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Abstract

The binding of glycans to proteins represents the major way in which

the information contained in glycan structures is recognised, deci-

phered and put into biological action. The physiological and patholo-

gical significance of glycan–protein interactions are drawing increasing

attention in the field of structure-based drug design. We have imple-

mented a quantum chemical charge model, the Austin-model 1-bond

charge correction (AM1-BCC) method, into a robust scoring function

for general protein ligand interactions, called, AutoDockRAP. Here we

report its capability to predict the binding poses and binding affinities

of glycans to glycan-binding proteins. Our benchmark indicates that

this generally applicable scoring function can be adopted in virtual

screening of drug candidates and in prediction of ligand binding

modes, given the structures of the well-defined recognition domains

of glycan-binding proteins.
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Introduction

Glycans, the freestanding or covalently linked monosaccharide or oligosaccharide entities in

the cells, mediate a wide variety of biological functions of both prokaryotic and eukaryotic

cells. A majority of these biological processes involve the recognition of glycans by glycan-

binding proteins (GBP). Particularly, glycans located on cell surfaces or secreted biomole-

cules play a crucial role in cell–cell interaction, including the interaction between host cell

and pathogens [1]. For example, understanding of the recognition of host glycoprotein

receptors by viral neuraminidase led to the development of high-affinity inhibitors in use

to reduce the prevalence of influenza. It is of high priority to understand the molecular basis

of the interaction between GBP and glycans involved in the various physiological or

pathological events.

Evaluation of the binding affinities of drug-like molecules with the target proteins is crucial

for discriminating drug candidates from weak-binding or even nonbinding small molecules.

Rigorous statistical mechanical approaches for evaluation of binding free energies are the-

oretically most satisfactory [2, 3], but such approaches are computationally too demanding

for virtual screening. Due to practical consideration, most, if not all, computational docking

methods rely greatly on empirical or semi-empirical scoring functions to evaluate protein–

ligand interactions. Semi-empirical models based on molecular mechanics have the advan-

tages of easier rational interpretation of binding modes, and they are more sensitive to

protein conformational changes. Frequently used energetic terms include van der Waals

energy, electrostatic energy, hydrogen-bond energy, desolvation energy, hydrophobic inter-

action, torsional entropy, and so on [4, 5]. Among these terms, the atomic partial charges of

biomolecules are considered of central importance, because they are essential for evaluation

of the long-ranged electrostatic interaction, which is known to be a key factor for biomole-

cular association. Due to the extremely low computational cost, current molecular docking

programs often use regression models with distance-dependent molecular descriptors or

energy terms to predict the possible binding poses and to evaluate the binding affinity of

a small molecule. Such descriptors are also used for large-scale virtual chemical library

screening to rapidly narrowing down the chemical space and for subsequent identification of

potential drugs.

The affinity of most single glycan–protein interactions is generally low, with Kd values of

mM to mM levels [1]. In nature, many GBPs are oligomeric or membrane-associated

proteins, which allow aggregation of the GBP in the plane of the membrane. Many of the

glycan ligands for GBPs are also multivalent. The interaction of multiple subunits with a

multivalent display of glycans raises the affinity of the interaction by several orders of

magnitude under the physiological conditions. However, most of the currently used scoring

functions may not have comparable performance for the individual ‘‘weak binder’’ as for
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small molecules with submicromolar to picomolar affinities [6]. There is a thirst for a

general scoring function that has equivalent performance on the weak interactions between

glycans and GBP.

Robust scoring functions for protein–ligand interactions with quantum chemical charge

models

In a previous study, we have employed two well-established quantum chemical approaches,

namely the restrained electrostatic potential (RESP) and the Austin-model 1-bond charge

correction (AM1-BCC) methods, to obtain atomic partial charges [7] for deriving new

scoring functions for the automated molecular docking software package, AutoDock4 [8],

which has been widely adopted in virtual screening of drug candidates and prediction of

ligand binding poses in protein pockets.

The AutoDock4 scoring function comprises five energetic terms: the van der Waals inter-

actions, the hydrogen bonding interactions, the electrostatic interactions, the desolvation

energy, and the torsional entropy. The AutoDock4 scoring function predicts the binding free

energy with the following formula:
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The atomic charges used to evaluate the electrostatics energy term of the original 2007

AutoDock4 scoring function were calculated using the Gasteiger charge model [9], whose

primary advantages lie in its simplicity and speed. However, such charge calculations can

generate atomic charges that are less accurate than those determined by quantum chemical

methods.

We implemented two variants of AutoDock4 scoring functions using two well-established

charge models for ligands, namely, RESP [9] and AM1-BCC [11 – 12], that have been used

widely in molecular dynamics simulations with the AMBER force field. RESP is a two-

stage restrained electrostatic fit charge model, while AM1-BCC is a quick and efficient

semi-empirical atomic charge model that aims to achieve the accuracy of RESP. The atomic
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charges of proteins were retrieved from the AMBER parm99SB force field parameters,

which were mainly derived by the RESP methodology [13 – 15]. The abbreviations ‘‘AP’’

for AM1-BCC (ligand)/Amber PARM99SB (protein) and ‘‘RP’’ for RESP (ligand)/Amber

PARM99SB (protein) will be used in the following sections.

In combination with robust regression analysis and outlier exclusion, our protein–ligand free

energy regression with the robust AP (RAP) charge model achieves lowest root-mean-

squared error of 1.637 kcal/mol for the training set of 147 complexes and 2.176 kcal/mol

for the external test set of 1.427 complexes. The assessment for binding pose prediction with

the 100 external decoy sets indicates very high success rate of 87% with the criteria of

predicted root-mean-squared deviation of less than 2 Å (Table 1 and Figure 1). The success

rates and statistical performance of our robust scoring functions are only weakly dependent

on the type of protein–ligand interactions (Table 2).

Table 1. Success rates of binding site prediction by different scoring functionsa [7]

success rate (%) for different RMSD criteria

scoring function =<1Å =<1.5Å =<2Å =<2.5Å =<3Å

DrugScoreCSD 83 85 87

AutoDock4RAP 83 85 87 87 87

AutoDock4RGG 80 82 86 86 86

AutoDock4RRP 79 81 84 85 85

original AutoDock4GG 74 76 79 79 79

Cerius2/PLP 63 69 76 79 80

SYBYL/F-Score 56 66 74 77 77

Cerius2/LigScore 64 68 74 75 76

DrugScore 63 68 72 74 74

Cerius2/LUDI 43 55 67 67 67

X-Score 37 54 66 72 74

AutoDock3 34 52 62 68 72

Cerius2/PMF 40 46 52 54 57

SYBYL/G-Score 24 32 42 49 56

SYBYL/ChemScore 12 26 35 37 40

SYBYL/D-Score 8 16 26 30 41
a Except for the results of the AutoDock4 scoring functions, the results of DrugScoreCSD and other scoring
functions were taken from Velec et al.26[18] and Wang et al. [19], respectively.
b Scoring functions are sorted by the number of cases under 2Å.
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Figure 1. Comparison of the success rates of AutoDock4 scoring functions and 16

scoring functions provided by Cheng et al [20]. The cutoffs are rmsd < 1.0 Å (blue

bars), < 2.0 Å (red bars), and < 3.0 Å (green bars), respectively. The native binding

poses of ligands were included in the decoy sets. Scoring functions are sorted by the

number of cases under 2 Å [7].

Table 2. Success rates of binding pose prediction of various scoring functionsa on three

classes of complexes [7]

success rate (%; RMSD =<2Å)

Overall hydrophilic mixed hydrophobic

scoring function (100) (44) (32) (24)

AutoDock4RAP 87 89 91 79

AutoDock4RGG 86 86 91 79

AutoDock4RRP 84 84 91 75

original AutoDock4GG 79 77 81 79

Cerius2/PLP 76 77 78 71

SYBYL/F-Score 74 75 75 71

Cerius2/LigScore 74 77 75 67

DrugScorePDB 72 73 81 58

Cerius2/LUDI 67 75 66 54

X-Score 66 82 59 46

AutoDock3 62 73 53 54

Cerius2/PMF 52 68 44 33

SYBYL/G-Score 42 55 34 29

SYBYL/ChemScore 35 32 34 42

SYBYL/D-Score 26 23 28 29
a Data were adopted from Wang et al.[19] except for AutoDock4 scoring functions.
b Scoring functions are sorted according to the overall success rates.
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Recognition of glycan by proteins is a key to the specificity in glycobiology

Binding of glycans to proteins represents the major way in which the information contained

in glycan structures is recognised, deciphered, and put into biological action [1]. The

structures of hundreds of glycan–protein complexes have been determined by X-ray crystal-

lography and NMR spectroscopy. In most cases, the glycan-binding sites typically accom-

modate one to four sugar residues. Unveiling the three-dimensional structure of a glycan–

protein complex can reveal much about the specificity of binding, changes in conformation

that take place on binding, and the contribution of specific amino acids to the interaction.

Hydrophobic interactions are very common in glycan–protein complexes and can involve

aromatic residues as well as alkyl side chains of amino acids in the binding pocket [1]. Since

the forces involved in the binding of a glycan to a protein are the same as for the binding of

a ligand to its receptor (hydrogen bonding, electrostatic or charge interactions, van der Waals

interactions, and dipole attraction), it is tempting to try to calculate their contribution to

overall binding energy. Unfortunately, calculating the free energy of association is difficult

for several reasons, including problems in defining the conformation of the unbound versus

the bound glycan, changes in bound water within the glycan and the binding site, and

conformational changes in the GBP upon binding. To take the first step to tackle these

problems, we tested the capability of our established AutoDock4RAP scoring function to

predict the binding affinities of glycans to GBP.

Performance of AutoDock4RAP on predicting binding affinities of glycans to GBP

GBP can be broadly classified into two major groups: glycosaminoglycan-binding proteins

and lectins. Because glycosaminoglycan-binding proteins do not have shared structural

features, we applied the AutoDock4RAP scoring function to the crystal structures of gly-

can–lectin complexes for which the binding affinities have been determined experimentally

[16].

Lectins tend to recognise specific terminal aspects of glycan chains by fitting them into

shallow but relatively well-defined binding pockets, namely, ‘‘carbohydrate-recognition

domains’’ (CRD) that often retain specific features of primary amino acid sequence or

three-dimensional structure [1]. The binding affinities to a single CRD in many lectins

appear to be low (with Kd values in the micromolar range).

During the initial preparation work on the 23 complex structures for subsequent docking, we

did not include the crystal structure with PDB code 1EN2 because the frequently appeared

missing residues in the protein coordinates led to abrupt termination of the process. Among

the 22 crystal structures used in the current validation study (Table 3), four complexes have

glycosylated residues (1AXO, 1AX1, 1AX2, and 1AXZ). The covalently linked oligosac-

charides are excluded from the analyses since they do not serve as ligands for the proteins.
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Table 3. Validation of AutoDock4RAP on glycan–lectin complexes.

The AutoDock4RAP scoring function was applied to the crystal structures of glycan–

lectin complexes for which the binding affinities have been determined experimentally

[15]. The refined ligand binding modes of the complexes used in the study have root-

mean-square deviations (RMSD) no more than 1.21 Å in reference to the corresponding

crystal binding modes, and the refined free energy of binding for the 22 glycan–lectin

complexes has a root-mean-squared error of 1.606 kcal/mol in reference to the

experimental values. a Complex with crystal packing effect at the binding site.

PDB ID Protein name DGexp Rescore Refine Docking rank1 Docking rank2 Docking rank3 Ligand in crystal

(kcal/mol) DG DG RMSD DG RMSD DG RMSD DG RMSD

1J4Ua Artocarpin -4.36 -2.95 -3.69 0.73 -7.41 26.95 -6.65 1.35 -6.48 26.76 O1-Methyl-Mannose

5CNAa Concanavalin A -5.31 -4.35 -4.76 0.35 -6.53 0.98 -5.84 16.85 n.a. n.a. O1-Methyl-Mannose

1GICa Concanavalin A -4.61 -4.57 -4.82 0.36 -6.37 0.77 -6.13 1.75 -5.46 17.51 Methyl-a-D-Glucopyranoside

1QDOa Concanavalin A -6.81 -3.35 -4.70 0.69 -7.26 3.12 -6.92 2.05 -6.59 2.94 (a-D-Man)–(O1-Methyl-Man)

1QDCa Concanavalin A -5.31 -4.20 -4.52 0.51 -8.18 16.57 -6.55 2.48 -6.26 1.24 (a-D-Mannose)–(O1-Methyl-
Mannose)

1ONAa Concanavalin A -7.41 -1.54 -5.50 0.50 -6.83 2.32 -6.82 1.74 -5.57 3.75 (a-D-Mannose)–(O1-Methyl-
Mannose)–(a-D-Mannose)

1DGLa Lectin -8.21 -4.41 -5.24 0.37 -6.77 1.96 -6.47 5.25 -6.26 2.36 (a-D-Mannose)–(O1-Methyl-
Mannose)–(a-D-Mannose)

1AXZa Lectin -4.35 -2.33 -3.46 0.81 -6.27 17.32 -5.54 0.99 -5.18 10.11 a-D-Galactose; b-D-Galactose

1AX0a Lectin -4.28 -3.36 -4.86 0.62 -7.22 16.10 -6.72 1.11 -5.93 16.49 N-Acetyl-2-Deoxy-2-Amino-
Galactose

1AX1a Lectin -4.50 -1.75 -2.43 0.69 -7.32 11.97 -5.86 3.11 -5.08 2.66 (b-D-Glucose)–(b-D-Galac-
tose)

1AX2a Lectin -5.43 -1.90 -2.50 0.90 -5.97 18.72 -5.93 20.84 -5.38 3.26 [2-(Acetylamino)-2-Deoxy-A-
D-Glucopyranose]–[b-D-
Galactose]

2BQP Lectin -3.35 -3.09 -3.84 0.42 -6.35 0.91 -5.69 19.18 -5.19 19.39 a-D-Glucose

1BQP Lectin -3.97 -3.74 -4.14 0.28 -7.23 8.30 -6.50 19.04 -6.47 9.76 (a-D-Mannose)2

1QF3 Agglutinin -4.06 -1.53 -2.85 0.79 -6.77 11.82 -5.14 9.12 -5.00 1.88 Methyl-b-Galactose

2PELa Agglutinin -4.25 -1.16 -2.66 0.63 -6.51 2.76 -5.05 3.04 -4.65 9.12 a-Lactose (LBT) *3 +b-
Lactose (LAT) *1

1EHHa Agglutinin
isolectin VI

-5.11 -0.97 -2.81 1.21 -6.34 13.14 -5.09 12.71 -4.54 15.03 (N-Acetyl-D-Glucosamine)3

1K7U Agglutinin
isolectin III

-5.11 -0.28 -3.58 1.01 -6.59 16.61 -5.35 17.34 -5.33 13.93 (N-Acetyl-D-Glucosamine)2

1KUJa Agglutinin -4.14 -4.27 -5.40 0.45 -6.95 11.14 -6.07 10.41 -5.83 12.84 O1-Methyl-Mannose

1GZC Lectin -4.76 -1.60 -2.42 0.73 -7.54 11.53 -6.45 18.26 -5.81 19.97 b-Lactose

1HKDa Lectin -3.83 -3.45 -3.89 0.25 -6.21 19.16 -5.03 7.26 -5.02 1.14 Methyl-a-D-Glucopyranoside

4GALa Human
galectin-7

-4.62 +16.23 -2.95 1.06 -7.06 11.17 -5.86 10.9 -4.65 9.55 (b-D-Galactose)–(b-D-
Glucose)

5GALa Human
galectin-7

-4.40 +1.23 -2.76 0.95 -6.60 12.88 -6.46 9.52 -6.32 7.58 (N-Acetyl-D-Glucosamine)–
(b-D-Galactose)

In the analyses of free energy of binding, we carried out three stages of measures. The first

one was to ‘‘rescore’’ the original binding mode in the crystal coordinates without moving

the ligand. Next, we allowed the ligand to move in a restricted space using local search

parameters, without torsional or rotational modification; thereby ‘‘refining’’ the ligand to a

potential position with lower binding free energy in the crystal binding site. The refined

ligand binding modes of the complexes used in the study have root-mean-square deviations
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(RMSD) no more than 1.21 Å in reference to the corresponding crystal binding modes

(Table 3). The refined free energy of binding for the 22 glycan–lectin complexes has a

root-mean-squared error of 1.606 kcal/mol in reference to the experimental values.

We also carried out a comprehensive search, rendering the ligand to have translational and

rotational alterations, ‘‘docking’’ the ligand to a larger space in the binding pocket of the

protein. Because the lectin structures used in the study all have shallow CRD with relatively

large area, we enclosed the entire CRD for the docking analysis of each complex.

As we inspected the structures of these glycan–lectin complexes, we found out that 17 out of

the 22 complexes used in the study have crystal packing effects at the binding sites, that is,

the ligand (glycan) bound to the protein (lectin) at the interface of different symmetry mates

when we generated them using the crystallographic symmetry information (Table 3 and

Figure 2). The crystal packing effect could be indicative of an artefact in the crystal binding

mode for certain complex structures. For the glycan–lectin complexes, however, the crystal

packing effects at the binding sites do not necessarily reflect the dockability of the glycan

ligands. Using the AutoDock4RAP scoring function, we can still reproduce the crystal bind-

ing modes (with RMSD less than 2 Å) after comprehensive docking analyses on many of the

complexes with such crystal packing effect (Table 3 and Figures 3 – 5). This could be due to

the spatial arrangement in the recognition of glycan by the shallow CRD of lectin, which is

quite different from that of the proteins with deep ligand binding pockets.

Figure 2. Representative image of crystal packing effects at the binding site. The

symmetry mates of artocarpin (PDB code: 1J4U) were generated using the crystal

symmetry information and are shown in different colours. The O1-methyl-mannose

bound to the interface of the violet and grey molecules indicates crystal packing effect

at this ligand-binding site.
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Figure 3. Crystal and predicted binding modes of the glycan ligands to concanavalin

A (1GIC) and lectin (2BQP). Cyan lines indicate the hydrogen bonds formed between

the glycan ligand and the protein.
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Figure 4. Crystal and predicted binding modes of the glycan ligands to lectins (1AXZ

and 1HKD). Cyan lines indicate the hydrogen bonds formed between the protein and

the ligand in the crystal binding mode, while yellow lines indicate the hydrogen bonds

formed between the ligand in the predicted binding modes.
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Figure 5. Crystal and predicted binding modes of the glycan ligands to lectins (1KUJ

and 1BQP). Cyan lines indicate the hydrogen bonds formed between the protein and

the ligand in the crystal binding mode, while yellow lines indicate the hydrogen bonds

formed between the ligand in the predicted binding modes.
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Potential application of AutoDock4RAP on the glycan–GBP systems

During the initial development of the molecular biology, studies of glycans lagged far

behind those of other major classes of molecules [1]. This was in large part due to their

inherent structural complexity, the great difficulty in determining their sequences, and the

fact that their biosynthesis could not be directly predicted from a DNA template. This

delayed development in experimental methodology could reflect the performance of com-

putational work on glycobiology. Kerzmann et al. presented a method specifically designed

for the docking of carbohydrate-like compounds [15]. In contrast, although the Auto-

Dock4RAP scoring function was not tailored for glycan–GBP complexes, the current valida-

tion study revealed the capability of AutoDock4RAP to predict the binding affinities for GBP.

The use of a general, robust scoring function can facilitate the virtual screening on com-

pounds with more diverse chemical scaffolds, the essential work in the very beginning of

rational drug design, for the various GBP.

One of the critical issues in calculating the free energy of binding lies in the conformational

changes in the protein (GBP) upon ligand (glycan) binding. This can be addressed using the

relaxed complex scheme [17 – 19] since the atomic charge models used in the current

scoring function are those have been widely used in molecular dynamics simulations with

the AMBER force field.

In the complexes used in the study, there are a considerable number of hydrogen bonds

between the glycans and lectins, as demonstrated in both the crystal and predicted binding

modes (Figures 3 – 5). The contribution of hydrogen bonding to the binding affinities of

glycans to GBP can be further examined with energy decomposition analysis when the

relaxed complex scheme is used. Nevertheless, the amino acid residues with potentials to

form hydrogen bonds with glycans may also serve as target residues in the design of lead

compounds to inhibit glycan–GBP interactions.

Summary

The physiological and pathological significances of glycan–binding proteins are drawing

more and more attention, both in basic and applied sciences. In the current study, we have

demonstrated the capability of a general, robust scoring function, AutoDock4RAP, to predict

the binding affinities for glycan–binding proteins, without any calibration to this specific

class of protein-ligand interactions. The free energy of binding for the 22 glycan–lectin

complexes has a root-mean-squared error of 1.606 kcal/mol in reference to the experimental

values. The use of AutoDock4RAP can therefore facilitate the virtual screening on com-

pounds with more diverse chemical scaffolds, as well as further rigorous studies, such as

those with use of relaxed complex scheme and energy decomposition analysis.
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