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Abstract
In the past a good number of rotamer libraries have been
published, which allow a deeper understanding of the conformational behavior of amino acid residues in proteins.
Since the number of available high resolution X-ray protein structures has grown significantly over the last years, a
more comprehensive analysis of the conformational behavior is possible today. In this paper, we present a method to
compile a new class of rotamer libraries for detecting interesting relationships between residue conformations and
their sequential context in proteins. The method is based on
a new algorithm for clustering residue conformations. To
demonstrate the effectiveness of our method we apply our
algorithm to a library consisting of all 8000 tripeptide fragments formed by the 20 native amino acids. The analysis
shows some very interesting new results, namely that some
specific tripeptide fragments show some unexpected conformation of residues instead of the highly preferred conformation. In the neighborhood of two asparagine residues, for
example, threonine avoids the conformation which is most
likely to occur otherwise. The new insights obtained by the
analysis are important in understanding the formation and
prediction of secondary structure elements and will consequently be crucial for improving the state-of-the-art of protein folding.

1. Introduction
In the recent years the number of proteins stored in the
PDB (Protein Data Bank) has grown significantly. Because
of the technical progress a good number of high-resolution
X-ray structures of proteins became available. Statistical
methods have been applied to the PDB to extract knowledge
about the conformational behavior of amino acid residues.
Amino acid side chain conformations have been studied, for
example, by [4, 5, 13]. These studies resulted in side chain
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rotamer libraries, which consist of a list of discrete conformations having a weight which corresponds to their frequency in the PDB. Since the PDB contains a multitude of
high-resolution structures, it was also possible to determine
rotamer preferences depending on the backbone conformation. Based on this idea, a number of weak correlations
of rotamer distributions and secondary structures have been
found [14, 16]. Recently, a backbone dependent side chain
rotamer library has been presented by [9, 7]. The effectiveness of the backbone dependent rotamer libraries has been
shown by [8, 2] for homology modeling and by [15] for
NMR and X-ray structure refinement.
Although the idea of using rotamer libraries has already
been applied successfully in the past, until now only a small
fraction of its potential has been revealed. The backbone
dependent side chain rotamer library mentioned above, for
example, only uses 132 out of the about 2000 proteins with
A, which are available in the PDB. For the
a resolution
better understanding of tertiary structures, it is highly desirable to compile comprehensive rotamer libraries which are
based on all protein structures available in the PDB. Using
such a rotamer library, for instance, one would be able to
determine how the conformation of an amino acid residue
(in particular that of a side chain) in a protein depends on its
neighbors in the sequence. To find and understand such relationships, a new method is required which is able to deal
with large amounts of residue conformations and to classify
them effectively. Our new method presented in this paper
is based on a cluster analysis in the conformation space (cf.
section 2). The basic idea is to model the conformation of
amino acid residues or small peptide fragments as points in
the multidimensional dihedral angle space. The cluster algorithms then determines clusters by assigning an influence
function to each data point, by summing up all influence
functions to determine the overall density function, and by
finding the maxima of the overall density function using a
gradient-based hill-climbing procedure (cf. section 3). The
method is used to compile a new class of rotamer libraries



which allows new insights into interesting dependences between the 3D-structure of small peptide chain fragments
and their sequential context. In section 5, we evaluate the
effectivity and efficiency of our new approach and provide
some interesting results showing, for example, that in the
neighborhood of two asparagine residues, threonine avoids
the conformation which is highly preferred otherwise. Note
that our new method is generally applicable to arbitrary protein fragments. In this paper, however, we restrict ourselves
to the evaluation and analysis of tripeptide conformations.

2. General Idea
In the backbone dependent rotamer library developed
by [7] for each residue type a probability distribution of
the side chain angle
is calculated for each node on an
equidistant grid in the 2D
-space. The distributions
of
and
only depend on the previous side chain
dihedral angle. For detecting more global relationships this
method becomes inefficient since the size of the grid grows
exponentially in the number of considered angles. Another
problem arises if one is interested in the probability distribution of more than one angle. Using Bayesian statistics, it
is difficult to derive combined distributions of two or more
angles.
The conformation of amino acid residues or small peptide fragments can be described by data points in a multidimensional dihedral angle space. The approach we are using
partitions the multidimensional angle space corresponding
to the observed data distribution by clustering the data in the
dihedral angle space. More formally, this can be described
as follows. Given is a set of protein sequences . A sequence
is denoted as a string of linked amino acid
residues from the set of natural amino acids :
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In our approach, we do not directly use the real tertiary
structure since the mapping of the 3D coordinates of the
structure to dihedral angles basically contains all relevant
information about the protein structure and is much easier
to handle. For clear notations, we introduce the mapping
of the 3D atom coordinates of a protein
to a sequence
of vectors of dihedral angles as:
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with P-0 being the number of dihedral angles for the residue
-0 . For example, P-0 is Q for '0R"TS (glycine) and P-0U"WV
for '0" (arginine). The components of a vector >B0 are
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We use the dihedral angles of one residue as the smallest
unit for detecting relationships. Note that one can easily
modify the structure of the data by, for example, grouping
the dihedral angles.
To produce the rotamer library for detecting relationships between the 3D-structure of a residue and in its sequential context two steps have to be performed.
Step 1 For all different residues do:
Determine all conformations of the residue in the protein structures of
and partition the conformational
angle space according to the observed data distribution by using a cluster algorithm which identifies highly
populated areas in the multidimensional dihedral angle
space.



Step 2 For all residues in the protein sequences, replace
the dihedral angle vector with the cluster-id of that vector and based on the resulting data, build frequency tables for all different residue fragments of fixed length
by counting the occurrences of all fragments which correspond to the same sequence of cluster-ids.
In the resulting frequency tables, we obtain significant information about dependences between the residues in a
given sequential neighborhood and the preference for a certain conformational structure. Note that most of these correlations can only be detected if the sequential context is
considered. In the following, we discuss the most important
step of our approach, namely building the frequency tables
by clustering the dihedral angle space, in more detail.

3. Clustering the Dihedral Angle Space
In the clustering step, the densely populated areas in the
conformational space of each of the 20 natural amino acid
residues have to be identified. This can be done separately
for each of the residues. As the first step of the clustering algorithm, the source data for the cluster analysis of a residue
is determined by collecting all conformations of ,
which occur in the protein conformations in . In addition
to the residue conformation, the protein name and the position of the residue in the protein chain are stored. With
this additional information it is possible to retrieve the sequential context of a residue conformation after the cluster
analysis. The considered set of proteins contains all proteins from the PDB, which have resolutions of the X-Ray
structure of
A. With this condition,
contains about
2000 proteins. From this set of proteins, we get a conformational data set for each residue with a size ranging from
48.000 (for alanine) to 9000 (for tyrosine). In order to get a
good number of classified tripeptide conformations for each
of the 8000 possible tripeptide fragments, we used the complete data sets in the cluster analysis.
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Figure 2. Ramachandran-Plot for Glycine
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Figure 1. Effect of the Warp-Around
The task of the cluster algorithm is to group the objects
from the given data sets into smaller, homogeneous, and
meaningful subsets which are the clusters. In our case, the
objects are conformations of one residue type described by
a vector of dihedral angles. To formally define the term
, we need an appropriate distance measure
on the objects. In case of dihedral angle vectors, it is rather
straight-forward to extend the Euclidian distance to measure the shortest path of transformation between two residue
conformations. This can be defined as
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The impact of this distance measure is the wrap-around
at the borders. The effect is shown in figure 1 where the
shaded area displays a two-dimensional sphere around the
the point
. After defining the distance measure, we have to define an adequate notion of clusters. Since
the definition of clusters largely depends on the data and the
application, we first tried to get a visual impression of the
structure of clusters in our application. For this purpose,
we used the Ramachandran-Plot of the actual conforma-plane. Figure
tion set, which is a projection to the
2 shows the
-plot of glycine conformations as an example. Note that the plot is only a projection of the highdimensional dihedral angle space to the two-dimensional
display space, which involves loosing some information.
Nevertheless, the plot reveals some important properties of
the clustering in our data set. The figure shows densely populated areas which are separated by nearly empty space. It
is well known from biochemistry that preferred areas exist
in the conformation space, and the clusters in the plot correspond to preferred secondary structure elements in which
the residues are involved. Two further observations can be
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derived from the plots: First, the shape of the clusters is not
fixed to certain shapes (e.g., spherical shapes) and second,
the space between the clusters is filled with a significant
number of outliers. Outliers are points which do not belong
to any cluster. The observations lead to restrictive requirements for the cluster algorithm: The algorithm should be
able to find clusters of arbitrary shape, handle a variable
amount of outliers, and efficiently deal with a large multidimensional data set (up to 50.000 points). From the wide
range of cluster algorithms which have been proposed in
the literature [6, 10, 20], only few algorithms fulfill these
requirements and none of them works efficiently on large
amounts of multidimensional data. A new approach which
has been recently proposed by the authors in the context of
knowledge discovery in multimedia databases [11, 12] can
be adapted to meet the requirements.
In the following, we briefly introduce the algorithm and
describe the adaptation to the problem of clustering the conformation space of amino acid residues. For our definitions,
we need a point density function which is determined based
on kernel density estimation (KDE) [18, 17].



Definition 1 (Density Function - KDE)
Given conformations described by a set of dihedral angle
vectors
and be the
smoothness level. Then, the density function
based on
the kernel density estimator is defined as:
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Kernel density estimation provides a powerful framework
for finding clusters in large data sets. In the statistics literature, various kernels
have been proposed. Examples
are square wave functions or Gaussian functions. An example for the density function of a two-dimensional data set
(
plot of glycine) using a Gaussian kernel and different smoothing levels
is provided in figure 3.
A detailed introduction to kernel density estimation is beyond the scope of this article and can be found in [18, 17].
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Figure 4. Example of Multicenter-Defined
Clusters for different
psi
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density-attracted by the maximum. The notion of densityattraction is defined by the gradient of the density function.
The definition can be extended to clusters which are defined
by multiple maxima and can approximate arbitrarily-shaped
clusters.

Density

Definition 3 (Multicenter-Defined Cluster)
A multicenter-defined cluster for a set of maxima
subset
, where

c8
<¦  n! b§ , n is density1. ¡ n W£¢ n< T¥¤
attracted to n< and
2. ¡ n! n< y¨¤g¢ a path  ?© L from n! to n! above
noise level  .
Figure 4 shows the multicenter-defined clusters for different  . When  increases, more and more clusters get sep-
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Figure 3. Example for Density Functions
According to [11, 12], clusters can now be defined as the
maxima of the density function, which are above a certain
noise level . Using the noise level, the algorithm can handle large amounts of outliers, which are responsible for local maximums with low point density.
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Definition 2 (Center-Defined Cluster)
A center-defined cluster for a maximum
of the density
function
is the subset
, with
being densityattracted by
and
. Points
are called
outliers if they are density-attracted by a local maximum
with
.

< 

!n  <   <n  x c$8 
<   n< a



n!

According to this definition, each local maximum of the
density function which is above the noise level becomes
a cluster of its own and consists of all points which are

is the

arated. Note that the resulting clusters may have an arbitrary shape and that all the resulting clusterings represent
valid clusterings describing some characteristics of the data
set. Our definitions of clusters have two important parameters, namely the smoothness and the noise level . The
parameter describes the influence of one data point on
its neighborhood. There are two extreme values
and
. If
the influence is propagated so far that
the density function
has only one local maxima. The
other extreme value is
in which case the kernel
functions become little peaks and each data point becomes
a density attractor of its own. Choosing a good can be
done by considering different and determining the largest
interval between
and
, where the number of density attractors is almost constant. The clustering resulting
from that approach can be seen as naturally adapted to the
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the fragments with length based on the set
natural amino acid residues.
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Figure 5. Number of Clusters Depending on



of the 20
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Each tuple 2 matches to 0 Ã3 occurrences of the corresponding fragment and its mapping given by the q -tuple in
e
the protein structures ca . The frequency of each tuple is provided in ¿ as a statistical information about the
e

preference of the corresponding fragment for the conformation space corresponding to the t-tuple of cluster-ids. The
significance of such preferences depends strongly on the to-

Ä ,GÂ e 0 of occurrences of the examined fragment
0v
n a  À in the
protein structures cc . Frequency tables

tal number
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data set. In figure 5 we provide an example for the number
depending on . The second paof density attractors
rameter describes the minimum density level above which
a density attractor is considered significant. A good choice
for helps the algorithm to focus on the densely populated
areas and to save computational time. Note that the border
of a cluster may be in regions with a density lower than .
Important is that the density attractor
has
.
The details of the theoretical foundations and implementation of the DENCLUE and the OptiGrid algorithm are beyond the scope of this paper and are described in [11, 12].
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4. Building Fragment Rotamer Libraries
With the results derived by the cluster analysis, we are
now able to build the desired frequency table. The result
from the cluster analysis is that each residue conformation
has become part in exactly
in the protein structures
one cluster (the outliers are grouped into a special cluster). Formally, we introduce a mapping function from the
residue conformations into the set of cluster identification
. This function provides the identification of the cluster
for a given residue conformation.

°



²±

9 /8:;<="?>@A*(+(*(&O>*,;³'
¡%´µ¶-3*(+(*(&76G· ¤5` >&¸@/"¹O¸/¹7¸²²±
For a more convenient notation, we write for 9º¤
`»8:¼MR¤½"?`z>  *(+(*(+7`z> , ³/"$¹  +(*(+(*¹ , ³%(
The fragment rotamer libraries can be compiled based on
the mapping C for different fragment sizes without recomputing the cluster analysis in step 1. Let be
the fragment size for the desired library. The fragment rotamer library can be considered as a relation, where each of the
possible residue fragments of length correspond to a
finite set of -tuples of cluster-ids. The set
is the set of
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can be seen as a basis for mining association rules [1, 19] or
correlation rules [3], which express the found knowledge in
a similar way to logic rules.

5. Results
In this section, we focus on the application of the cluster
algorithm to conformational data of amino acid residues and
provide as an example a rotamer library for tripeptids. The
algorithm using a Gaussian kernel was applied to each of
the 20 conformation data sets for different
(
,
,
and
). To get a first impression
of the results, we plotted the number of local maxima (not
clusters) depending on . Figure 6 shows three typical cases
which occurred in our analysis: (a) there exists an interval
is almost constant (b)
slowly decreases
where
(c)
rapidly decreases (note the scaling). Residues
with a behavior such as the one presented in case (c) of
Figure 6 are mostly hydrophile and have long side chains
described by
. Hydrophile residues often occur
at the surface of a protein and the side chain reaches into the
water where no stable conformation is adapted. As a consequence, the data points are uniformly distributed in these
dimensions and no preference can be detected. It seems to
and
and postulate them
be more realistic to neglect
as freely rotatable. Figure 7 shows the effect of neglecting
and
on the number of density attractors. From Figure 7 it is clear that the assumption that
and can rotate
freely leads to more realistic clusterings - a result which is
also supported by [7].
With these results we can build the mapping function
from the residue conformations to the cluster-ids we formally introduced in section 4. A cluster identification consists of the residue name and the cluster number. The clusters are numbered in the order of decreasing size. In Table
1, we provide an example of a clustering and in Table 2 an
example of the mapping for the clusterings with
.
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Figure 6. Number of Density Attractors Depending on
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Table 2. Example of the Mapping Function



We stored these mappings and scanned them to determine the frequency of different mappings for each tripeptide fragment occurring in the protein sequences. Due to
the large number of possible tripeptide fragments (8000),
the set of proteins (2000 proteins in our example) also
provides a very large number of occurring tripeptide fragments (240000). In the derived frequency table, for each
tripeptide fragment a list of the different triples of clusterids and their frequencies is stored. Table 3 shows a portion
of the frequency table for
.
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Table 3 contains a full list of cluster-id triples for the
tripeptide fragment N T N. Two observations can be derived
from the table. First, there is a significant preference for the
first triple, and second, cluster 1 for threonine (T,1) occurs
only once in the list. Cluster 1 is the cluster with the largest
size in the clustering for the middle amino acid residue threonine and can be considered a good preference for threonine in the conformation space. The list shows that in the
neighborhood of two asparagine residues threonine avoids
the usually preferred conformation space of cluster 1.
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Figure 7. Number of Density Attractors Depending on

This kind of frequency tables which can be considered
as a new class of rotamer libraries, provides an easy way
of detecting of a-priori unknown relationships. The next
steps in our further research will be the development of an
adequate visualization of such libraries combined with automated algorithms, allowing scientists a fast exploration of
the libraries and enabling them to find rules which are hidden in the data set. Further investigations are intended to
explore applications to the protein folding problem.
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