o
5]

<

=
=

w

2
o
(]
o
S
=
N
()

REVIEWS

ELSEVIER

Drug Discovery Today * Volume 13, Numbers 3/4 * February 2008

Informatic innovations in glycobiology:
relevance to drug discovery

Hiroshi Mamitsuka

Bioinformatics Center, Institute for Chemical Research, Kyoto University, Gokasho, Uji 611-0011, Japan

The recent development and applications of tree-based informatics on glycans have accelerated the
biological analysis on glycans, particularly from structural viewpoints. We review three major aspects of
recent informatics innovations on glycan structures: maturity of well-organized databases on glycan
structures linking with other biological information, implementation of glycan structure matching
algorithms and extensive development of methods for mining frequent patterns from glycan structures.

Introduction

Carbohydrate sugar chains, or glycans, are a major class of biolo-
gical molecules. Located on the outer surface of cellular macro-
molecules, glycans are crucial for the functioning of multicellular
organisms. In particular, the recognition of glycans on cellular
surfaces can promote or inhibit various diseases, implying that
glycans can be important drug targets. Glycans hold branch-
shaped tree structures of monosaccharides, which are different
from genes and proteins, that is, strings of only a small set of
letters. More than 20 types of monosaccharides are already known,
but the full extent of existing monosaccharides is not known as
yet. Besides, a large number of different types of linkages exist in
glycans, while only one type of linkage is used for genes (and also
proteins). These complex features of glycans have hindered the
advancement of sequence analysis of glycans for a long time.
However, glycans have recently been modeled as labeled trees
or labeled ordered trees from general informatics perspectives.
This indicates that existing efficient and effective approaches used
for trees in informatics can be applied to analyzing glycans. In
addition, original informatics methods have been developed for
the problems, where appropriate methods for trees had not been
developed.

We emphasize that these recent informatics innovations in
structural analysis in glycobiology are very important, because
they will speed up the analysis of tree-shaped biological molecules,
which have not been analyzed well by any data-intensive
approach so far. For example, for genes and proteins, the
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amino/nucleic acid frequencies in sequences are well known
and contained within any sequence database as supplementary
statistics. On the contrary, even this type of information was
totally unclear for glycans and monosaccharides. Currently, how-
ever, glycan structural information is becoming freely accessible
on-line and sufficiently well maintained to allow this type of
information to be easily computed by any user. Should a user care
to analyze the data further, this would be also possible. For
example, a user can have the frequency of a part of a tree. At
the same time, all appearances can be retrieved from the database
by tree matching between a query, that is, a tree part, and all
entries in the database. This tree part can be extended to a set of
tree parts by replacing exact local matching with global matching,
meaning that any query works effectively to retrieve all corre-
sponding sets from glycan databases. Furthermore, even without
casting any query, the most frequent or likely patterns can be
automatically retrieved from the database by using a data mining
method for trees.

We further emphasize that these innovations contribute to
informatics-based drug discovery. A simple and direct explanation
for this is that glycans can be drug targets, because cellular recog-
nition by glycans is deeply related with the alteration of diseases.
For example, there are types of glycans which have the ability to
confer drug resistance in some cancer cells [1], meaning that one or
more structural patterns are hidden in the drug resistance set of N-
glycans, which would be captured by a data-mining method for
trees and may represent a way of identifying targets for drug
discovery. More directly, glycans can be drugs, meaning that
structural analysis on glycans, such as grouping glycans and
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mining patterns in some set of glycans, could directly accelerate
drug discovery processes. We emphasize again that these infor-
matics-based drug discovery would not be possible without recent
informatics innovations for trees or glycans.

In this review, we introduce three major aspects of recent
informatics innovations for the analysis of the tree structures of
glycans: rapid expansion of glycan structure databases; implemen-
tation of glycan structure matching algorithms and extensive
development of algorithms for mining patterns from glycan struc-
tures. Below, we describe the notations that are used in the general
informatics literature and that will be used throughout this review:
a graph consists of nodes and edges; a tree is an acyclic connected
graph. A rooted tree is a tree that has a special node, called the root. A
node, which is on a unique path from the root to x, is an ancestor of
x, and x is a descendant of this node. If an ancestor is only one edge
away from node x, this is a parent, and x is a child of this node. A
subtree is a tree consisting of all descendants of a node. Two nodes
are siblings if they have the same parent. An ordered tree is a rooted
tree in which siblings are ordered. A labeled tree is a tree in which a
label is attached. For glycans, nodes and edges are monosacchar-
ides and linkages, respectively. Labels are types of monosacchar-
ides. Siblings can be ordered, according to carbon numbers on
linkages to the same parent.

Glycan structure databases

Bioinformatics began approximately 30 or more years ago, with
the development of gene/protein sequence databases. For glycans,
the first database was the Complex Carbohydrate Structure Data-
base (CCSD) or CarbBank [2,3], which was launched in the late
1980s and maintained, for approximately ten years, by a project of
the University of Georgia’s Complex Carbohydrate Research Cen-
ter. This database of carbohydrate structures and annotations
became the basis for a number of recent databases for glycan
structures, such as SWEET-DB [4] and GlycoSuiteDB [5]. Currently,
the three most significant, publicly available databases on glycan
structures are KEGG GLYCAN [6], glycoSCIENCES.de [7] (contain-
ing SWEET-DB as part) and a database from the Consortium for
Functional Glycomics (CFG) [8,9].

They are all well organized, each with their own unique, dis-
tinguishing features. For example, in KEGG GLYCAN, annotation
information on each glycan is linked to KEGG’s various other
genomic data, particularly genes or enzymes which catalyze reac-
tions for synthesizing the corresponding glycan [10]. This feature
is likely to help those researching a glycan, or glycans, in order to
obtain a comprehensive view of the biological phenomena in
which it participates. On the contrary, a distinctive feature of
the CFG database is the abundant information on microarray data,
which is helpful for integrative analysis of glycan-related biologi-
cal aspects as well. A special feature of glycoSCIENCES.de is that it
contains the information on not only the two-dimensional tree
structures of glycans, but also their three-dimensional structures.
This information might be a significant advantage in the future,
when two-dimensional branched tree structures prove insufficient
for the analysis of glycans.

Comparing glycan structures
An important and necessary function of a database is to retrieve
entries satisfying a query. For glycans, we need an algorithm for

matching two given trees, which was developed in computer
science in the 1970s [11] and applied, in bioinformatics, to the
problem of matching two secondary structures of RNAs [12]. This
problem of finding the maximum common subtree, that is, the
common subtree with the largest number of nodes, of given two
trees in the literature of computer science is solvable in polynomial
time [13], based on dynamic programming [14]. In particular, for
glycans, an appropriate scoring mechanism has been developed to
find an optimal match score for two given glycans or labeled trees,
meaning that we have an efficient algorithm to obtain a global
optimum in glycan tree matching.

An implementation example of the above algorithm, KCaM
[15,16] which is equipped in KEGG GLYCAN has a lot of options.
One example is exact or approximate matching. Exact matching
tries to find only a connected component (of nodes and edges)
corresponding to a query, while approximate matching allows
multiple components, which can be separated from one another.
Another option is global or local matching. The most standard
usage is global approximate matching, which is based on a
dynamic programming procedure for strings. That is, all possible
node pairs of two input trees are matched from leaves to the root in
a dynamic programming manner. More concretely, when we
match two nodes in given two trees, we have to consider the
following two types: (1) two nodes are matched, and we then
choose the combination in children which gives the maximum
matching score; (2) two nodes are unmatched, and we then choose
the pair of one node and a child of the other node which gives the
maximum matching score. Figure 1 shows the schematic picture of
these two types. A resulting maximum common subtree with the
maximum score can be retrieved by backtracking to find the
matching nodes that contributed to this score.

(a)
B Matched
Maximum score combination
(b)
Unmatched
Maximum score pair C/ORO
Drug Discovery Today
FIGURE 1

Two types of approximate matching: corresponding two nodes are (a)
matched or (b) unmatched.
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By applying a tree-matching algorithm to all possible pairs of
glycans, we can have the statistics of matched disaccharides (par-
ent—child) and their linkages (edges). That is, we can check how
many times the combinations of disaccharides and their linkages
appear in resultant pairwise tree alignments. A score matrix for
these combinations was already computed based on the above
statistics [17], just as PAM [18] or BLOSUM [19] for amino acids,
which were computed from multiple sequence alignment of pro-
teins.

Mining knowledge from glycan structures
Mining, or learning from data, can be classified into two cate-
gories: supervised and unsupervised learning. Supervised learning
classifies examples into multiple classes; perhaps two classes, such
as positives and negatives. A general procedure for supervised
learning is that we first train rules from labeled examples to classify
and then, for a new unknown example, a class can be assigned by
using the trained rules. On the contrary, unsupervised learning
uses unlabeled examples in training and attempts to find frequent
patterns in those examples. Then, given a new example, it can be
shown how similar this example is to training examples.
Currently, a widely used approach in supervised learning is a
technique called support vector machine (SVM), which uses a so-
called kernel function that can define a similarity between two
arbitrary training examples [20,21]. A naive approach of super-
vised learning is to identify a simple linear function that can

classify examples in a given data space, but it is usually very hard
to find. The basic idea of SVM is to expand the simple input data
space to a complex data space that can be defined by a kernel
function and then attempt to find a linear classification function
in this new space. This implies that the classification accuracy of
SVM heavily depends upon the kernel function. For biological
strings, such as genes and proteins, a kernel function called ‘string
kernel’ had already been proposed to apply [22]. For trees, in the
literature of context trees in natural language processing, a kernel
was proposed to compute a similarity between two given labeled
trees [23]. This computation is based on a dynamic programming
algorithm, which is very similar to the procedure in global approx-
imate matching of given two trees, because the basic idea of ‘tree
kernel’ is that the similarity of two labeled trees must be high if
they share a common subtree. Such general tree kernels, which
consider any labeled trees, have been presented, but so have tree
kernels specialized for glycans [24], focusing on the features pecu-
liar to glycans, such that subtrees including leaves or the root are
more conserved than other subtrees. It has been already shown
that in classification accuracy, SVM with glycan-specific kernels
can outperform other kernels [24]. However, a disadvantage of
kernel-based approaches is that it is hard to show clear rules to
assign a class to a given example.

Unsupervised learning approaches include a variety of techni-
ques. In this review, we focus on probabilistic model-based
approaches which are very robust against the noise obtained from

(a) Labeled ordered tree

N 4

— :Tree edges

wwusp : Children ordering

(b) Markov model (chain)

=P : State transition
=P : Letter generation

(c) Markov model (chain)

= : State transition
=P . Letter generation

(d)  Markov model (chain)

=P : State transition
=P : L etter generation
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FIGURE 2

(@) An example of labeled ordered trees and probabilistic parameters of (b) HTMM, (c¢) OTMM and (d) PSTMM.
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experimental data. A standard probabilistic model for temporal
data or strings is a probabilistic Markov model (or simply a Markov
model), which is defined by states and a state diagram. Normally,
we assume the first-order Markov (chain) property that you can
only come to a state from one state away. A hidden Markov model
(HMM) [25] is a widely used Markov model for processing strings,
such as speech recognition [25], natural language processing [26],
and biological sequence analysis [27]. HMM has been extended or
developed in a variety of ways, depending on the dataset applied.
An example is ProfileHMM [27], which specifies the model struc-
ture for aligning multiple sequences and finding conserved
domains in protein families. Other examples include context-free
grammars (CFGs) [28] and probabilistic-tree grammars [29], both
of which are also for analyzing strings in natural language proces-
sing. On the contrary, for labeled trees, HMM was already
extended, in document image classification, to a model in which
the Markov property is applied to the relation between nodes and
parents [30]. This model, known as HTMM, or hidden tree Markov
model, can be applied to glycans directly, but the recent develop-
ment of probabilistic modeling for trees has revealed that more
complex relations exist in glycans. We introduce two recent
probabilistic models for trees, known as OTMM (ordered tree
Markov model) [31] and PSTMM (probabilistic sibling-dependent
tree Markov model) [32-34], and a real result obtained by applying
OTMM to a current glycan database.

In these models, states correspond to nodes of a tree, and a label
is generated at each state. So they have two types of probabilistic
parameters: state transition probabilities attached to edges and
label output probabilities attached to states in a state diagram. The
Markov models for trees can be distinguished by state transition
probabilities. The parameters of three tree Markov models are
illustrated in Fig. 2. Figure 2(a) shows an example of labeled
ordered trees. Figure 2(b) shows HTMM, in which a state transition
probability is attached to the edge connecting two states corre-

sponding to a node and a parent. Figure 2(c) shows OTMM in
which a state transition probability is attached to the edge con-
necting two states corresponding to two siblings or a parent-child
relation where the child is the eldest sibling. Figure 2(d) shows
PSTMM in which a state transition probability is attached to an
edge pair of two siblings and a parent-child where the child and
the younger sibling are shared.

In unsupervised learning of these probabilistic models, a stan-
dard, reasonable approach for training probabilistic parameters
from given data is to maximize the likelihood of given examples,
and a time-efficient and widely used approach is the EM (expecta-
tion-maximization) algorithm, which guarantees to have a local
maximum [35]. The EM algorithm of each of the above three
models was already developed by modifying the forward-back-
ward algorithm of HMM [25] (or the inside-outside algorithm of
CFGs [28]). We note that the time and space complexities of
OTMM and HTMM in training probability parameters are kept
the same at the square of the number of states in an input state
diagram, despite the incorporation of sibling dependencies in
OTMM, because a state transition probability is always specified
by two states only. On the contrary, the complexity of PSTMM
reaches the cube of the number of states. For strings, the complex-
ity of CFGs is also the cube, while kept as the square for HMM, and
no more complex grammars than CFGs are practically used, mean-
ing that the cube is a practical bound in computational complex-
ity.

Once parameters of a probabilistic model are trained, the next
issue is to assign a state to each node of a given labeled tree. This
procedure is often called ‘parsing’, which can be solved by finding
the most likely state transition path of a given tree. At the same
time, parsing gives us, for an example (or a labeled tree), the
likelihood which can be a score by which we can rank given
examples and check the classification accuracy of a probabilistic
model. Parsing algorithms of the above three models were already
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FIGURE 3

(Top) The actual glycans, and (bottom) the most likely state paths (state numbers show types, and order has no meaning.).
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TABLE 1
Summary of informatics for glycan structures

Technique DNA/protein equivalent Refs
Glycan databases

KEGG glycan GenBank, EMBL, DDBJ, KEGG [6]

Glycoscience.de [71

CFG [8,9]
Tree-matching algorithms

KCaM Smith-Waterman, BLAST [15,16]
Score matrices

Glycan score matrices BLOSUM/PAM [17]
Supervised learning: kernel-based method

Glycan kernel String kernel [24]
Unsupervised learning: probabilistic models

OTMM HMM [31]

PSTMM HMM/CFG [32,33]

Profile PSTMM Pfam (profile HMM) or Rfam [34]

developed, and a thorough classification experiment on the three
probabilistic models showed that OTMM and PSTMM outper-
formed HTMM, and the performance of OTMM and PSTMM
was comparable with each other [31]. This result indicates that
OTMM and PSTMM could capture patterns in training examples
(glycans) more clearly than HTMM [31], implying that glycans
have some particular pattern, not only in parent—child, but also in
siblings. Readers interested in performance comparison should
pay particular attention to reference [31].

Figure 3 shows three examples of glycans and their most likely
state paths obtained by using a trained OTMM. The three examples
are selected from three subclasses of N-glycans: high-mannose,
hybrid and complex. The high-mannose type is basically made up
of mannoses with the exception of the root and its children, while
the complex type is made up of a variety of monosaccharides. The
hybrid type is between those of the above two subclasses. For each
of the three glycans, we run a parsing algorithm to establish the
most likely state transition, which is shown in Fig. 3. From this
figure, we can see that OTMM captured different state patterns
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