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ABSTRACT Protein residues that are critical
for structure and function are expected to be con-
served throughout evolution. Here, we investigate
the extent to which these conserved residues are
clustered in three-dimensional protein structures.
In 92% of the proteins in a data set of 79 proteins, the
most conserved positions in multiple sequence align-
ments are significantly more clustered than ran-
domly selected sets of positions. The comparison to
random subsets is not necessarily appropriate, how-
ever, because the signal could be the result of differ-
ences in the amino acid composition of sets of
conserved residues compared to random subsets
(hydrophobic residues tend to be close together in
the protein core), or differences in sequence separa-
tion of the residues in the different sets. In order to
overcome these limits, we compare the degree of
clustering of the conserved positions on the native
structure and on alternative conformations gener-
ated by the de novo structure prediction method
Rosetta. For 65% of the 79 proteins, the conserved
residues are significantly more clustered in the
native structure than in the alternative conforma-
tions, indicating that the clustering of conserved
residues in protein structures goes beyond that
expected purely from sequence locality and compo-
sition effects. The differences in the spatial distribu-
tion of conserved residues can be utilized in de novo
protein structure prediction: We find that for 79% of
the proteins, selection of the Rosetta generated
conformations with the greatest clustering of the
conserved residues significantly enriches the fraction
of close-to-native structures. Proteins 2003;52:225-235.
© 2003 Wiley-Liss, Inc.
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INTRODUCTION

To what extent do conserved residues in a protein family
cluster together in three dimensions? Residues are likely
to be conserved in a protein family because they either
make critical stabilizing interactions or play important
functional roles. Evolutionary pressure for both stability
and function could lead to clustering of conserved residues:
Residues important for stability are often close together in
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the hydrophobic core, and functional residues may be close
together in enzyme-active sites or protein—protein or pro-
tein—-ligand binding sites. Mutational experiments indi-
cate that hydrophobic core residues make substantial
contributions to stability'; in contrast, only some “hot
spot” residues in protein—protein interfaces contribute
significantly to binding between proteins.?~*

The spatial proximity of conserved residues has been
analyzed at various levels. Fully conserved residues make
more contacts than nonconserved residues,® because many
of them are located in the hydrophobic core. In addition to
fully conserved positions, correlated changes in two resi-
dues can hint at conservation at the pair level, implying
possible physical proximity.®~® Finally, positions that are
conserved only in specific subfamilies of an alignment may
play more family-specific, functional roles and can be
clustered in functional patches.®~'! Functional sites have
been identified by searching for patches of conserved
residues on the surface of a protein.'*1¢ Overall, there is a
clear but somewhat weak correlation between clustering of
conserved positions and known functional sites, involving
mostly conserved polar surface residues.'?17-18

The significance of clustering of conserved residues in a
protein structure can be assessed by comparison to the
clustering of randomly selected residues'® or of highly
variable residues.2® If, however, a conserved subset con-
tains a substantial number of hydrophobic core residues,
or a number of consecutive residues that form a local
sequence motif, these will be more clustered than ran-
domly derived subsets that are dispersed among the whole
protein structure. In order to eliminate confounding effects
of sequence locality and composition, the clustering of
conserved residues on a protein structure can be compared
to their clustering on alternative protein-like conforma-
tions for the sequences. These conformations can be gener-
ated in different ways. One possibility is to thread?' 24 the
sequence of the protein onto a representative set of known
structures. By threading a set of protein sequences each on
a pair of structures, namely, their native structure and an
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alternative, incorrect structure of same length, Olmea et
al.2° showed that conserved and correlated residues tend
to be clustered significantly more in the native structures
than in the incorrect models. Alternatively, de novo struc-
ture prediction methods can be used to create a large set of
structural models (decoys) for the protein. An important
difference between the two sets is that models generated
by threading a sequence on an incorrect structure will not
generally have buried hydrophobic cores, whereas models
produced by de novo structure prediction will have mostly
buried hydrophobic residues.

If conserved residues are indeed spatially clustered in
space in native protein structures compared to non-native
structures created by de novo structure prediction meth-
ods, this could be used to select native-like structural
models. Characterization of the distribution of conserved
residues could thus help to resolve the ambiguities associ-
ated with current de novo structure prediction methods.
Although there have been significant improvements in the
generation of plausible models of the structure for an
amino acid sequence over the last few years,?® selection of
the best model from a set of possibilities is a largely
unsolved problem because of limitations in current poten-
tial functions and sampling methods. It seems plausible
that assessment of the clustering of conserved residues in
different models could help to resolve some of the ambigu-
ities, because it should be quite orthogonal to the features
currently used for model selection that are primarily based
on physical energy functions.?® Indeed, inclusion of ter-
tiary information in form of specific distance constraints
can improve the modeling of protein structure both by
threading®®?” and by de novo prediction.?®3! The study
by Olmea et al.?° shows that such information can enhance
both the selection of the correct fold and the alignment
quality in threading calculations.

In this study, we investigate the extent to which evolu-
tionary conserved residues are clustered, and whether
such potential clustering can be used to select good struc-
tural models from a set of decoys created by Rosetta,?? a
relatively successful current ab initio structure prediction
procedure. We first analyze a large set of proteins for the
degree of clustering of conserved residues and show that
they are significantly more clustered than both randomly
selected subsets on the same structure and the same
subset on a range of different protein decoys. Furthermore,
we find that close-to-native conformations can be preferen-
tially selected from sets of alternative conformations based
on the extent of clustering of conserved residues.

MATERIALS AND METHODS
Set of Protein Structures

The set of proteins used in this study was compiled from
two different sources: from a set of representative proteins,
described by Eyrich et al.,33 that contains primarily small
proteins and protein domains, and from the Culled pdb
(http://www.fccc.edu/research/labs/dunbrack/pisces/
culledpdb.html),>* a nonredundant set of protein chains
with less than 25% sequence identity from the Protein
Data Bank (PDB).?® For each protein, 2000 decoys were
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created with Rosetta.?® The final set contains 79 proteins
with at least one decoy within 6.0 A root-mean-square
deviation (RMSD) from the native structure, and with a
sufficiently deep enough multiple sequence alignment (see
below): 1a32, 1a68, 1aa3, laboA, laca, lacp, ladr, lafi,
laho, 1ap0, lark, 1b3aA, 1b67A, 1bdo, 1bkrA, 1bor, 1bq9,
1cha, 1¢90A, lech, 1cc8A, 1lcewA, 1coo, lesel, lcsp, lctf,
lctj, lcyo, 1dol, 1e6iA, ledmB, 1lejgA, lelkA, lelwA,
leyvA, 1f71A, 1fipA, 1fjlA, 1fjsL, 1fmO0D, 1fna, 1fqtA,
1g6xA, 1h4xA, 1h75A, 1h97A, 1lhyp, licfl, 1jbeA, 1kjs,
11kkA, 1mzm, lopd, 1psrA, 1ptq, 1qyp, 1r69, 1rb9, 1scjB,
1sgpl, 1sro, 1stu, 1svy, 1tif, 1tuc, 1ubi, 1vig, 2af8, 2cdx,
2fdn, 2fow, 2gdm, 2pdd, 2trxA, 2ula, 3ebx, 4ubpA, 5icb,
and 5pti (PDB code with specific chain in italics).

Creation of Multiple Sequence Alignments

For each query protein, a set of homologous sequences
was collected by an iterative PSI-BLAST search.?” Based
on the output, a multiple sequence alignment was created
that includes sequences with less than 90% sequence
identity to any other sequence and that span more than
80% of the query sequence. Three different stringency
levels were used for the PSI-BLAST runs: (1) level10: 10
rounds of PSI-BLAST with an acceptance threshold of
10E1%; (2) level7: 5 rounds with an acceptance threshold
of 10E™7; and (3) level5: 5 rounds with an acceptance
threshold of 10E~°. The first level that resulted in a
deep-enough multiple sequence alignment (defined as
including more than 24 sequences) was retained for fur-
ther analysis.

Measure of Degree of Conservation

The degree of conservation of a position is defined as its
information content (IC),3®

IC, = Ei ~ 190 Pir In Py,

where p,,, is the frequency of amino acid ; at position %.

In addition to simply using unit weights for different
sequences, we also experienced with information content
derived in more sophisticated ways, such as from position-
specific weight matrices (PSSM??) implemented in PSI-
BLAST.?” Using background amino acid frequencies,
weighted sequence profiles can be reconstructed from the
PSI-BLAST PSSM matrix and used to calculate the abso-
lute information content. For simplicity, however, in the
calculations reported here we used unit weights, since
both approaches yielded similar results (see Results sec-
tion).

Definition of Subset of Evolutionary Conserved
Residues

A subset S was defined by the most conserved residues
within a protein, selected based on their IC values. Several
parameters were varied and evaluated for performance:
(1) Subset size: 5 (c5), 10 (cqp), and 15 (cq5); (2) Subset
amino acids: Positions for which >50% of the sequences
contain a certain type of amino acid were excluded: no
exclusion (all); single exclusion: glycine (—G), proline (-P),
alanine (-A), valine (-V), leucine (-L), isoleucine (-I), cys-
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teine (-C); exclusion of combinations of amino acids: nonhy-
drophobic subset (-VLIMF) and nonpolar subset (-DEQN-
RKST). In cases where several positions showed the same
IC values, all were included, resulting in increased subset
size.

Measure of Degree of Clustering of Subset (M)

The degree of clustering of a subset s was measured as
the average inverse distance between all pairs of positions
in the subset:

Ns—1 Ns

M,=1r) =Ny > > (Ury), (1)

i=1, j=i+1,

where N, is the size of the subset; N,,,;,., is the number of

different position pairs in the subset: N, = (N, —
1)Ng/2; and r;; is the distance between the average
sidechain centroid of residues i and j.32 A high value for Mg
indicates that most residues in the subset are near to each
other, clustered within one or a few clusters. Single outlier

positions should not influence the value of M, significantly.

Assessment of Significance of Clustering of
Evolutionary Conserved Residues
Comparison to random subsets of residues

The degree of clustering of conserved residues was
compared to values obtained from 2000 random, same-size
subsets from the same structure. We evaluated for how
many proteins the extent of clustering of the conserved
residues was in the top 5% of the cluster scores (Mg) of the
random set. In addition, the clustering was compared to all
possible sets of the same connectivity. These sets were
created by shifting the selected subset along the protein
sequence (circular permutation).

Comparison to the conserved subset in decoys

The degree of clustering of conserved residues was
determined by comparing the Mg value in the experimen-
tally determined structure to values obtained for the same
subset in 2000 decoys. We evaluated the number of
proteins for which the rank of the native structure was
within the first five percentiles of all the decoy structures.
Decoys with less than 4 A RMSD from the native structure
were not included in the calculation.

Use of Clustering Measure in Structure Prediction

Mg values were used to rank all of the decoys. To assess
whether greater clustering of conserved residues occurred
in more native-like decoys, the enrichment of low RMSD
decoys by score was computed:

% of low RMSD decoys within the
set of high score decoys

E. = of low RMSD decoys within
the set of all decoys

(2

where high score decoys and low RMSD decoys are defined
as those decoys that belong to the subset of decoys with the
X% best score and X% lowest RMSD values, respectively.
We used a cutoff of 15% (p,, = 0.15). Thus, if we obtain m
low-RMSD decoys in a draw of N total structures from a
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population with a fraction of p, low-RMSD decoys, the
enrichment would be:

E, = (m/N)/p..

If the N structures are drawn randomly, the probability
distribution for m is the standard binomial distribution

Prob(m | N,p,) = N/[m!(N — m)!]-p7(1 — p)¥ ™,

and the probability of an enrichment of E. or better is

N
P =Prob(E, = E))= > Prob(m|Np,), (3)
where
m=pNE.,.

The more successful a scoring scheme, the larger the
enrichment. To evaluate a scoring method we count the
number of decoy sets with significant enrichment (e.g.
Pya = 0.05).

Evaluation of Clustering of Conserved Positions on
the Protein Surface and in the Protein Core

For the definition of the conserved subset, we included
either all positions or only positions at the protein surface/
core, determined by excluding 10%, 30%, or 50% of the
most buried/exposed residues in the protein structure. The
degree of burial of a certain residue was based on the
number of residue centroids within 6.0 A of its own
average centroid.

RESULTS
Are Conserved Residues Clustered in Proteins?

The spatial clustering of conserved residues in protein
structures is investigated in several steps. After showing
the clustering of conserved residues in a specific example,
we proceed to a general assessment on a set of proteins.
The actual clustering is compared to alternative subsets of
residues on the same structure, as well as to the same
subset of residues on alternative structures.

The degree of spatial clustering of conserved residues
has been traditionally assessed by clustering the con-
served residues and recording the cluster size and the
number of clusters. Although well suited for patch identifi-
cation, this is not optimal for overall assessment of the
degree of clustering, because how to combine the two
numbers in a single measure is not obvious, and only a
small range of integer values can be obtained. Here, we
assess the degree of spatial clustering of conserved resi-
dues by a measure that combines the features of the
traditional measures: Mg = (1/r)—the average inverse
distance between conserved residue pairs. It is primarily
influenced by residues close in space and not sensitive to
single outliers, and the selection of well-clustered sets of
residues on a protein is facilitated by the continuous
distribution of values that are obtained from alternative
residue subsets. Mg is similar to the measure of the
number of contacting pairs of conserved or correlated
residues,?® but is continuous and not dependent on a
contact definition, and is thus well suited for ranking.
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Fig. 1.

F G

Example of clustering of evolutionary conserved residues in proximity of the ligand, in acyl-coenzyme A binding protein (ACBP, PDB code

1aca). The selected subset is colored, and the ligand is shown as a stick model. (A) Subset of conserved residues, selected according to parameters c,g
-G (subset size 15, excluding conserved glycines). (B) Example for a random subset of same size. (C) Shifted subset (5 = 10). (D) Subset of conserved
surface residues: 10% most buried residues not considered. (E) As in (D), but 30% most buried residues excluded. (F, G) Subset of conserved residues
highlighted on two decoys with 3.6 A (F) and 15 A RMSD (G) to 1aca, respectively. Figure 1 was created using the program RASMOL.*3

A conservation score for a residue in a protein sequence
can be derived from multiple-sequence alignments in
various ways (see review??). The information content of a
position can be calculated based on Shannon’s entropy,3®
provided the different sequences in the alignment are
properly weighted. Here, we use a simple measure to
approximate the degree of conservation of a residue by
calculating the information content from a multiple-
sequence alignment of sequences with less than 90%
identity that are given unit weights. As an alternative to
this scheme, the information content can also be derived
from position-specific weight matrices (PSSM?3?), such as
those created in a PSI-BLAST run.?” Comparison of the
conserved subsets created by these two approaches showed
that they mostly contain the same residues (on average, 11
out of 15). Furthermore, inspection of a number of proteins
revealed that the performance was similar for both sub-
sets, although sometimes the PSSM-derived subset perfor-
mance was slightly weaker. We therefore chose to use unit
weights. For the detection of remote homologs by a profile,
however, appropriate sequence weighting is important for
the creation of a successful PSSM.37

We have varied the definition of the conserved residue
subset to identify the combination of parameters that
yields the most pronounced clustering. Different subset

sizes, as well as exclusion of different types of conserved
amino acid residues, have been assessed for their influence
on the performance. This provides information about the
individual contribution of different amino acid types to
clustering, and indicates how best to measure clustering
for protein structure prediction.

An Example: Acyl-Coenzyme A Binding Protein
(ACBP; PDB code laca?!)

In a ligand-binding protein, we would expect that the
residues involved in binding the ligand are conserved and
clustered in vicinity of the ligand. Figure 1(A) shows that the
conserved residues in ACBP form a patch next to the ligand
acyl-coenzyme A. How can the significance of such a cluster-
ing be assessed, and how general is this phenomenon?

Subsets of Evolutionary Conserved Positions Are
Significantly More Clustered Than Randomly
Selected Same-Size Subsets

The significance of clustering of evolutionary conserved
residues in space can be assessed by comparison to the
clustering of randomly selected, same-size subsets on the
same protein. For ACBP, random sets of residues are less
clustered [Fig. 1(B)]. Analysis of a set of proteins shows
that for most proteins the clustering of the conserved
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Fig. 2. Conserved residues tend to be clustered in space. For the 79 proteins, the evolutionary conserved subset was ranked among alternative,
same-size subsets based on Mg (eq. 1). Histograms of the rank (in percentiles) of the conserved subset are given for different comparisons. (A-E):
Comparison to 2000 alternative sets of residues on the native structure: (A) Random subsets. (B) Subsets with same connectivity, generated by sliding
the conserved subset over the protein sequence. (C) Random subsets, excluding the 30% most buried positions. (D) Random subsets, excluding the
50% most buried positions. (E) Random subsets, excluding the 50% most exposed positions. (F-H) Comparison of the same sequence subset on 2000
alternative decoy structures. (F) Subset selected from all residues. (G) 30% most buried residues excluded from the subset. (H) 50% most exposed

residues excluded from the subset.

subset is ranked very high, within the first 5% of random
subsets [Fig. 2(A)]. The most significant signal is obtained
by choosing a conserved subset of 15 residues (c;5; see
Methods section). From an analysis of subsets created by
excluding single types of conserved amino acids, it appears
that exclusion of conserved glycines (¢, 5 -G) results in best
discrimination of the conserved subset from random sets.
This can be explained by the known role of conserved
glycines in turn formation that may locate them far from
the protein core and conserved functional sites. Combina-
tion c,5 -G ranks 92% of the proteins within the first 5% of
random subsets. Similar results were obtained with the
exclusion of other single amino acid types. Table I(a) shows
the performance of some selected combinations. The worst
performance is obtained when conserved leucines, valines,
or alanines are excluded from the subset, consistent with
their abundance in the protein core. The results obtained
for nonhydrophobic and nonpolar subsets demonstrate
that conserved hydrophobic amino acids contribute more
to the clustering of the subset than do conserved polar

amino acids. Exclusion of the latter increases the signal to
96%.

The Clustering of Conserved Positions Is Not Due
to Sequence Connectivity Effects

Conserved positions tend to form motifs that are local in
sequence, and will therefore be located near each other in
space. This could result in more significant clustering
compared to randomly selected subsets. In order to assess
whether this is the case, we compared the degree of
clustering of the conserved residues to subsets with the
same sequence connectivity. In ACBP, sliding the subset of
conserved residues by 10 residue positions significantly
reduces clustering [Fig. 1(C)]. Different subsets were
created on a large scale by sliding the original subset of
residues on the sequence with all possible shifts (34, ...
d,,_1; n = length of protein), and their degree of clustering
was evaluated. Figure 2(B) shows that the ranks obtained
from this comparison are only slightly lower than the
ranks compared to random subsets. This indicates that
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TABLE 1. Extent of Spatial Clustering of Different Residue Subsets’

(a) Comparison of conserved subset

to alternative subsets on native Random subsets Random subsets

structure Random subsets Shifted subsets on protein surface® in protein core®
All amino acids 89% 84% 56% 65%
Best condition for single exclusion -G:92% —P:85% -P:61% —P:68%
Worst condition for single exclusion —A,-L,—V:86% -L,-V,-1:81% —A: 48% —L: 39%
Nonhydrophobic® 61%° 53% 42% 32%
Nonpolar? 96% 92% 43% 71%
(b) Comparison of conserved subset

on native to alternative

structures Whole protein Protein surface Protein core
All amino acids 53% 38% 35%
Best condition for single exclusion —C: 65% —L: 42% —C: 37T%
Worst condition for single exclusion —A: 52% -1. 32% —A: 23%
Nonhydrophobic 49% 30% 17%
Nonpolar 51% 28% 32%

"The percentage of proteins with Mg values within the top 5% of a distribution of Mg values in alternative subsets is given for size c,;.

230% most buried residues excluded
»50% most exposed residues excluded
‘no phenylalanine, isoleucine, leucine, methionine and valine

dno aspartate, asparagine, glutamate, glutamine, arginine, lysine, serine and threonine

cunderlined numbers: subset size ¢,

clustering in space is not simply a consequence of cluster-
ing in sequence. Results for specific combinations of param-
eters for the creation of the subset of conserved residues
(i.e., variation of subset size and exclusion of different
conserved amino acid types from the subset) show similar
trends, as in the comparison to random subsets [Table
I(a)]. The best combination here (c;5-P) ranks 85% of the
proteins within the first 5% of randomly shifted subsets.
As for glycine, proline also is frequently conserved in turns
and helix ends. Moreover, again, the contributions of
hydrophobic amino acids (leucine, isoleucine, and valine)
are important. Finally, again, more proteins are signifi-
cantly ranked with the use of the nonpolar subset (e.g.,
92% compared to 85%).

Clustering of Evolutionary Conserved Positions Is
Mostly, but Not Solely Determined by Buried Core
Residues

Often the conserved residues are located in the protein
core and are therefore more clustered than randomly
selected positions. In order to evaluate whether the degree
of clustering is also significant for conserved surface
residues, we repeated the same analysis for exposed
protein residues only. These were defined by excluding
10%, 30%, or 50% of the most buried positions (see
Methods section for definition of burial). The exposed
conserved residues were then compared to randomly se-
lected same-size subsets of exposed residues. Although
excluding only 10% of the most buried residues did not
change the number of significantly ranked proteins, exclud-
ing more buried residues resulted in a significant drop in
performance [Fig. 2(C and D) and Table I(a)]. For example,
(cy5 -P) ranked 90%, 85%, 61%, and 35%, respectively, of
the proteins within the first five percentiles when 0%, 10%,
30%, and 50% of the most buried positions are excluded.

Thus, although evolutionary conserved subsets are signifi-
cantly more clustered than randomly selected subsets
when the whole protein is considered, the same analysis on
the protein surface shows only a smaller degree of cluster-
ing of evolutionary conserved surface subsets compared to
random surface subsets. This indicates that the buried
core residues make an important contribution to the
clustering. Combined with the finding that conserved
hydrophobic residues are important for obtaining signifi-
cantly clustered subsets, whereas exclusion of conserved
polar residues from the subset increase the signal, this
suggests that hydrophobic core positions are the main
contributors to the signal of clustering of conserved resi-
dues. As expected, exclusion of conserved polar residues
from exposed subsets reduces the extent of clustering,
indicating that those are important on the protein surface.

For comparison, we assessed the degree of clustering of
evolutionary conserved core positions by excluding 50% of
the most exposed residues [Fig. 2(E)]. Comparison of the
evolutionary conserved subset of core residues to same-
size random core subsets results in better performance
than that observed for surface residues, but worse perfor-
mance than for the whole protein [c,5 -P: 68% compared to
35% and 90%, respectively; compare columns in Table
I(a)l. Thus, the degree of clustering of evolutionary con-
served residues is more extensive for core positions than
for surface positions, but less than for all positions to-
gether, when measured against randomly derived, same-
size subsets of core, surface, and overall positions, respec-
tively. As expected for hydrophobic cores, the contribution
of hydrophobic residues is important (e.g., decreased sig-
nal for the nonhydrophobic subset), and exclusion of polar
residues improves the signal (increased signal for the
nonpolar subset). The general picture emerges that both
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core positions (mostly hydrophobic) and surface positions
(mostly polar) are important for the signal observed.

Exclusion of more residues, either by considering only
buried or surface residues, or by excluding amino acid
types, leads to a smaller range of positions from which the
subset is selected. For some proteins, this leads to the
selection of positions that do not show a high degree of
evolutionary conservation and, as a consequence, show a
smaller degree of clustering, resulting in a less significant
signal when compared to random subsets. This could be
one reason that a more stringent definition of surface
residues by excluding the 50% most buried residues (in-
stead of 30%) significantly reduces the clustering signal. In
such cases, smaller subsets, such as the combination (c,,
-L), give the best result for distinguishing conserved
surface subsets from randomly derived surface subsets.

For ACBP, the subset of exposed conserved residues is
much less clustered than the conserved residues taken
from the whole protein. Buried, conserved positions that
connect conserved surface positions are no longer selected;
instead, remote positions are selected, resulting in a
noncontiguous patch [Fig. 1(D and E)]. This results in less
significant ranking among random subsets than what was
observed for subsets derived from all positions.

Subsets of Evolutionary Conserved Positions Are
Significantly More Clustered in Experimentally
Derived Structures Than in Decoys

These results show that conserved residues are signifi-
cantly more clustered in protein structures than randomly
chosen residues in the same structure. To what extent does
this derive from the nearly ubiquitous clustering of con-
served hydrophobic residues in protein cores? To address
this issue, we need to generate structures with different
core-packing arrangements. This can be done using the
Rosetta de novo structure prediction method. This controls
for both connectivity and amino acid composition: The
sequence connectivity and composition of the conserved
subset on Rosetta-generated conformations is identical to
that of native structures, and the hydrophobic residues
tend to be buried.

Indeed, the conserved residues are less clustered on
decoy structures of ACBP than on the experimentally
derived structure laca [Fig. 1(F and G)]. In general, the
rank of the native structure compared to decoy structures
is high [Table I(b)]: For the best combination (c,5 -C) for
65% of the proteins, the native structure ranks within the
first 5% in the decoy population. This signal is somewhat
less significant than that for the comparison to random
subsets [Fig. 2 (cf. E and A)]. In contrast to the comparison
of the conserved subset to random subsets on the native
structure, for the comparison to decoys, exclusion of con-
served cysteines results in improved ranking. This is
probably a result of the tendency of Rosetta to bring
cysteines together more than observed in native struc-
tures, which will increase their weight inappropriately in
the clustering measure Mg. The nonhydrophobic and
nonpolar subsets both resulted in weaker signals, indicat-
ing that for distinction of the native structure from decoys
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based on degree of clustering, both hydrophobic and polar
conserved residues are important. The dominant contribu-
tion of hydrophobic residues to the spatial clustering of
conserved residues compared to random subsets reflects in
part differences in amino acid composition (the randomiza-
tion will exchange nonpolar buried residues with polar
surface residues). In the comparisons to alternative confor-
mations, the amino acid composition of the subset is fixed,
and the contribution of the polar residues to the clustering
is more evident.

As for the comparison of native to random subsets, the
clustering of evolutionary conserved positions on native
structures compared to decoys is less pronounced when
only exposed or only buried residues are considered [Table
I(b), Fig. 2 (cf. F, G, and H, and A, C, and E)].

In summary, a consistent picture of clustered, conserved
residues emerges: Evolutionary conserved residues are not
only significantly more clustered on the native structure
than randomly selected sets on the same structure, but
also when compared to the same sets on decoy structures.
In both comparisons, the most significant signal is ob-
tained for a large subset (e.g., ¢;5) and when considering
the whole protein. Hydrophobic conserved residues contrib-
ute to the signal on the whole protein, as well as on the
protein core, whereas polar conserved residues contribute
to the signal on the surface of the protein. In the compari-
son to decoys, the polar residues also contribute to the
signal on the whole protein.

These results suggest that assessment of the clustering
of conserved residues could be used for recognition of
low-RMSD decoys.

Can Low-RMSD Models Be Selected Based on
Clustering of Conserved Residues?
Low-RMSD Decoys of ACBP Have Good Mg Scores

The clustering of evolutionary conserved residues on
an example of a low- and high-RMSD decoy of ACBP is
shown in Figure 1(F). The degree of clustering is much
more pronounced for the better model. A plot of the
degree of clustering of conserved residues measured by
Mg versus the RMSD of decoys to the native structure of
ACBP (laca) shows a negative correlation between the
two [Fig. 3(A)]. Therefore, Mg can be used to select good
decoys. Indeed, the set of decoys with high scores
(defined as the 15% best-scoring decoys; see Methods
section) is enriched 2.6 times with low-RMSD decoys
(defined as the 15% lowest RMSD decoys). This means
that 40% (2.6* 15%) of the decoys with high scores are
low-RMSD decoys.

Because native structures tend to be more compact than
modeled decoys, a simple screening based on the radius of
gyration of a decoy could be applied as well. Mg describes
also features that are independent of compactness, as
demonstrated by scoring only a subset of compact struc-
tures. The enrichment obtained by scoring among a subset
of the decoys of ACBP with the 50% lowest R,,, is still
significant [E = 2.16; see Fig. 3(B)]. However, particularly
for elongated native structures with high R, ,, the selec-

gyr’
tion of decoys based on the clustered conserved residues
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Fig. 3. Discrimination of close-to-native decoys based on clustering of conserved residues (c,5 -C). For each decoy, Mg (eq. 1) is plotted versus
RMSD to native structure. The score of the native structure is marked by a thick dashed line. The thin lines mark the cutoffs for the low-RMSD decoys
(i.e., the 15% lowest RMSD structures; vertical line) and the high scores (i.e., the 15% highest scored structures; horizontal line). The enrichment E (eq.
2) is defined as the proportion of low-RMSD decoys with high scores (i.e., decoys located in the upper left quadrant) out of all high scores (i.e., the upper
half), relative to the overall proportion of low-RMSD decoys (i.e., 15%). (A) Example for good discrimination: ACBP (1aca) with enrichment E = 2.6
(pval = 0). (B) As in (A), but only including compact structures (50% of the decoys with lowest R, ): E = 2.15 (pval = 6*107®). (C) Example for no
discrimination: ribosomal protein S15 (1a32) with enrichment E = 0.11 (pval = 1). (D) As in (C), but for compact structures: E = 0.83 (pval = 0.76).

may not enrich for low-RMSD structures, as exemplified in
the ribosomal protein S15 (1a32*?) [Fig. 3(C and D)].

To determine whether Mg can be used reliably for decoy
discrimination, we carried out an analysis of the enrich-
ments in a large set of proteins.

Subsets of Evolutionary Conserved Positions Can Be
Used to Select Good Decoys

We calculated the enrichment values for our set of
proteins in the same manner as for ACBP, described in the
previous paragraph, and determined for how many of the
proteins the enrichment was significant (Table II). Evalua-
tion of different combinations of parameters shows that
the best enrichment is obtained for subsets of size 15 and
excluding conserved cysteine positions (e.g., ¢;5 -C): 79% of
the proteins are significantly enriched. Both hydrophobic
and polar conserved residues contribute to the enrich-
ment, as indicated by reduced performance of the nonhydro-
phobic and nonpolar subsets. When only compact struc-
tures are considered (i.e., decoys with the 50% lowest R,
values), the performance drops by about 10%.

Enrichment of Good Decoys Based on Scoring of
Evolutionary Conserved Surface or Core Positions

We also assessed the degree of enrichment for the
evolutionary conserved positions on the protein surface (by
excluding the 30% most buried residues), and in the
protein core (by excluding the 50% most exposed residues).
For subsets of size 15, and excluding conserved cysteine
positions (e.g., ¢;5 -C), the percentage of proteins with
significant enhancement was reduced from 79%, based on
the whole protein, to 57%, based on the protein surface,
and 58%, based on the protein core. Analysis of the
contributions of hydrophobic and polar conserved residues
to the enrichment showed that hydrophobic residues influ-
ence the enrichment based on the whole and the protein
core, whereas the polar residues are important for good
enrichment based on the whole and the protein surface.

In summary, we conclude that evolutionary conserved
residues are significantly more clustered in low-RMSD
decoys, and that this feature can be used to select low-
RMSD decoys from a set of given decoys. For this, the
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TABLE II. Enrichment of Good Decoys by Mg for Different Residue Subsets’

Whole protein,
Enrichment of low-RMSD decoys Whole protein low compact decoys® Protein surface Protein core
All amino acids 67% 60% 62% 63%
Best condition for single exclusion —C: 79% —C:67% —L: 66% —P: 66%
Worst condition for single exclusion —1. 66% -1 57% —G: 52% —L: 56%
Non-hydrophobic 68% 57% 68% 48%
Non-polar 68% 56% 49% 66%

"The percentage of proteins with statistically significant enrichment is given for subsets of 15 residues (c,5).

See Table I for legend.
#50% of the decoys with lowest R,,,.

whole protein should be included, because both conserved
residues on the protein surface and in the protein core
contribute to the significance of the enrichment. For best
results, the subset of conserved residues should not in-
clude conserved cysteines.

DISCUSSION

This study investigates the clustering of conserved
residues in protein structures. Two major questions are
addressed: (1) How are conserved residues distributed in
protein structures? (2) Can these distributions be used for
de novo structure prediction?

Evolutionary conserved residues are clustered within
protein structures. In this analysis of a representative set
of 79 proteins, the conserved residues are significantly
more clustered than random, same-size subsets in the
same protein for 92% of the proteins. For 65% of the
proteins, the conserved residues are also significantly
more clustered in the native structure than in decoy
structures, demonstrating that clustering is not due to
sequence connectivity or specific residue types, because
these are constant in all decoys. For 79% of the proteins,
we were able to select good models from a set of decoys, as
judged by enrichment.

The contribution to clustering of residues in the protein
core (defined by excluding the 50% most exposed residues)
and surface (defined by excluding the 30% most buried
residues) shows that the most significant clustering was
obtained when all residues were considered simulta-
neously. Considering the contributions of hydrophobic and
polar residues, the dominant role of hydrophobic residues
is clearly seen in the whole protein or the protein core,
whereas conserved polar residues contribute primarily on
not only the protein surface but also the whole protein
when decoys are compared. The clustering of conserved
residues may be more evident for the whole protein than
for the core and surface alone for several reasons. First,
almost all proteins have hydrophobic cores, and many
have functional sites. Thus, in addition to the conserved
hydrophobic core residues important for protein stability,
the protein surface contains also some significantly clus-
tered conserved residues that contribute to the signal in
the current analysis. For decoy discrimination, the surface
signal might be particularly important, because it provides
a discriminating signal even when most of the decoys
contain a hydrophobic protein core. Second, the clustering

of the conserved exposed residues alone is often not
detectable by simple inspection by eye or by clustering of
exposed conserved residues. A conserved patch containing
both buried and surface positions is only defined if both
surface and core positions are included in the analysis. The
example of ACBP demonstrates how core positions can
contribute to the continuity of the conserved, functional
patch involved in ligand binding, by connecting relatively
dispersed conserved polar surface positions [Fig. 1(A, D,
and E)]. The contribution of core residues both to protein
stability and function might be a more general feature in
proteins with functional sites located in buried clefts, such
as in lysozyme. Indeed, the description of a functional
patch as a number of relatively isolated, conserved ex-
posed polar residues, connected into a contiguous patch by
other, buried and nonpolar residues, such as in ACBP, was
used by Aloy et al.*® to predict functional sites in proteins.
In their study, a functional site is modeled as a set of
residues within a sphere whose definition is based on
invariant polar residues. This scheme includes both con-
served polar residues, which are predominantly exposed,
and adjacent, nonpolar residues that are not necessarily
conserved. Madabushi et al.'® have used the evolutionary
trace method!! to identify functionally important sites.
They too observe that single and dispersed residues with a
high conservation rank tend to be connected into contigu-
ous patches by adding additional residues with lower rank.

In their attempt to define functional patches on proteins,
Madabushi et al.'® compared the degree of clustering of
conserved residues to random, same-size subsets on a set
of 46 proteins. Based on the number of clusters and cluster
size created by those residues, significant clustering was
observed for all but one protein in this set, with at least one
of the parameter combinations they tested. For future
applications on as yet uncharacterized proteins, they
suggest choosing for each protein separately the combina-
tion of parameters that results in a set of residues with the
most significant clustering on its native structure. The
largest cluster that is identified with this specific parame-
ter combination can then be used to characterize the
functional site of the protein. Here, in contrast, we are
primarily interested in an overall measure for evaluating
alternative conformations rather than identifying func-
tional sites per se. In developing such a measure, we have,
first, carried out a global evaluation of the optimal subset
size and amino acid composition, and, second, utilized a
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robust measure of residue clustering, Mg = (1/r). Mg
upweights the contributions from pairs of residues that
are near in space, is robust to outliers, and combines
features of the two alternative measures used previously,
namely, cluster size and number of clusters. Moreover, it
facilitates the ranking of alternative conformations, be-
cause the score for conformations is not restricted to
integer values. It would be interesting to combine the two
approaches by using the (1/r) measure with the evolution-
ary trace definition of conserved residues, which takes into
account residue conservation patterns within subfamilies.

We have shown that conserved residues are more clus-
tered in the native structure than in the majority of the
decoys. Olmea et al.?° have threaded the sequence of a
protein on an alternative protein structure of the same
length and evaluated the ability of a clustering measure to
distinguish the correct fold from this model. Conserved
residues, correlated residues, apolar residues, and finally,
conserved residues with a high tendency to occur in
binding sites were all able to select the correct model for
over 92% of the proteins in their test set. The reason for the
significantly better discrimination is that the alternate
models do not have any reasonable hydrophobic core: 95%
of the pairs can only be distinguished based on the
clustering of the hydrophobic residues, without consider-
ing their conservation. In our study, we concentrate on the
contributions to structure and function beyond the cre-
ation of a hydrophobic core by attempting to distinguish
between incorrect and correct models that all are opti-
mized for hydrophobic core packing.

The ability to distinguish the native protein structure
from alternative decoy conformations based on the degree
of clustering of conserved residues suggested that this
measure can be applied to recognize close-to-native confor-
mations in de novo structure prediction. We demonstrate
that, indeed, native-like conformations tend to show more
clustering of the evolutionary conserved residues. Selec-
tion based on clustering of conserved residues should be
orthogonal to selection methods based on traditional en-
ergy functions and should contribute to increasing the
accuracy and reliability of de novo structure prediction.
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