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Abstract

We discuss some novel mining tasks for protein contact maps (two dimensional represen-
tations of the three dimensional structure of proteins). We show that using contact maps and
a hybrid mining approach, we can construct “contact rules” to predict the structure of an un-
known protein. Furthermore, we mine a model that discriminates physical from non-physical
maps using frequent dense patterns and heuristic rules of physicality.

1 Introduction

Bioinformatics is the science of storing, extracting, organizing, analyzing, interpreting, and utiliz-
ing information from biological sequences and molecules. It has been mainly fueled by advances
in DNA sequencing and genome mapping techniques. The Human Genome Project has resulted
in rapidly growing databases of genetic sequences, while the Structural Genomics Initiative is do-
ing the same for the protein structure database. New techniques are needed to analyze, manage
and discover sequence, structure and functional patterns or models from these large sequence and
structural databases. High performance data analysis algorithms are also becoming central to this
task.

Bioinformatics is an emerging field, undergoing rapid and exciting growth. Knowledge discov-
ery and data mining (KDD) techniques will play an increasingly important role in the analysis and
discovery of sequence, structure and functional patterns or models from large sequence databases.
One of the grand challenges of bioinformatics still remains, namely the protein folding problem.

Proteins fold spontaneously and reproducibly (on a time scale of milliseconds) into complex
three-dimensional globules when placed in an aqueous solution, and, the sequence of amino acids
making up a protein appears to completely determine its three dimensional structure. Given a
protein amino acid sequence (linear structure), determining its three dimensional folded shape,
(tertiary structure), is referred to as the Structure Prediction Problem; it is widely acknowledged
as an open problem, and a lot of research in the past has focused on it.

Traditional approaches to protein structure prediction have focused on detection of evolution-
ary homology [2], fold recognition [3, 12], and where those fail, ab initio simulations [13] that
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generally perform a conformational search for the lowest energy state [11]. However, the confor-
mational search space is huge, and, if nature approached the problem using a complete search, a
protein would take longer to fold than the age of the universe, while proteins are observed to fold in
milliseconds. Thus, a structured folding pathway (time ordered sequence of folding events) must
play an important role in this conformational search. Strong experimental evidence for pathway-
based models of protein folding has emerged over the years. These pathway models indicate that
certain events always occur early in the folding process and certain others always occur later.

It appears that the traditional approaches, while having provided considerable insight into the
chemistry and biology of folding have largely hit a brick wall when it comes to structure predic-
tion, hence, a novel approach is called for, for example, using data mining. Mining from examples
is a data driven approach that is generally useful when physical models are intractable or unknown,
however, data representing the process is available. Thus, our problem appears to be ideally suited
to the application of mining – physical models of folding are either intractable or not well under-
stood, and data in the form of a protein data base exists.
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Figure 1: Left: 3D structure for protein G (PDB file 2igd, Sequence Length 61). Right: Contact
Map for protein G – Circles indicate residue contacts, while non-contacts are represented by empty
space. Only the upper triangle of the matrix is shown, since the contact map is symmetric. Clusters
of circles indicate certain secondary structures, for example, the cluster along the main diagonal is
an � -helix, and the clusters parallel and anti-parallel to the diagonal are parallel and anti-parallel�

-sheets, respectively.

2 Modeling Protein Folding

It is well known that proteins fold spontaneously and reproducibly to a unique 3D structure in
aqueous solution. Despite significant advances in recent years, the goal of predicting the three
dimensional structure of a protein from its one-dimensional sequence of amino acids, without the
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aid of evolutionary information, remains one of greatest and most elusive challenges in bioinfor-
matics. The current state of the art in structure prediction provides insights that guide further
experimentation, but falls far short of replacing those experiments.

Today we are witnessing a paradigm shift in predicting protein structure from its known amino
acid sequence ���������	�
���
�
��������� . The traditional or Ab initio folding method employed first princi-
ples to derive the 3D structure of proteins. However, even though considerable progress has been
made in understanding the chemistry and biology of folding, the success of ab initio folding has
been quite limited.

Instead of simulation studies, an alternative approach is to employ learning from examples
using a database of known protein structures. For example, the Protein Data Bank (PDB) records
the 3D coordinates of the atoms of thousands of protein structures. Most of these proteins cluster
into around 700 fold-families based on their similarity. It is conjectured that there will be on the
order of 1000 fold-families for the natural proteins [16]. The PDB thus offers a new paradigm
to protein structure prediction by employing data mining methods like clustering, classification,
association rules, hidden Markov models, etc.

The ability to predict protein structure from the amino acid sequence will do no less than
revolutionize molecular biology. All genes will be interpretable as three-dimensional, not one-
dimensional, objects. The task of assigning a predicted function to each of these objects (arguably
a simpler problem than protein folding) would then be underway. In the end, combined with
proteomics data (i.e. expression arrays), we would have a flexible model for the whole cell, poten-
tially capable of predicting emergent properties of molecular systems, such as signal transduction
pathways, cell differentiation, and the immune response.

Protein Contact Maps A contact map is a particularly useful two dimensional representation
of a protein’s tertiary structure. An example is shown in Figure 1. Two residues (or amino acids)
��� and ��� in a protein are in contact if the 3D distance is less than some threshold value � (we
used ����� ˚

�
). Using this definition, every pair of amino acids is either in contact or not. Thus,

for a protein with � residues, this information can be stored in an � x � binary symmetric matrix�
, called the contact map. Each element,

� ��� , of the contact map is called a contact, and is 1 if
residues ��� and � � are in contact, and 0 otherwise. The contact map provides a host of useful infor-
mation. For example, clusters of contacts represent certain secondary structures: � -Helices appear
as bands along the main diagonal since they involve contacts between one amino acid and its four
successors;

�
-Sheets appear as thick bands parallel or anti-parallel to the main diagonal. Tertiary

structure may also be obtained by reverse projecting into 3D space using the MAP algorithm [15].

Sources of Data Since we are using a data driven learning approach, we take a moment to
discuss our data sources (see Figure 2). The Protein Data Bank (PDB) records the 3D coordinates
of the atoms of thousands of protein structures. The set of all known, globular proteins cluster into
around 700 families based on their sequence similarity (PDBselect [6]). It is conjectured that there
will be on the order of 1000-2000 fold-families for the natural proteins. Thus from the PDB we
can extract a set of proteins along with their known contact maps. These contact maps form the
“rule learning data”, which will be used to mine for association rules. Part of this data set will
be used for learning meaningful patterns, and a part will be set aside for validation. In addition,
using HMMSTR and ROSETTA (both to be described later) one can generate additional protein-
like structures for which the contact maps can be obtained. These contact maps, in addition to the

3



ROSETTA HMMSTR

Analysis
Genbank

Homology

101100

1011
10

Learning Data
RulePhysicality

Learning Data

Protein
Data Base

Contact Maps

110110
001011

101010
111100

101010
010101

110011
000100

Figure 2: Sources of Data for Mining

rule learning data forms the “physicality learning data”, which will be used to learn an model that
discriminates physical from non-physical maps.

Below we discuss how data mining can be used to extract valuable information from contact
maps. More specifically we focus on two main tasks: 1) Given a database of protein sequences
and their 3D structure in the form of contact maps, build a model to predict if pairs of amino acids
are likely to be in contact or not. 2) Discover common (non-local) contact patterns or “features”
that characterize physical “protein-like” contact maps.

The protein folding problem will be solved gradually, by many investigators who share their
results at the bi-annual CASP (Critical Assessment of protein Structure Prediction) meeting [8],
which offers a world-wide blind prediction challenge. Here, we will investigate how mining can
uncover interesting knowledge from contact maps.

3 Mining Contacts using HMMSTR for Local Structure

We used a generalized hidden Markov model called HMMSTR based on the I-sites library [4] to
model statistical interactions between adjacent motifs on the chain, and were thus able to model
the local propagation of structure. I-sites (or Initiation-Sites) are local sequence motifs that tend
to fold the same way across protein families independent of the context. A rule-based method
for predicting tertiary contacts in proteins, using HMMSTR as a preprocessor has already been
developed [18] and can be extended to sequentially output probabilities for subsets of contacts.

Super-local Contact Potentials Sequences from the database of all known proteins were pre-
processed using HMMSTR. The associated structures were converted to contact maps. The whole
dataset was then mined to find common association rules for tertiary contacts. The rules were
tested on a subset not used in the data mining.

The database of known proteins was divided into a training set and a test set. Each protein
sequence was submitted to Psi-Blast to generate a sequence family, from which a sequence profile
was summed, and backbone angles were discretized [4]. For the training set, the amino acid profile
and the backbone angle regions were the input data for the forward/backward calculation [10],
which produced a “gamma” matrix of position-dependent HMMSTR Markov state probabilities.
For the test set, only the amino acid profile was used to generate the gamma matrix. A contact
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map was calculated for each member of the training set using a alpha-carbon distance cutoff of
� Å. From these data, a database of “item sets” was constructed. One entry corresponds to an ���
residue pair, where � �������	��
 , and consists of the amino acid pair and two sets of Markov state
identifiers. Markov state identifiers were included as “items” associated with the ��� contact if the
position-dependent probability of the state was greater than twice the a priori probability of that
state. Each entry had a label “1” meaning � and � were in contact in the structure, or “0” if they
were not. All items are discrete symbols.
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Figure 3: Predicted Contact Map (PDB protein 2igd). We were able to predict parts of the major
structures.

Association rule data mining [1, 17] was applied to the database of item sets to extract rules
which were predictive of contacts. A rule has the form: “item1” � “item2” � ... 
 �

, where
�

is
1 or 0. Items may be amino acids, predicted or observed secondary structure symbols, predicted or
observed Markov state identifiers, or sequence separation ranges. Prediction of contacts in the test
set was carried out by comparing the rule support for contact prediction with the rule support for
non-contact prediction. The ratio of these values for all ��� pairs in a given protein was sorted, and
the top � pairs were predicted to be in contact, where � is the expected number of contacts, which
depends on the sequence length. Figure 3 shows an example contact map prediction. Previous
work on contact prediction has employed Neural Networks [5], and statistical techniques based on
correlated mutations [9, 14]. Recent work by Vendruscolo [15] has also shown that it is possible
to recover the 3D structure from even corrupted contact maps. Our recent results [18] show that
our model obtains around 20% accuracy and coverage over the set of all proteins; the model is also
5.2 times better than a random predictor. We can significantly enhance coverage to over 40% if we
sacrifice accuracy (13%). For short proteins (length ������� ) we get 30% accuracy and coverage (4.5
times better than random); if we lower accuracy to 26% we can get coverage up to 63%. While
these results are better than (or equal to) those reported previously, we have still a long way to
go before the goal of protein structure prediction is fully realized. Generating three-dimensional
structure from the predicted contact maps is now a subject of our investigations.
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4 Predicting Physical Contact Maps

The output of the method described in the previous section is a set of rules � � ������������� . We
can convert these rules into energies for each contact � � using a log linear transformation � � � �
���
	�� ��
���� ���� ������� ��
 � ������ � , which is just a number associated with each unassigned contact,
related to energy of that contact, were it to be present. This stage is sufficiently fast, but it ignores
the geometric constraints on the system.

Proteins are self-avoiding, globular chains. A contact map, if it truly represents a self-avoiding
and compact chain, can be readily translated back to the three-dimensional structure from which it
came. But, in general, a symmetric matrix of ones and zeros does not have this property. Only a
small subset of all such matrices correspond to three-dimensional self-avoiding chains. The task is
to output a contact map, given the matrix of probabilities above, that both satisfies the geometrical
constraints and is likely to represent a low energy structure and protein folding pathway. Inter-
actions between different subsequences of a protein are constrained by a variety of factors. The
interactions may be initiated at several short peptides (initiation sites) and propagate into higher-
order intra or inter-molecular interactions. The properties of such interactions depend on (1) the
amino acid sequence corresponding to the interactions, (2) the physical geometry of all interacting
groups in three dimensions, and (3) the immediate contexts (linear, and secondary components for
tertiary structural motifs) within which such interactions occur.

4.1 Physicality Model: Incorporating Geometric Constraints

This task is to learn a method for predicting whether a given contact map is physical or not. In
order to apply mining techniques, to learn what a physical map is, one needs a data set, a set of
physical and non-physical contact maps along with which maps are physical. The PDB database
will serve as the source for physically possible contact maps (i.e., the contact maps corresponding
to real proteins whose structure is known). In order to generate nonphysical/unprotein-like contact
maps, one can randomly perturb the physical maps in ways that are known to be nonphysical in
addition to generating random contact maps and testing their physicality using a program called
ROSETTA. Additionally since random maps are extremely likely to be nonphysical, we could also
generate maps at random, labeling them to be non-physical.

By mining from this data set, we can learn a fast model for determining which two-dimensional
patterns of contacts correspond to three-dimensional self-avoiding protein chains. By learning
from more data, the learned model can be made more accurate. In particular, we mine frequent
dense patterns or structural motifs in contact maps. These motifs represent the typical non-local
structures that appear in physical protein-like contact maps, and which can be used to improve the
quality of contact map prediction by eliminating impossible contacts ( those that never occur in
real proteins). Briefly, there are three major stages for the approach: (1) Data generation, which
involves creating of a large set of physical and non-physical contact maps, (2) Mining, which
involves computation of all the frequent dense patterns, and (3) Pruning mined frequent patterns
and integration of these patterns with biological data.

4.1.1 Mining Frequent Dense Patterns

To enumerate all the frequent 2D dense patterns we scanned a database of 12524 contact maps
with a 2D sliding window of a user specified size [7]. For all structures, any sub-matrix under the
window that had a minimum “density” (the number of ’1’s or contacts) was captured. For a ��� �
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contact map, using a 2D � ��� window, there are ��� ��� � � � � ��� ����� possible submatrices.
We have to tabulate those which are dense, using different window sizes. We chose window sizes
from 5 to 10, to capture denser contacts close to the diagonal (i.e., short-range interactions), as
well as the sparser contacts far from the diagonal (i.e., long-range interactions).

As we slide the � ��� window, the sub-matrix under the window will be added to a dense
pattern list if its density exceeds the min d threshold. However, we are interested in those dense
patterns that are frequent, i.e., when adding a new pattern to the list of dense patterns we need to
check if it already exists in the list. If yes, we increase the frequency of the pattern by one, and if
not, we add it to the list initialized with a count of one.

After obtaining mined patterns that are frequent and are relatively dense, we pruned them using
a number of heuristics in order to extract biologically meaningful structural motifs. All the poten-
tial structure motifs fall into two categories: that of secondary structures which primarily consist of
alpha helices or beta sheets (parallel or anti-parallel), and that of tertiary structures which involve
interactions between secondary structure components. For example, alpha helices, beta sheets and
beta turn regions can have multiple contacts between them, such that components that are farther
away in linear sequence could be brought together to form functional groups. These tertiary struc-
tures are particularly important for biological processes such as high-specificity binding of ligands
and receptors.

By applying above method, two major groups of patterns were isolated, as described in the next
section: one group being major secondary structure components such as alpha and beta sheets,
another group being tertiary structural motifs involving two secondary structural components.

0 0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 1 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 0 0 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 1 0 0 0 0 0
0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0
0 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

sup = 2.0% sup = 2.2% sup=1.9%
anti-parallel beta anti-parallel beta parallel beta

Table 1: Frequent Dense Submatrices

We discovered frequent submatrix patterns whose supports reach 1 to 2% when using a sliding
window of size 8 and a minimum density of 0.125. These patterns turned out to correspond to beta
sheets secondary structures (parallel and antiparallel ’1’s in the binary contact map). Examples of
the most frequent dense patterns are given in Table 1. While these patterns are not novel, they serve
to validate our approach, i.e., the most frequent structures we expected were in fact discovered by
the mining process.

The second class of patterns involve interactions between different secondary structures. The
kinds of the interactions revealed with the frequent dense patterns differ in terms of the involved
secondary structure components, multiplicity of interacting atoms, and the contexts (linear and
secondary) surrounding such interactions. Roughly, based on the type of secondary components
that are involved, we observed that the mined tertiary structure motifs can be categorized into the
following classes:
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Figure 4: Frequent Patterns between Secondary Structures: 1) Alpha Helix - Alpha Helix 2) Alpha
Helix - Beta Sheet, 3) Alpha Helix - Beta Turn, 4) Beta Sheet - Beta Turn

1. Alpha helix � ����� Alpha helix �	�
2. Alpha helix ����� Beta sheet

�

3. Alpha helix ����� Beta turn
� �

4. Beta sheet
�
��� Beta turn

� �
Figure 4 shows an example of each of these four types of interactions. The above classes can be

further divided into sub-classes according to the number of contacts involved in each component,
multiplicity of interacting atoms (one to one, one to many, or many to many), sequence speci-
ficities, and the linear/secondary structural contexts of the interaction. More details on mining
frequent dense patterns appear in [7]. We are currently creating a library of all possible non-local
interactions in “real” contact maps.
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5 Future Work

As part of future we hope to compile a library of such non-local interactions between different
secondary structures. This library would be analogous to the I-sites library, but while the I-sites
library records the common motifs for short contiguous segments (3-19 residues), the new library
will record interactions between non-contiguous segments.

Mining Rules for “Physicality” Simple geometric considerations may be encoded into heuris-
tics that recognize physically possible and protein-like patterns within contact maps,

�
. For exam-

ple, we may consider the following to be rules that are never broken in true protein structures:
If

� � � � � � � � and
� � � � � � � � ��� � � , then

� � � � � � ��� � � , and
� � � � � � � � ��� .

If
� � � � � � � � � � and

� � � � � � ��� � � � , then
� � � � � � � � , and

� � � � � � � � ��� � � .
These rules encode the observation that a beta sheet (contacts in a diagonal row) is either parallel
or anti-parallel, but not both.

Another example may be drawn from contacts with alpha helices: If
� � � � � ��
	� � � and� � � � � � � � and

� � � � 
 � � � � � , then
� � � � � � � � � � . This follows from the fact that � � � lies

on the opposite side of the helix from � and � � 
 , and therefore cannot share contacts with non-
local residue � . Local structure may be used in the definition of the heuristics. For example, if an
unbroken set of

� � � � � � 
�� � � exists, the local structure is a helix, and therefore, for all � � � � � � 

in that segment,

� � � � � � � � . The question is whether one can mine these rules automatically.
Consider the contact map for the parallel beta sheet shown in Table 1. We can discover “posi-

tional” rules, i.e., the heuristic geometric rules by considering an appropriate neighborhood around
each contact

� � � � � � and noting down the relative coordinates of the other contacts and non-contacts
in the neighborhood, conditional on the local structure type(s). Consider a lower 1-layer (denoted
LL1) neighborhood for a given point,

� � � � � � . This includes all the coordinates within � � � and
� ��� , i.e. each point has 3 other points in its LL1 neighborhood, namely

� � � � � � �
� , � � �	��� � � �
and

� � � � ��� � ��� � . If we repeat this process for each point we obtain a database which can be
mined for frequent combinations.

For instance looking at the parallel beta sheet submatrix in Table 1 we would get the set� � � � � � � � , � � � � � � � � ��� , � � � � � � �
� ��� , � � � � ��� � � � � � � for each contact. If one were to
do this for many other proteins one would find the pattern “If � � � � � � � � and

� � � � ��� � � � � � � ,
then

� � � � � � � � � � and
� � � � ��� � � � � ,” among several others. This is the same rule deduced by

hand above.
Other patterns can be found by defining an appropriate neighborhood, which can be � layers

thick (where � is the maximum coordinate difference between points), and can encompass all points
within � or some subset of that region. From each of these we can construct examples which can
be mined for frequent patterns to obtain heuristic contact rules. We can also incorporate sequence
information to mine more complicated patterns. We propose to develop techniques to mine such
heuristic rules of contact automatically.
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