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Several methods have been proposed for protein-sugar binding site prediction using machine learning
algorithms. However, they are not effective to learn various properties of binding site residues caused
by various interactions between proteins and sugars. In this study, we classified sugars into acidic and
nonacidic sugars and showed that their binding sites have different amino acid occurrence frequencies. By
using this result, we developed sugar-binding residue predictors dedicated to the two classes of sugars: an
acid sugar binding predictor and a nonacidic sugar binding predictor. We also developed a combination
predictor which combines the results of the two predictors. We showed that when a sugar is known
to be an acidic sugar, the acidic sugar binding predictor achieves the best performance, and showed
that when a sugar is known to be a nonacidic sugar or is not known to be either of the two classes, the
combination predictor achieves the best performance. Our method uses only amino acid sequences for
prediction. Support vector machine was used as a machine learning algorithm and the position-specific
scoring matrix created by the position-specific iterative basic local alignment search tool was used as
the feature vector. We evaluated the performance of the predictors using five-fold cross-validation. We
have launched our system, as an open source freeware tool on the GitHub repository (https://doi.org/10.
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1. Introduction

Interactions between sugar chains and proteins play essential
roles in biological processes such as intercellular communication,
immunity, and cellular recognition. The methods to empirically
analyze such interactions include hemagglutination assays, which
are employed in the discovery of novel lectins. In recent years,
methods utilizing glycan arrays have been developed as high-
throughput solutions, enabling researchers to obtain data onin vitro
interactions between multiple sugar chains and proteins (Porter
etal., 2010; Blixt et al., 2004; Gabius et al., 2011). Nevertheless, the
bioinformatics-based prediction approaches can further reduce the
time and effort involved in predicting such interactions, providing
valuable clues for experimental work. Conventional methods are
useful in determining protein-sugar chain interactions or iden-
tifying sugar chain recognition sequences. However, they cannot
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provide information on the binding residues in proteins. Meth-
ods such as X-ray crystallography and nuclear magnetic resonance
have primarily been used to identify these binding residues. How-
ever, such techniques pose numerous challenges because they are
generally cost- and labor-intensive, Moreover, the high motility of
sugar chains renders the determination of their tertiary structures
difficult (DeMarco and Woods, 2008). As partial solutions to such
challenges, bioinformatics-based techniques have been attracting
attention.

Docking simulation is a prediction method for sugar-binding
residues based on their tertiary structures. To implement this
method, many protein-ligand docking programs (Morris et al.,
2009; Jones et al., 1995, 1997; Biesiada et al.,2011; Forli et al., 2016;
Grinter et al., 2014) and molecular simulations are often employed.
In a previous study involving sugar chain-binding residues, the
heparin-binding residues have been predicted in an interleukin
on the basis of its protein structure (DeMarco and Woods, 2008).
The candidate residues were narrowed down via repeated docking
with heparin monosaccharides and disaccharides. Then, the hep-
arin hexasaccharides were docked to the remaining candidates to
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predict the heparin-binding residues in the interleukin. Another
study has used machine learning to predict glucose-binding
residues from tertiary structure of proteins. It has employed a
learning model with a support vector machine (SVM), which
used the occurrence rates of atoms appearing in the proximity
of glucose-binding residues as the feature values (McDonald and
Thornton, 1994). Tsai et al. (2012) developed a sugar-binding site
prediction method based on three-dimensional probability density
maps, representing the distributions of 36 non-covalent interact-
ing atom types around protein surfaces. The method reported by
Zhao et al. (2014) uses a structural alignment program, SPalign and
binding affinity scores, according to a knowledge-based potential.

All of these methods rely on the tertiary structure of the target
protein for the prediction of the binding residues, thus requiring the
determination of the protein structure. The amino acid sequence of
a protein is much easier to obtain than its tertiary structure. Thus, it
is preferable for the high-throughput experiments such as genome-
wide and glycan arrays analyses.

Some attempts have been made to build software applica-
tions capable of learning such features so that they can predict
sugar-binding residues only from amino acid sequences. Malik
et al. have developed a machine learning-based method using neu-
ral networks. They have constructed a prediction program using
the position-specific scoring matrices (PSSMs) derived from the
residue frequency and multiple alignments of 40 sugar-binding
proteins and 18 galactose-binding proteins as the feature values.
The performance of the program has been evaluated by leave-one-
out cross-validation (CV) (Malik and Ahmad, 2007). Their results
show that the prediction program performs more effectively when
applied to a dataset of galactose-binding proteins than that when
learning using to all sugar-binding proteins. Nassif et al. (2009) also
developed a glucose-binding site prediction method. This method
uses spatial features of binding pockets and amino acid and chem-
ical features such as charge, polarity, mobility, and hydrophobicity
as determinant features of a binding site. Recently, a mannose-
binding site prediction program has been developed; it uses the
composition profile of patterns as sequence features (Agarwal et al.,
2011).

In this present study, we attempted a high-performance pre-
diction by grouping the sugar-binding proteins depending on the
characteristics of their binding residues and designing a predictor
dedicated to each group. We analyzed the characteristics of the
binding residues by clustering the sugars according to the residue
composition at the binding sites, and thereby classified the sug-
ars into different classes. Individual predictors for each sugar class
made the learning of the propensities of the binding residues more
effective. This, in turn, resulted in improved prediction perfor-
mance of the predictor. Furthermore, our method uses only the
amino acid sequences for prediction. SVM was employed because
it is one of the representative techniques for the classification of
the data into two categories with high generalization ability. SVM
takes as input PSSMs around a target residue as feature values. It
can improve the prediction capability further by extensive incor-
poration of the nature of homologous proteins coupled with sugar
class-specific learning.

2. Materials and methods

2.1. Search for sugar-binding proteins in the protein data bank
database

We targeted the sugars that frequently occur in vivo, namely
aldoses and ketoses, and their derivatives in which the hydroxy
group is oxidized or substituted with a methyl group, sulfonic
group, phosphate group, acetyl group, amine group, or acetyl amide
group. Fig. 1 illustrates the procedure for constructing the dataset
used for prediction.

With sugar-binding residues defined as the residues within 4 A
of the sugar molecule. We performed an exhaustive search of pro-
tein data bank (PDB) for proteins with at least one sugar-binding
residues. This study focused on noncovalent interactions between
sugars and proteins and not on glycosylation sites at which sugars
are covalently bonded with proteins. Therefore, the residues within
the 1.5A distance from a sugar molecule, as well as the residues
adjacent to a covalently bonded sugar molecule, were excluded
from the search.
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Fig. 1. Construction of the dataset used for prediction.
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