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Abstract

We describe a database of protein structure alignments as well as methods and tools that use this database to
improve comparative protein modeling. The current version of the database contains 105 alignments of similar
proteins or protein segments. The database comprises 416 entries, 78,495 residues, 1,233 equivalent entry pairs,
and 230,396 pairs of equivalent alignment positions. At present, the main application of the database is to improve
comparative modeling by satisfaction of spatial restraints implemented in the program MODELLER (Sali A,
Blundell TL, 1993, J Mol Biol 234:779-815). To illustrate the usefulness of the database, the restraints on the con-
formation of a disulfide bridge provided by an equivalent disulfide bridge in a related structure are derived from
the alignments; the prediction success of the disulfide dihedral angle classes is increased to approximately 80%,
compared to approximately 55% for modeling that relies on the stereochemistry of disulfide bridges alone. The
second example of the use of the database is the derivation of the probability density function for comparative
modeling of the cis/trans isomerism of the proline residues; the prediction success is increased from 0% to 82.9%

for cis-proline and from 93.3% to 96.2% for trans-proline. The database is available via electronic mail.
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Once a sequence of a gene product has been determined, a
search for related proteins can often provide important insights
into its structure and function. This search is made possible
by databases of protein sequences and structures. Sequence
databases presently contain approximately 80,000 entries. The
sequence databases include GenBank (Burks & Burks, 1988),
Protein Information Resource (PIR) (George et al., 1986), and
EMBO nucleotide sequences database (Hamm & Cameron,
1986).

The main database containing protein 3D structures is the
Brookhaven Protein Data Bank (PDB) (Bernstein et al., 1977;
Abola et al., 1987). The PDB contains almost 2,000 chains that
represent approximately 112 unrelated folds (Chothia, 1992;
Orengo et al., 1993). There are a number of protein structure
databases that process and organize the atomic coordinates pro-
vided by the PDB to make it more useful for addressing partic-
ular problems. For example, ISIS (Akrigg et al., 1988; Islam &
Sternberg, 1989; Thornton & Gardner, 1990) is a relational data-
base containing protein structures, sequences, and analysis pro-
grams. It is accessed through a query system that can answer
questions such as “List all examples of a positively charged side
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chain at the N-terminus of a helix.” Two similar databases have
also been described (Bryant, 1989; Huysmans et al., 1991). The
power of the databases to address various questions is greatly
enhanced when relationships between the entries are established.
Several collections of alignments of protein structures have been
published. Pascarella and Argos (1992) presented a database of
alignments of protein structures as well as protein sequences,
whereas Holm et al. (1992) described methods and programs for
automatic derivation of structural alignments from the PDB
coordinates. Recently, the available protein structures were sys-
tematically aligned and clustered into 112 protein fold families
(Orengo et al., 1993).

Comparative protein modeling is based on the observation
that proteins with similar sequences adopt similar 3D structures
(Chothia & Lesk, 1986; Hubbard & Blundell, 1987). As a result,
knowledge of 3D structure of one or more proteins is useful in
modeling the 3D structure of a related sequence (Browne et al.,
1969). Many of the methods that have been proposed for ho-
mology modeling were reviewed by Sali and Blundell (1993).
Our particular approach to comparative modeling is based on
satisfaction of spatial restraints that are obtained from an align-
ment of a target sequence with related 3D structures (Sali &
Blundell, 1990, 1993; Sali et al., 1990). The method is not lim-
ited only to proteins related by divergent evolution, but also
applies to protein engineering studies such as the humanization
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of monoclonal antibodies and enhancement of thermal stabil-
ity through site-directed mutagenesis. The spatial restraints are
expressed as probability density functions (pdf’s) for the spatial
feature that is restrained. For example, the probability of a
certain C*-C* distance in the sequence of the unknown is a
Gaussian function with the mean equal to the equivalent distance
in a related structure. Such pdf’s for several types of distances,
main chain, and side chain dihedral angles were initially ob-
tained from a small database of 17 family alignments (Sali, 1991)
that was built by the protein structure comparison program
COMPARER (Sali & Blundell, 1990; Zhu et al., 1992). This
small database was then gradually extended and used to ob-
tain environment-specific residue substitution tables (Overing-
ton et al., 1990, 1992), to improve homology modeling of loops
(Topham et al., 1993), and to increase the sensitivity and accu-
racy of aligning sequences with structures (Johnson et al., 1993).
Recently, 87 alignments were collected (Overington et al., 1993).
This collection was used as the starting point for the present
database with 105 groups of 416 aligned protein structures.

In this paper, we describe a database of multiple protein struc-
ture alignments and computer software that is designed to help
improve comparative protein modeling but also has other ap-
plications. The main distinction of the present database is the
inclusion of a procedure for derivation of spatial restraints use-
ful in comparative modeling; i.e., various spatial features of a
protein sequence can be correlated with many features of a pro-
tein structure aligned with that sequence and such relationships
can then be used in our approach to comparative modeling (Sali
& Blundell, 1993). In the Methods section, we describe the data-
base of alignments,? its contents and organization, and the pro-
grams used to explore it. The programs calculate and correlate
various properties of protein structure, such as solvent accessi-
bility, residue type, and atomic distances, as well as analyze the
correlations. In the Results section, we illustrate the usefulness
of the database by deriving information for modeling a disul-
fide bridge in a target sequence based on the equivalent disulfide
in the known template structure. We show that the prediction
success of the disulfide dihedral angle classes is increased to ap-
proximately 80% compared to approximately 5S5% for model-
ing that relies on the stereochemistry of disulfide bridges alone.
We also apply the database to derive restraints on the cis/trans
isomerism of a proline main chain, given the knowledge of a re-
lated structure. In this case, the prediction success is increased
from 0% to 82.9% for cis-proline and from 93.3% to 96.2%
for trans-proline.

Results

Comparative modeling of disulfide bridges

The bond lengths, angles, and torsional preferences for S-S
bonds in disulfide bridges are well established both from theo-
retical modeling studies (Qian & Krimm, 1993} and from anal-
yses of small molecule crystal structures (Engh & Huber, 1991).
Similarly, there have been a number of analyses of disulfide
bridges in proteins that can be used as a basis for modeling
their conformation (Richardson, 1981; Thornton, 1981; Pabo
& Suchanek, 1986; Sowdhamini et al., 1989, 1993). However,

3 The alignment files (Fig. 8) are available upon request from the au-
thors at the Internet e-mail address overingtonj@pfizer.com.
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none of these analyses describes the restraints on a conforma-
tion of a disulfide bridge that are provided by the information
about the equivalent disulfide bridge in a related structure. Be-
cause disulfide bridges occur frequently and because their con-
formation sometimes significantly influences the 3D structure
as a whole, especially for many small biologically active pep-
tides, it is important to be able to model the disulfide bridges
as well as possible. We use the database and the programs de-
scribed in the Methods section to derive restraints on the di-
sulfide conformation from the equivalent disulfides in related
proteins. The restraints are expressed as pdf’s suitable for com-
parative modeling by satisfaction of spatial restraints, imple-
mented in the computer program MODELLER (Sali & Blundell,
1993). Many features of this analysis are similar to the deriva-
tion of the pdf’s for modeling of all side chain conformations
(Sali & Blundell, 1993).

Among the 78,495 residues in the 105 alignments, there are
936 half-cystine residues forming 468 disulfide bridges and 670
cysteine residues, which by definition are not in disulfide bridges.
The 468 disulfides give 1,295 equivalent disulfide bridge pairs;
2 disulfides are equivalent when both of the half-cystine residues
are equivalent. Half-cystine is by far the most conserved resi-
due type in terms of evolutionary substitution with other residue
types; in the present database, the probability that it is conserved
is 0.873. By contrast, cysteine is significantly less conserved
(0.430). For comparison, the other most conserved residue types
are Trp (0.600), Gly (0.572), and Pro (0.484); the least conserved
residue types are Met (0.229), Asn {0.254), and Lys (0.317).
There are only 25 pairs of equivalent Cys residues where a resi-
due in one protein is involved in a disulfide and the residue in
the other protein is not. This number should be compared with
the 1,295 pairs of equivalent half-cystines where both residues
are involved in an equivalent disulfide bridge. This demonstrates
that the presence or absence of a disulfide bond at a certain
position in a family fold is a strongly conserved feature in evo-
lution (Thornton, 1981). It remains to be seen how conserved
the conformation of a disulfide bridge is; if both the confor-
mation and presence of a bridge are conserved, they should
make possible derivation of strong restraints for comparative
modeling.

We first establish stereochemical preferences of a single di-
sulfide bridge. The 5 dihedral angles of a disulfide bridge are
defined in Figure 1. Due to the symmetry of the disulfide topol-
ogy, dihedral angle x, is equivalent to dihedral angle xs; simi-
larly, x, is equivalent to x,4. The distributions of the dihedral
angles in the 410 half-cystines from the 181 high-resolution crys-
tallographic structures (resolution of 2 A or less) in the database,
W (x;) (Equation 3), are shown in Figure 2A-C. The distribu-
tions have typical trimodal (x,, x») and bimodal (x;) shapes.
The only exception is the x, angle, which has a small peak at
approximately 120°. This small peak is contributed largely by
the high-resolution structures of the immunoglobulin variable
domains. It is ignored in the present analysis because the sub-
sequent results are very similar when the 2 alignments with im-
munoglobulin variable chains are omitted (data not shown).
Each of the contiguous ranges centered on the peaks corresponds
to a dihedral angle class. The distributions can be normalized
and modeled by a weighted sum of Gaussian functions, each
function corresponding to 1 class, as shown in Figure 2. The
weights, means, and standard deviations of the Gaussians are
given in Table 1. Since there are only 2 or 3 dihedral angle classes
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per dihedral angle type, the distribution of the actual dihedral
angles among these classes can be estimated much more accu-
rately than the distribution of the dihedral angles among the
36 10° intervals. In the subsequent derivations, we use all 416
structures in the database, not only the high-resolution entries.

When distinguishing only between the classes of the 5 dihe-
dral angles in the disulfide bridge, there are 90 different possi-
ble conformations. However, only 10 of these are significantly
populated (=4% of the total): 11111 (10.9%), 11112 (8.8%),
11211 (7.3%), 11222 (5.8%), 11131 (5.6%), 13222 (5.6%), 22233
(4.5%), 22211 (4.6%), 11223 (4.3%), and 11221 (4.1%), where
the 5-digit numbers are the classes of the 5 x; angles (Table 1)
and the symmetry in the numbering of the dihedral angles has
been taken into account (i.e., conformation 32221 is the same
as conformation 12223). Together, these 10 conformations ac-
count for 57% of all disulfides. The top 20 conformations ac-
count for 81% of all disulfides.

Next, we examine the interdependence of the dihedral angles
within the same disulfide bridge. To this end, we use the plots
of W(x:, x;) (Equation 2), W’(x;/x;) (Equation 3) (Fig. 3), and
their conditional entropies (Equation 6) (Table 2). The strongly

Table 1. Definition of the dihedral angle classes
for the dihedral angles in a disulfide bridge?®

Standard

Dihedral Mean deviation
angle Class Weight (deg) (deg)
X1 1 0.619 —64.73 12.09
2 0.265 182.03 12.79
3 0.116 60.34 9.27
X2 1 0.496 ~73.69 20.92
2 0.235 74.00 19.98
3 0.269 181.10 35.68
X3 1 0.425 ~85.77 7.56
2 0.575 93.21 13.66

A. Sali and J.P. Overington

Fig. 1. Example of a disulfide bridge
and definition of the disulfide dihedral
angles. The disulfide bridge 191-220
from rat tonin is shown (PDB code
ITON). Labels are next to the C* at-
oms. A disulfide bridge 220-191 has the
x; angles labeled in the reverse order.

correlated pairs of dihedral angles are (xi, x2), (x2, x3),
(X35> Xa)» (X45 Xs5)»> and (x3, x4); with the exception of the last
pair, they are all the neighboring dihedral angles. This suggests
that, ideally, the individual dihedral angles should not be con-
sidered independently from each other but that there should be
one S-dimensional variable describing the conformational state
of a disulfide bridge as a whole. However, the size of the present
sample is not large enough to proceed in this way. Moreover,
it is likely that in modeling, the interdependence of x,-xs can
be achieved by the use of the Lennard-Jones interaction terms
(Dunbrack & Karplus, 1993). Thus, the 5 dihedral angles remain
considered as independent variables.

We now establish restraints on the conformation of a given
disulfide that are provided by an equivalent disulfide bridge in
a related structure. The pdf’s p(x;/x/) are shown in Figure 4
together with their conditional entropies. These are larger than
the conditional entropies for the interdependence of the dihe-
dral angles in the same bridge, showing that the knowledge of
an equivalent disulfide provides strong restraints on a given
disulfide.

How much better is the modeling of a disulfide given an equiv-
alent bridge compared to pure stereochemical modeling? A rig-
orous answer would be provided by testing the corresponding
pdf’s with MODELLER on a large number of cases. Because
this is impractical, we make an estimate for the x; dihedral an-

Table 2. Interdependence of the dihedral angle classes
in the same disulfide bridge®

Y
X X1 X2 X3 X4 Xs
X1 1.000 0.146 0.000 0.013 0.011
X2 0.134 1.000 0.071 0.069 0.012
X3 0.001 0.109 1.000 0.109 0.001
Xa 0.012 0.069 0.071 1.000 0.134
X5 0.011 0.013 0.001 0.146 1.000

3 x4 and x5 angle classes are equivalent to the x, and x; classes, re-
spectively. The parameters of the dihedral angle classes (i.c., weights,
means, and standard deviations) were obtained from least-squares fit-
ting of a sum of Gaussian functions to the observed histograms, as
shown in Figure 2.

2 The dependence of the probabilities of a certain dihedral angle class
on the actual value of another dihedral angle class is measured quanti-
tatively by the conditional entropies U(x/y) (Equation 6). Frequencies
and conditional probabilities for three of the strongly correlated pairs
of dihedral angles are shown in Figure 3.
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Fig. 2. Definition of the dihedral angle classes for the dihedral angles
in a disulfide bridge. The histograms show the distribution of the cor-
responding dihedral angles in all 410 half-cystines from the 181 high-
resolution structures (<2.0 A) in the alignments database. The curves
show a fit of a weighted sum of 3 (x; and x5) and of 2 (x3) Gaussian
functions to the histograms. For example, for x;:

P = 0 1 oxp 1<A<x,>z.)>2
T _2
V2w 2 g,

1 [ I(A(x,iz))z]
+wyr—exp| —zc|\ ——— ,
27 2 0,

where x; are means, o; are standard deviations, w; are weights, and
w) + wy = 1. The function A («, 3) returns the difference between an-
gles a and 3 while allowing for the 360° periodicity of the angles: the
difference is defined as the shortest path around the 360° circle from
angle « to angle 3 (clockwise direction is positive). Program LSQ was
used for least-squares fitting. The weights, means, and standard devi-
ations of the Gaussians are listed in Table 1. The RMS deviations be-
tween the probability density models and the relative frequencies from
the database are 0.5 x 1073, 0.9 x 1073, and 0.9 x 1073 for x,, x2, and
X3, respectively.
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Fig. 3. Strength of association between 2 dihedral angle classes in the
same disulfide bridge. Three strongly correlated pairs are shown. The
dihedral angle classes are identified by their means. The top number in
each cell is the number of disulfide bridges with a corresponding com-
bination of the 2 dihedral angle classes in the database. In total, there
are 468 disulfides in the database, resulting in 2 x 468 = 936 compari-
sons for each dihedral angle pair because of the bridge symmetry. The
bottom number in each cell is a conditional probability p(x/y); thus,
the numbers in a row sum to 1. Note the differences between the rows.
These differences are caused by the dependence of the x-axis dihedral
angle class on the y-axis dihedral angle class. The magnitude of this
dependence is quantified in Table 2.

gle class as follows. The predicted dihedral angle class is that
class in a pdf that has the highest probability of occurrence.
Using stereochemical preferences as reflected in p(c;) alone
would correctly predict 58% of the disulfides in the database
(Table 1). By contrast, using an equivalent disulfide as repre-
sented by p(c3/c;) would correctly predict (1,394 + 2,698)/
(1,394 + 2,698 + 544 + 544) = 79% of disulfides (Fig. 4C). The
equivalent numbers for the x, dihedral angle class are 62% and
83%, and for x,, 50% and 77%.

Comparative modeling of the cis/trans isomerism
in proline residues

A number of analyses of the conformational properties of
proline in proteins have been published (Stewart et al., 1990;
MacArthur & Thornton, 1991). However, none of these analy-
ses describes how much information on a state of a certain Pro
residue in a modeled sequence is provided by a homologous
structure. This is an important question because a significant
fraction of proline residues are in the cis state (approximately
6.7%), and because a choice of a particular Pro isomer may have
a significant impact on the 3D model (Fig. 5). We use the present
database to attempt to improve comparative modeling of the
cis/trans states of proline.

Among the 78,495 residues in the 105 alignments, there are
3,576 (4.5% of all residues) proline residues. Of these, 238 (6.7%
of all prolines) are cis-prolines. The cis conformation is assigned
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Fig. 4. Correlation between equivalent dihedral angles. This figure is
similar to Figure 3 except that a dihedral angle class is correlated with
the same dihedral angle class in an equivalent disulfide bridge, not with
another dihedral angle class in the same disulfide bridge. There are 1,295
equivalent disulfide pairs that result in 5,180 (4 x 1,295) comparisons
because of the disulfide bridge symmetry and because a comparison of
disulfides from proteins A and B is different from a comparison of the
same disulfides from proteins B and A. See the legend of Figure 3 for
an interpretation of these plots. The entropies and conditional entro-
pies are: S(x,/x1{) = 0.576, U(x,/x;) = 0.463, S(x2/x3) = 0.662,
U(xz2/x3) = 0.376, S(x3/x3) = 0.505, and U{x3/x3) = 0.236. These
conditional entropies can be compared with significantly smaller val-
ues for the intraresidue correlations (Table 2).
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when the preceding w dihedral angle is between —90° and +90°;
otherwise, the ¢rans conformation is assigned. Seventy-one resi-
dues other than proline are also in the cis conformation; some of
these may be errors in structure refinement. Out of the 211,556
equivalent residue pairs in the database, where a gap can be one
of the “residues” in the pair, at least 1 proline occurs in 13,659
of the pairs (6.4%); in 4,365 out of 13,659 pairs, both residues
are prolines. As mentioned above, proline is the fourth most
conserved residue type in terms of substitution with other residue
types. This is presumably caused by its unique lack of hydrogen
bonding from the main chain amide and by conformational re-
strictions on the ¢ main chain dihedral angle. As a result, a hy-
drophobic Pro residue frequently occurs in turns, where the
value of the ¢ angle favored by Pro and its ability to form cis-
peptide bonds are often required. Pro also occurs at the termini
of helices and $-sheets, and by implication on the surface, be-
cause it breaks the regular pattern of secondary structure hydro-
gen bonds (Richardson & Richardson, 1988). The conservation
of proline increases to 0.654 for a cis-proline and decreases to
0.466 for trans-proline, compared to 0.484 for any proline. This
makes cis-proline the second most conserved residue type, af-
ter the most conserved half-cystine (0.873); frans-proline remains
one of the most conserved residue types. This indicates that the
structural role of the cis-proline is more specific than that of
trans-proline.

The first question that we ask is “Does the distribution of pro-
line between the cis and trans states depend on the type of the
equivalent residue when this equivalent residue is in the frans
conformation?” To answer this question, the frequency table
W'(w., r = Pro, r’, . = trans) and the corresponding pdf
p(w./r=Pro, r’, w.=trans) are shown in Figure 6; w. describes

Fig. 5. Examples of the proline cis and
trans conformations. Labels are next to the
C* atoms. A: Mucor pusillus pepsin (PDB
code IMMP) with trans-proline at position
111. B: Mouse renin (Dhanaraj et al., 1992)
with cis-proline at the equivalent position
111.
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Fig. 6. Isomer propensity of proline as a function of the type of an
equivalent residue. A gap residue type is indicated by a dash. The top
number in each cell is the frequency W (w,, r = Pro, ', w. = trans). The
bottom number is the pdf p(w./r = Pro, 7', w, = trans).

the main chain isomer of a given residue, r is the type of a given
residue, ' is the type of an equivalent residue, and w is the iso-
mer of an equivalent residue. Due to the relatively small size of
the database, the differences among the estimated probabilities
for all equivalent residue types r’ are small compared to errors
in these estimates. In other words, there is no reason to believe
that any of the probabilities p(w, = cis/r = Pro, r’, w. = trans)
is significantly different from 6.7%; the only exceptions may be
a substitution from trans-Pro to cis-Pro, which appears to be
less likely than an average substitution to cis-Pro, and a substi-
tution of a gap with a cis-Pro (i.e., an insertion of cis-Pro),
which appears to be more likely.

This observation justifies combining all equivalent residue
types when asking the following question: “What is the proba-
bility that a proline has a cis-peptide geometry given the state
of an equivalent residue, regardless of its type?” To answer this
question, the frequency table W (w,, r = Pro, w,) and the cor-
responding pdf p(w./r = Pro, w.) are shown in Figure 7. The
information about the isomeric state of an equivalent residue
strongly restrains the conformation of a given proline: the re-
strained proline has a probability of 82.9% to be a cis-proline
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if the equivalent residue is cis, and a probability of 96.2% to be
a trans-proline if the equivalent residue is trans.

It has been noted that residues close to proline in sequence
may affect its probability to be in the cis state (MacArthur &
Thornton, 1991), in particular, that a preceding tyrosine in-
creases the likelihood of the cis-proline. Since such correlations
could be used for homology modeling of proline, we derived
2 pdf’s of the form p(w,, = Pro, r;.,), where r;,, is the type
of the preceding and subsequent residue, respectively. Thirty-
one out of 156 Tyr-Pro pairs (20%) in the alignments database
have proline in the cis conformation, 3 times more than expected
by chance (6.7%). The second most biased pair is Phe-Pro;
17 of 150 pairs (11%) have cis-proline. The residue pair that is
least likely to have cis-proline is Cys-Pro (only once out of 88
occurrences). There is also some influence on proline by the sub-
sequent residue: Pro-His and Pro-Arg have 15 of 97 (15%) and
16 of 118 (13%) prolines in the cis state, respectively. The resi-
dues most successful in decreasing the probability of the cis state
for the preceding proline are Asp (6/240, 2.5%) and Glu (8/270,
3%). Despite a small number of examples in the database, at
least some of the preferences appear to be real. However, in
homology modeling of cis-proline, we do not combine these
preferences with p(w,, = Pro, w.) into p(w,., = Pro, w_, r;_,,
ri+1) because the database is too small to obtain a reliable esti-
mate of the expanded pdf and because the correlation of proline
conformation with the conformation of an equivalent residue
is significantly stronger than the correlation with the preceding
or subsequent residue. We also note that our database, which
includes homologous structures, may not be as suitable for der-
ivation of pdf’s containing only features from a single protein
(e.g., p(w., = Pro, r;,)) as the databases where special care
was taken to minimize the similarities between the proteins in
the database (MacArthur & Thornton, 1991).

The improvement in modeling the cis and trans states of pro-
line can be estimated similarly to that of the disulfide model-
ing above. Since the vast majority of prolines in proteins are
trans (93.3%), no cis-proline would be predicted correctly if only
the overall stereochemical preference of proline (i.e., p(w., =
Pro)) were taken into account. However, when knowledge of
an equivalent conformation is used (i.e., p(w., = Pro, w)),
82.9% of all cis-prolines and 96.2% of trans-prolines are pre-
dicted correctly (Fig. 7). We can use pdf p(w,, = Pro, «, s) in
the comparative modeling program MODELLER to improve
modeling of the proline main chain.

Discussion

In the Methods section, we describe a database of alignments
that contains 105 groups of 416 structurally defined proteins
or their fragments. The alignments were obtained by the least-
squares superposition of C* backbones (Sutcliffe et al., 1987)
and by a more flexible multifeature comparison method (Sali
& Blundell, 1990). The database is used with programs for au-
tomated access to and processing of the information in it. This
information includes the sequence of amino acid residues, po-
sitional coordinates, main chain and side chain dihedral angles,
secondary structure assignments, residue solvent accessibilities,
hydrogen bonds, neighboring residues, and many other features.
We describe a systematic and quantitative approach to search-
ing for significant associations between the features of protein
sequence and structure. This involves expressing the association
between selected features as a conditional pdf and quantifying
the strength of the association by entropy, conditional entropy,
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Fig. 7. Isomer propensity of proline as a function of conformation of
the equivalent residue. The top numbers are frequency table W (w,, r =
Pro, w.). The bottom numbers are pdf p(w./r = Pro, w.).

and, where possible, by the prediction success of the tested pdf’s.
The features can be either of sequence or of 3D structure and
they can come from 1, 2, or 3 related proteins. For example, a
distribution of the differences between equivalent C*-C? dis-
tances from 2 aligned proteins can be easily prepared as a func-
tion of the overall sequence similarity of the 2 proteins. In a
separate paper, the smoothing procedure of Sippl (1990) was ex-
tended to multidimensional pdf’s to minimize the problem of
a small database (Sali & Blundell, 1993); it was not necessary
to apply this smoothing procedure to the pdf’s derived here be-
cause the database was sufficiently large.

Several collections of protein structure alignments have been
described (Sali, 1991; Holm et al., 1992; Pascarella & Argos,
1992; Orengo et al., 1993). The database of Pascarella and Argos
(1992) contained 38 family alignments including 209 tertiary
structures and 8 times as many related sequences for which no
3D structures were available. The Holm et al. (1992) database
consisted of 1 data set for each of the 154 structures represen-
tative of the PDB; each data set contained an alignment of
the corresponding 3D structure with related structures and se-
quences, including remotely related motifs. The Orengo et al.
(1993) database includes alignments of pairs of related structures
that were identified by comparison of all pairs of representative
protein structures in the PDB; the structures were subsequently
clustered into 112 different fold families. One of the main dif-
ferences between these collections of alignments is that they use
different comparison methods. The databases of Orengo et al.
(1993) and Holm et al. (1992) are probably the most systematic
and accurate in establishing the most remote structural relation-
ships between the entries of the PDB. The main distinction of
the database presented here is that it includes multiple align-
ments and a general mechanism for extracting rules directly
applicable to protein modeling.

Frequency tables and related matrices, such as those used in
this paper, are commonly applied to analyze or predict some as-
pects of protein structure. For example, multidimensional forms
of the probability tables W and their transformations have been
employed to search for combinations of protein features that
are conserved in evolution (Overington et al., 1990, 1992); these
features include residue type, its secondary structure state, sol-
vent accessibility, and hydrogen bonding properties. Similar
matrices were used to detect distantly related sequences (Liithy
et al., 1991; Johnson et al., 1993), to identify sequences that fold
into a known 3D structure (Bowie et al., 1991; Johnson et al.,
1993), and to assess protein 3D models (Overington et al., 1990;
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Liithy et al., 1992). Other examples of frequency tables and
closely related matrices include Dayhoff’s MDM250 mutation
matrix (Dayhoff et al., 1978), the Ramachandran plot obtained
from a database of known protein structures (Wilmot & Thorn-
ton, 1990), various parameter sets for secondary structure pre-
diction (Chou & Fasman, 1974), side chain rotamer libraries
(Janin et al., 1978; Ponder & Richards, 1987; Dunbrack &
Karplus, 1993), and hydrophobicity scales found by analyzing
known protein structures (Manavalan & Ponnuswamy, 1978).
Finally, there is also close correspondence between the pdf’s
and the potentials of mean force as derived from a database of
known protein structures (Miyazawa & Jernigan, 1985; Sippl,
1990). It is likely that future studies like those mentioned above
will be facilitated by the alignments database, programs, and
methods described in this paper.

In the Results section, we illustrate the usefulness of the align-
ments database by applying it to comparative modeling of
disulfide bridges and cis-prolines. We show that the homology-
derived restraints on the disulfide dihedral angles are strong rel-
ative to the stereochemical restraints alone and are thus useful
in comparative modeling of disulfide bridges. This is a result of
conservation of disulfide bridge conformation in a family of re-
lated proteins. When supplementing stereochemical preferences
with information about the conformation of an equivalent di-
sulfide bridge, the prediction success is estimated to improve
from 62% to 83%, from 50% to 77%, and from 58% to 79%
for xi, x2, and x; dihedral angle classes, respectively. Similar
conclusions are also valid for proline main chain conformation.
In this case, the prediction success is estimated to increase from
0% to 82.9% for cis-proline and from 93.3% to 96.2% for
trans-proline.

In this study, we used dihedral angles both to describe the con-
formation of a disulfide bridge and to evaluate the prediction
accuracy of a given pdf. While it is clear that the present pdf’s
significantly improve the accuracy of disulfide bridge modeling,
it may be necessary for further improvement to use restraints
on the disulfide bridge atoms that specify their positions rela-
tive to the rest of the molecule (Schrauber et al., 1993); such
restraints could include distance restraints relative to the neigh-
boring amino acid residues.

The present pdf’s do not take into account the dependence of
a change in a dihedral angle or in proline conformation on se-
quence similarity between the proteins compared; i.e., the df’s
are an average over the whole alignments database, which spans
the range of pairwise sequence identities from 3% to 98% with
a mean of 43%. Further small improvement in the prediction
success may result from expanding the current pdf’s of the form
p(x/a) to p(x/a, s), where s is some measure of structural sim-
ilarity between the 2 proteins that can be calculated from their
sequences and the structure of the template, e.g., solvent acces-
sibility of the residue in the template, overall sequence identity,
or similarity of the sequence segments folded around the resi-
dues compared (Sali & Blundell, 1993). Such a measure would
result in pdf’s that predict greater conservation of the dependent
variable when similarity is high and converge to stereochemical
preference when similarity is low.

The pdf’s derived from the alignments are generally not very
sensitive to small random mistakes in the alignments because
each pdf consists of a large number of points resulting in can-
cellation of systematic errors in the position of the maxima.
However, the entropy of the pdf’s estimated from suboptimal
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alignments may be increased compared to that of the true pdf’s,
similar to the increase in the spread of the distribution of ob-
served side chain dihedral angles when the protein structures de-
termined at a lower resolution are included in the derivation of
these distributions (Ponder & Richards, 1987). In the present
work, the problems resulting from suboptimal alignments are
minimized because the alignments were obtained by comparing
3D structures, not amino acid sequences. Since 3D structure is
more conserved in evolution than sequence, such alignments are
more reliable.

Another point to bear in mind when judging the suitability
of an alignments database is that there are different best align-
ments for different purposes. For example, it has been recently
shown that an insertion or a deletion of a single residue within
a helix may not disrupt the helix (Heinz et al., 1993). As a con-
sequence, the best structural alignment is shifted for 1 residue
relative to the best sequence alignment. Thus, the ultimate cri-
terion of the alignment quality is the quality of the final results
obtained on the basis of the alignments, such as the increase in
the prediction success in modeling disulfide bridges and proline
main chains reported here.

The present alignment files will be extended to include se-
quences aligned with structures as well as single sequence or
structure entries. This will allow the use of the current software
for other purposes, in addition to improving comparative mod-
eling, as described in this paper. For example, the best pdf’s for
matching sequences with sequences, sequences with structures,
and structures with structures may be found. The applications
of such pdf’s could include sequence profile methods (Gribskov
et al., 1987), structure profile methods (Liithy et al., 1991; John-
son et al., 1993), structural comparison (Sali & Blundell, 1990),
and sequence threading (Finkelstein & Reva, 1991; Godzik et al.,
1992; Jones et al., 1992; Sippl & Weitckus, 1992). The alignment
database may also be a good starting point for deriving the rules
for combinatorial modeling (Cohen & Kuntz, 1989; Taylor,
1991) and for deriving the pseudopotentials for ab initio predic-
tion of protein structure.

Methods

Organization of the database

The database of alignments consists of 1 alignment file for each
group of aligned protein structures. The contents of these align-
ments are described below and in Table 3. There is also com-
puter software for creating and exploring the database (see
below). For most applications, the coordinate sets in the PDB
are also needed (Bernstein et al., 1977; Abola et al., 1987). Some
types of data, such as solvent accessibilities, hydrogen bonds,
residue neighbors, secondary structure assignments, and dihe-
dral angles, are calculated on demand and stored in separate files
for faster availability the next time they are required.

The format of the alignment file is reminiscent of that of the
PIR sequence database (George et al., 1986). A sample align-
ment file is shown in Figure 8. The corresponding alignment
displayed by the formatting program JOY (Overington et al.,
1990, 1992) is shown in Figure 9. In order to increase the use-
fulness of the database and the programs, each alignment file
may contain any number of sequences or structures; this will
allow the database eventually to contain entries for most of the
structures in the PDB, even if without the structurally defined
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homologues, as well as the sequences from the sequence data-
bases aligned with the structures. However, at present, the data-
base contains only the alignment files with 2 or more aligned 3D
structures.

Selection and comparison of protein structures

The current alignments database was built by reorganizing and
extending a collection of alignments (Overington et al., 1993)
to allow a number of fully automated operations, such as data-
base processing and scanning; for example, the list of all the en-
tries and the distribution of the selected combinations of many
protein features can be easily obtained. The structures were se-
lected from the PDB release of January 1994 (Bernstein et al.,
1977; Abola et al., 1987), from both the full release and pre-
release entries. Additional data sets were added if these were
available from the authors (see legend to Table 3). Structural
alignments were performed either with the program COMPARER
(Sali & Blundell, 1990) or with a modified version of the multi-
ple structure superposition program MNYFIT (Sutcliffe et al.,
1987). Most of the alignments include structures where the rigid-
body superposition implemented in MNYFIT gives high-quality
structural alignments. As in all protein comparisons, the best
alignment in the gap regions is most difficult to determine. How-
ever, the present applications of the database rely on the com-
parison of topologically equivalent regions and should not be
too sensitive on the small number of ambiguously aligned po-
sitions close to the gap regions. Where possible, we use the na-
tive structures in all comparisons and generally keep key
prosthetic groups in the structures (e.g., the heme rings in the
cytochromes and globins). Where multiple copies of a structure
are available, we use the data set at the highest resolution. Sim-
ilarly, when given the choice of an X-ray or NMR-derived struc-
ture, we use the X-ray structure. When NMR-derived structures
are included, we use either the minimized average coordinate set
or the first structure listed in the PDB file.

As new structures appear in the PDB they are screened for
similarity on the basis of sequence against all other PDB struc-
tures. Occasionally, similarities reported in literature are also
used as a basis for the database alignments. In general, a struc-
ture is added to the alignments database if it can be reasonably
aligned with the programs COMPARER or MNYFIT and dif-
fers by more than a few residues from the existing members of
the database.

Some of the alignment families in the database are themselves
related, e.g., the various immunoglobulin fold families. We have
chosen to keep these groups separate because, although the
structures can be aligned, the differences between them are sub-
stantial. Thus, the alignments would be full of uncertainties and
would therefore be less useful for deriving reliable restraints for
comparative modeling.

Contents and composition of the alignments

The members of 105 groups of related proteins and protein seg-
ments extracted from the PDB are listed in Table 3. The 105
alignments are classified into the following groups: small pro-
teins (12 alignments), small proteins dominated by disulfide
bonds (10), all-« (19), a+8 (14), a/B (21), a/B-barrel (6), all-B
(21), membrane-bound all-« (1), and membrane-bound all-3 (1),
although the distinction between some groups is blurred. Thus,
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Table 3. List of 105 alignments in the database

A. Sali and J.P. Overington

Family Nyr. Nae.  %IDgye PDB codes
Small
1 Zinc finger — CCHC-type 2 17 47.06 IncpN 1ncpC
2 Zinc finger — CCHH-type 8 28 36.60 Sznf 3znf lard 1bbo  lznf 1zaal
1zaa 1zaa3
3 Metallothionein — 3-domain 3 30 83.33 2mhu  2mrb  2mrt
4 Metallothionein — a-domain 3 31 93.55 Imrb  1mrt 1mhu
S E3-binding domain 2 35 33.33 1bbl 1pde
6 Pancreatic hormone 2 36 41.67 1bba 1ppt
7 Rubredoxin 5 51 63.00 6rxn 1rdg 7rxn 4rxn lzrp
8 Serine proteinase inhibitor —potato I-type 2 64 35.48 2ci2 lcsel
9 SH3 domain 4 68 30.37 1hsp Ishf Ishg 1pnj
10 Ferredoxin (4Fe-4S) 3 72 30.53 4fd1 1fdx 1fxd
11 High potential iron protein 2 78 23.19 2hipA 1lhip
12 Ferredoxin (2Fe-2S) 3 97 72.04 1fxiA  3fxc 1fxaA
Small — Disulfide
13 Serine proteinase inhibitor —squash-type 2 28 71.43 2eti Icti
14 Sea anemone toxin 2 45 27.03 1bds 1sh1
15 EGF-like domain 4 46 36.26 lixa 4tgf lapo  1lepi
16 Insulin 3 50 52.16 4ins 2ins 6rix
17 Serine proteinase inhibitor — Bowman-Birk-type 3 56 74.89 1tabl  1bbi 1pi2
18 Serine proteinase inhibitor — Kazal-type 5 56 44.31 lovo 2ovo  2bus ltgsl  lcgil
19 Serine proteinase inhibitor — Kunitz-type 4 56 39.70 Spti laap 1shp 1dtx
20 C-module domain 2 60 37.93 1hfhl  1hfh2
21 Snake toxin 8 64 47.12 2ctx 2abx 1nbt Inea  Inor Intx
Inxb ledt
22 Kringle domain 4 86 39.98 ipk4 Itpk 1kdu  2pfl
All
23 DNA-binding homeodomain 2 62 50.88 1hddC 1hom
24 DNA-binding repressor 3 71 32.59 2cro 1r69 1rd3
25 Steroid-binding protein 2 73 55.71 2utg lced
26 Cytochrome-cs 3 82 39.36 1cor 351c lecS
27 Cytochrome-b 2 88 29.41 3bSc 1fcbA
28 Calcium-binding protein — parvalbumin-like 4 107 52.10 Spal Scpv lomd lpal
29 Cytochrome-c 7 111 44.56 lyea lyce lecr Scyt 2c2c I¢2r
155cA
30 Cytochrome-c; 2 112 35.42 lcy3 2cdv
3 Hemerythrin 2 116 46.02 2mhr  2hmgq
32 Phospholipase A, 6 122 46.75 1bp2 1p2p 1bbc lpp2 lppa Ipob
33 Cytochrome-c’ 2 129 21.60 2ccyA  1bbhA
34 Globin 16 146 27.12 2mml} IpmbA 1mbs 4mbn 2hhbA 2mhbA
IpbxA 2hhbB 2mhbB 2lhb Imba  1sdhA
11h1 lithA  tlecd 2hbg
35 Cytokine — granulocyte colony-stimulating factor 3 153 81.85 1bgc 1bgd Irhg
36 Calcium-binding protein — calmodulin-like 5 162 33.44 3cIn 4cln Stnc 2scpA  lsas
37 Fe/Mn superoxide dismutase 2 192 36.41 labm  3sdp
38 Glutathione S-transferase 4 213 37.73 1gss igsr Sgst lguh
39 Annexin 2 317 77.85 lala lavh
40 Peroxidase 3 324 23.81 larp llga 2cyp
41 Cytochrome p450 2 431 17.34 2cpp 2hpd
Membrane-bound all-«
42 Photosynthetic reaction center 2 826 48.49 Iprc 4rer
a+8
43 Protein G domain 2 63 87.50 Ipgx 2gb1l
44 Histidine carrier protein 2 87 59.30 1hid 1ptf
45 Ribonuclease — bacterial 3 104 61.44 1fus Irds Irnt
46 FK506-binding protein 2 110 57.01 1fkb lyat
47 Ribonuclease - mammalian 2 124 81.45 Irbb 1bsr
48 Lysozyme 6 128 63.90 1ghl 1hhl 1zt 11z3 11z1 lalc
49 Ribonuclease H 3 141 34.01 1rnh Iril thrh

(continued)
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Table 3. Continued

Family Ny Nage.  NIDygy,. PDB codes

a+f (continued)
50 Class 1 histocompatibility antigen binding domain 4 178 79.49 2hlaA  3hlaA lhsaA lvabA
51 Cysteine proteinase 3 215 55.35 9pap 2act Ippo
52 Carbonic anhydrase 2 256 61.57 1ca2 2cab
53 Thymidylate synthase 2 290 59.85 3tms  4tms
54 Zinc metalloproteinase 3 310 44.73 3tln Inpc lezm
4
3

55 Serine proteinase inhibitor —serpin-type 378 31.41 Xpai 1hle lovaA 9api

56 Amylase 485 37.52 lcdg 2aaa 6taa
a/B
57 Thioredoxin 4 96 14.53 laaz lego  3trx 2trx
58 Flavodoxin S 159 33.16 3fxn 1fx1 1ftv lofv  2fcr
59 GTP-binding protein 2 171 15.13 letu 5p21
60 Dihydrofolate reductase 4 172 35.96 3dfr 4dfrA  8dfr 1dhfA
61 Nucleotide kinase 4 202 24.95 lakeA lak3A 3adk 1gky
62 B-Lactamase 2 256 43.14 3blm  4blmA
63 Ricin-like protein 2 264 28.85 Ifmp Ipaf
64 Subtilase 7 274 51.88 Xesp  1st3 1sbt lmeeA lsbc 1thm
2prk
65 Periplasmic binding protein—sugar 3 295 21.33 labp  2gbp 1dri
66 Phosphofructokinase 2 319 55.35 1pfk 4pfk
67 Lactate/malate dehydrogenase 9 321 36.86 6ldh 11ld 9ldb Sldh 11db 21dx
1ilc 4mdh  2cmd
68 Glyceraldehyde phosphate dehydrogenase 4 339 56.64 3gpdR 1gpdG 1lggaO 1gdiO
69 Periplasmic binding protein —amino acid 2 345 79.07 2lbp 2liv
70 Alcohol dehydrogenase 2 374 87.17 3hud  8adh
71 Actin/heat-shock cognate 2 377 14.10 latnA  Xhsc
72 Isocitrate dehydrogenase 2 379 28.23 lipd 3icd
73 Aspartate aminotransferase 2 398 40.40 3aat lama
74 Disulfide oxidoreductase S 466 29.96 2tprA  3grsA  3ladA 1lpfA Inpx
75 a/B-Hydrolase 2 534 27.14 lace Lthg
76 Cholesterol oxidase 2 541 16.40 1cox 1gal
77 Hemocyanin 2 617 34.36 lhcl 1lla
«/f3-Barrel
78 Tryptophan biosynthesis enzyme 2 226 10.22 1piil 1pii2
79 Triose phosphate isomerase 4 249 45.48 1tim 5tim lypi Itre
80 Fructose-1,6-biphosphatase aldolase 2 361 70.56 lald 1fbaa
81 Flavin-binding (3-barrel 2 376 41.67 1gox 1fcba
82 Xylose isomerase 3 390 66.95 4xia 6xia 1xim
83 Ribulose-1,5-biphosphate carboxylase/oxygenase 3 537 49.57 4rub 8rub SrubA
All-g
84 Immunoglobulin —cell surface —type 2 2 75 17.91 2cd42  1cid2
85 Immunoglobulin —constant domain 11 98 34.31 2hfl 4fab Imam 2fb4  2fbj 2fbj
1dfb 2fb4 1fcl 1fcl 1pfc
86 Immunoglobulin —cell surface —type 1 5 103 16.95 1cd8 2cd4l  lcidl  3hiaB lvabB
87 Retroviral proteinase 3 104 32.65 3phv  livp 2rsp
88 Azurin/plastocyanin 8 109 35.10 2azaA lazu 1pcy 2plt 9pcy Tpcy
1paz ImdaE
89 Antibacterial protein 3 111 43.07 2mcm  Inoa lacx
90 Immunoglobulin — variable domain, light chain 23 112 55.95 1hil lbbd Imcp Inca  ligf 4fab
Imam ligm  6fab Irei 1dfb 1fdl
3hfm  1baf  2hfl 1jhl 2fbj 1bjl
2fb4 2rhe 2mcg 7fab  8fab
91 Avidin 2 120 32.46 Ipts 2avi
92 Immunoglobulin — variable domain, heavy chain 20 123 52.13 ligm 1baf 3hfm  7fab 1fai 1jhl
1fdl ligf 1hil 2fbj Imcp lmam
4fab 1dfb 2fb4  8fab  1bbd  2hfl
6fab Inca
93 Interleukin 1-8-like growth factor 4 141 29.50 1ilb Imib  2fgf 1barB
94 Lipocalin 8 144 18.07 lmup Irbp Ibbp  tifb lalb Imdc
2hmb lopa

(continued)
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Table 3. Continued

Family Nyr Nage.  NIDgy. PDB codes

All 8 (continued)
95 Cu/Zn superoxide dismutase 3 152 56.19 1srd 1sdy 2sod
96 Glucose permease 2 154 42.28 1f3g lgpr
97 Crystallin 4 175 57.96 4gcr 3gcrA 2ger 2bb2
98 Plant virus coat protein 2 186 23.64 2tbv 4sbvA
99 Serine proteinase — bacterial 3 188 45.36 2alp 2sga 3sgbE
4
2

100 Plant lectin 236 40.10 2ltn 1lte 1llec 4cna

101 Serine proteinase — mammalian 1 238 37.56 lhneE  3est Itbs 2ptn Itrm 2gch
2pka Iton Ippb  1bbr  3rp2 Isgt

102 Aspartic proteinase 10 331 35.67 Xypa  Xren 1bbs llya Spep 4cms
Impp 4ape 3app 2apr

103 Neuraminidase 3 389 35.68 Insb Inca 2bat

104 Picornavirus coat proteins 6 780 33.05 4rhv Irla 2plv 2mev  ltme 1bbt

Membrane-bound all-3
105 Porin 2 335 64.53 1pho lomf

2The alignments are segregated into 9 groups on the basis of the structural type of member proteins. For each alignment, we show: the num-
ber of structures in it (N, ), the average sequence length (N,,. ), the average pairwise sequence identity (Y% ID,,, ), and the PDB codes of the mem-
ber proteins. The fifth character in the PDB code is sometimes a PDB chain identifier, sometimes an arbitrary identifier to distinguish between
different segments and domains in the same PDB data set. The code is printed in bold if the structure was determined by NMR. X as the first char-
acter in the PDB code indicates that the structure was obtained directly from the authors: Xypa, proteinase A from Saccharomyces cerevisiae (Carlos
Aguilar & Tom Blundell); Xren, mouse renin (Dhanaraj et al., 1992); Xpai, plasminogen activator inhibitor type-1 from human (Mottonen et al.,
1992); Xesp, esperase from Bacillus lentus (Unilever); Xhsc, heat-shock cognate from Bos taurus (Flaherty et al., 1990). The large 43-member fam-
ily of immunoglobulin variable chains is divided into 2 groups for the purpose of statistics collection: a group of 23 light chains and a group of
20 heavy chains. In this way, the sample of all related protein pairs in the database is not dominated by the immunoglobulin family.

the database includes representatives of all the major structural Of the 416 entries in the database, structures of 373 were de-
classes of proteins. The 105 alignments contain 416 entries that termined by X-ray crystallography, and structures of 43 by
come from 375 different PDB coordinate sets. There are 1,233 NMR; NMR structures occur in 23 families, 8 of which consist
aligned entry pairs, 78,495 residues, and 230,396 pairs of equiv- entirely of NMR entries. The resolution and R-factor for the
alent alignment positions. crystallographic analyses are stored in the alignment files so that

C; family: DNA-binding repressor

>P1l;2cro

structureX:2cro: -1 : : 63 : :cro repressor:phage 434: 2.30:19.50
————— MQTLSERLKKRRIALK----MTQTELATKAGVKQQSIQLIEAGVTKR- PRFLFEIAMALNC--~--DPVW
LQYGT-~----- *

>P1l;1r69

structureX:1r69: 1 : : 63 : :repressor:phage 434: 2.00:19.30

——————— SISSRVKSKRIQLG- - --LNQAELAQKVGTTQQSIEQLENGKTKR- PRFLPELASALGV----~SVDW
LLNGT------~- *

>P1l;11lrd3

structureX:1lrd: 6 :3: 92 :3:1 repressor:bacteriophage 1: 2.50:24.20
PLTQEQLEDARRLKAIYEKKKNELGLSQESVADKMGMGQSGVGALFNGINALNAYNAALLAKILKVSVEEFSPST
AREIYEMYEAVS*

Fig. 8. Sample alignment file in the database. An alignment of 3 DNA-binding repressors is stored in this file. The format for
each entry is similar to that of the PIR sequence database. The second line of the entry contains all the information necessary
to extract the atomic coordinates of the segment from the original PDB coordinate set. The fields in this line are separated by
the columns and indicate the type of the method used to obtain the structure (X-ray, NMR, model, or sequence), the PDB code,
the residue numbers and chain identifiers for the first and last residues in the segment, protein name, source of the protein, res-
olution, and R-factor of the crystallographic analysis.
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DNA-binding repressor

2cro mthseBka;flalk—---mtqteLAtkAgvququlIEagvt
1169 §I§§§VEsEi1q1g----]nqaeLAqugttqqsquLEngkt

ltgeqlédaFfiLkaiYékkkn&lgl§g esVAdk mgdsgVgalFiigin
tird3 pletgeq e&gaéaagaaa g q kMg gq acaaaaa

60 70 80
2cro kr-PrflfelAmaLnc----- dpvwLgygt
1169 kr-pfFlpéLAsaLgv----- svdwLlingt
11rd3 aLnaynAalLalekvsveeFSps1Arelyemyeavs
aaaaaoa aoaaad

Fig. 9. Sample alignment as displayed by the program JOY. The formatting convention of JOY (Overington et al.,

1990) is:

uppercase letters, solvent-inaccessible amino acid residues; lowercase letters, solvent-accessible amino acid residues; bold type,
hydrogen bonds to main chain amide; underline, hydrogen bonds to main chain carbonyl; ~, side chain-side chain hydrogen
bonds; italic, positive main chain dihedral angle ¢. Standard 1-letter amino acid residue symbols are used. Gaps are indicated
by a hyphen. The top line shows alignment positions; the bottom line gives consensus secondary structure. Note the amphipathic
nature of some helices: e.g., the buried hydrophobic residues at alignment positions 42, 45 and 60, 64. Similarly, N- and C-terminal
caps of the helices (Richardson & Richardson, 1988) are readily apparent in this representation: e.g., hydrogen bonds from side
chains at 27, 38, and 72 to the main chain amide at the N-terminus of a helix. In addition, several of the helices are capped at
the C-terminus by a residue with the positive ¢ main chain dihedral angle, usually glycine (e.g., positions 21, 48, 65, and 79).
Thus, the representation emphasizes physicochemical and conformational restraints on residue substitution in protein evolu-
tion, and can be a valuable guide in modeling and structure-based alignment studies.

only high-quality structures can be selected when so desired. The
distribution of the resolution is bimodal, with peaks at 1.8 A and
2.4 A (Fig. 10A). There are 181 high-resolution entries (<2 A)
and 235 medium-resolution entries (>2 A). The alignment files
do not contain any indicator of the quality of the NMR-derived
structures.

The entry lengths vary widely from 17 to 852 amino acid res-
idues, with a mean of 187 (Fig. 10B). The relative frequency of
the residues in the 8-strand, 3-bulge, and extended conforma-
tions combined (46%) is somewhat larger than the relative fre-
quency of the residues in any of the helical conformations (29%)
(Fig. 10C). The percentage sequence identity for the 1,233 se-
quence pairs varies from 3% to 98% (Fig. 10D), with the aver-
age and peak at 43%. Figure 10 indicates that the database of
alignments contains a representative sample of the globular pro-
teins in the PDB and that it may be suitable for uncovering the
general relationships between features of protein structure,

Multidimensional tables of protein features

We give here a brief overview of the way we explored the align-
ments of known protein structures to improve comparative mod-
eling (Sali & Blundell, 1993). Central to this is an extraction of
correlations among different sequence and structural features
of proteins. A convenient representation of these correlations,
both for their analysis and for their use in modeling, is in the
form of frequency tables and conditional probability tables. We
emphasize that this component of the present database is the
main distinction from the other databases of protein alignments
(Holm et al., 1992; Pascarella & Argos, 1992; Orengo et al.,
1993), which do not include a general mechanism for extract-
ing rules directly applicable to protein modeling.

Our comparative modeling program MODELLER relies on
the satisfaction of spatial restraints on a large number of spa-
tial features x, such as distances and dihedral angles (Sali &

Blundell, 1993). These restraints may be conveniently expressed
as conditional pdf’s of the form

pix/ma, b,...,c). 1)

This conditional pdf gives a probability density for feature x
when a, b, . . ., ¢ are specified. For example, p(x; /residue type,
¢, ¥) could be used to predict the side chain dihedral angle x,
from the type of a residue and its main chain dihedral angles ¢
and ¢.

In reality, it is not possible to obtain the true function p, but
only its approximation:

p(X/a, b;- C) xab ,C? (2)

where W , , . .is a multidimensional table spanned by x, a,
b, ...,cthat contains as its elements the observed relative fre-
quencies for the occurrence of x given q, b, . ..,c. The multi-
dimensional table of relative frequencies W’ is calculated from
the absolute frequencies W using

VVX.a,b,,...c

W, _
prVX,ﬂ,b,. L

x.ab,....c—

3

The absolute frequencies, W, are obtained directly by the pro-
gram MDT, which counts the number of occurrences of each
combination of (x, a, b, .. .,c) in the sample. The sample is de-
rived from a database of known protein structures and their
alignments, depending on the type of features that are corre-
lated among themselves. For example, if only a distribution of
residue types is wanted, then the sample consists of all amino
acid residues in the database; if C*-C* distances in one protein
are correlated with C*-C* distances in another protein, then
the sample includes all pairs of equivalent C*-C* distances in
all homologous pairs of proteins in the database. Associations
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Fig. 10. Composition of the database. Distributions of various features in the alignments database are shown. A: Resolution
of X-ray analysis of an entry for all 416 entries. The bar labeled NMR indicates the 43 structures determined by NMR. B: Num-
ber of amino acid residues in an entry. The last bar combines all entries with more than 450 residues. C: Numbers of residues
in different secondary structure states. There are 78,495 residues in the whole database. If the ¢ angle is positive, the main chain
conformation is assigned to class +¢; otherwise the secondary structure assignments from the PROCHECK program (Laskowski
et al., 1993), which implements the algorithm in the DSSP program (Kabsch & Sander, 1983), are used to select 1 of the 3 re-
maining classes: H, helical (Kabsch & Sander codes: H, a-helix; G, 3,,-helix; I, m-helix); E, extended (E, strand in a 3-sheet;
B, B-bulge; a blank, extended chain); and R, other (T, turn; S, bend). D: Fractional sequence identity of a pair of related en-
tries for all 1,233 such pairs. Fractional sequence identity is calculated as the number of identical amino acid residues divided

by the length of the shorter sequence.

among features of 2 related proteins are crucial for compara-
tive modeling. Consequently, for each feature type, the MDT
program distinguishes at least 2 “values”; the first value is a fea-
ture associated with the first protein in a pairwise alignment and
the second value is the same feature associated with the second
protein in the alignment. These 2 proteins would be treated as
the template and the target in prediction, but at this stage both
structures are known. To correlate features from 3 proteins,
MDT can also use all triple alignments that can be obtained from
the multiple alignment of 3 or more structures (see Sali & Blun-
dell, 1993, for an application). For a summary of the protein
features and their symbols that can be selected in MDT, see
Table 4. Several features are defined in Figure 10. For detailed
definitions, see Sali (1991) and Sali and Blundell (1993).

The main supporting programs for the database of alignments
include protein structure comparison programs COMPARER
(Sali & Blundell, 1990) and MNYFIT (Sutcliffe et al., 1987);
the KITSCH program for clustering of protein sequences and
structures (Felsenstein, 1985); program HBOND for calculat-
ing hydrogen bonds (Overington et al., 1990); program PSA
for solvent accessibility (Richmond & Richards, 1978; Sali &
Blundell, 1990); program DIH for main chain and side chain
dihedral angles (Sali & Blundell, 1993); program NGH for res-

idue neighbors (Sali & Blundell, 1993); program PROCHECK
for secondary structure assignments (Laskowski et al., 1993)
using the algorithm of Kabsch and Sander (1983); the JOY
program for displaying alignments (Overington et al., 1990);
programs MDT and PLOT for scanning the database and pro-
cessing the pdf’s (Sali & Blundell, 1993); and program LSQ for
nonlinear least-squares fitting (Press et al., 1992; Sali & Blun-
dell, 1993). These programs can be extended to a large number
of different analyses. All that is needed to explore a new fea-
ture in relation to other features is to add a function that de-
fines the new feature.

Strength of associations among the features
of protein structure

The most useful pdf for modeling is that which predicts the un-
known feature most accurately. Provided that pdf’s are not
constructed from a sparse and nonrepresentative database, the
most precise pdf is on the average also the most accurate pdf;
therefore, the most accurate pdf is the pdf with the sharpest
shape. A quantitative measure of sharpness of any distribution
is its entropy
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Table 4. Features that may be selected in MDT
to span multidimensional frequency table W

Variable Feature

r Amino acid residue type

b, A9 Main chain dihedral angle ¢

&, Main chain dihedral angle & class

¥, AY Main chain dihedral angle ¥

¥, Main chain dihedral angle ¥ class

w, Aw Main chain dihedral angle w

We Main chain dihedral angle w class

Bi Side chain dihedral angle x;, i =1, 2, 3,4, 5

c; Side chain dihedral angle x; class, i=1,2,3,4,5

t Secondary structure class of a residue (positive @, «,
B, other)

M Main chain conformation class of a residue (Wilmot
& Thornton, 1990)

@ Fractional content of residues in the main chain con-
formation class A

S Side chain conformation class (x;, x2)

a, a (Fractional) contact solvent area of a residue

s, 5 Residue neighborhood difference between 2 proteins

i Fractional sequence identity between 2 proteins

d, Ad Distance between 2 specified atom types

b Average residue isotropic temperature factor

R Resolution of X-ray analysis

n Number of atomic contacts with nonprotein nonwater
atoms per residue

g, 8 Distance of a residue from a gap in the alignment

{ Number of residues in the protein

G Several residue type groups (e.g., hydrophobic/
hydrophilic)

3 The first column lists the variable names that are used for these fea-
tures. It also indicates whether an intramolecular average or intermolec-
ular difference can be calculated. The overbar indicates an average of
the feature at 2 residue positions in the same protein, such as an aver-
age accessibility of a certain residue pair. Features that are not associ-
ated with 2 proteins can be used independently for 2 related proteins in
a pairwise alignment or for 3 related proteins in a triple alignment. For
example, a 2D table can be constructed that is spanned by a residue type
rin one protein and a residue type 7' at the equivalent position in a re-
lated protein; the prime is generally used to designate that the feature
is from the second protein and 2 primes that it is from the third pro-
tein. The A symbol refers to the difference between features f and f*:

Af=f-r.

S[p(x0)] = =2 p(x)Inp(x). @

For a discrete conditional probability distribution, entropy is de-
fined similarly as

Slp(xsa, b,...,c)]
= bz pla, b,...,c)S[p(x/a, b,...,c). (5)

Thus, to find the known features (a, b, . . ., c) that are best for
the prediction of the unknown feature x, we search for the fea-
tures that minimize entropy S of a corresponding conditional
pdf. A convenient measure of how much the independent fea-
tures determine the dependent feature is given by the uncertainty
coefficient of x (Press et al., 1992):

1595

Slp(x)] - Slp(x/a, b,...,c)]
= .6
¢ S[p(0] ©

U(x/a, b,...

This measure lies between 0 and 1. The value 0 means that x is
not associated with (a, b, ...,c), and the value 1 implies that
(a, b,...,c) completely determine x.
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