1866 for con-
served-correlated and for the triple combination of
conservation, correlation, and apolarity.

The third test set was additionally restricted to contain
only sequences with less than 25 % sequence similarity to
any other sequence in the October 1997 set (Hobohm
et al., 1992). This set contains 56 protein pairs with
enough conserved residues, and 33 with enough corre-
lated pairs, to be analyzed.

Protein families were selected from the HSSP database
(Sander & Schneider, 1993). To guarantee that protein
pairs of identical size had different structure (sets 2 and
3), it was required that they not be recognized by a com-
mon algorithm of structural comparison (Holm &
Sander, 1993), such that they are never contained in the
same structural alignment as deposited in the FSSP data-
base (Holm & Sander, 1996).

The threading experiments correspond to individual
runs of each of the proteins in a non-redundant set
(Hobohm et al., 1992) with more than 15 alignments in
the corresponding HSSP file (release 31, 1995, Sander &
Schneider, 1993). In addition, only those alignments with
more than 10% of positions in the corresponding cat-
egory of conserved, apolar or correlated were used, giv-

+ The list of proteins and the corresponding set of
threading results are provided at: http://
www.gredos.cnb.uam.es/olmea/models/threading.

ing a different number of cases than described for test
set 2. The runs were carried out against a non-redundant
database of 582 protein chains, of which those with more
than 20 sequence similarity to each of the query proteins
were excluded in the corresponding experimentf.

Assessment of the distance between pairs
of positions

A strict definition of contact was first used, consider-
ing a prediction correct when two CP atoms are closer
than 8 A, and defining Accuracy as the percentage of cor-
rectly predicted over the total number of predicted pairs.

Second, we used a definition in better agreement with
the idea of residue networks in spatial proximity, but
not necessarily in physical contact. In practice, the
weighted difference was computed between the binned
populations of distances between all pairs and correlated
or conserved pairs (Pazos et al., 1997a).

The distances between residue pairs are grouped in
bins of 4 A and the distribution represented as relative
proportions of pairs of contacts. Two different distri-
butions of binned data are obtained for the predicted
pairs and for all other pairs of positions. The difference
between the two distributions is calculated bin by bin
and weighted by a factor inversely proportional to the
normalized distance of the corresponding bin. The
weight factor is introduced to increase the importance of
closer distances. Distances between residues correspond
to CP-CP distances (C* for Gly):

i=n

Pic - Pia

Xd = leidin 2
1=

where n is the number of distance boins; there are 15
equally distributed bins from 4 to 60 A. d; is the upper
limit for each bin, e.g. 8 for the 4-8 bin (normalized to
60). P,. is the percentage of correlated pairs with distance
between d; and d;_,, P;, the same percentage for all
pairs of positions. Defined in this way, Xd =0 indicates
no separation between the two distance populations,
Xd > 0 indicates positive cases in which the population
of predicted pairs is shifted to smaller distances with
respect to the population of all pairs.

Evaluation of the discrimination between real and
incorrectly modelled proteins

Pairs formed by proteins and incorrect models of the
same sequence modelled on a different structure are
compared with the simple measure of:

Differential Xd = Xd of the real protein
— Xd of the modelled protein 3)

Differential_Xd values greater than zero indicates that
the conserved or correlated residues form a network of
proximity sufficient to discriminate between real and
incorrectly folded proteins.

Given the type of low-resolution information being
used and the fact that we are searching only for dis-
tances and not for specific molecular environments,
building and refinement of the protein models was
not necessary, thus avoiding any doubts about the
modelling. This question is always present in other
studies, such as those of solvation potentials, in which
the potentials depend on the specific protein environ-
ment.
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Evaluation of the discrimination of threading models

For each threading alignment, the corresponding
structural similarity level in FSSP (Z-score) (Holm &
Sander, 1993, 1996), threading score (TOPITS Z-score),
and Xd value of conservation, correlation, and apolarity
were computed. The results are given in terms of pro-
portion of fold correctly identified, that is, pair with an
FSSP Z-score better than a given threshold:

N(i, j, k, ) (z-rssp>threshold) /N (i, J. k. I)

Discr(i,j, k, 1) =
tserti. . kD N{total) z-pssp> threshold) /N (total)

4)

where i, j, k and | are different boundaries of TOPITS
Z-score, Xd-correlation, Xd-conservation and Xd-apolar-
ity. N(i, j, k, I) is the number of pairs in a given combi-
nation of scores (e.g. Z-score TOPITS between 1 and 1.5,
Xd-correlation between 0 and 10), N{i, j, k, I)z-rssp > thres-
holdy 15 the number of pairs in the same boundaries that
are structurally similar, corresponding to the number of
positive identifications. The denominator represents the
background probability of a correct fold identification in
the experiment, where N(total) is the number of pairs in
the experiment (total number of alignments provided by
TOPITS at a given Z-score cut-off), N{total); rssp > thres-
nold) 1 the total number of pairs considered to be structu-
rally similar, that is, having FSSP Z-scores larger than
the threshold.

In some cases, the actual number of correct N(i,jk,l) .
FSSP > threshold) @nd total cases N(i, j, k, I) cases and the cor-
responding percentage (Precision) is given:

PreCiSion(i’]'v kv l> = N(L ) j’ ks l)(Z'FSSP>threShOld)/N<is].s k’ l)
©®)
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