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ABSTRACT 

Complex carbohydrates (glycans) have long been known to play a role in immune 

response, regulation of cellular activity, and cell-cell interactions, to name a few.  Thus the 

ability to model glycan structure and their interactions with other biomolecules (i.e. 

biorecognition) is essential to understanding and exploiting glycan functionality in the design of 

pharmaceutical glycomimetics, or molecules with similar properties to glycans.  Over several 

decades, computational methods have become essential to characterizing glycan structure and 

bioactivity when only sparse experimental data is available.  This work expands on those efforts 

by improving on the GLYCAM molecular mechanics force field to include a wider range of 

glycan structures including glycolipids and glycosaminoglycans.  The GLYCAM force field was 

used in molecular dynamics (MD) simulations to predict the three-dimensional (3D) structures of 

glycans and glycoconjugates.  Then, utilizing the three-dimensional glycan structure data from 

glycan simulations and experimental data, a virtual glycan 3D structure library was generated.  In 

this case, the virtual library was employed to establish the first computational prediction of bulk 



 

 

carbohydrate-protein specificity using a method called Computational Carbohydrate Grafting 

(CCG).  This method has been shown to be useful in augmenting the results of experimental 

specificity screening and it can be used to test the specificity of glycans which are not included 

on the experimental arrays while providing 3D structures of protein-carbohydrate complexes.  

The CCG method was used to predict the binding specificity restrictions of the anti-tumor 

antibody JAA-F11 and provided a 3D structural rational for its binding specificity.  The 

development of the force field and CCG method are all part of an effort to better understand how 

the 3D structure of glycans impact biorecognition so as to guide the development of novel 

therapeutic or diagnostic glycomimetics. 
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1. INTRODUCTION AND LITERATURE REVIEW 

1.1 Overview 

Complex carbohydrates form the basis of many biological processes vital to cellular 

function including biosynthetic pathway regulation, cell-cell interactions, and immune response.  

While it has been known that aberrant glycosylation is important in numerous disease states[1], 

demonstrating the role that glycan structures have on biological functionality continues to be a 

challenge for the combined fields of carbohydrate chemistry, biochemistry and biology, also 

known as glycobiology[2,3].  The need to understand this relationship has led to the development 

of glycan microarrays which allow screening of a protein against hundreds of glycan structures 

in a single experiment[4,5,6].  However, the quantity of binding partners identified using this 

method presents a problem for structural biochemistry.  In determining the structure of a protein-

ligand complex, experimental techniques depend on the isolation or synthesis of sufficient 

quantities of reagents before diffraction or NMR data is even collected.  This provides an 

opportunity for computational modeling methods to reduce costs by characterizing binding 

interactions without the need for substantial quantities of reagents. 

This work contributes to glycobiology through the characterization of the 3D structure of 

glycans and glycocojugates while establishing a new method to relate these structures to 

biorecognition (the process by which cells respond to chemical compounds).  Computational 3D 

structure predictions were made by expanding on the GLYCAM06 molecular mechanics force 

field to include new glycoconjugate structures, particularly those related to lipids (Chapter 2) and 

glycosaminoglycans (GAGs, Chapter 3).  A modified version of the GLYCAM06 force field was 
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then employed in computational simulations of GAGs to expound their 3D structures and relate 

them to experimental observables (Chapter 3).  The success of GLYCAM at defining 

carbohydrate 3D structure facilitated the development of a novel method used to characterize the 

glycan-binding specificity of an antibody-carbohydrate interaction (Chapter 4).  This new 

technology augments the specificity information from glycan microarray screenings and provides 

an opportunity to screen glycans not found on experimental arrays. 

 

1.2 Glycan Structure 

1.2.1 Defining Monosaccharide and Glycan Molecules 

Understanding the information carrying potential of a glycan structure begins with 

deconstructing the polymers into monosaccharide units.  These polymers contain 

monosaccharides composed of carbon, oxygen and hydrogen atoms which are found as 

heterocycles.  In order to define the monosaccharide type the chiral orientations of carbons are 

represented in the saccharide nomenclature as dextro- or laevo- rotatry (D/L) at the stereocenter 

furthest from the carbonyl, α or β at the anomeric carbon, and using a trivial name to represent 

the relative orientations of substituents on the remaining carbon positions[7].  Further 

modifications to the monosaccharide units are often found which include including functional 

groups like carboxylate, amine, and sulfate.  Examples of the monosaccharides most relevant to 

this work are shown in their pyranose forms (Table 1.1).  Additional information on 

monosaccharide chemical structure can be found in the many other resources such as the 

Essentials of Glycobiology[3,7]. 
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Table 1.1 Examples of monosaccharide residues which form six-membered rings.  Shown from 

top to bottom are the chemical structure, CFG cartoon representation, chemical name, and 

abbreviated chemical name. 

 

 
α-D-galactose 

α-D-Gal 

 

 
N-acetyl-α-D-galactosamine 

α-D-GalNAc 

 

 
α-D-galacturonic acid 

α-D-GalA 

 

 
α-D-glucose 

α-D-Glc 

 

 
N-acetyl-α-D-glucosamine 

α-D-GlcNAc 

 

 
α-D-glucuronic acid 

α-D-GlcA 

 

 
α-D-mannose 

α-D-Man 

 
 

α-L-idose 

α-L-Ido 

 

 
α-L-iduronic acid 

α-L-IdoA 

 

 
α-N-Acetylneuraminic acid 

 

 
α-L-fucose 
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α-Neu5Ac α-L-Fuc 

 

Carbohydrate polymers are formed by a covalent bond between monosaccharides units, 

called the glycosidic linkage, which forms between the carbon anomeric center of one sugar 

(non-reducing side) and an exocyclic oxygen on the other sugar (reducing side) as is shown in 

Figure 1.1.  The linkage forms at least two flexible torsions called φ and ψ starting from the 

non-reducing terminus.  The φ angle is formed on the non-reducing side of the linkage by the 

bond between anomeric carbon and the exo-anomeric reducing side oxygen (Oexo-anomeric).  The φ 

angle is adjacent and formed between Oexo-anomeric and the reducing side carbon atom which may 

be either endo- (Figure 1.1a) or exo-cyclic (Figure 1.1b) to the reducing terminal 

monosaccharide.  When this carbon is exo-cyclic, further flexible torsions are formed which are 

referred to as ωx angle(s) where x is the number of the largest carbon atom in the rotatable 

torsion bond.  The inherent flexibility of these torsions means that multiple stable conformations 

may be observed for a given glycosidic linkage.  As such, the glycan three-dimensional (3D) 

structure should also be described by the population of these conformation(s). 
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Figure 1.1 Representations of the glycosidic linkage torsion angles φ (blue), ψ (red), and ω 
(green) for Galβ-1,4-GalNAcα (a) and Neu5Acα2,6-Galβ (b).  Also shown are the cartoon 

representations using the extended CFG notation[8].  The non-reducing terminus of each sugar is 

shown on the left while the reducing terminus is shown on the right. 

 

Most glycan pyranoside ring structures exist as a single conformation, usually in a chair-

like state, however a few, such as those based on idose (idose, iduronic acid, etc.), are capable of 

existing as a mixture of more than one.  Typically, D- pyranosides sugars exist as the 
4
C1 chair 

conformation (Figure 1.2a) in which carbon C4 (see Figure 1.3 for the numbering schemes) is 

above the plane of atoms C2, C3, C5, and O5 while carbon C1 is below this plane when viewed 

from the standard orientation such that the ring oxygen is oriented back and to the right while the 

anomeric carbon is the furthest atom on the right.  In L-pyranosides this trend is reversed making 

the 
1
C4 chair the more stable ring shape.  L-Idoses, particularly iduronic acid (IdoA) in 

glycosaminoglycans (GAGs), often favor the 
1
C4 ring state but also sample the 

2
SO, skew-boat, 

and 
4
C1 states.  The occupancy of each state varies considerably based on the adjacent sugars, 

linkages, and chemical modifications to IdoA and neighboring residues[9].  As will be shown 
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later in Chapter 3, the shape of the ring and sulfation pattern can alter the 3D shape of the 

polymer by introducing a bend in the glycan polymer (Figure 3.4). 

 

 

Figure 1.2 The most commonly observed ring conformations in iduronate (a) and Δ4,5-

unsaturated uronate (b).  The sampled shapes and populations depends on the glycosidic linkage, 

ring substituents (e.g. sulfate), and neighboring residues. 
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Figure 1.3 Numbering and naming schemes for sugars.  Shown are the typical hexopyranose 

atom name designations using gluocose as a reprentative structure (left) and the 9-carbon N-

acetylneuraminic acid (right, α-Neu5Ac). 

 

Another type of six-membered ring shape which is particularly relevant to GAGs occurs 

in non-reducing terminal Δ4,5-unsaturated uronates (Δ4,5-uu).  These Δ4,5-uu sugars are formed 

as glycosidic cleavage products which retain the exocyclic substituent orientations of their 

saturated parent sugar[10].  The similarity to both the parent sugar and the catalytic complex in 

enzymes makes these well suited as transition state mimics in drug development[11] and 

substrates for glycan synthesis[12].  Unlike the saturated parent, which typically does not change 

ring states (with a few exceptions such as idoses), Δ4,5-uu rings frequently exchange states 

between two half-chair (
1
H2 and 

2
H1) structures (Figure 1.2b). 

The last component to the overall glycan structure is the reducing terminal substituent, or 

aglycone (Figure 1.4 and Figure 2.10), which is typically a protein or lipid.  The presence, or 

absence, of glycans on these biomolecules is often essential to complex biological processes used 
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to control cellular localization, protein degradation or biosynthetic pathways[13].  The type of 

aglycone and the local environment it associates with can impact glycan bioactivity by altering 

the surface area exposure or glycan rotamer lifetimes relative to that of a glycan free in 

water[14].  Additionally, an aglycone presents the saccharide with a different local chemical 

environment from bulk solvent (e.g. water) through variations in the electrostatic potential and 

interactive response.  Thus the aglycone structure, while not always directly involved in glycan 

biorecognition, is integral in determining the 3D presentation and biological activity of the 

aggregate. 

 

Figure 1.4 Several aglycones attached to the reducing terminal sugar.  The first (top left corner) 

is the typical O-methyl linker used in most molecular dynamics simulations of sugars.  Just 

underneath is an O-tert-butyl linkage also used in simulations.  The remaining are typical linkers 

used in glycan arrays.  Also, the amino acid aglycones are found as attachments for glycans in 

proteins and peptides.  Some lipid aglycones are shown in Figure 2.10. 

 

1.2.2 Glycan Primary Structure 

The primary sequence of glycans is formed by fitting together the monosaccharide 

components with the glycosidic linkage information to form linear or branched polymer 

sequences.  Unlike peptides and proteins, glycans are capable of having non-linear sequences 



 

9 

 

making the theoretical sequence diversity much more substantial.  If a library of theoretical 

glycans (theoretical glycome) were formed using only the eight α/β-D-hexopyranoses then the 

potential number of disaccharides is 1024 while the number of possible di-peptide sequences 

formed with the twenty typical amino acids is 400.  If this glycome is expanded to include 

trisaccharides then there are nearly 115,000 possible glycans where only 8000 tri-peptide 

combinations exist.  Despite the vast theoretical glycome size, biological systems are only able to 

produce sequences for which the enzymatic machinery exists, thus, known mammalian glycomes 

are limited to around 7000 glycan sequences[15]. 

 

1.2.3 Glycan Secondary & Tertiary Structure 

Glycan secondary structure is defined herein as the shape formed between two 

saccharides (formed by the ring shapes and glycosidic linkage).  The tertiary structure is the 

combination of all secondary structure properties which form the entire glycan polymer shape.  

In protein structure, the secondary structure is formed by small polypeptide fragments forming 

ordered structures while the tertiary structure describes how the secondary structures fit together 

as a single peptide chain.  Compared to peptide linkages, glycosidic linkages are far more 

dynamic with fewer stable intra-molecular hydrogen bonds to maintain rigidity.  This makes 

defining the tertiary structure more difficult in glycans as they frequently transition between one 

or more glycosidic linkage rotamers and sometimes between different ring states.  Instead, the 

glycosidic rotamers, ring shape(s) and lifetimes of those two properties (i.e. secondary structure) 

are combined for each residue pairing to describe the overall shape of a glycan (i.e. tertiary 

structure).  Additionally, the dynamics of glycan structures makes a simple description of glycan 
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shape difficult as the ‘average’ glycan structure may not look like any shape ever sampled by the 

glycan. 

In spite of the dynamics of glycan structure, it is possible to identify the states that form 

the ensemble of 3D-structures for a glycan using experimental methods, such as nuclear 

magnetic resonance (NMR), or computational methods which employ multi-state sampling, such 

as molecular dynamics (MD) or Monte Carlo simulations.  Experimental methods which rely on 

ordered structures like x-ray and neutron diffraction techniques are employed on free glycans 

which are amenable to crystallization, such as cellulose or sucrose; however, the majority of 

unligated glycans are experimentally characterized using solution-phase data from NMR[16].  

NMR structure data is collected as an average of the states sampled over the experimental time.  

Glycans that sample more than one conformation on the NMR timescale require the use of 3D 

models along with fitting functions in order to decompose the data.  Some of the NMR data 

collected or analyzed in this work includes three-bond J-couplings which describe the through-

bond coupling of magnetic nuclei and correlates to torsion angles (described in section 3.3.5); 

nuclear Overhauser effects (NOEs) which describe through-space proton-proton transfer of spin 

polarization and correlates with inter-nuclear distances  (described in section 3.3.5); and 

saturation transfer difference (STD) spectroscopy data which is used to measure the change in 

peak intensity caused by molecular magnetization transfer and correlates with distances between 

saturated and measured nuclei (described in section 4.5.3).  
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1.3 Computational Methods for Predicting Glycan Structure and Properties 

1.3.1 Molecular Dynamics 

Classical mechanics simulations begin with defining the molecular structure using 

spherical representations of atoms (atomistic), atoms combined with aliphatic hydrogens (united 

atom), or multiple atoms (coarse grained).  Most atomistic MD simulations define the potential 

energy of system, VMM, by splitting it into bonded and non-bonded components (Equation 1.1). 

Equation 1.1 Most frequently employed form of a Class I molecular mechanics force field used 

in molecular dynamics simulations. 

    ∑     
    (     )

 

         

 ∑       
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[     (     )]
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]
          

   

 

 

The bonded components include the bond length, angle bend and torsion angle terms 

while the non-bonded components include Lennard-Jones and Coulombic potentials.  Harmonic 

bond potentials are used to describes the change in energy of the current bond length (r) for 

atoms i and j from the equilibrium length (req) using a spring constant (Ki,j
Bond

).  Similarly, the 

angle potential describes the change in energy of the bond-angle (θ) from the equilibrium 

angle(θeq) using a spring constant (Ki,j,k
Angle

).  The last bonded component describes a torsion 

term for non-classical (quantum) corrections to the torsion angles (φ) which are not directly 

included by non-bonded terms or indirectly by assignment of the bonded terms.  This cosine 

function is usually fit to minimize the difference between the quantum mechanical torsion profile 
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and the classical potential in small molecules using coefficients V1, V2, V3…Vn.  Phase correction 

terms (γn) may also be included but are not necessary. 

The non-bonded description of van der Waals potential comes from the Lennard-Jones 

equation in which the interaction depends on the pairwise interaction distance (Rij) for an 

attractive coefficient (Bij) and a repulsive coefficient (Aij).  The Coulombic potential describes 

the interaction energy between point charges qi and qj using a dielectric constant (ε). 

In order to calculate the force necessary for a molecular dynamics simulation, the 

potential energy (VMM, Equation 1.1) and the atomic position (x) are integrated using Newton’s 

2
nd

 law (Equation 1.2). 

Equation 1.2 Newton’s second law used to determining force (F). 

      
    
   

 

 

The change in atomic position is determined using the Verlet algorithm (Equation 1.3) 

which accounts for the change in position (x) from time t to(t+Δt) and the previous position at 

time (t-Δt). 

Equation 1.3 Basic form of the Verlet algorithm used to compute the change in position of a 

particle (x) as a function of time (t). 

 (    )    ( )   (    )      ( ) 

 

Velocities are not directly solved in the Verlet equation but can be determined using 

either the velocity Verlet or leap-frog methods.  The AMBER simulation package uses the leap-
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frog method which calculates the average velocity between times (t-½Δt) and (t+½Δt).  Initial 

velocities are defined by a Maxwell-Boltzmann distribution at the starting simulation 

temperature T. 

The MD simulations in this work fall into the category of the canonical (NVT) or 

isothermal-isobaric (NPT) in which the number of particles (N) and temperature (T) are kept 

constant.  The NVT ensemble also maintains a constant volume (V) and was employed in the 

MD simulations of DMPC lipid bilayers (Chapter 2).  The NPT ensemble maintains constant 

pressure (P) and was used in the MD simulations of GAGs (Chapter 3).   The weak-coupling 

thermostat[17] was used to control the temperature.  This method rescales velocities to maintain 

a temperature bath using a correction coupled to a time constant.  In NPT ensembles, pressure is 

similarly controlled using a pressure coupling constant to a target pressure, typically 1 atm[17].  

The choice of which simulation model used depends on the desired results.  In order to obtain 

experimentally-consistent results, an NVT simulation often requires pre-equilibration with a 

short NPT simulation to obtain the optimal volume for a given temperature and pressure.  In this 

instance, NVT ensembles were used on lipid bilayers to avoid using a surface tension restraint to 

maintain the correct lipid packing density as the bilayer packing will be maintained by the 

constant volume.  The NPT ensembles were preferred for simulations of glycans as this allows 

the volume dimension to vary, avoiding the need to pre-equilibrate the simulation box 

dimensions that would need to be done in an NVT simulation. 
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1.3.2 GLYCAM Carbohydrate Force Field 

Carbohydrate force fields for MD simulations first appear in the early 1980s as 

simulation software and computational resources became available[18].  The first release of the 

GLYCAM force field was in 1995 (GLYCAM93) which produced a carbohydrate force field 

consistent with the existing AMBER protein force field[19].  This early release separated the 

torsion potentials for the anomeric carbon based the orientation (axial or equatorial) of the 

exocyclic anomeric oxygen.  Additionally, the endocyclic oxygen was treated as a unique atom 

type.  In this early form, partial charges were derived from the electrostatic potential (ESP) to fit 

all atoms while all 1,4-non-bonded interactions were scaled down to be consistent with AMBER 

force fields.  The next release of GLYCAM in 2001 (GLYCAM 2000) focused on optimizing the 

orientation preferences for the exocyclic free ω-rotamers, eliminating 1,4-scaling factors [20], 

and using a restrained electrostatic potential (RESP) method [21].  Subsequent modifications to 

GLYCAM2000 included development of a new charge model incorporating of ensemble 

averaged charges[22] and the inclusion of lone-pairs using a TIP5P-consistent design which is 

also found the subsequent version of GLYCAM[23]. 

The next major GLYCAM release came in 2008 (GLYCAM06) when the force field was 

completely rebuilt[24].  In GLYCAM06, the anomeric carbon was now a single atom type 

instead of two and a carbohydrate-specific sp
3
 carbon was introduced to distinguish GLYCAM 

parameters from those of other AMBER force fields.  An important change was made to the 

treatment of partial charges as aliphatic hydrogens were now assigned a zero charge during the 

RESP fitting and in the final charge set.  This version of GLYCAM also incorporated the 

development of acidic sugars instead of adopting directly from existing AMBER parameters. 
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The research presented in Chapters 2 and 3 describes the modifications to the 

GLYCAM06 carbohydrate force field.  The first expansion to GLYCAM06 included new 

parameters to describe lipids and was the first lipid force field released in AMBER[25].  This 

expansion established a set of parameters which were able to reproduce a wide array of lipids 

with different head-groups, varying degrees of tail-group unsaturation, and cholesterol-like 

molecules. The parameters have the capability to model a diverse set of lipid structures so long 

as ensemble charge models are generated for these lipids.  These parameters were seamlessly 

integrated within the carbohydrate parameters in GLYCAM06 making them ideal for glycolipids 

(glycans conjugated to lipids)[14] as well as non-lipid aglycones derived from similar fragments, 

such as the protonated alkyl-amine chains employed as spacers in glycan arrays[26].  The 

parameter-fitting methods established for unsaturated lipid tail-groups also guided the framework 

and initial parameter development for Δ4,5-unsaturated uronate parameters (Chapter 3).  These 

force field modifications were validated using simulations of the DMPC bilayer in which bilayer 

bulk properties, such as thickness and head-group density, were compared to experiment.  At the 

time it was not feasible to simulate more bilayers due to computational limitations (slow 

simulation speeds). 

The GLYCAM06 lipids work represents a multi-author manuscript in which I am 

primary author, and the research was overseen by R. Woods.  My contributions to the research 

were to the development of the force field (including charges) with training and some 

development provided by A. Yongye. While my work included simulating the DMPC bilayer, 

most post-simulation analysis and visualization of the bilayer was performed by M. DeMarco 

with contributions from this author in establishing protocols for analyzing the bilayer density 

from AMBER output. 
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1.3.3 GLYCAM Prediction of GAG Structure 

GAGs are carbohydrates composed of repeating disaccharide units of a hexosamine, and 

another hexose that is often an anionic saccharide.   These glycans have proven challenging to 

carbohydrate force field development efforts due to the complexity in modeling charges, ring 

puckering and obtaining adequate simulation sampling[27,28].  In this work, two major 

advancements are made along this front: 1) refining and expanding upon acidic sugar parameters 

(including charges), 2) and development of a transferable sulfate charge model. 

The first major expansion for this parameter set targets the ring conformations of 

iduronates[29] which are dynamic with ring conformational changes occurring on timescales of 

hundreds of nanoseconds[18] .  This was done by distinguishing the endocyclic oxygen atom 

type from the exocyclic anomeric oxygen which allows the endocyclic ring torsion rotation (X-

Oendo-Cendo-X) to decouple from the exocyclic ring torsion rotation describing the φ angle (X-

Cendo-Oexo-X).  The dynamics of  Δ4,5-unsaturated uronates (Δ4,5-uu) ring conformations were 

also parameterized[29] as these acidic sugars have been shown to have dynamic ring shapes 

which change on timescales easily accessible to molecular dynamics simulations.   To date, no 

other molecular mechanics force field exists which accurately models the populations of these 

states in molecular dynamics simulations[30,31]. 

The other major change to GLYCAM06 is the creation of a transferable charge model for 

N- and O- sulfate based on ensemble average charges derived from sulfated glycans.  These 

parameters significantly reduce model building time and allow sulfated sugars to be built using 

the GLYCAM web-interface or scripted through its web service[32].   
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The combined GLYCAM06 carbohydrate/lipid parameter set, including the GLYCAM11 

update for IdoA[28], were employed in simulations of five GAG disaccharides containing Δ4,5-

uu, and two GAG tetrasaccharides (GlcA-GlcNR-IdoA2S-GlcNR-O-Me, molecule 6 R=Acetyl 

and 7 R=SO3
-
) containing one IdoA each[29].  All seven GAG molecules were experimentally 

characterized using NMR J
3

HH-couplings and proton-proton NOE’s and compared to properties 

from simulation data. 

The GLYCAM06 modification and GAG simulation work also represents a multi-author 

manuscript in which I am primary author and the research was overseen by R. Woods.  My 

contributions to the research were to the parameter development, validation and fitting to NMR 

observables with some parameter development by X. Wang.  I performed all simulation work 

and analysis except in developing initial test simulations for Δ4,5-uu prior to fitting to NMR 

observables which was done by A.Singh.    Samples of the GAG tetrasaccharides were provided 

by A. Venot under the supervision of G.-J. Boons.  K. Pederson collected and provided the NMR 

observables under the supervision of J.H. Prestegard.  Lastly, I performed decomposition of the 

NMR data to determine ring conformation populations and comparisoned these to theoretical 

models. 

 

1.4 Defining Protein-Carbohydrate Complexes 

1.4.1 Computational Prediction of Specificity with Computational Carbohydrate Grafting 

The specificity of a protein defines the it’s selectiveness for binding with other 

molecules.  A highly selective protein will recognize very few non-target molecules while a 

promiscuous protein will tolerate a variety of non-target molecules.  Experimentally, specificity 
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can be determined more cost effectively than affinity, relying on bulk screening methods like 

glycan array microarrays to test the specificity of a single protein for a variety of potential 

binding partners.  Microarrays are surfaces on which potential ligands are covalently fixed.  A 

protein of interest is then washed over the surface and rinsed leaving only the protein which is 

bound to favorable ligands.  Next a fluorescent tag molecule which binds to the protein is 

washed over the surface, attaching to any ligated protein, before being rinsed.  The binding of the 

protein to a particular molecule is then measured by the relative fluorescence intensity of the 

attached tag molecule.  The process is then repeated at various protein concentrations to 

qualitatively determine the specificity of the protein[5].  Shown in Figure 1.5 is the glycan 

microarray screening of the anti-tumor antibody JAA-F11 which is discussed in Chapter 4.  

Analysis of the glycan arrays provides a view of the glycan primary structure components that 

make up the specificity of a protein; the TF-antigen in the case of JAA-F11.  This type of 

analysis does not explain the structural rationale for selecting these specific binding partners 

while excluding others containing similar ligand motifs. 
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Figure 1.5  Glycan array screening data for the anti-tumor antibody JAA-F11 run at protein 

concentrations of 0.1, 5.0 and 100 μg/mL.  The five glycan sequences with the most specificity 

are shown with the TF-glycan shown inset in the middle of the 0.1 μg/mL bar graph.  Y-axes are 

in relative fluorescent units (RFUs). 

 

Traditionally, crystallographic and NMR techniques have been employed to define the 

3D structure of protein-ligand binding interactions.  Often, when co-crystals are unavailable or 

NMR data is sparse, computational docking methods are employed to model the 3D complex 

using affinity calculations.  In this work the concept of modeling this 3D complex was expanded 

in a novel method developed to determine specificity.  This method, called computational 

carbohydrate grafting (CCG)[26], uses a glycan fragment in the binding site of a target protein as 

a scaffold for grafting on longer glycan polymers (Figure 4.1).  Polymers are grafted onto the 

scaffold using each of their possible 3D conformations; then these complexes are checked for 
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overlaps with the protein surface.  CCG uses both the putative binding partners, which do not 

overlap, and non-binders, which do overlap, to define specificity.  This provides a rationale for 

observed selectivity based on secondary and tertiary glycan structure, allowing better design of 

glycomimetics which also fit the binding pocket.  The use of protein overlap to characterize the 

specificity was demonstrated using the CpGH89 enzyme binding module (CBM32-5) which was 

co-crystalized with a monosaccharide fragment of the binding polymer.  CpGH89 is an enzyme 

complex produced by the bacterium Clostridium perfingens that recognizes a very specific 

glycan sequence found in the gastric mucosa.  Besides the catalytic domain, several carbohydrate 

binding sub-units, or carbohydrate binding modules (CBMs), are present in CpGH89.  One of the 

sub-units, CBM32-5, is unique within the complex in that it recognizes a fucosylated glycan 

sequence while the CBMs can only recognize the non-fucosylated sequence.  Grafting the 3D 

ensemble of structures from the fucosylated polymer onto the crystal monosaccharide revealed 

that a single amino acid mutation in the CBM32-5 binding module allows it to accommodate a 

fucose for many poses identified in an MD simulation (Figure 1.6)[33]. 
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Figure 1.6  The fucosylated tetrasaccharide ligand (middle inset) for CBM32-5 (part of the 

CpGH89 complex).  The crystallographic protein (yellow surface) and co-crystallaized GlcNAc 

(purple) are shown.  Models from the MD simulation of the tetrasaccharide which do (red box, 

bottom right) and do not clash (green boxed frames, top and bottom left) are shown to emphasize 

how steric overlap analysis works.  The black circle indicates the steric overlap. 

 

The CCG method can also be used to characterize the general specificity of a binding 

protein for an entire virtual library of glycans.  In this way, the computed specificity can be 

compared with experimental specificity-screening techniques like glycan microarray analysis.    

An added benefit is that this virtual library can contain more sequences than found on the 

experimental arrays, allowing it to identify novel glycan binding partners.  The capabilities of the 
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CCG method were demonstrated on the JAA-F11 anti-cancer antibody with its binding antigen, 

the TF-antigen (Chapter 4)[26].   This resulted in CCG predicting several novel putative binding 

sequences which potentially lead to antibody cross-reactivity in humans.  However these putative 

binding partners are not accessible to antibodies, thus, antigenic activity was predicted to be 

limited to tumor cells which is consistent with prior experimental work[34]. 

The computational specificity screening work also represents a multi-author manuscript 

in which I am primary author and the research was overseen by R. Woods.  My contributions to 

the research were to the generation of the docked TF-antigen to JAA-F11, development of the 

virtual glycan array modeled after the CFG array, analysis of the CFG array specificity results, 

development of the CCG methodology, and analysis of CCG results including STD-NMR 

calculations.  The creation of GLibrary3D as well as coding of the automated CCG method was 

completed by O. Grant.    J. Heimburg-Molinaro collected the glycan array data under the 

supervision of D. Smith.  S. Jadey isolated the JAA-F11 antibody under the supervision of K. 

Rittenhouse-Olson.  X-ray crystallographic data was collected by A. Gulick with antibody 

sequencing data provided by S. Deutscher.  STD-NMR data was collected by J. Glushka. 
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2. EXTENSION OF THE GLYCAM06 BIOMOLECULAR FORCE FIELD TO LIPIDS, 

LIPID BILAYERS AND GLYCOLIPIDS
1
 

  

                                                
1 M.B. Tessier, M.L. DeMarco, A.B. Yongye and R.J. Woods. 2008. Mol. Sim. 34(3):349-364.  Reprinted 

here with permission of the publisher. 
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2.1 Abstract 

GLYCAM06 is a generalisable biomolecular force field that is extendible to diverse 

molecular classes in the spirit of a small-molecule force field. Here we report parameters for 

lipids, lipid bilayers and glycolipids for use with GLYCAM06. Only three lipid-specific atom 

types have been introduced, in keeping with the general philosophy of transferable parameter 

development. Bond stretching, angle bending, and torsional force constants were derived by 

fitting to quantum mechanical data for a collection of minimal molecular fragments and related 

small molecules. Partial atomic charges were computed by fitting to ensemble-averaged 

quantum-computed molecular electrostatic potentials. 

In addition to reproducing quantum mechanical internal rotational energies and 

experimental valence geometries for an array of small molecules, condensed-phase simulations 

employing the new parameters are shown to reproduce the bulk physical properties of a DMPC 

lipid bilayer. The new parameters allow for molecular dynamics simulations of complex systems 

containing lipids, lipid bilayers, glycolipids, and carbohydrates, using an internally consistent 

force field. By combining the AMBER parameters for proteins with the GLYCAM06 

parameters, it is also possible to simulate protein-lipid complexes and proteins in biologically 

relevant membrane-like environments. 

 

2.2 Introduction 

Proteins and carbohydrates often exist as components of membranes[35,36] and their 

functions depend in part on their orientation (presentation) relative to the membrane surface[37]. 

In the case of glycolipids, the lipid tail embeds in the membrane bilayer exposing the 
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carbohydrate head group to the surrounding aqueous environment. Although the physical and 

bulk structural properties of lipid bilayers, such as the compressibility modulus, bilayer 

thickness, or lipid head group density, are available for a wide variety of lipids[38], detailed 3D 

structural characterization of embedded molecules remains challenging[37].  

In the case of glycolipids, NMR spectroscopy has been used to examine the presentation 

of the carbohydrate head group[39], and data suggest that the glycan adopts distinct 

conformations. However, experimental data may be insufficient to uniquely characterize the 

conformations and orientations populated by the carbohydrate head group relative to the 

membrane surface[40]. Therefore, there is a potential for computational methods to augment and 

complement the sparse experimental data for membrane-associated biomolecules. This potential 

has been demonstrated in the case of lipid bilayers (reviewed in [41]) and protein/lipid bilayer 

systems[42,43,44,45,46], wherein MD simulations have enhanced our understanding of the 

structural, functional and dynamic properties of these systems. 

Here we extend the GLYCAM biomolecular force field for carbohydrates to lipids, 

phospholipids and glycolipids. Phospholipids are the primary component of cell membranes and 

their hydrophobic tails are composed of aliphatic carbon chains that may be saturated, 

monounsaturated, or polyunsaturated. The hydrophilic head groups are often charged or 

zwitterionic, containing phosphatidylcholine, phosphatidylethanolamine, phosphatidylserine, or 

may be linked to other types of biomolecules. Lipid classes, such as sphingolipids, phospholipids 

and glycolipids, combine to yield the heterogeneous and multifunctional eukaryotic plasma 

membrane[35]. The lipid composition of a biological membrane is non-uniform and creates 

functionally specific regions of the membrane, such as lipid rafts[47], that can impact the activity 
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of associated proteins[35].  Lipid rafts are often associated with the presence of cholesterol in the 

membrane[47]. 

The similarities in atomic composition and connectivities between carbohydrates and 

lipids facilitated the extension of the recently reported GLYCAM06 (glycans and 

glycoconjugates in AMBER) biomolecular force field[48] to lipids and glycolipids. To remain 

consistent with the GLYCAM06 formalism, the following criteria were used to guide its 

extension: 1) the new parameters should be transferable to the most common and biologically 

relevant lipids, lipid bilayers, and glycolipids, 2) they should be self-contained and therefore 

readily transferable to many quadratic force fields, 3) as few new atom types as possible should 

be introduced, 4) the new parameters should be compatible with all existing parameters and 

molecular classes in GLYCAM06, 5) the accuracy of the parameters should be rigorously 

assessed by application to developmental and test molecules through comparison with theoretical 

and experimental data, and 6) the use of  1–4 non-bonded electrostatic or van der Waals (vdW) 

scale factors should be avoided[49].   

To illustrate the performance of the resultant parameters in a bilayer simulation, a 15 ns 

MD simulation of a 1,2-dimyristoyl-sn-glycero-3-phosphatidylcholine (DMPC) bilayer in 

explicit TIP3P water was performed. The physical properties of DMPC are well established, thus 

facilitating critical comparison between the MD and experimental data. 

2.3 Methods 

2.3.1 Parameter Development 

Quantum mechanical (QM) geometry optimizations were performed using the 

GAUSSIAN98 software package[50] at the HF/6-31G* level of theory unless otherwise noted, 
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while single point energies were calculated at the B3LYP/6-31++G(2d,2p) level, in accordance 

with the parameterisation methods outlined in GLYCAM06[48].  

The AMBER 8 software package[51] was employed for all molecular mechanical (MM) 

and MD calculations. As recommended for carbohydrates[20] 1-4 non-bonded and electrostatic 

scale factors were set to unity (SCEE =1 and SCNB = 1, respectively).  Atomic vdW parameters 

were taken from the GLYCAM/AMBER parameter set[48], which originated from AMBER[52]. 

Consistent with GLYCAM06, torsion rotation terms and valence harmonic force constants were 

generated by fitting to QM data computed for representative molecules at the B3LYP/6-

31++G(2d,2p)//HF/6-31G* level, for rotamers sampled at 30 degree increments. Torsion 

coefficients (V1, V2, and V3) for the classical bond rotation terms were fitted to the quantum data 

without using phase shifts, employing a multi-variable least squares algorithm. Torsion 

contributions were explicitly defined for all constituent linkages employing representative 

molecular fragments. Equilibrium bond lengths and angles were selected from the best available 

experimental data for each representative molecule, or from closely related molecules, with 

preference being given to gas-phase structural data; sources and structures are listed in Table 

2.1. The Cambridge Structural Database[53] was accessed through the ConQuest software 

package[54] to identify pertinent experimental structures.    

Partial charges for use in the gas-phase minimisations of the small molecule 

parameterisation sets were computed by fitting to the molecular electrostatic potential (ESP) 

computed on a CHELPG[55] grid of points at the B3LYP/cc-pVTZ level, with an ESP restraint 

(RESP) weight of 0.0005 [56]. Consistent with AMBER[57] and GLYCAM[19], partial charges 

for the intact biomolecules (lipids), to be employed in condensed-phase simulations, were 

subsequently derived by ESP-fitting at the HF/6-31G* level. As earlier proposed for use with 
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GLYCAM[21] a RESP weight of 0.01 was employed for the biomolecular charge derivation. In 

order to address the issue of conformational charge dependence[22], conformationally-averaged 

RESP charges were computed for each lipid from sixty-three unique lipid conformations 

extracted from an existing equilibrated DMPC bilayer, freely available from the website of 

Professor D. P. Tieleman at http://moose.bio.ucalgary.ca/. 

Two other MD-equilibrated homogeneous lipid membranes composed of 1-stearoyl-2-

docosahexaenoyl-sn-glyerco-3-phosphocholine (SDPC)[58] and palmitoyl oleoyl 

phosphatidylethanolamine (POPE)[59] were used, along with the DMPC bilayer, to determine 

the average ensemble charge distribution for functional regions of the lipids. The lipids were 

divided into a head group region, which was composed of phosphatidycholine or ethanolamine 

groups and the glycerol sub-unit, and two hydrocarbon tail groups, sn1 and sn2. 
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Table 2.1 Atom types, bonds, angles and torsion parameters in GLYCAM06 (lipid extension) 

 

Atom 

Name 
vdW radius (Å)  ε (kcal/mol)  Type 

CK 1.908 (PARM 94) 0.086 (PARM 94) sp2 carbon for alkenes 
CJ 1.908 (PARM 94) 0.086 (PARM 94) sp2 alkene carbon single-bonded to an sp2 alkene carbon 
CP 1.908 (PARM 94) 0.109 (PARM 94) sp3 aliphatic carbon adjacent to phosphate 
HP 1.100 (PARM 94) 0.016 (PARM 94) H bonded to C adjacent to a positively charged group 
N3 1.824 (PARM 94) 0.170 (PARM 94) Positively charged amino group nitrogen (Lys, phospholipids, etc.) 
P 2.100 (PARM 94) 0.200 (PARM 94) Phosphorous in phosphates 
     

Bond Terms 

Term k 
Equilibrium 

Value 

Training Molecule or Data Source 
 

N3-CG 355.0 1.490 Methyl ammonium  
P -OS 230.0 1.610 PARM 94  
P -O2 525.0 1.480 PARM 94  
CP-OS 285.0 1.460 CG-OS  (GLYCAM06)  
CG-CP 310.0 1.520 CG-CG  (GLYCAM06)  

CK-CK, CJ-CJ 629.0 1.337 Ethene  
OS-CK, OS-CJ 350.9 1.359  Methoxyethene  
CG-CK, CG-CJ 324.0 1.514 Propene  

CJ-CK 350.9 1.467 Butadiene  
N3-H 434.0 1.010 PARM94  

CG-HP 360.0 1.095 CG-HC (GLYCAM06)  
CK-HA, CJ-

HA 
360.0 1.095  CG-HC (GLYCAM06)  

CP-H1 340.0 1.095 CG-H1 (GLYCAM06)  

 

Angle Terms 
Term k Equilibrium Value Training molecule or Data Source  

N3-CG-CG, N3-CG-CP 67.0 111.6 Ethyl ammonium  
CG-N3-CG 54.0  111.1  GLYCAM06  
OS-P -OS 45.0 109.6 PARM94  

P -OS-CG, P -OS-CP 50.0 119.0 Dimethyl phosphate  
O2-P -OS 100.0 108.2 PARM94  

O2-P -O2 140.0 119.9 PARM94  
CG-CP-OS, CP-CG-OS 70.0 108.5  CG-CG-OS  (GLYCAM06)  
CG-OS-CJ, CG-OS-CK 38.0 107.0 Methoxyethene  
OS-CJ-CJ, OS-CK-CK 59.5 119.0 Methoxyethene  

P -OS-P 12.8 150.0 Dimethyl diphosphate  
CJ-CG-CK, CK-CG-CK, 

CJ-CG-CJ 
46.7 111.5 1,4-Pentadiene  
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CG-CJ-CG, CG-CK-CG 46.1 115.6 2-Methylpropene  
CK-CJ-CJ, CK-CK-CJ 49.4 127.7 Butadiene  
CG-CJ-CJ, CG-CK-CK 47.9 122.5 Propene  
CG-CG-CJ, CG-CG-CK 43.0 112.0 1-Butene  

OH-CG-CJ, OH-CG-CK 70.0  107.5 OH-CG-CG  (GLYCAM06)  

CP-CG-CG 45.0 113.5 CG-CG-CG (GLYCAM06)  
N3-CG-HP 57.0 109.6 Methyl ammonium  
HP-CG-HP 40.0  109.5  HC-CG-HC  (GLYCAM06)  

HP-CG-CG, HP-CG-CP 45.0 112.6 HC-CG-CG  (GLYCAM06)  
CK-CJ-HA, CJ-CK-HA 32.7 126.4 Butadiene  

H -N3-CG 45.5 109.2 Methyl ammonium  
HA-CJ-HA, HA-CK-HA 31.3 117.4 Ethylene  

HA-CJ-CJ, HA-CK-CK 38.2 121.3 Ethylene 
H1-CG-CJ, H1-CG-CK 41.4 114.0 Propene 
HC-CG-CJ, HC-CG-CK 41.4 114.0 Propene 
HA-CJ-CG, HA-CK-CG 50.0 114.0 Propene 
H1-CP-CG, H1-CG-CP 45.0 111.0  H1-CG-CG  (GLYCAM06) 

H1-CP-OS 60.0 110.0  H1-CG-OS  (GLYCAM06) 
H -N3-H 35.0 109.5 PARM94 

H1-CP-H1 45.0 109.5 H1-CG-H1 (GLYCAM06) 

OS-CJ-HA, OS-CK-HA 65.1 107.5 Methoxyethene 
 

Torsion Terms 

Term V1 V2 V3 Training molecule 

Average 

training 

error 

Test molecule 
Average test 

error 

CG-N3-CG-CG, CG-N3-CG-CP 0.10 -0.20 0.10 Ethylmethylamine 0.363   

N3-CG-CG-CG 0.10 -0.10 0.30 N-Propylamine 0.210 Propyl Ammonium 0.344 

N3-CG-CG-OS, N3-CG-CP-OS -0.50 0.50 1.50 N-(2-Methoxyethyl)amine 0.437 
2-Methoxyethyl 

Ammonium 
0.789 

N3-CG-CG-OH -1.00 0.50 0.60 N-(2-Hydroxyethyl)amine 0.180   
N3-CG-CG-HC, N3-CG-CG-H1, 

N3-CG-CP-H1 
0.0 0.0 0.10 Ethyl amine 0.164 Ethyl Ammonium 0.013 

HP-CG-N3-CG 0.0 0.0 0.25 Dimethyl Ammonium 0.223   
H -N3-CG-HP 0.0 0.0 0.13 Methyl ammonium 0.013   

H -N3-CG-CG, H –N3-CG-CP 0.0 0.0 0.13 Ethyl ammonium 0.013   
OS-P -OS-CG, OS-P –OS-CP 0.0 0.70 0.50 Dimethyl phosphate 0.084   

O2-P -OS-CG, O2-P –OS-CP 0.10 -0.50 0.10 Dimethyl phosphate 0.140   
CG-CG-OS-P, CG-CP-OS-P  -1.20 0.05 0.10 Ethylmethylphosphate 0.348   
H1-CG-OS-P, H1-CP-OS-P   0.07 Dimethylphosphate 0.114   

CK-CG-CG-N, CJ-CG-CG-N -0.22 0.03 0.18 N-but-3-en-1-yl acetamide 0.153 
  

C -CG-CG-CK, C -CG-CG-CJ 0.40 0.33 -0.42 Methyl pent-4-enoate 0.177 
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OH-CG-CG-CK, OH-CG-CG-CJ -1.06 -0.16 -0.11 3-Butenol 0.161 Pent-4-en-2-ol 0.512 

CG-OS-CK-CK, CG-OS-CJ-CJ -0.25 -3.99 -0.87 Methoxyethene 0.089 
(E)-1-sec-butoxy-2-methyl 

but-1-ene 
0.604 

CG-CG-OS-CK, CG-CG-OS-CJ 0.22 -0.42 -0.01 Ethoxyethene 0.289 
(E)-1-sec-butoxy-2-methyl 

but-1-ene 
0.489 

CK-CG-CK-CK, CJ-CG-CK-
CK, 

CK-CG-CJ-CJ, CJ-CG-CJ-CJ 
-0.21 -0.68 -0.04 1,4-Pentadiene 0.069 3-Methyl-1,4-heptadiene 0.145 

CG-CG-CJ-CG, CG-CG-CK-CG 0.29 -0.34 -0.01 2-Methyl-1-butene 0.230 
2,5-Dimethyl-2,4-

heptadiene 
0.640 

OH-CG-CK-CK, OH-CG-CJ-CJ -0.50 -1.00 -0.50 Prop-2-en-1-ol 0.250   

CJ-CJ-CK-CK 0.92 -1.75 0.69 Butadiene 0.132 
2,5-Dimethyl-2,4-

heptadiene 
0.652 

CG-CG-CG-CK, CG-CG-CG-CJ  0.0  0.0 0.0 1-Pentene 0.252   

CG-CG-CK-CK, CG-CG-CJ-CJ 0.0 -0.40 -0.50 1-Butene 0.093 
  

OS-C -CG-CG 0.0 0.0 0.20 Methyl propanoate 0.057 Methyl 2-methylpropanoate 0.140 
H1-CG-CG-CK, H1-CG-CG-CJ, 
HC-CG-CG-CK, HC-CG-CG-CJ 

0.0 0.0 0.10 1-Butene 0.036 
  

CG-OS-CJ-HA, CG-OS-CK-HA 0.40 0.22 0.08 Methoxyethenea 0.154   
H1-CG-OS-CJ, H1-CG-OS-CK 0.0 0.0 0.10 Methoxyethene 0.402   
CK-CG-CK-HA, CJ-CG-CK-

HA, 
CK-CG-CJ-HA, CJ-CG-CJ-HA 

0.05 0.03 0.31 1,4-Pentadieneb 0.500 

  

HC-CG-CJ-CG, HC-CG-CK-CG 0.0 0.0 0.10 2-Methyl-1-propene 0.302   
HA-CJ-CK-CK, HA-CK-CJ-CJ 0.69 0.40 0.17 Butadiene 0.183   

HA-CK-CJ-HA 0.92 -1.75 0.69 Butadienec 0.127   
HO-OH-CG-CK, HO-OH-CG-

CJ 
0.38 0.58 0.20 2-Propenol 0.120 

  

H1-CG-CK-CK, H1-CG-CJ-CJ, 

HC-CG-CK-CK, HC-CG-CJ-CJ 
0.10 -0.10 -0.34 Propene 0.032 

  

HC-CG-CK-HA, HC-CG-CJ-
HA, H1-CG-CK-HA, H1-CG-

CJ-HA 
0.0 0.0 0.0 Propene 0.054 

  

OH-CG-CK-HA, OH-CG-CJ-
HA 

0.0 0.0 0.0 Prop-2-en-1-ol 0.198 
  

CG-CG-CK-HA, CG-CG-CJ-HA 0.0 0.0 0.0 1-Butene 0.200   
OS-CJ-CJ-CG, OS-CK-CK-CG 0.0 -13.00 0.0 1-Propenylmethylether    

CK-CJ-CJ-HA, CJ-CK-CK-HA 0.0 -15.00 0.0 Butadiene    
OS-CJ-CJ-HA, OS-CK-CK-HA 0.0 -20.00 0.0 Methoxyethene    
CJ-CK-CK-CG, CK-CJ-CJ-CG 0.0 -3.50 0.0 1,3-Pentadiene    
CJ-CK-CK-CJ, CK-CJ-CJ-CK 0.0 -2.00 0.0 Hexatriene    

CG-CK-CK-CG, CG-CJ-CJ-CG 0.50 -15.00 0.0 2-Butene    
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HA-CK-CK-CG, HA-CJ-CJ-CG 0.0 -21.00 0.0 Propene    

HA-CK-CK-HA, HA-CJ-CJ-HA 0.0 -8.50 0.0 Propene    

HP-CG-CG-OS, HP-CG-CP-OS, 
H1-CG-CP-OS, H1-CP-CG-OS 

0.0 0.0 0.05   HC-CG-CG-OS (GLYCAM06) 

OS-CP-CG-OS 0.0 0.82 0.0   OS-CG-CG-OS (GLYCAM06) 
CP-CG-OS-C  0.47 0.0 -0.04   CG-CG-OS-C  (GLYCAM06) 

OS-CP-CG-CG, OS-CG-CG-CP -0.27 0.0 0.0   OS-CG-CG-CG (GLYCAM06) 
CP-CG-OS-CG 0.0 0.0 0.16   CG-OS-CG-CG (GLYCAM06) 
H1-CG-CP-H1 0.0 0.0 0.17   H1-CG-CG-H1 (GLYCAM06) 

H1-CG-CG-CP, H1-CP-CG-CG 0.0 0.0 0.15   H1-CG-CG-CG (GLYCAM06) 
HP-CG-CG-H1, HP-CG-CP-H1, 

HP-CG-CG-HC 
0.0 0.0 0.13   HC-CG-CG-HC (GLYCAM06) 

HP-CG-CG-CG 0.0 0.0 0.10   HC-CG-CG-CG (GLYCAM06) 
aCoupled to CG-OS-CK-CK/CG-OS-CJ-CJ 
bCoupled to CK-CG-CK-CK/CK-CG-CJ-CJ/CJ-CG-CK-CK/CJ-CG-CJ-CJ 
cCoupled to HA-CK-CJ-HA 
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2.3.2 Phospholipid bilayer equilibration and simulation 

A lipid bilayer containing 48 DMPC molecules was constructed based on a POPC bilayer 

model[60], with the bilayer normal aligned along the z-axis. The starting structure had a surface 

area per DMPC molecule of 78.4 Å
2
 and a bilayer thickness of 41.9 Å. Using the PTRAJ 

program in AMBER, a 24 Å layer of TIP3P water molecules (with a 1.4 Å crystal spacing) was 

added to the upper and lower surfaces of the bilayer, resulting in the addition of 1847 waters 

(Figure 2.1). All bilayer equilibration and simulation steps were performed using AMBER 

9[52]. An iterative approach was adopted to equilibrate the bilayer system and achieve properties 

consistent with the Lα-phase of DMPC. Initially, with the lipids restrained, the water molecules 

were energy minimised (500 steps of steepest decent, 1500 steps of conjugate gradient) and then 

subjected to 10 ps of molecular dynamics in the NPT ensemble at 1 atm with anisotropic 

pressure scaling. The entire system was subsequently energy minimised (500 steps of steepest 

decent, 500 steps of conjugate gradient). Using the NVT ensemble while restraining the waters, 

the DMPC molecules were subjected to 5 ps of molecular dynamics at 300 K. The entire system 

was then minimised again for 1000 steps (500 steps of steepest decent, 500 steps of conjugate 

gradient). In the NPT ensemble at 1 atm with anisotropic pressure scaling, the bilayer was then 

restrained and only waters were equilibrated with 10 ps MD at 300 K. Finally, in the NVT 

ensemble, the entire system was brought to the desired temperature of 300 K over 50 ps. A 

production MD simulation of the bilayer-water system was then performed for 15 ns at 300 K in 

the NVT ensemble. A 2 fs time-step was employed throughout for integrating the equations of 

motion. Hydrogen-containing bonds were constrained with the SHAKE algorithm[61], and long 

range electrostatics were treated using the Particle Mesh Ewald method[62]. Snapshots were 

collected at 1 ps intervals for subsequent analysis. 
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Figure 2.1 The DMPC bilayer system pre- and post-equilibration. (A & C) Initial model of the 

bilayer (pre-equilibration) and (B & D) after the minimisation and heating steps (the starting 

structure for the 15 ns simulation). To help visualize the bilayer and size of the periodic box the 

nitrogen (blue spheres) and phosphorous atoms (cyan spheres), and waters (small red spheres) 

are emphasized. Hydrogen atoms were removed for clarity. 

 

Average bilayer thickness was computed from the distance along the z-axis (bilayer 

normal) between the centers of mass of the desired atoms in each leaflet, using structures taken 

at 100 ps intervals. The bilayer thickness (dl) was calculated using the center of mass of the 

N(CH3)3 moiety in the head group; the hydrophobic thickness (dhc) was calculated using the 

carbon situated at the branch point of the hydrocarbon tails. To calculate the absolute distance 

between the termini of the hydrophobic groups (dCH3), the average position of the CH3 groups 

from both sn1 and sn2 hydrocarbon tails was used.  

Molecular graphics images of the bilayer were produced using the UCSF Chimera 

package from the Resource for Biocomputing, Visualization, and Informatics at the University of 

California, San Francisco (supported by NIH P41 RR-01081)[63]. 



 

35 

 

2.4 Results and Discussion 

2.4.1 Parameters 

2.4.1.1 New atom types 

The extension of GLYCAM06 to lipids and glycolipids required the introduction of only 

three lipid-specific carbon atom types. Two of the new atom types (CJ and CK) were introduced 

to accommodate unsaturated and polyunsaturated hydrocarbon chains and their vdW terms were 

transferred directly from the unsaturated carbon, CA, atom type in AMBER.  Although atom 

types exist in AMBER to model sp
2
 carbon atoms, some lipids have alternating single and double 

bonds, which results in ambiguity regarding the placement of the double bond. To relieve the 

ambiguity, new atom types, CK and CJ, were added. These atom types allow the definition of a 

C-C single bond between two adjacent double bonded carbons (CK=CK-CJ=CJ) as in the 

molecule butadiene, which is a common motif in lipid tails. Notably, by dividing the rotational 

contribution among the constituent linkages associated with the CK-CJ bond the planarity of the 

sp
2
 center was maintained without the need to introduce out-of-plane or improper torsion terms.    

The third atom type, CP, was created to describe sp
3
 carbon atoms attached to the oxygen 

atom of a phosphate group and its vdW terms were transferred directly from the saturated 

tetrahedral carbon, CT, atom type in AMBER. The AMBER force field (PARM94–PARM99) 

contains parameters for this linkage[64], employing the sp
3
 carbon atom type CT, however, the 

performance of those parameters in our test cases was not optimal. The current AMBER 

parameters significantly overestimated the methyl rotational barrier in methylphosphates (see 

Figure 2.2M & P). While this rotation has little significance for the overall 3D structure directly, 

it was important to ensure that the H-CH2-O-P rotational contribution was correctly reproduced 



 

36 

 

in order to employ this term in larger structures. It should be noted that unlike AMBER, or 

earlier versions of GLYCAM, all of the constituent torsion terms are explicitly defined in 

GLYCAM06. Thus, an error in the H-CH2-O-P contribution would propagate throughout the 

subsequent lipid components (R-CH2-O-P etc). The vdW terms for the new atom types, as well 

as for all other atom types employed in this extension of GLYCAM06, were transferred from the 

standard AMBER values and are presented in Table 2.1 together with the valence bond lengths, 

angles, and associated quantum-derived force constants. 
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Figure 2.2 Torsion rotation curves for phosphate and nitrogen (amine and cation) containing 

species. Those used in the developmental training set are indicated with a “D”, otherwise they 

represent test cases. Legend: QM B3LYP/6-31++G(2d,2p) data (▲), GLYCAM06 (lipid 

extension) (●), AMBER PARM94 (○). 

 

2.4.1.2 Valence Properties 

To assess the effect of zwitterionic head group moieties, such as phosphoethanolamine, 

on bond lengths and angles, a truncated phospholipid was built and energy minimised. This 

model was selected because of its similarity to phosphatidylcholine, for which experimental 

crystallographic values[65] were available for comparison (Figure 2.3). Included in Figure 2.3 

are the pertinent valence geometries for a truncated model of the sphingolipid glucosylceramide, 

which has also been compared to experimental crystallographic data[66] for the intact glycolipid. 

The atom types employed in lipids and glycolipids are indicated in Figure 2.3. The average error 

in the bond lengths was 0.01 ± 0.01 Å and in the bond angles 1.3 ± 1.1°. It may be observed that 

the values for the CG-CP and CP-OS bond lengths and CG-OS-CJ and P-OS-CP valence angles 

deviate somewhat from the experimental data. Alteration of equilibrium bond lengths and angles 

containing CP terms may be considered after a more thorough survey of relevant structures has 

been performed. 
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Figure 2.3 GLYCAM06 energy minimized and related crystallographic values for bond lengths 

and angles in:  A) glucosylceramide, experimental data from [66]; B) a representative 

phospholipid head group, experimental data from [65]. Experimentally determined values are 

shown in parentheses where available.  Bold and italic values come from PDB id 2HG9 [67]. 

 

Although the CG-OS-CJ angle was correctly reproduced in the training structure 

methoxyethene (experimental value: 118.3°, GLYCAM06 value: minimized value 118.3°)[68], it 

was overestimated by 3.7° in the experimental structure of 1,3-bis(vinyloxy)-2,2-

bis(vinyloxymethyl)propane (experimental value: 115.8°)[69]. This discrepancy is notable and 

may reflect the complex hyperconjugation present in 1,3-bis(vinyloxy)-2,2-

bis(vinyloxymethyl)propane. 

Several x-ray structures of proteins containing lipids were considered for test structures, 

including PDB IDs: 1LN1 [70], 1T27 [71], 2A1L [72], 2HG9 [67], 1BP1[73], and 1POB [74]. 

However, the B-factors for the ligands in these structures were often large (greater than 50 Å
2
) 
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and direct comparisons with theoretical values may suffer accordingly. For example, several 

ligands displayed unrealistically large C-OS bond lengths averaging 1.494 Å in all but 2HG9  

(1.374 Å in 2HG9 and 1.360 Å in methoxyethene[68]).  The best resolved values for the glyceryl 

and carbonyl portions of the head group are shown in bold and italics in Figure 2.3 from PDB id 

2HG9. B-factors in ligand PC7 ranged from 24.61 Å
2
 to 69.48 Å

2
.  Figure 2.3 indicates poor 

agreement with 2HG9 for the angles CG-OS-C and OS-C-CG, however, the average 

GLYCAM06 values where found to be within the range (112.6-128.1° and 112.6-121.0° 

respectively) provided by the collection of experimental structures. It should be noted that no 

hydrogen containing valence terms were tested due to the lack of experimental structures with 

well-resolved hydrogens. 

The torsion terms and partial charges are of profound significance to the 3D geometry 

and dynamics of biomolecules. The polar character of lipid head groups presents a potential for 

tight coupling between bond rotational properties and 1-4 electrostatic interactions. This might 

be expected to be a significant complication, since GLYCAM06 does not employ any 1-4 scaling 

to dampen such interactions.  However, the quality of the fits to the QM torsion data suggests 

that internal electrostatic scaling is not required. It is noteworthy that a common set of torsion 

terms could be employed for both neutral and protonated amino groups. For example, when 

torsion terms were derived for neutral amine functionalities and subsequently applied with 

protonated ammonium species, the resulting agreement with the QM rotational energy data was 

reasonable (Figure 2.2A-L). The average error in the neutral amino training set was 0.20 

kcal/mol, while that for the charged ammonium test set was only 0.57 kcal/mol. Errors in the 

training set were not specifically localised, but were generally distributed over the entire curve. 

In contrast, a large portion of the test set error was evident primarily at rotational energy barriers. 
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Four phosphate-containing torsion terms were examined, with an average error in the training set 

of 0.17 kcal/mol (Figure 2.2M-P). 
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Figure 2.4 Torsion rotation curves for lipid tail groups. Those used in the developmental training 

set are indicated with a “D”, otherwise they represent test cases. Legend: QM B3LYP/6-

31++G(2d,2p) data (▲), GLYCAM06  (lipid extension) (●). 

In order to accommodate a variety of lipid tail groups, the torsion parameterisation 

focused on combinations of double-bonded carbon terms with adjacent double bonds, ether, 

alcohol, or amide functionalities. The average error in the fit to the QM torsion curves for the tail 
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group training set was 0.18 kcal/mol (Table 2.1). Rotational energy curves for GLYCAM06 and 

QM data are presented in Figure 2.4. While the overall agreement was generally good (the 

average error in the test set was 0.51 kcal/mol), modeling rotational energies associated with 

C(sp
2
) atoms proved challenging. When both a hydrogen atom and an sp

3
 carbon atom are 

attached to an sp
2
 carbon, the individual contribution from the hydrogen to the rotational energy 

profile for the C(sp
2
)–C(sp

3
) bond is difficult to isolate. For such sequences, both the carbon 

(CK-CG-CK-CK) and hydrogen (HA-CK-CG-CK) torsion terms were fit concurrently, giving 

equal priority to adequately reproduce the C(sp
2
)–C(sp

3
) rotational energy profile, while 

maintaining the planarity of sp
2
 center. This approach resulted in good agreement with the QM 

data, as seen in the test structure, 3-methyl-1,4-heptadiene, which displayed an average error of 

only 0.14 kcal/mol (Figure 2.4H). The C-C single bond rotation in butadiene (CK-CJ) was 

similarly parameterised using a simultaneous and equally weighted division between the sp
2
 

substituents (coupled fitting), and resulted in good agreement with the QM data. While some 

deviation was seen between the QM and GLYCAM06 rotational energies for the test structure, 

2,5-dimethyl-2,4-heptadiene, the errors were primarily in the high energy eclipsed rotamers. To 

maintain sp
2
 planarity and methyl rotamer preferences, parameterisation of the CG-CG-CK-CG 

sequence present in 2-methylbut-1-ene (Figure 2.4U) also required coupled fitting with HC-CG-

CK-CG term. C=C bonds are common in lipid tails and apolar molecules, such as cholesterol, 

which is an important component of eukaryotic cell membranes. The C=C torsion parameters for 

substituted double bonds were all derived using coupled fitting to ensure both reasonable barrier 

heights and planarity of the sp2 atoms, without the need for improper torsion terms. Torsion 

parameters for the double bonds are presented in Table 2.1, while the rotational energy curves 

are provided in Figure 2.5. 



 

44 

 

 

Figure 2.5 Torsion rotation curves for C=C double bonds. Those used in the developmental 

training set are indicated with a “D”, otherwise they represent test cases. Legend: QM B3LYP/6-

31++G(2d,2p) data (▲), GLYCAM06  (lipid extension) (●). 

Additional errors in the torsions were related to the priority given to accurately fitting 

dependent torsion terms. For example, in the case of 3-butenol (Figure 2.4L & X), there are two 

related torsion terms: H1-CG-CG-CK and OH-CG-CG-CK. Correcting the H-containing torsion 

term (H1-CG-CG-CK) negatively impacted the accuracy of the heavy-atom torsion term (OH-

CG-CG-CK); increasing the MM H-containing torsion barrier increased the heavy-atom torsion 

barrier above the QM barrier. Since accuracy of these related torsion terms was inversely related, 

the accuracy of the heavy-atom torsion was prioritized. 

 

2.4.1.3 Partial atomic charges 

Charge standardization among similar classes of lipids, i.e. phospholipids, has been 

examined using the ensemble average charge method[22]. The three lipid systems examined, 
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DMPC, SDPC, and POPE all contain similar phosphate groups and glycerol linkages to the fatty 

acid tails. The key differences between their head groups are in the presence of positively 

charged choline, in DMPC and SDPC, or of the ethanolamine found in POPE. The three 

structures also have different degrees of unsaturation in one of each of their tails, as seen in 

Figure 2.6. Charges for these molecules (Figure 2.6) were divided into the head and tail regions 

to determine if there was sufficient similarity to facilitate charge standardization among different 

functional regions of the phospholipids. The average head and tail group charges were similar, 

within a standard deviation, for each lipid type. The average charge on the phosphate head group 

was 0.668 a.u., while the charges for the sn1 and sn2 tail groups averaged -0.314 and -0.353 a.u., 

respectively. Subdividing phospholipids into functional regions and developing independent 

charge sets for these regions, allowed for the development of lipid bilayers from constitutive 

fragments with defined charges based on attachment. A similar trend was also observed for the 

atomic charges of the phosphate, choline, and carbonyl groups. 
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Figure 2.6 Ensemble-averaged RESP charges for A) DMPC, B) SDPC, and C) POPE.  Aliphatic 

protons carry zero net charge in GLYCAM06[48].  Average charges for the head (PC and PE) 

and tail (sn1 and sn2) groups are presented with standard deviations. 

Two main atomic charge differences emerged from this study related to the head group. 

The difference in the choline (Figure 2.6A & B) and ethanolamine (Figure 2.6C) head group 

charges is apparent as the nitrogen has a moderate negative charge on the ethanolamine while the 

choline nitrogen has a slight positive charge. This difference was a result of the positive charges 
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fit to the hydrogens in the ethanolamine model, while the same positive charge was distributed 

over the carbon atoms in the choline models. The standard deviation on the ethanolamine 

nitrogen, 0.36 a.u., indicates a large degree of charge variability in contrast the nitrogen on the 

choline models indicates relatively consistent charges with a standard deviation of 0.05 a.u. The 

other significant atomic charge difference can be seen on the glyceryl carbon connecting to the 

oxygen atom in the phosphate (Figure 2.6). The average charge of this carbon atom (over the 

three molecules) was 0.288 ± 0.06. All other corresponding atoms within the head group were 

within a standard deviation of each other. 

As for the lipid tails, future development will focus on the addition of fatty acid tails with 

alkyne, aldehyde and ketone functional groups. 

 

2.4.2 Bilayer simulations 

In the initial bilayer configuration the DMPC and water molecules were highly ordered 

requiring several equilibration stages, consisting of alternating rounds of energy minimisation 

and MD (described in 2.3.2). The iterative combination of NPT and NVT ensembles employed 

during the equilibration steps led to a decrease in the area per DMPC molecule and in the 

thickness of the membrane, from 78.4 Å
2
 and 41.9 Å in the initial structure to 67.1 Å

2
 and 36.4 Å 

in the post-equilibration structure (the 0 ns production MD structure). Experimental values for 

the area per DMPC molecule and the thickness of the membrane, measured for lamellar lattices 

of DMPC in excess water at 300 K, are 61.7 Å
2
 and 35.7 Å, respectively[75]. The iterative 

approach maintained system integrity while facilitating the equilibration of both lipid and water 

molecules and permitted the related adjustment in the periodic box size (Figure 2.1). 
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Figure 2.7 Bilayer thickness parameters calculated from MD simulations compared to 

experimental spacings. dl MD (), dl exp. (), dhc MD (), dhc exp. (), dCH3 MD () 

A 15 ns NVT simulation of the bilayer was then performed, using the 0 ns equilibrated 

configuration as a starting structure. The overall bilayer thickness (dl), the hydrophobic thickness 

(dhc) and the distance between the tail methyl groups from the hydrocarbon tails of the opposing 

leaflets (dCH3) were monitored over time to assess the stability of the membrane (Figure 2.7). 

The extensive pre-equilibration procedure notwithstanding, over the first 1 ns of the 15 ns 

trajectory further equilibration occurred, indicated by a slight compression of dl and expansion of 

dCH3. Over the 1-15 ns period, the DMPC molecules formed a fluid, but stable bilayer (Figure 

2.8). The average thickness values over the last 14 ns of simulation were dl = 33.1 ± 0.5 Å, dhc = 

23.9 ± 0.2 Å and dCH3 = 19.1 ± 0.2 Å. These values are in good agreement with experimental 

parameters from lamellar DMPC lattices in excess water which give dl = 35.7 Å and dhc = 22.3 Å 

(error values were not reported)[75]. Although there is no experimental value for dCH3, it was 

calculated from the MD simulation in order to monitor fluctuations throughout the membrane. 

As with the measurements of dl and dhc, there was a short equilibration period during first ns of 

the simulation, during which dCH3 expanded slightly (Figure 2.7). Similar to a native state 

simulation of a protein[76], a portion of the initial production run is considered part of the 
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equilibration phase.  When comparing the head group atoms of the 0 ns structure to the other 

structures in Figure 2.8, the need for a longer (~1 ns) equilibration period is apparent as the head 

group atoms are more ordered in the 0 ns structure than the other structures. Once fully 

equilibrated, the membrane preserved its overall shape and structural characteristics. 

 

Figure 2.8 Snapshots from DMPC bilayer simulation. Coloured as in Figure 2.1. 

To demonstrate the overall structural properties of the membrane an atom density profile 

of the bilayer system was calculated from the 15 ns structure (Figure 2.9). From the density 

profile, waters can be seen to penetrate the DMPC head group region (PO4 and N(CH3)3 groups), 

but not the hydrophobic tail region (CH2 and CH3 groups). To conform to the experimentally 

determined membrane thickness, the long hydrocarbon tails from opposing leaflets overlapped, 

yielding a high atomic density in the central region of the bilayer. In addition to the center of the 

membrane, the head group region displayed a high atomic density, as it was occupied by both 

lipid and water molecules; a trend observed in other membrane simulations [77,78,79]. 
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Figure 2.9 Atom density profiles for selected groups from the 15 ns snapshot of the DMPC 

bilayer simulation. Values are averaged over both leaflets. 

 

2.5 Conclusions 

A new parameter set for lipid simulations has been developed for use with the 

GLYCAM06 biomolecular force field. The parameters were designed to reproduce gas-phase 

QM bond rotational energies and employ ESP partial charges that are consistent with the 

AMBER protein parameters. The development of standardized charges for phospholipid 

fragments (polar head groups, and sn1 and sn2 tail groups) will allow for faster charge 

assignment and the potential for interchanging fatty acid tails. GLYCAM06 parameters were 

developed to facilitate the combination of a broad range of lipid head and tail moieties, including 

carbohydrate head groups and saturated or unsaturated hydrocarbon tails. The parameters 

described above expand GLYCAM06 to include a large variety of lipids including 

triacylglycerols; sphingolipids including cerebrosides, gangliosides, and sphingomyelin; some 

steroids including cholesterol; and most glycerophospholipids including those incorporating 

cholines, ethanolamines, glycerols, inositols, and phosphatidylglycerol (Figure 2.10). With these 

parameters it is now possible to simulate heterogeneous lipid bilayers, as well as to examine the 
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properties of glycolipids embedded in membranes. When augmented by the AMBER parameters 

for proteins, it is also possible, in principle, to study protein-membrane complexes. A 

preliminary 15 ns NVT MD simulation of a DMPC bilayer, using the presented GLYCAM06 

parameters, was in good agreement with experimental data. While achieving equilibration of 

lipid bilayers for MD simulations can be challenging, modification of the pressure scaling 

options in AMBER would facilitate this process. However, the GLYCAM06 parameters are self-

contained and may be employed in a variety of software packages. The parameters and relevant 

structure files are available from the GLYCAM website (www.glycam.com). 

http://www.glycam.com/
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Figure 2.10 Examples of lipid structures accommodated in the extended GLYCAM06 

parameters: A) Phosphatidylethanolamine, B) Phosphatidylglycerol, C) Phosphatidyl-choline, D) 

Phosphatidylinositol, E) Dipbosphatidylglycerol, F) Sphingosine, G) Glucosylceramide, H) 

Cholesterol. 
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2.7 Epilogue 

At the time GLYCAM06 lipids was developed, all-atom lipid simulations were just 

beginning to observe long-timescale (10s of ns) simulations[80].  Most simulation work to that 

point used united-atom (UA) or coarse-grained (CG) force fields to reduce the number of atoms 

in the simulation[81].  At the time, bilayer simulations required use of a surface tension factor 

which was also necessary for the GLYCAM06 Lipids implementation.  Until recently, the 

AMBER simulation package did not include a surface tension restraint method[82], so 

simulations of lipid bilayers required use of NVT simulations to maintain the correct lipid 

packing density (headgroup density).  NVT simulations were not used to stabilize the bilayer, as 

it maintained its form throughout NPT test simulations (unpublished data) but instead removed 

the bilayer density as a variable in the simulation.  In surface tension-constrained simulations, the 

bilayer was allowed to expand and contract in density but a surface tension value was selected to 

constrain the bilayer to its average headgroup density. In this implementation, NPT simulations 

with surface tension restraints biased the bilayer density similar to using an NVT simulation in 

which the box dimensions were pre-assigned to the correct density. 

GLYCAM06 Lipids was the first generalizable lipids force field in AMBER.  Subsequent 

AMBER lipids force fields, namely Lipids11[82], were developed and identified a similar 

dependence on surface tension restraints to obtain the bilayer density.  More recently, the 
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Lipids11 force field was modified (now called GAFFlipid) to remove the surface tension 

restraint dependence by altering the van der Waals parameters for the aliphatic tail groups[83].  

A correction to the aliphatic tail group van der Waals parameter set for GLYCAM06 Lipids has 

been developed by fitting to solution-state properties of large aliphatic molecules (unpublished 

data). Outside of the AMBER force field family there have been updates to lipids force fields for 

CHARMM[84,85], GROMOS[86], and Martini[87,88], all of which have re-fit van der Waals 

terms to remove surface tension restraints. 

When the work was originally completed, lipid bilayers were built ad hoc and required 

considerable user interaction to prepare for simulations.  This meant that the DMPC bilayer, 

which was already publically available, was used in our test simulations for this manuscript.  

Since this publication, the CHARMM lipid bilayer building tool has been made publically 

available to generate a variety of bilayers which substantially reduces the time for setup and 

simulation[89]. 

Bilayer simulations have been observed to equilibrate over short timescales (<10 ns) 

while also achieving statistical convergence on measured properties in only a few 

nanoseconds[80].  This meant that while bilayer simulations were computationally demanding, 

the timescales needed were relatively short.  At the time of this publication, over a week was 

required to simulate this 48-lipid bilayer on 16-CPU cores (15 ns).  The same simulation now 

requires less than a day on a single GPU setup as computational resources have greatly improved 

with the development of more efficient code and GPU-computing[90,91,92].  This improvement 

in speed has resulted in more complex bilayer simulations which characterize interactions with 

pharmaceuticals[93] and biomolecules[94], as well as macroscopic cellular phenomena like 

domain formation[95].  
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3. CONFORMATIONAL ANALYSIS OF GLYCOSAMINOGLYCANS BY NMR AND 

MOLECULAR DYNAMICS SIMULATIONS USING PARAMETER EXTENSIONS FOR 

THE GLYCAM FORCE FIELD
2
 

  

                                                
2 M.B. Tessier, K. Pederson, X. Wang, A. Singh, J.H. Prestegard, A. Venot, G.-J. Boons, & R.J. Woods.  

To be submitted to J. Am. Chem. Soc. 
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3.1 Abstract 

 Glycosaminoglycan structures are a biologically important class of carbohydrates which 

serve roles in blood clotting, injury repair, and composition of synovial fluid, to name a few.  A 

key component in several GAGs is the presence of heterogenous sulfation which is known to 

alter biological recognition and polymer structure, especially by modifying iduronate ring 

conformation.  Here, several heparin-like GAG disaccharides and synthetic tetrasaccharides are 

experimentally characterized using NMR and modeled using molecular dynamics simulations.  

Analysis of the NMR data revealed a sulfation-dependence to iduronate ring conformation 

populations while simulations show that certain sulfation positions altered the glycosidic rotamer 

profiles of the non-reducing glycosidic linkage to iduronate.  Additionally, simulations of 

disaccharides with Δ4,5-unsaturated uronate, a non-reducing terminal cleavage product of 

iduronate and glucuronate, revealed that changes in the sulfation positions and levels alters the 

populations of the 
1
H2 and 

2
H1 ring conformations which exchange frequently on nanosecond 

timescales.  In order to simulate these sequences, the GLYCAM06 force field was modified to 

include a transferable sulfate charge model, Δ4,5-unsaturated uronate parameters (including 

charges), and an independent treatment of the endo- and exo-anomeric torsion terms in 

iduronate. 

 

3.2 Introduction 

Carbohydrates play crucial roles in extracellular activity, involving immune response, 

regulation of biosynthetic pathways, and cell adhesion, to name a few.  This makes carbohydrate 

structures attractive targets for development of novel diagnostic and therapeutic molecules.  The 

polysaccharides heparin (HA) and heparan sulfate (HS) belong to a class of carbohydrates called 
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glycosaminoglycans (GAGs), which are composed of repeating disaccharide units of a 

hexosamine, and another hexose that is often an anionic  residue, such as D-glucuronate (GlcA) 

or L-Iduronate (IdoA)[7].  A key structural and functional feature of HA and HS is the presence 

of sulfate groups.  Both the level of sulfation, as well as sulfation patterns, are highly variable in 

biologically-sourced GAGs, making sequence analysis difficult.  This often limits experimental 

characterization of GAG structures to composition-based analysis of digested fragments of 

native GAGs.  More detailed analysis, such as by NMR or crystallography usually employs short 

isolated, or synthetic oligomers (GAGettes), where the sulfation patterns are well controlled.  

Nevertheless, sulfation patterns have been demonstrated to modulate biological function, for 

example in the cases of heparan sulfate  in growth factor activation and cellular defense[96,97], 

chondroitin sulfate growth factor recognition[98], and synthetic heparin/heparan sulfate in 

anticoagulant activity[99]. 

The sulfation patterns are not just essential for altering the charge of GAGs, but have also 

been shown to directly impact the 3-dimensional structure of GAG fragments.  Nuclear magnetic 

resonance spectroscopy (NMR) of GAG fragments has shown that sulfation patterns can alter the 

ring pucker associated with non-reducing terminal Δ4,5-unsaturated uronates[12,31,100] and 

IdoA[9,101,102].  Recently published simulations of HA/HS GAGs have shown that IdoA ring 

puckering (flipping from one hexopyranose ring shape to another) can have a significant impact 

on the 3D shape of the GAG polymer[103].  Although as noted earlier[104], not all differences in 

ring puckering lead to altered overall 3D shape.  Whether or not sulfation significantly impacts 

the inter-residue linkage conformations (the glycosidic linkages), or the puckering of rings other 

than IdoA is uncertain.  While early modeling studies of heparin disaccharides suggested that the 

glycosidic linkages were not significantly affected by sulfation pattern, a survey of the protein 
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crystallographic database (PDB) indicates that glycosidic linkages in GAGs do exhibit 

considerable flexibility (vide infra).  The question as to whether GAG conformation, other than 

IdoA ring puckering, is affected by sulfation pattern therefore remains open. 

One key component to interpreting this complex data has been the development of 

molecular mechanics (MM) force fields to provide a basis for back-calculating NMR 

observables, such as scalar J-couplings or nuclear Overhauser effects (NOEs)[18].  Historically, 

existing carbohydrate MM force fields have been augmented in an ad hoc manner for examining 

sulfation patterns[18], however, generalizable sulfate models have recently been reported which 

support a variety of sulfation patterns and linkages[105].  Molecular simulation, employing a 

consistent and validated force field provides not only a basis for interpreting experimental NMR 

data, but also enables structure prediction of polymers and sulfation patterns that are either too 

large for NMR analysis or too complex for synthetic preparation.  

The GLYCAM force field was specifically designed to capture both the relative energies 

of ring puckering states, and the frequency of IdoA transitions, which occur on the order of 

hundreds of nanoseconds per flip[28].  To address the ring state transitions special parameters 

were developed which separate the exo-anomeric torsion rotation from the endo-anomeric 

rotation within the pyranoside ring, as has previously been described in Sattelle et al 2012[28].  

In order to obtain convergence of ring pucker populations in molecular dynamics (MD) 

simulation data, it has been reported that timescales as long as 6 μs may be required; more than 

one order of magnitude greater than in prior simulations of similar structures[106,107,108].  One 

approach to overcoming such extremely long simulation times is to restrain the IdoA rings 

during the simulation.  Multiple simulations of the GAG may then be performed with the ring 

held in each of the three major ring shapes, 
1
C4, 

4
C1, and 

2
SO (Figure 3.1a)[9,109].  While ring 
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puckering is also observed in Δ4,5-unsaturated uronates, adopting only half-chair forms 
1
H2 and 

2
H1(Figure 3.1b), transition frequencies in prior simulations were two orders of magnitude faster 

than IdoA[30,31] making convergence times significantly shorter. 

In order to address the question of the influence of sulfation pattern on GAG linkage 

conformation and on ring pucker preferences, we measured NMR 
3
J-couplings and nuclear 

Overhauser effects (NOE’s) for a number of heparin sulfate component disaccharides and 

tetrasaccharides.  Data interpretation was facilitated by deriving theoretical NMR observables 

from MD simulations of these GAGettes.  Additionally, in this work we address two deficiencies 

necessary for simulating certain GAG sequences in the GLYCAM force field.  The first is the 

creation of a generalizable N- and O-sulfate parameter set, including new valence, torsion and 

electrostatic charge terms that is consistent with GLYCAM partial atomic charges[22,24,25].  

The second is the development of force field parameters for Δ4,5-unsaturated uronates that 

permit simulation of the non-reducing terminal residue, introduced during experimental lysis of 

GAGs.   

The analysis presented here demonstrates that the new force field parameters 

(GLYCAM13) reproduce the NMR data for a number of GAG fragments, both with and without 

terminal Δ4,5-unsaturated uronates.  Notably, the simulations indicate that the conformation of 

the glycosidic linkage between GlcN and IdoA residues changes by the introduction of N-

sulfation to the GlcN residue. 
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Figure 3.1 a. The three major ring states of 2-O-sulfated L-iduronate.  b. Δ4,5-Unsaturated 

uronate puckering states with the torsion ranges typically associated with H1-C1-C2-H2 and H2-

C2-C3-H3 torsions.  c. The atom naming scheme employed in the model of Δ4,5-unsaturated 

uronate as well as the net residue charges typical to GLYCAM. 

 

3.3 Methods 

3.3.1 NMR 

NMR spectroscopy was carried out on a spectrometer operating at 18.8 T, equipped with 

a Varian Inova console and a 5 mm cryogenically cooled probe. 2,2-dimethyl-2-silapentane-5-

sulfonate (DSS) was included as an internal reference in each sample. NMR samples consisted of 
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0.5 mg of disaccharide in 100% D2O buffer containing 20 mM sodium phosphate and 1 mM 

DSS, pH 6.5. The sample was shimmed to a DSS linewidth < 1 Hz. 

Proton resonances were assigned using a standard COSY experiment (Varian 

ChemPack), processed with NMRpipe[110] and assigned in Sparky[111]. 
3
J-coupling 

measurements were made from a 1D proton experiment with presaturation to suppress signal due 

to any residual H2O, collected with a spectral width of 9000 Hz and 32k points, processed and 

analyzed in MestReNova. 

NOEs were measured using a standard NOESY experiment (Varian ChemPack) with a 

mixing time of 0.4 s, 512 increments and 9000 points, processed with NMRpipe[110]. NOE 

peaks were integrated in NMRViewJ[112] and the distance was calibrated using the distance 

from the MD simulations between either the H1
B
 and H2

B
 or H2

B
 and H3

B
 protons on the 

disaccharide reducing terminal residue (residue B), 1-5 as a standard.  Tetrasaccharides, 6 and 7, 

were calibrated using the distance from the MD simulations between H1
C
 and H5

C
 protons on 

glucuronate (residue C). 

 

3.3.2 Valence and torsion parameter development 

The GLYCAM06 force field for carbohydrates[24] and lipids[25] was adapted to include 

new terms describing double-bonds in unsaturated uronic acids.  The only new term added in this 

work was the sulfur (S) atom adapted from the van der Waals parameters for the sulfate atom 

type found in parm99[113].  Charges were developed using methods consistent with prior 

GLYCAM06 development procedures, vide infra.  All valence and torsion terms (supplementary 

Table 7.1 & supplementary Table 7.2) were developed using the hierarchical development 
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procedure outlined in two prior GLYCAM06 publications[24,25] where bonds are developed 

first, followed by angles, and torsions.  Small molecules were selected for parameter 

development such that each contains as few terms as possible while maintaining an electronic 

environment relevant to a carbohydrate[24].  Equilibrium values for valence terms were obtained 

from the averages of crystal structures found in the Cambridge Structural Database [53] with 

molecule IDs HEMKEP, KOCOJ, SRHXGU, MIZFUX, GUVFOS, GUVFEI, GUVFAE & 

ZULPIF (supplementary Table 7.1). 

Quantum mechanical (QM) valence and torsion potentials were collected using 

B3LYP/6-31++g(2d,2p)//HF/6-31++g(2d,2p) except in the case of 2-(Methoxymethoxy) acrylate 

(Os-Cg-Os-Ck torsion term) where the MP2 level of theory was employed for geometry 

optimization.  Small molecule torsion potentials were collected for the molecules found in 

supplementary Table 7.2 at 30° increments with the exception of terms describing double bond 

rotations in which only 0, 90 and 180° increments were used to characterize the cis/trans relative 

energies and the barrier height between them.  The barrier energy for cis/trans rotation in double-

bonds was distributed equally between heavy and light atom terms, Cg-Ck-Ck-C and Ha-Ck-Ck-

C, avoiding the need for improper torsions as was established in the development of lipid 

parameters.  All torsion terms were developed without the use of a phase shift (phase shift set to 

0). 

 

3.3.3 Charge development 

Atomic point charges were developed using the GLYCAM06 method for ensemble-

averaged charges[22] using the restrained electrostatic potential (RESP) weighting method[57] 
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and the GLYCAM standard to maintaining net molecular integer charges (Figure 3.1c).  The 

GLYCAM ensemble averaged charge method relies on two stages of charge fitting; first, a 

quantum mechanically optimized crystal structure is used to develop restrained electrostatic 

potential (RESP) charges (if a crystal structure is not available, a QM-optimized model is used).  

Second, an ensemble-averaged RESP charge set is developed using a fully solvated molecular 

dynamics (MD) simulation employing the crystallographic RESP charge set.  In this simulation, 

exocyclic free rotamers (hydroxyls, methyls, sulfates, etc.) must be adequately sampled, typically 

requiring 10 to 50ns at 300K in an nPT MD simulation.  One-hundred evenly-spaced frames are 

selected from the simulation as a representative ensemble of 3D structures.  This ensemble is 

then subjected to QM-optimization in which the exocyclic rotamer torsions are frozen in their 

MD-simulation conformations.  Then RESP charges are calculated for each frame and averaged 

together to form the ensemble averaged charge set for a particular molecule.  In the case of 

anionic systems, HF/6-31++g(2d,2p) is used for both optimization and RESP charge calculation 

whereas in neutral and cationic systems HF/6-31g(d) is employed .  Both Pople basis sets use a 

RESP weight of 0.01.  In valence and torsion parameter development charges are selected from 

the lowest energy conformational state using HF/cc-pvtz for calculating the electrostatic 

potential and a RESP weight of 0.0005.  The cc-pvtz basis set at this RESP weight has been 

shown to produce consistent results with the RESP-weighted Pople basis sets described 

above[22]. 

 

3.3.4 Molecular dynamics simulation setup 

Each of the disaccharides found in Figure 3.2a were simulated in four distinct 100 ns 

nPT MD simulations at 300 K. Two pairs of simulations were started from each of the two Δ4,5-
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unsaturated uronate half-chair conformations, 
1
H2 and 

2
H1.  The tetrasaccharide models were set 

into four simulation sets: three simulations in which the iduronate was restricted to the 
1
C4, 

2
SO 

and 
4
C1 ring states using 15 kcal/mol Cartesian restraints on the iduronate ring heavy atoms; and 

one simulation in which no restraints were employed.  All simulations used sodium (Na
+
) 

counter-ions to neutralize the net charge of each system and cubic boxes of explicit TIP3P 

waters[114] were added so that there was at least 12 Å between the glycan solute and each edge 

of the solvated simulation box.  The GLYCAM06i[115] force field and its modified terms for 

iduronates, GLYCAM11[28], were used with the PMEMD CPU and GPU code[90,91,92] found 

in the AMBER 12 simulation package[116].  Non-bonded scaling factors were set to unity and a 

10.0 Å non-bonded cut-off was employed in all steps.  Initial geometries for the glycosidic 

linkages were obtained from the most commonly observed rotamers for φ (H1-C1-O4-C4) and ψ 

(C1-O4-C4-H4), approximately 50 and 15° respectively.  The MD simulations were preceded by 

two minimization schemes, both with at most 10000 steps of minimization, 5000 steps of 

steepest descent followed by 5000 steps of conjugate gradient.  One minimization was performed 

prior to adding counter-ions and explicit solvent by using in a Generalized-Borne implicit 

solvent[117] (implicit solvent simulations employed an infinite non-bonded cutoff), and one 

minimization after each had been explicitly solvated and neutralized. 
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Figure 3.2 a. The five Δ4,5-unsaturated uronate for which NMR and simulation data have been 

collected.  The H1---H3’ and H1---H5’ internuclear distances are shown to emphasize their 

distance-dependence based on the glycosidic linkage geometry.  b. The H1---H3’ (top) and H1---

H5’ (bottom) distance dependence is plotted relative to the phi and psi glycosidic angles.  Shown 

in (b) is the relationship for GAGette 1 which demonstrates the relationship observed in all five 

Δ4,5-unsaturated uronates. 

An important distinction in the GPU code compared to the multi-core CPU code in 

PMEMD is that the GPU and single-core CPU code is deterministic while the multi-core CPU 

code is not[90].   Taking this into consideration, all equilibration steps were performed over 

multiple CPU cores to introduce variations in the molecular motions before the production 

simulations were simulated using the GPU code.  This variation could also have been introduced 

by varying the random seed number used in the GPU code.  The simulations were equilibrated 

using an nPT ensemble consisting of a 50 ps heating stage raising the temperature from 0 to 300 

K and an additional 100 ps in which the temperature was maintained at 300 K.  All MD 

simulations used periodic simulations where the pressure was maintained at 1.0 atm, the external 
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dielectric was set to 1.0, and the system compressibility was set to that of water.  The weak 

coupling algorithm[17] was used for all temperature controls and the SHAKE algorithm[61] was 

used to constrain bonds with hydrogens, allowing 2 fs timesteps to be used.  Production MD 

frames were stored every 1 ps for further analysis. 

Initially, unrestrained MD simulations of 6 and 7 were run for 1 μs however this 

simulation length was found to be insufficient to obtain iduronate ring state population 

convergence (data not shown).  Recently published work showed that without special sampling 

techniques the appropriate simulation lengths are likely on the 5-10 μs timescale[103].  In lieu of 

simulating long timescales for sampling, and to obtain pucker-specific glycosidic linkage 

profiles, an approach was taken in which the iduronate was restrained in the three most populated 

iduronate ring states, 
1
C4; 

2
SO; and 

4
C1.  Each trajectory was run for 1 μs to adequately sample 

the φ and ψ space for the glycosidic linkages. 

 

3.3.5 NMR and MD simulation analysis 

The MD trajectories for each of the disaccharides were analyzed to determine the exact 

populations of the 
1
H2 and 

2
H1 ring states by comparing the H1-C1-C2-H2 and H2-C2-C3-H3 

torsion rotation rotamers.  The torsion profiles of these two states allow ring-state separation 

around values of 120° for H1-C1-C2-H2 and -120 for H2-C2-C3-H3.  Both ring states lie within +/- 

80° of these barriers creating an easy method for separating the two states, more specifically the 

1
H2 state is defined by 40 to 120° (H1-C1-C2-H2) and  -120 to -40° (H2-C2-C3-H3) while the 

2
H1 

state is defined as 120 to -20° (H1-C1-C2-H2) and 160 to -120° (H2-C2-C3-H3) (Figure 3.1b).  The 

quantification of the ring puckering and the sampling of the glycosidic φ and ψ rotamers were 
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considered as diagnostic of adequate sampling times for each trajectory.  Transitions between 

chair forms (ring flipping) was frequently observed within 100 ns for each ring. 

NMR properties were calculated for comparison with the experimental properties 

determined in this work, particularly the proton-proton distance relationships from the nuclear 

Overhauser effects (NOEs) and the three-bond J-couplings (
3
J-couplings). Both experimental 

values are comparative to the MD averages of these properties calculated over the entire 

trajectory.   NOE’s were calculated assuming a simple the proportional relationship of NOE 

signal to 1/r
6
 where r is the distance between two protons.  

3
J-couplings were calculated using 

Karplus-like equation developed by Haasnoot et al.[118] using the electronegativity values 

indentified by Altona et al.[119] (supplementary Equation 7.1 & supplementary   
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Table 7.3).   Heteronuclear glycosidic torsions are provided however experimental data 

was not collected as C
13

 enriched samples were not available and these couplings were not 

observable at natural abundances.  For each saccharide residue, except the iduronate, 
3
J-

couplings were collected using the MD simulation trajectory.  Since restraints were employed on 

the iduronate residues, 
3
JHH-couplings were obtained from models of the ideal geometries for the 

1
C4, 

2
SO, and 

4
C1 ring states.  These ideal couplings were used to predict the experimental ring 

state populations for IdoA using an RIS least-squares fitting method outlined in [20].  

Additionally, experimental ring state populations were identified which have the lowest total 

absolute error (|JNMR-JMD|) between the computed and experimental intra-ring couplings.  This 

analysis is less ideal as it produced an uneven distribution of errors compared to the RIS 

analysis, however, this type of analysis is useful in emphasizing the range of populations which 

fit the observed J-couplings. 

 

3.4 Results 

3.4.1 Force field development and evaluation 

3.4.1.1 Valence and torsion parameters 

The development of a set of generalizable GAG parameters was based on the existing van 

der Waals parameters for the sulfate S atom type found in FF99SB[113]; all other terms were 

developed de novo for this work.  The sulfate parameters and the carbon-carbon double bond 

terms for the Δ4,5-unsaturated six-membered ring represent the two major additions to the 

GLYCAM library from this work.  A total of four bonds, ten angles, seventeen torsions, and 

three improper torsions were parameterized, while the rest have been adopted from 
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GLYCAM06[24], GLYCAM11[28], or the AMBER protein force field[113] (supplementary 

Table 7.1 & supplementary Table 7.2).  All torsions were initially fit to the quantum mechanical 

potentials for the relevant molecules found in supplementary Table 7.2.  Exocyclic torsion 

rotations were developed using Δ4,5-unsaturated uronates or THP analogs (see supplementary 

Table 7.2).  In the case of N-sulfate terms, planarity was maintained during the QM torsion 

rotation to reflect solution conformations of an sp
2
-hybridized nitrogen.  The improper torsion 

term used to maintain planarity in the force field was selected by determining a value with which 

planarity was maintained in both the gas-phase and fully solvated simulations of the α- and β- 

methyl glycosides of D-GlcNSO3
-
. 

Despite good fitting to the QM rotational energy data, overall, preliminary simulations of 

α and β-GlcNSO3
-
 revealed the barrier to rotation was insufficient to prevent rotation of the 

sulfonamide group.  Such rotation is inconsistent with orientations observed in a survey of 

crystal structures (data not shown).  To address this issue, the torsion barrier associated with the 

N-Cg bond was increased until rotation was not observed in solution MD simulations at 300K.  

This resulted in a degraded fit to the QM data for the S-N-Cg-Cg/H1 torsion terms (average error 

2.5 kcal/mol), and indicates that when rotations involve highly ionic moieties, gas-phase QM 

data is limited in its applicability.  Similar behavior has been reported for carboxylate-containing 

bond rotations[120].  

A unique characteristic to the sulfate parameters is the use of a V6 term to precisely 

describe the H-N-S-O2 rotation.  A small periodic deviation in the torsion potential of this 

rotation was observed after fitting to the QM potential.  A small V6 term of -0.1 kcal/mol was 

found to correct the MM deviation, however, it represents the first time that a Vx term greater 
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than 3 has been introduced into the GLYCAM force fields.  Simulation software which does not 

allow V6 terms may remove this term, with only minor deviations from the ideal behavior. 

In the development of the endocyclic terms associated with the unsaturated bond, correct 

reproduction of certain experimentally-observed rotamer preferences required use of a higher 

level of QM theory (second order Moller-Plesset, MP2) during geometry optimization.  This was 

particularly the case for rotation about the central Cg-Os bond in the Os-Cg-Os-Ck sequence, 

during which the adjacent (terminal) Os-Cg bond favored experimentally-inconsistent rotamers 

at the HF-level.  This behavior was corrected by performing the geometry optimizations at the 

MP2 level.  The need for a QM level that includes electron correlation presumably reflects the 

presence of hyperconjugation between the oxygen atoms (Os) and the unsaturated carbon center 

(Ck).    Having observed a dependence of rotamer preference on level of QM theory for this 

term, all other terms were re-examined, and found not to show any notable dependence on the 

QM level. 

Also during development of the Cg-Os-Ck-C term, it was noted that while it was possible 

to obtain good fits to the rotational energies for molecular fragments, incorporation of these 

terms into the cyclic uronate failed to reproduce the conformational preferences of the 

constrained six-membered ring.  Specifically, use of the terms derived from small fragments led 

to a preference for the syn orientation, whereas only the anti is seen in crystallographic data.  The 

V1 term, which is used to adjust the relative energy between 0 and 180° rotamers, was therefore 

removed, resulting in a larger net error when compared to QM data for the small acyclic 

fragments, but achieving agreement with crystallographic data. 
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3.4.1.2 Charges 

Charge models for N- and O-sulfates; glucosamine; and Δ4,5-unsaturated uronates were 

developed using the standard GLYCAM ensemble-averaged charge method[22].  The charges 

were developed for sulfates using 4-O- and 6-O-sulfated β-D-GalNAc, and both anomers of N-

sulfated α- and β-D-glucosamine (D-GlcNS), using initial glycan geometries extracted from co-

crystallized protein-sugar complexes.  The computed charges for the sulfate fragments (SO3
-
) of 

both N- and O-sulfates were within statistical variance, allowing the creation of an 

interchangeable sulfate residue.  Further examination of the sulfated sugars revealed that the 

charges of the remaining atoms were similar to those of their non-sulfated counterparts[24].  The 

only significant deviation between the non-sulfated and sulfated sugar charges was found at the 

linking atom (O or N) associated with the sulfate residue.  The adjustment of the charge on this 

atom was sufficient to obtain a net integer charge on each sulfated sugar.  The charges are 

presented supplementary Table 7.4. 

Charges for protonated α- and β-D-glucosamine (GlcNH3
+
) were similarly developed, 

and found to significantly vary from the GLYCAM charges for α- and β-D-Glc and GlcNAc, 

particularly for the ring carbon atoms (supplementary Table 7.4).  This variation suggests that 

such analogs will require unique charge sets for each monosaccharide.  This is not surprising, as 

the charge site is directly adjacent to the sugar ring. 

Charges for the Δ4,5-unsaturated uronate monomers were obtained from by averaging the 

charges for each of the low-energy half-chair states, 
1
H2 and 

2
H1, (Figure 3.2a and 

supplementary Table 7.4). 
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3.4.1.3 Optimization of Δ4,5-unsaturated uronate ring state populations 

In order to determine the experimental populations of the two half-chair states, 
1
H2 and 

2
H1, in Δ4,5-unsaturated uronates (Δ4,5uu), scalar NMR 

3
J-couplings were measured for five 

disaccharides terminating in Δ4,5uu residues.  The 
3
JHH-couplings relevant to the ring 

conformation (associated with the H1-C1-C2-H2, H2-C2-C3-H3, and H3-C3-C4-H4 torsion angles) 

were decomposed into populations for the half-chair states, by performing a rotational isomeric 

state (RIS) analysis[121], in which the total observed J-value is assumed to arise from a linear 

combination of the population-weighted J-values computed[118] for each individual state (see 

Table 3.1).  
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Table 3.1 Experimental observables for residue A of the Δ4,5uu disaccharides 1-5. 

Residue A 1 2α,β 3α,β 4 5 

J-coupling* (Hz) Exp MD Exp MD Exp MD Exp MD Exp MD 

H1-C1-C2-H2 5.5 4.6 3.4 3.4 3.4 2.7 3.0 2.7 3.7 2.9 

H2-C2-C3-H3 4.9 5.0 2.8 3.4 - 2.5 2.5 2.5 2.8 2.8 

H3-C3-C4-H4 3.8 3.4 4.4 4.4 4.7 5.0 4.7 5.0 4.4 4.8 

Pop. (1H2 : 
2H1) 40:60 42:58 69:31 67:33 70:30 80:20 76:24 80:20 67:33 76:24 

NOE-derived 
distances (Å)           

H1
A-H3

B 3.0 4.2 3.1 4.4 - 3.5 2.7 3.3 2.4 2.9 

H1
A-H5

B - 3.9 2.8 3.9 - 3.5 3.1 3.6 - 3.3 

*Average 1H2 couplings for H1-C1-C2-H2, H2-C2-C3-H3, and H3-C3-C4-H4 are 1.7, 1.2, and 5.8 Hz.  Average 2H1 

couplings are 6.7, 7.8, and 1.6 Hz 

 

In the case of disaccharides 1 and 2, the NMR-derived populations, 40:60 and 69:31 

(
1
H2:

2
H1), respectively, were in poor agreement with the independently-derived values from the 

MD simulation, namely 70:30 and 35:65, respectively.  Disaccharides 1 and 2 were therefore 

selected as reference sets for the development of new force field parameters associated with the 

ring torsion terms in Δ4,5uu residues.  As the partial atomic charges in the Δ4,5uu residue had 

been derived under the assumption of an equal population of half-chair states, this appeared to be 

a potential source of error.  However, data from MD simulations, in which the contribution of the 

partial charges from each half-chair was varied (from 0% 
1
H2 to 100% 

1
H2), indicated that the 

half-chair populations were relatively insensitive to the atomic charges (supplementary Figure 

7.1). 

Subsequently, an examination of ring torsion terms was undertaken, as an alternative 

approach to altering the ring pucker populations.  Only one torsion term (Oh-Cg-Cg-Ck, 1; Os-

Cg-Cg-Ck, 2) differentiates the ring systems in 1 and 2, suggesting that it could be employed to 

tune the relative populations of each half-chair in these reference systems. These torsion terms 
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were iteratively adjusted so as to obtain optimal agreement with the NMR populations.  MD 

simulations with the optimized torsion terms, not surprisingly, yielded average population ratios 

for 1 and 2 of 42:58 and 67:33 (
1
H2:

2
H1), respectively, that were in good agreement with 

experimental values. Employing these optimized parameters, independent MD simulations of the 

remaining three disaccharides (3-5) were performed. 

 

3.4.2 GAG structural analysis 

3.4.2.1 GAG tetrasaccharides 

The conformational properties of two synthetic GAG tetrasaccharides, differing only in 

the N-substituent (an acetyl group in 6 and a sulfate in 7, Figure 3.3) were characterized by 

NMR.  Homonuclear 
3
JHH-couplings were used to determine the ring pucker states and 

populations, while NOEs were collected to further characterize the global 3D shape of these 

GAGettes.  3D models, and MD simulations, of oligosaccharides 6 and 7 were developed to 

determine the ring pucker populations.  These static models show that altering the IdoA ring 

shape will have change the 3D geometry of the polymer (Figure 3.4). 
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Figure 3.3 The core structure of the GAG tetrasaccharides (6-8) in sequence and chemical 

structure forms.  Labels C-F are used to identify the monosaccharide residue components. 
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Figure 3.4 Shown are the three dominant L-IdoA ring puckering shapes, indicated by a black 

arrow, and the impact they have on GAG 3D structure.  The 
1
C4 shape is indicated in cyan, 

4
C1 in 

blue and 
2
SO in red when aligned to the reducing terminal sugar (far right).  These models were 

obtained from MD simulations in which glycosidic linkages are near the dominant conformation 

and each linkage is within ±5° of each other. 

The J-couplings for GlcA (residue C) and GlcNx (x = Ac or SO3
-
,
 
residues D or F, 

respectively) are presented in Table 3.2.  All experimental 
3
JHH-couplings for residues C, D and 

F were within 1 Hz of MD simulation values, except for the H1-H2 coupling in C, for which 

simulations predict a coupling that is 2 Hz larger than experiment.  However, the MD 

simulations for C only sampled the 
4
C1 ring conformation.  In the 

4
C1 conformation, protons H1 

and H2 in the α-GlcA ring are anti- to each other, leading to a large J-coupling, whereas in the 

1
C4 conformation they would be gauche, leading to a minimal coupling.  Thus the difference 

between the NMR and MD values for this J-coupling suggests that the non-reducing terminal 

residue adopts multiple ring conformations. Computed intra-residue signal-averaged distances 

(described in the 3.3.5) correlate well with distances derived from experimental NOEs 

(supplementary Table 7.7); thus it is also possible that the 2 Hz coupling difference may be also 
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be the result of approximation errors in the Karplus equation  Otherwise, MD and NMR 

couplings for 6 and 7 are indicative of a 
4
C1 chair conformation for residues C, D and F. 

 

Table 3.2 Dependence of NMR and MD tetrasaccharide 
3
J-couplings on IdoA ring states. 

 6 7 

 Theoretical Observed Theoretical Observed 

Residue: 3J-

coupling 
1C4 

2SO 4C1 NMR 1C4 
2SO 4C1 NMR 

C: H1-H2 9.8 9.8 9.8 7.9 9.9 9.8 9.8 7.9 

D: H1-H2 3.4 3.6 3.5 3.6 3.3 3.3 3.5 3.6 

D: H2-H3 10.1 10.0 10.0 10.6 10.1 10.1 10.0 10.2 

E: H1-H2 1.7* 8.1* 10.1* 0.9 1.7* 8.1* 10.1* 3.2 

E: H2-H3 1.7* 10.1* 10.1* - 1.7* 10.1* 10.1* 5.9 

E: H3-H4 2.0* 7.5* 10.1* - 2.0* 7.5* 10.1* 3.7 

E: H4-H5 3.3* 5.2* 3.4* 2.4 3.3* 5.2* 3.4* 2.7 

F: H1-H2 3.5 3.5 3.5 3.6 3.5 3.5 3.5 3.5 

F: H2-H3 10.0 10.0 10.0 - 10.0 10.0 10.0 10.2 

F: H4-H5 10.0 10.0 10.0 - 10.0 10.0 10.0 9.5 

F: H5-H6 2.4 2.2 2.3 - 2.3 2.1 2.3 4.6 

F: H5-H6' 1.8 1.6 1.6 - 1.8 1.6 1.6 2.4 

C-D: φ H1-C4 3.1 3.1 3.2 - 3.0 3.1 3.1 - 

C-D: ψ C1-H4 5.1 5.1 5.3 - 5.1 5.1 5.1 - 

D-E: φ H1-C4 3.1 3.3 3.2 - 3.8 4.1 3.5 - 

D-E: ψ C1-H4 4.0 3.5 4.7 - 5.0 4.5 4.9 - 

E-F: φ H1-C4 3.5 3.3 3.4 - 3.3 3.4 3.4 - 

E-F: ψ C1-H4 4.7 5.1 5.0 - 5.0 4.9 5.0 - 

*Assigned from ideal geometries of static IdoA rings due to ring restraints in the MD simulations. 
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Characterization of the IdoA (residue E) ring structure required a best-fit analysis of 

contributions from multiple ring forms to the experimental coupling data.  In both 6 and 7, the 

3
JH4H5 coupling is insensitive to the ring conformation, and was not included in the fitting 

analysis (Table 3.2). 

Three experimental 
3
JHH-couplings were available to characterize the ring structure of 7.  

Least-squares fitting of the couplings revealed the most probable population distribution is 

61:39:0 (
1
C4:

2
SO:

4
C1) while the population with lowest absolute net error was 69:31:0 suggesting 

a population range between 60-70% 
1
C4, 30-40% 

2
SO and negligible 

4
C1.  The absence of the 

4
C1 

state is supported by NMR data for similar GAGs[9,104,109,122,123], which indicate this state 

to be the least populated of the three, if present at all.  A search of the Protein Databank 

(PDB)[124] revealed the 
1
C4 (73%) and 

2
SO (24%) states to be the dominant forms of IdoA. 

For 6, only the 
3
JH1H2 coupling was experimentally observed (0.9 Hz); the small value of 

this coupling indicates that the 
1
C4 state, calculated at 1.7 Hz, dominates the IdoA geometry 

since both the 
2
SO and 

4
C1 couplings are large (>8 Hz). 

The global 3D structure of a polysaccharide may be characterized by the glycosidic 

torsion angles, which may be derived from trans-glycosidic heteronuclear 
3
JCH-couplings.  

Although these couplings were not accessible in the present study, theoretical values derived 

from MD simulation are included in Table 3.2, for reference.  The 
3
JCH-couplings for 6 and 7 

suggest that the glycosidic linkage of these GAGettes vary by only 1-1.5 Hz with the IdoA ring 

conformation. This narrow range of coupling values suggests that sulfation has a marginal effect 

on the glycosidic linkage conformation. 
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In lieu of 
3
JCH-couplings, inter-residue NOE data were collected and compared to 

simulation data.  The majority of the predicted inter-proton distances agree to within 0.5 Å of 

experimentally-derived distances, indicating that 6 exists predominantly in the 
1
C4 conformation, 

and 7 as mixture of 
1
C4 and 

2
SO conformations (Figure 3.5a).  A disagreement of just over 1.0Å 

between experimental and computational NOEs was noted between protons H1
E
-H3

F
 of 7.  The 

NOE between these protons is strong, equivalent to a distance of approximately 2.6 Å, however, 

these protons were never closer than 3.4 Å in the MD simulations of the three ring states.  

Interestingly, the distance between the neighboring trans-glycosidic proton pair H1
E
-H4

F
 (2.6Å), 

agrees well with MD predictions (2.3Å).  Without additional experimental data it is not possible 

to determine the cause of the disagreement, however, it is notable that there is a slight structural 

difference in the aglycone groups between the experimental compound (n-pentylamine) and 

computational models (methyl). 
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Figure 3.5 Correlation between experimental and computational  NOE’s for the tetrasaccharides, 

molecules 6 and 7 (a).   Correlation between experimental and computational NOE values for 

each of the disaccharides, molecules 1-5 (b).  Both epimers for disaccharides 2 and 3 and shown 

as white and gray filled triangles and circles, respectively.  Each of the restrained simulations is 

indicated for the tetrasaccharides along with the nOe’s for the iduronate ring state mixtures for 7, 

60:40:0 and 70:30:0.  Iduronate (residue E) NOE’s are not included as these were not dynamic 

distances in the simulation.  A complete listing of the experimental and computational NOE’s is 

available in supplementary Table 7.6 & supplementary Table 7.7. 

To further understand the role of IdoA shape on altering the glycosidic linkage, MD 

simulations were performed on each of the three ring states (
1
C4, 

2
SO, and 

4
C1) for 6 and 7, as 

well as their de-sulfated GAGette (8).  The glycosidic linkages between the non-reducing GlcNx 

(D) and IdoA (E) showed the most substantial dependence on ring shape and sulfation pattern 

(top half of Figure 3.6).  For the non-sulfated tetrasaccharide (8) the 
1
C4 and 

2
SO IdoA structures 

yielded similar glycosidic linkage profiles for the D-E linkage (Figure 3.6), with single a 
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dominant geometry around φ ≈ -50°, ψ ≈ -50°.  The introduction of a 2-O-sulfate moiety into the 

1
C4 conformation of IdoA (6) resulted in the creation of a new state characterized by φ ≈ -40°, ψ 

≈ -30°, but had no effect when IdoA was in the 
2
SO conformation.  N-sulfation of 6 (7) resulted 

in the formation of two stable glycosidic linkage rotamers for each ring conformation of IdoA.  

In the case of the 
1
C4 and 

4
C1 ring forms, the dominant conformation was the same as seen in 

both the non-sulfated and 2-O-sulfated systems, with a new minor state defined by a positive 

value of φ ≈ 40°.  In the case of the 
2
SO ring form, N-sulfation further perturbed the linkage 

conformation by altering the dominant conformation to a state characterized by a positive value 

of ψ ≈ 40°.  Thus, for these D-E linkages, only N-sulfation appears to markedly perturb the 

rotameric preferences of the glycosidic linkage. 
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Figure 3.6 The Boltzmann relative energy heat maps for the glycosidic linkages (φ,ψ) between 

residues D-E (top) and E-F (bottom) for polysaccharides 6-8. 
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The non-reducing (C-D) and reducing (E-F) terminal glycosidic linkages are largely 

insensitive to either sulfation or IdoA ring conformation (Figure 3.6 and supplementary Figure 

7.2).  Each of these linkages populate the same dominant rotamer (φ ≈ 45°, ψ ≈ 0°) and two 

minor rotamers (-45°, -15°) and (45°, 180°). 

 

 

Figure 3.7 The distribution of φ and ψ angles from GAG crystal structures with analogous D-E-

F sequences to 6-8. 

 

The range of MD conformations presented in Figure 3.6 may be compared to 

experimental crystallographic data for GAG sequences with non-terminal IdoA (Figure 3.7).  It 

should be noted that there are no free GAG sequences, or protein co-complexes, containing 

GAGs identical to 6, 7, or 8 in the protein database.  However, each of the structures reported in 

Figure 3.7 contains at least the core GlcNS-α-1,4-IdoA-α-1,4-GlcNS-α sequence with varying 

degrees of O-sulfation.  All but one of the seventy-four linkages examined have 2-O sulfated 

IdoA making them most similar to 7.  For both the analogous non-reducing and reducing 
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terminal linkages, the dominant rotamers predicted by MD for 7 were found to be the most 

commonly observed in the crystals data. 

 

3.4.2.2 Δ4,5-unsaturated uronate disaccharides 

Five disaccharide GAGettes, molecules 1-5 (Figure 3.2a), containing a non-reducing 

terminal Δ4,5-unsaturated uronate (residue A)  and a reducing terminal GlcNx (x=Ac, SO3
-
, or 

H3
+
; residue B) were analyzed using NMR and MD simulations to determine ring conformations 

and glycosidic linkage geometry profiles.  Ring state populations for A from MD simulations 

agree well with those derived from NMR J-couplings (Table 3.1). Residue A shows a preference 

for the 
1
H2 state in all but the non-sulfated Δ4,5uu disaccharide, molecule 4.  Meanwhile, 

conformation analysis of 
3
J-couplings for all B residues (data not shown) was consistent with 

only the 
4
C1 conformation.  It should be noted that NMR data for molecules 2 and 3 were 

collected as a mixture of both anomers of GlcNx.  The MD 
3
J-couplings for 2 and 3 showed that 

the ring state populations of A and B are unaffected by the orientation of the reducing terminal 

aglycone. 

Ring structures were also probed using intra-residue NOE calculations.  Overall, intra-

residue NOE-derived distances correlate well with experiment in models 1, 3, 4 and 5 however 

an overall agreement error of 0.5 Å was noted for 2.  This is principally due to the the H1
B
-H4

B
 

interaction predicted by NMR as 3.1 and 2.5 Å (α and β, respectively) and as 4.2 and 4.1 Å in the 

MD simulation.  The distance for this interaction has a narrow range of fluctuation in all the MD 

simulations of GlcNx as the structure remains in the 
4
C1 conformation.  The overall agreement of 



 

85 

 

the NOE data with computational predictions supports the ring structure predictions made using 

the J-couplings. 

 

 

Figure 3.8 MD solution relative free energies for glycosidic rotamers based on Boltzmann 

weighted populations at 300K.  Most regions are not sampled (red colors) and have >4 kcal/mol 

relative energy.  All models show a similar global minimum around 50° and 0° for φ and ψ, 

respectively. 
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The 3D structure of the disaccharides also depends upon the conformations adopted by 

the glycosidic linkage. The heat maps in Figure 3.8 show the global minimum from the MD 

simulations around φ≈ 50, ψ≈ 0 for all the linkages.  Sugars 3, 4 and 5 show a second stable state 

near φ≈50, ψ≈ 180, however, this state is infrequently populated in 1 and 2.  NMR 

characterization of the glycosidic linkage was limited to analysis of NOE distances measured for 

several inter-residue proton-proton interactions.  The H1
A
-H3

B
 and H1

A
-H5

B
 NOE’s were used to 

determine the approximate orientation of the glycosidic linkage (Figure 3.2a) as is shown by 

computing these two proton-proton distances relative to φ and ψ torsion angles.  Comparison of 

the H1
A
-H3

B
 and H1

A
-H5

B
 NOE’s (Table 3.1) shows reasonable agreement (±0.5Å) with 

experiment in 4 and 5 yet in the MD simulations of 1 and 2 this distance is longer by more than 

1.0Å.  This disagreement may partly arise from under sampling the 180° ψ-state which has 

shorter distances for both proton pairings as can be seen on a plot of the relationship between the 

NOE distance and φ, ψ (Figure 3.2b).  If this state was sampled in 1 and 2 as frequently as in the 

other disaccharides then these NOE’s would be more consistent with experimental observations.  

Additionally, integration inaccuracies or fast molecular tumbling times also increase 

experimental disagreement. Despite these two cases, cross-residue signal-averaged distances 

agree reasonably well with experiment, having an overall error of <0.5Å in all but disaccharide 2 

(Figure 3.5 & supplementary Table 7.5 & supplementary Table 7.6). 

 

3.5 Discussion 

Sulfation patterns in GAGs have been previously shown to alter the ring conformations 

of IdoA and Δ4,5-unsaturated uronates, a trend also noted in analysis of NMR observables for 

the GAGettes described here.  Yet the effects of sulfation, particularly N-sulfation, have been 
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shown in this work to also impact the glycosidic rotamer profiles.  The challenge is now to 

experimentally characterize these states as the predicted 
3
JCH-couplings for the ψ glycosidic 

torsion angle varies by only a few Hertz and the NOE intensities are not sensitive enough to 

distinguish the changes.  A survey of the PDB for analogous IdoA-containing sequences does 

show a similar sampling to the glycosidic patterns observed in the simulation work.  Still, the 

effects of sulfation do not always substantially alter the glycosidic rotamer profiles adjacent to 

IdoA as was observed in the transition from a non-sulfated sequence to a 2-O-sulfated IdoA. 

The most notable effects of sulfation for these GAGettes was on ring geometries for the 

IdoA and Δ4,5-unsaturated uronate sugars.  Decoupling of the NMR data showed that the 

tetrasaccharide with only 2-O-sulfated IdoA (6) exclusively favored the 
1
C4 conformation while 

adding N-sulfating to adjacent glucosamines introduces a substantial 
2
SO population.  While the 

ring flip dynamics were not captured by this work, long timescale simulations of IdoA using 

GLYCAM have previously shown experimentally-consistent ring populations[28].  This work 

does show the ring shape dynamics of Δ4,5-unsaturated uronates on timescales which allow 

direct parameterization of the ring populations.  Analysis of NMR JHH-couplings shows that 

conformation populations of the Δ4,5-uu ring  is largely insensitive to the adjacent sulfation 

patterns and the N-substituent; only 2-O-sulfation (1) of Δ4,5-uu altered the favored geometry.  

These results were mirrored by MD simulations of all five disaccharides. 

The new parameter set for GAGs containing IdoA, sulfate, and Δ4,5-unsaturated uronate 

parameters have been developed to augment existing GLYCAM06 parameters.  The 

identification of a transferable sulfate model and singular charge model for Δ4,5-unsaturated 

uronate avoids the need for developing ensemble-averaged charges for multiple attachment 

points and ring conformations, respectively.  This allows easy integration into the automated 
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carbohydrate builders like the GLYCAM webtool[32] making GAG model building for 

simulations substantially more efficient.  Additionally, the inclusion of parameters for 

unsaturated carbohydrate analogs like Δ4,5-unsaturated uronates allows a wide variety of 

carbohydrate transition state mimics to be modeled using GLYCAM.  These new unsaturated 

parameters are capable of modeling other unsaturated sugars including the sialic acid transition 

state analogs which are often co-crystallized in sialidases.  These parameters and related 

structure files are available for download from the GLYCAM website (www.glycam.org) and are 

included in the new GLYCAM webtool which includes a GAG sequence builder[32]. 
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4. COMPUTATIONAL SCREENING OF THE HUMAN TF-GLYCOME PROVIDES A 

STRUCTURAL DEFINITION FOR THE SPECIFICITY OF THE ANTI-TUMOR 

ANTIBODY JAA-F11
3
 

  

                                                
3 Matthew B Tessier, Oliver C Grant, Jamie Heimburg-Molinaro, David Smith, Snehal Jadey, Andrew M. 

Gulick, John Glushka, Susan L. Deutscher, Kate Rittenhouse-Olson & Robert J. Woods. 2013. PLoS One 

8(1):e54874.  Reprinted here with permission of the publisher. 
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4.1 Abstract 

Recombinant antibodies are of profound clinical significance, yet, anti-carbohydrate 

antibodies are prone to undesirable cross-reactivity with structurally related-glycans.  Here we 

introduce a new technology called Computational Carbohydrate Grafting (CCG), which enables 

a virtual library of glycans to be assessed for protein binding specificity, and employ it to define 

the scope and structural origin of the binding specificity of antibody JAA-F11 for glycans 

containing the Thomsen-Friedenreich (TF) human tumor antigen.  A virtual library of the entire 

human glycome (GLibrary-3D) was constructed, from which 1,182 TF-containing human 

glycans were identified and assessed for their ability to fit into the antibody combining site.  The 

glycans were categorized into putative binders, or non-binders, on the basis of steric clashes with 

the antibody surface.  The analysis employed a structure of the immune complex, generated by 

docking the TF-disaccharide (Galβ1-3GalNAcα) into a crystal structure of the JAA-F11 antigen 

binding fragment, which was shown to be consistent with saturation transfer difference (STD) 

NMR data.  The specificities predicted by CCG were fully consistent with data from 

experimental glycan array screening, and confirmed that the antibody is selective for the TF-

antigen and certain extended core-2 type mucins.  Additionally, the CCG analysis identified a 

limited number of related putative binding motifs, and provided a structural basis for interpreting 

the specificity.  CCG can be utilized to facilitate clinical applications through the determination 

of the three-dimensional interaction of glycans with proteins, thus augmenting drug and vaccine 

development techniques that seek to optimize the specificity and affinity of neutralizing proteins, 

which target glycans associated with diseases including cancer and HIV. 
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4.2 Introduction 

Aberrant glycosylation is a hallmark of many diseases, including cancer[125], and can 

therefore provide a basis for disease diagnosis and staging, and may potentially be exploited for 

therapeutic intervention[126].  An established carbohydrate-based cancer marker is the 

Thomsen-Friedenreich (TF) antigen (Galβ1-3GalNAcα), which is typically found O-linked to 

serine or threonine residues. The TF antigen (also known as T antigen) has been associated with 

several human carcinomas, including those found in the pancreas, colon, and breast, and on this 

basis has been referred to as a pan-carcinoma marker[127,128,129,130]. TF antigen is concealed 

from the immune system in normal adult tissues as a result of extension with larger glycan 

chains[129,131].  In cancer, the cellular glycosylation machinery may be disrupted, leading to 

truncation of these chains and exposure of the TF antigen[132]. Here, we examine the specificity 

of a potentially diagnostic and therapeutic monoclonal antibody (mAb JAA-F11)[133] that was 

raised against the TF antigen[134].  JAA-F11 preferentially binds to tumor tissue over 

normal[34], and in vivo it enhances survival and decreases metastasis in the mouse 4T1 

metastatic model[133], indicating a potential for this mAb to be used, after humanization, in 

cancer patient therapy.   

The potential also exists for anti-carbohydrate mAbs, such as JAA-F11, to be used as 

diagnostic agents, however, the diversity of glycans present in eukaryotic organisms leads to the 

possibility for cross-reactivity among structurally similar carbohydrates, which may nevertheless 

have unrelated biological roles. Thus, it is particularly critical to determine the specificity of any 

reagent proposed for use in glycan-based disease-marker detection[4,15,135]. Over the past 

decade, glycan microarray screening has gained wide-spread popularity as a technique for 

assessing carbohydrate-binding specificity. The largest glycan microarrays currently contain on 
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the order of 600 members[5], enabling rapid assessment of binding specificity, and requiring far 

less protein and carbohydrate for the analysis than would be necessary for more detailed affinity 

measurements.  Despite these advances the human glycome is far more diverse than even the 

largest experimental glycan array[15].  Thus, experimental screening of the entire human 

glycome is not yet feasible, leaving the potential for cross-reactive binding to go undetected. 

Moreover, although glycan array screening can provide specificity data for many glycans 

simultaneously, the data are difficult to relate directly to binding affinities, and do not provide 

insight into the structural mechanisms of a binding interaction.   

Structural information is traditionally provided by experimental methods such as X-ray 

crystallography and NMR spectroscopy.  Despite the importance of 3D structural data in 

defining structure-function relationships, neither NMR spectroscopy nor protein crystallography 

can be considered high throughput methods in this role. Additionally, both techniques face 

significant challenges when applied to the characterization of certain classes of protein-ligand 

complexes, such as those formed between antibodies and large glycans[136,137].  Issues such as 

glycan flexibility, structural heterogeneity, and challenges in the synthesis, isolation or 

crystallization of complex glycans contribute to difficulties in such studies.  In addition, to 

enhance the likelihood of crystallization, and to facilitate NMR data interpretation, such studies 

typically employ only di- or tri-saccharide fragments, rather than the whole, intact glycan.   

Here we present a new technology, Computational Carbohydrate Grafting (CCG) that is 

complementary to glycan array screening, NMR spectroscopy and crystallography.  CCG 

leverages available 3D structural data for carbohydrate-protein complexes, with virtual glycan 

library screening to generate 3D models of glycan-protein complexes.  We use CCG to predict 

the binding specificity of JAA-F11, and demonstrate that the theoretical predictions are fully 
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consistent with experimental specificity data for the same antibody generated by screening 

against an experimental glycan array. In contrast to traditional virtual screening, which would 

attempt to dock the entire glycan into the binding site, CCG splices the glycan branches onto the 

appropriate positions in a fragment (TF antigen in this case, Figure 4.1) of the glycan present in 

a protein-carbohydrate complex. The 3D orientations of the grafted branches relative to the 

fragment (or minimal binding determinant) are generated on the basis of established 

carbohydrate conformational preferences[138].  Quantification of any steric overlaps between 

the grafted glycan and the protein surface enables discrimination between potential binding 

partners and non-binders. It should be noted that the CCG analysis does not rank the ligands in 

terms of theoretical affinities.  Nevertheless, the power of the CCG method is the rapid 

identification of a subset of putative binders, which can subsequently be examined in more detail 

either experimentally or theoretically.  By grafting the virtual glycan structures onto a bound 

carbohydrate motif, a level of speed and accuracy in the prediction of the 3D structures is 

achieved that would otherwise be impossible using either traditional virtual screening or 

experimental techniques alone.  In addition, CCG facilitates the screening of vast libraries of 

glycans that can encompass the entire known human glycome, as well as synthetic or 

hypothetical structures, extending the CCG screening capability far beyond the scope of current 

experimental glycan microarrays. 
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Figure 4.1 An illustration of Computational Carbohydrate Grafting (CCG) method applied to 

predict binding conformations of TF-containing glycans binding to the JAA-F11 antibody.  

Upper. Examples of glycans that bind to JAA-F11: Neu5Acβ2-6(Galβ1-3)GalNAcα (2); 

Neu5Acα2-6(Galβ1-3)GalNAcα (3); Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAcα (4), as well as 

non-binding sequences (middle): Fucα1-2Galβ1-3GalNAcα (10); GlcNAcβ1-3Galβ1-3GalNAcα 

(11); and Neu5Acα2-6(Neu5Acα2-3Galβ1-3)GalNAcα (23), showing the minimal binding 
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determinant in red, the tolerated glycan branches in green, and the disallowed branches in grey.  

Also presented are the combined solvent-accessible surfaces from a superimposition of the 

sequences based on aligning the minimal determinant.  Lower. In the grafting process branches 

from TF-containing glycans in the library are excised and spliced onto the bound minimal 

determinant.  The grafted branches are then assessed for steric clashes with the antibody surface.  

This process is illustrated for the grafting of the glycan branch Galβ1-4GlcNAcβ1-6 (green 

carbon frame) from 4 onto the TF antigen in the JAA-F11 binding site (yellow solvent-accessible 

surface).  Figures generated with Chimera[63]. 

 

A CCG analysis of JAA-F11 was performed against a virtual array of 1,182 TF-

containing human glycans, extracted from a library of glycan 3D structures (GLibrary-3D), 

comprising the known human glycome as present in the GlycomeDB database (www.glycome-

db.org)[139].   The virtual screening employed a crystal structure of the Fab (Table 4.1); 

however, co-crystals of the Fab – TF antigen complex proved to be elusive, thus computational 

docking of the minimal motif (TF disaccharide) was performed.  Experimental support for the 

predicted orientation of the TF disaccharide in the binding site was provided by data from 

saturation-transfer difference (STD) NMR experiments on the mAb-TF complex (see supporting 

information:  7.2.1 Supplementary Results, Figure 7.3 & Figure 7.4).   The docked orientation 

of the minimal determinant was consistent with the STD NMR data, and subsequent CCG 

analysis employing this complex fully explained the observed binding specificity of this mAb 

from experimental glycan array screening.  In addition, the CCG screening led to the prediction 

of a small number of putative binders that are not present on the current experimental arrays.  

Taken together, the CCG analysis and experimental glycan array data confirm the specificity of 

JAA-F11 for TF antigen and certain extended core-2 type mucins. 
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Table 4.1 Data collection and refinement statistics for Fab JAA-F11 

Data collection 
 

Space group P43212 

Cell dimensions  

a, b, c (Å) 94.2, 94.2, 95.0 

    α, β, γ () 90°, 90°, 90° 

Resolution (Å) 30.0–2.1  

Rmerge (%) 9.6 (43.3)a 

<I/σ(I)> 9.6 (2.0) 

Completeness (%) 99.0 (98.2) 

Redundancy 10.5 (9.5) 

Refinement  

Resolution (Å) 30.0 – 2.1 

Number of 
reflections 

24063 

Rwork / Rfree 18.5 / 26.2 (19.9 / 

29.9) 

Number of atoms  

    Protein 3342 

    Ligands 20 

    Water 176 

Average B-factors  

    Protein (Å2) 21.0  

    Ligands (Å2) 54.8 

    Water (Å2) 24.3 

RMS deviations  
    Bond lengths (Å) 0.02 

    Bond angles () 1.9 
aValues in parentheses are for highest-resolution shell (2.2–2.1 Ǻ) 

 

4.3 Results 

4.3.1 Crystal structure of Fab JAA-F11 

The unliganded crystal structure of Fab JAA-F11 was determined at 2.1 Å (see Table 

4.1), and consists of Leu
L1

-Asn
L217

 of the variable light chain (VL) and Ala
H1

-Arg
H218

 of the 

variable heavy chain (VH), as well as 176 water molecules.  

A ribbon diagram of the Fab shows that it displays the typical overall fold of a Fab 

fragment (Figure 4.2a).  The quality of the electron density for a region of the light chain is also 

provided (Figure 4.2b).  Complementarity determining regions (CDRs) in the Fab were assigned 

to canonical structure class 1 for loops L2 (Lys
L55

 to Ser
L61

), L3 (Phe
L94

 to Thr
L102

), and H1 
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(Thr
H31

 to His
H35

), while loops L1 (Arg
L24

 to Glu
L39

) and H2 (Phe
H50

 to Asp
H65

) belong to 

canonical structures 4 and 2, respectively.  CDR H3 consisted of residues Ser
H99

 to Phe
H107

 and 

could not be assigned a canonical conformation.  Together these CDRs form a canyon 

shaped[140] binding pocket of 712 Å
3
 volume. 

 

Figure 4.2 Illustrations of the 3D structure of the JAA-F11 antibody as determined by X-ray 

crystallography. a. The overall JAA-F11 Fab fold in ribbons (heavy chain residues in blue, light 

chain in green) indicating the CDRs (heavy chain in light blue, light chain in yellow).  b. 

Representative electron density of the final map for a region of the light chain; the map is 

calculated with coefficients of the form 2Fo-Fc, and contoured at 1.2 Å. The conserved disulfide 

bond between Cys
L23

 and Cys
L93

 is shown. 

 

4.3.2 3D Model of the Minimal Determinant – Fab complex 

Computational docking of the TF disaccharide was performed with AutoDock 3.05[141] 

to identify possible poses of the antigen in the Fab JAA-F11 binding site. The crystal structure of 

the Fab and a 3D structure for the TF antigen, obtained from GLYCAM-Web (www.glycam.org) 

[32], were employed in the docking. During docking, the φ and ψ torsion angles of the glycosidic 
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linkages were maintained in the low energy conformation generated by energy minimization 

with the GLYCAM06 force field[24], while all hydroxyl and C5-C6 bonds were allowed to rotate 

freely. Fifty poses were obtained (Table 7.8) and ranked in terms of predicted interaction energy 

and pose clustering.  Clustering of the docking results was performed, based on placement and 

orientation of each pose relative to the protein. 
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Figure 4.3 The binding interactions predicted from the docked model of the TF-disaccharide 

bound to JAA-F11.  a. Validated model of the bound minimal determinant (green carbon frame) 

in the mAb binding site, hydrogen atoms removed for clarity.  Protein residues (yellow carbon 

frame) involved in hydrogen bonds (black lines) or hydrophobic interactions with the TF antigen 

are shown.  b. Depiction of the stacking interaction between the Gal and the Trp
H33

 (r = 4.0 Å, θ 
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= 12.1°, ϕ = 90.3°); the geometry of this interaction is comparable to literature values[142] 

(lower left). c. Solvent accessible surface of the bound minimal determinant (magenta) and the 

Fab (showing VH and VL regions in blue and green, respectively. 

The most highly populated cluster (see Table 7.8) also exhibited the lowest average 

energy of all clusters and contained the lowest energy pose (pose 1, Figure 4.3).  In this optimal 

pose, four hydrogen bonds were formed between the protein and oxygen atoms in the terminal 

Gal residue; Ser
H99

 Oγ to O-2, Phe
H100

 O to O-2, Trp
H33

 N to O-3 and Ser
H99

  O to O-3. Four 

additional hydrogen bonds were formed with the GalNAc residue; Asn
H104

 Nδ to the carbonyl 

oxygen atom of the N-acetyl group, Gly
H102

 N to O-4, and Tyr
L37

 OH to O-5 and O-6 (Figure 

4.3a).  These data are consistent with earlier conclusions that neither of the primary hydroxyl 

groups was involved in binding[134].  The presence of an aromatic stacking interaction between 

the Gal residue and Trp
H33

 was also observed, which is a common feature in carbohydrate-

protein complexes (Figure 4.3b)[143].  Based on this structure for the immune complex, the 

important observation that this mAb binds α-linked TF antigen, but not β-TF, yielding tumor 

specificity, could be rationalized on the basis that a β-linkage at the reducing terminus would 

result in overlaps between the aglycon and several residues in CDR L1, including, Tyr
L31

, Ser
L32

, 

and Asn
L33

 (Figure 4.4).    
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Figure 4.4 Solvent accessible surface of the CDRs illustrating the predicted overlap between a β-

linked aglycon in the TF disaccharide and CDR L1, responsible for ensuring the α-TF specificity 

of JAA-F11. 

 

4.3.3 Antigen pose validation through STD-NMR 

Pose 1 from the docking was both top ranked in terms of cluster population, and lowest 

energy, and explained the specificity of this mAb for α-linked TF antigen. To further support the 

theoretical docked model, experimental confirmation was sought from saturation transfer 

difference (STD) NMR experiments.  As the name implies, STD experiments detect the 

difference in nuclear Overhauser enhancement (nOe) magnetization transfer from the irradiated 

protein to the bound and free states of a ligand.  The relative enhancements of the proton signals 
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in the bound state of the ligand are proportional to the proximity of those protons to protons in 

the protein.  Thus, STD data provide important insight into the bound orientation of the ligand.  

This information permits a direct comparison between the experimental STD enhancements, and 

those derived from the theoretical orientation produced by docking the ligand in the Fab – TF 

antigen complex.  STD enhancements were computed from the theoretical complex following an 

adaptation of the isolated spin-pair approximation (ISPA)[144], frequently employed for 

estimating nOe values.  In ISPA, the assumption is made that the nOe intensities are proportional 

to Rij
-6

, where Rij is the inter-proton distance between spins i and j.   Here, STD intensities were 

derived for each proton in the ligand based on the sum of the Rij
-6

 values between each proton in 

the Fab fragment (i) and those in the ligand (j).  In the case of methyl groups, contributions from 

each proton were computed in the sum of Rij
-6

 values.  The agreement between the predicted and 

experimental STDs is illustrated in Figure 4.5, which shows that the strongest interactions with 

the protein surface involve the N-Acetyl methyl group (GalNAc) followed by H-2, H-3 and H-4 

(Gal).  Both the STD data and the theoretical structure indicate a key role for the N-acetyl moiety 

in the binding of TF antigen to JAA-F11.  Each of the other poses obtained by docking was 

subjected to a similar analysis, however, only pose 1 resulted in satisfactory agreement between 

the theoretical and experimental STD data (Figure 7.3).  The theoretical model based on pose 1 

was therefore adopted as a basis for the subsequent CCG specificity analysis. 
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Figure 4.5 Graphical representation of the normalized NMR-STD data for TF antigen in 

complex with JAA-F11, experimental (a) and theoretical (b). 
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4.3.4 CCG specificity predictions and comparison to experimental specificity data 

The number of glycan sequences included in the CCG specificity analysis is not limited 

by physical constraints, and the method can therefore be extended far beyond the capacity of 

current experimental arrays.  Even the largest glycan arrays to date likely represent only 10 – 15 

percent of the known human glycome[15], although even with a relatively small coverage it is 

possible to include a representative diversity of glycans[5].  The present virtual library of 3D 

glycan structures (GLibrary-3D) contains over 7,000 glycans, represented by more than 200,000 

unique 3D rotamers, spanning the known human glycome.  

It is important to note that because of the specificity of glycosyltransferases, not all 

permutations of glycosidic linkages are biologically relevant in all contexts.  For example, the 

Neu5Acα(2-6)Gal linkage is not possible when the Gal residue is present in mucins containing 

the core-1 (TF) disaccharide, but is commonplace in complex N-linked glycans. Biological 

relevance was assessed after CCG analysis for the glycans predicted to be binders.  Any non-

natural sequences were discarded from further consideration.   

To ensure that CCG identified only true non-binders (i.e. glycans whose lack of binding 

arose solely from steric overlaps with the mAb), the analysis was performed without explicit 

consideration of the spacer type used on the experimental array[145]. In the case of glycans 

containing flexible linkages, each stable rotamer was generated and analyzed for steric clashes 

with the protein surface. Overlaps were quantified in terms of the area of the van der Waals 

overlap between the atoms in the glycan and the protein.  In all cases, methyl glycosides were 

employed and confirmed the exclusive tolerance for the α-configuration at the reducing terminus 

of the TF antigen; all β-anomers led to steric overlaps between the methyl and the mAb surface.  

The virtual screening indicated that in addition to the TF antigen, the only other glycans that did 
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not make significant steric clashes with the mAb surface were those that contained branches 

emanating from the O-6 positions of either the TF Gal or GalNAc residues (Table 4.2). 

 

Table 4.2 Human glycans predicted to fit
a
 into the binding site of JAA-F11, in addition to those 

present on the CFG v4.0 array 

GlycomeDB ID Glycan Sequence 

10743, 18135, 3618, 32649, 

32532 

Galβ1-4GlcNAcβ1(-3Galβ1-4GlcNAcβ1)1-4-6(Galβ1-

3)GalNAc 

32608 Neu5Acα2(-3Galβ1-4(Fucα1-3)GlcNAcβ1)3-6(Galβ1-

3)GalNAc 

10752, 22152 Galβ1-4(Fucα1-3)GlcNAcβ1-6(Galβ1-3)GalNAc 

3184, 10753 Fucα1-2Galβ1-4(Fucα1-3)GlcNAcβ1-6(Galβ1-3)GalNAc 

985 Galβ1-3GlcNAcβ1-3Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAc 

1271, 13480, 10751, 21997 Fucα1-2Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAc 

aCCG analysis indicated no clashes between these glycans and the JAA-F11 surface 

 

In terms of the application of JAA-F11 as a therapeutic or diagnostic reagent, despite the 

large number of human glycans present in GLibrary-3D, only core 2 mucins with sialic acid, or 

polylactosamine extensions, at the 6-position in the core GlcNAc residue were predicted to bind, 

in addition to those present in the glycan array (Table 4.3).  Thus, CCG screening of the virtual 

library predicted that JAA-F11 would be specific for TF antigen and a very limited subset of TF-

containing human glycans. 

 

Table 4.3 Comparison of theoretical and experimental specificity data for mAb JAA-F11 with 

glycans containing the TF motif present in the CFG v4.0 glycan array 

ID Glycan Sequence Theoretical  
Experimental 

RFU
a
 

  Clash Score
b
 Sp8

c
 Sp14

 
Sp0 

1 Galβ1-3GalNAcα 0 98 0 ---d 

2 Neu5Acβ2-6(Galβ1-3)GalNAcα 0 81 --- --- 
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3 Neu5Acα2-6(Galβ1-3)GalNAcα 0.1 78 0 --- 

4 Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAcα 0 52 0 --- 

5 GlcNAcβ1-6(Galβ1-3)GalNAcα 0 51 0 --- 

6 Neu5Acα2-3Galβ1-4(Fucα1-3)GlcNAcβ1-6(Galβ1-3)GalNAcα 0 --- 0 --- 

7 Neu5Acα2-3Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAcα 0 --- 0 --- 

8 (3S)Galβ1-3GalNAcα 2.8 0 --- --- 

9 Fucα1-2Galβ1-3GalNAcα 7.6 0 0 --- 

10 GlcNAcβ1-2Galβ1-3GalNAcα 11.6 0 --- --- 

11 GlcNAcβ1-3Galβ1-3GalNAcα 12.4 0 --- --- 

12 6S(Neu5Acα2-3Galβ1-3)GalNAcα 17.3 0 --- --- 

13 Neu5Acα2-3Galβ1-3GalNAcα 17.4 0 0 --- 

14 Neu5Acα2-6(Neu5Acα2-3Galβ1-3)GalNAcα 17.6 0 0 --- 

15 KDNα2-3Galβ1-3GalNAcα 13.8 --- 0 --- 

16 Neu5Acα2-3Galβ1-4GlcNAcβ1-6(Neu5Acα2-3Galβ1-3)GalNAcα 17.4 --- 0 --- 

17
e
 Neu5Acα2-3Galβ1-4(Fucα1-3)GlcNAcβ1-6(Neu5Acα2-3Galβ1-

3)GalNAc 

17.5 --- 0 --- 

18
e
 GlcNAcα1-4Galβ1-3GalNAc 6.1 --- 0 --- 

19
e
 Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-4GlcNAc 5.1 --- --- 0 

20
e
 Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-4Glc 5.3 --- --- 0 

21 Fucα1-2Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-4GlcNAcβ 12.6 --- --- 0 

22 Fucα1-2Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-4Glcβ 12.8 --- --- 0 

23 GalNAcα1-3(Fucα1-2)Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-

4GlcNAcβ 

26.3 --- --- 0 

aNormalized RFUs averaged over all protein concentrations (0.1, 5 and 200 g/mL) and over multiple values for the 
same glycan, when present on the CFG array, see Methods. bRelative van der Waals overlap, see Methods. cSpacers, 

Sp0: –(CH2)2NH2; Sp8: –(CH2)3NH2; Sp14: -threonine. dNot present on glycan array.  eReducing anomeric 

configuration undefined on the CFG array, α-configuration assumed for the CCG analysis. 

 

To provide experimental confirmation of the specificity of JAA-F11, the mAb was 

screened against the Consortium for Functional Glycomics (CFG) printed glycan array (v4.0) at 

three protein concentrations (0.1, 5.0 and 200 μg/mL, Table 4.3, and  Table 7.9).  As expected, 

the mAb displayed selectivity for the TF disaccharide at all concentrations, however, it also 

reacted with four other glycans that contain the TF disaccharide in their sequence.  At the lowest 

antibody concentration only three strong binders were observed. Only one non-TF glycan 

(Galα1-3GalNAcα) bound well, but only at the highest concentration of the antibody, indicating 

that the interaction is likely to be non-specific[4]. Thus, while the TF disaccharide is the minimal 

binding and preferred determinant for this mAb, it is not the exclusive ligand.  
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It is important to note that little is known about the cell-surface densities, abundances, or 

tissue distributions, for any of the putative binders other than the TF disaccharide.  And only in 

the case of the TF disaccharide has the alteration of these properties in disease states, such as 

cancer, been examined. Thus, not all binders are necessarily biologically significant for this 

mAb.  This fact may explain why JAA-F11 has a demonstrated specificity for tumor tissue over 

normal in mice[34]. 

 

4.3.5 Effect of Glycan Spacers 

The nature of the chemical conjugation of glycans to an array surface can lead to false 

negative binding. This is presumably because the spacer moiety alters either the presentation or 

accessibility of the glycan, or is itself in overlap with the protein surface[146]. By including 

multiple replicates of a glycan in the array, each conjugated through different linkers, it is 

possible to readily identify such spacer effects. Indeed, the data in Table 4.3 demonstrate that 

conjugation of any of the high affinity binders via linker Sp14 completely abrogates binding 

(glycans 1, 3 - 5).  Thus, it was not possible to determine on the basis of the experimental array 

data alone, whether a glycan that was conjugated solely via Sp14 (6, 7, 15 - 18) might in fact be 

a binder if it were conjugated through a non-interfering linker.  Similarly, none of the glycans 

linked through Sp0 (19 - 23) bound to the mAb.  Unlike the case of Sp14, there is no evidence 

from the experimental data to confirm whether or not Sp0 is itself interfering with binding.  

However, given the similarity of spacers Sp8 (–(CH2)3NH2) and Sp0, (–(CH2)2NH2), it is 

reasonable to infer that Sp0 would likely be non-interfering.  
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The CCG analysis provides a complementary structure-based approach for identifying 

linkage effects, correctly predicting each of the five glycans (1 – 5) confirmed to bind by glycan 

array screening, as well as all of the true non-binders (8 – 23).  Glycans 6 and 7 (Sp14) were 

predicted to be binding partners for JAA-F11, which may not be unexpected, given their 

structural similarity to other binding glycans (4 and 5).  What is notable in the case of 6 and 7, 

however, is that the theoretical analysis independently identified a potential linker effect for 

Sp14. The present analysis clearly indicates a role for CCG in identifying putative false negative 

binding, and additionally draws attention to the need for printing experimental arrays with as 

many glycan – linker permutations as possible. 

 

4.4 Discussion 

Carbohydrate-specific antibodies have a key role as diagnostic and therapeutic 

agents[147,148], yet these interactions are some of the most challenging to characterize using 

traditional structural biology methods.  In addition, glycan chemical sythesis remains a laborious 

undertaking.  The CCG method requires minimal experimental 3D structural data, and can be 

used to both guide the prioritization of chemical synthethic efforts and to provide important 

insight into the structural basis for biological recognition and specificity.  Once the 3D structure 

of the bound minimal determinant is established, through either theoretical or experimental 

methods, or a combination of both as employed here, CCG can be used to screen an effectively 

unlimited range of glycans that contain this minimal determinant. Experimental microarray data 

can subsequently be employed to provide cross-validation for a sub-set of the CCG predictions. 

While crystallographic analyses of such complexes may remain challenging, the predicted 

structures can potentially be corroborated using a number of experimental approaches, including, 
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STD NMR, site-directed mutagenesis, as well as additional binding assays for predicted ligands 

or ligand analogs. 

Experimentally-consistent structures for Fab – glycan complexes not only provide a basis 

for defining and predicting specificity, they also facilitate structure-based strategies for the 

directed evolution of antibodies with either varied specificity or affinity.  In the case of JAA-

F11, the 3D model can be further employed to guide the rational design of peptide mimotopes of 

the carbohydrate, for use as immunogens[149,150,151,152], as well as to guide the selection of 

key residues to be included during antibody humanization. Humanization of a mouse mAb by 

insertion of the CDRs into a human antibody scaffold, can lead to changes in the 3D 

conformation, particularly in the interface between the variable light and heavy chains[153], with 

a corresponding loss of affinity or specificity. As the framework regions that support and give 

structure to the binding site are altered during the humanization process, the resulting Ab may 

have a reduced affinity or specificity for the target due to conformational changes in the binding 

site.  CCG provides an opportunity to predict the effects that structural changes or point 

mutations have on antigen specificity and provides a structural basis from which to assess those 

CDRs and antigen contacts that must be maintained during antibody humanization (Figure 4.3). 

Several caveats to the applicability of the CCG method require consideration.  The first 

relates to the requirement for a 3D structure of the minimal glycan determinant in the binding 

site.  Inaccuracies in this complex will degrade the reliability of the theoretical specificity 

predictions.  In the case of JAA-F11, automated docking was able to generate a 3D model for the 

immune complex that was consistent with data from STD-NMR experiments performed on the 

same system.  In addition, specificity data from experimental glycan array screening may be 

employed as filters to eliminate experimentally-inconsistent poses predicted by automated 
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docking (Table 7.10).  This is a novel and enabling combination of two complementary high-

throughput methods.  Secondly, the scope and utility of the virtual glycan library is directly 

dependent on the content of experimental glycomic databases.  The predictive power of virtual 

screening will improve as the number of experimentally confirmed glycans and their detailed 

characterization and annotation increases. Thirdly, CCG is a high-throughput screening method 

that currently treats the ligand and receptor as rigid, and thus ignores the potential for induced fit 

to enable binding.  Fourthly, the method predicts only the potential for glycans to bind to a 

particular receptor; it does not take into account the relative affinity of the interaction, and, just 

as in the case of experimental array screening, neither the natural abundance nor the cellular 

localization of the glycans are considered.  The determination of these properties will be 

essential for placing binding specificity data into biologically relevant contexts. Finally, unlike 

experimental glycan array screening, the CCG approach requires that the minimal binding 

determinant be known.  

Over the past decade, data from glycan array screening initiatives, such as from the CFG, 

have confirmed the importance of glycans and glycan binding proteins in infectious diseases, 

cancer metastasis and progression, immune cell interaction, and congenital diseases, such as 

muscular dystrophy.  Concurrently, glycomics studies employing mass spectrometry have greatly 

increased our knowledge of the diversity of the human glycome and its alteration in disease 

states.  CCG provides a new tool to aid in the efficient translation of this information into the 

practical development of therapeutics and diagnostics. 
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4.5 Materials and Methods 

4.5.1 Crystallization of JAA-F11 Fab and Structure Determination 

The JAA-F11 IgG3 antibody was purified by triple ammonium sulfate precipitation, 

followed by Cibacron Blue 3GA agarose gel and hydroxyapatite column chromatography.  

Digestion and purification of the Fab utilized papain digestion followed by separation on a 

Protein A column.  Purified JAA-F11 Fab fragment[134] was subjected to crystallization 

screening using the high-throughput crystallization screening facility at the Hauptman-

Woodward Institute[154]. Multiple conditions were tested for optimization with hanging drop 

vapor diffusion. Final crystals were grown by vapor diffusion using a precipitant containing 26% 

PEG 5000, 50 mM lithium bromide, and 50 mM sodium citrate (pH 4.0). Crystals appeared in 3-

4 days. Crystals were cryoprotected by transferring the crystal to solutions of mother liquor 

containing incrementally higher solutions of ethylene glycol (8, 16, and 24 %) and flash cooled 

in liquid nitrogen. Data were collected at the A1 beamline of the Cornell High Energy 

Synchrotron Source and scaled with HKL2000[155]; the intensities were converted to structure 

factors using the TRUNCATE program of the CCP4 suite[156]. The structure was solved by 

molecular replacement with MOLREP[157]. Multiple Fab antibody fragments were tested as 

search models. A satisfactory solution was found using a search model consisting of the heavy 

and light chains from 1CLZ, the crystal structure of an antitumor directed antibody that 

recognizes the Lewis Y tetrasaccharide[158]. The molecular replacement solution was refined 

through iterative manual model building with COOT[159] and maximum likelihood refinement 

with REFMAC5[160]. Diffraction and refinement statistics are presented in Table 4.1. The 

binding pocket volume was determined with the fpocket software package[161].  The final 

structure factors and coordinates are deposited with the Protein Database (PDB ID 3GNM). 
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4.5.2 Glycan Array Screening 

A sample of antibody JAA-F11, isolated by ammonium sulfate precipitation, was 

submitted to the Consortium for Functional Glycomics (CFG) for screening at concentrations of 

0.1, 5.0, 5.0 and 200 µg/mL on version 4.0 of the glycan array.  Fluorescence was obtained by 

detecting the antibody with an Alexa Fluor-488 labeled anti-mouse IgG (Invitrogen) at 5.0 

µg/ml.  Data collection and interpretation methods have been reported[5] and are available on the 

CFG website (www.functionalglycomics.org). 

 

4.5.3 Saturation Transfer Difference NMR 

A sample of JAA-F11 antibody (6.7 μM, two binding sites per dimer) and TF 

disaccharide from Carbosynth, (1.9 mM, approximately equal amounts of α and β anomers at the 

reducing terminus) was prepared in buffered D2O, giving an approximate molar ratio of 100:1 

for each anomer per binding site. The JAA-F11 antibody was obtained from the Rittenhouse-

Olson lab and the free TF-disaccharide was purchased from Carbosynth.  STD data were 

collected on an 800 MHz Varian (Agilent) Inova spectrometer at 25 °C using the double pulsed 

field gradient spin echo[162] method for water suppression.  Antibody protons were selectively 

irradiated using a train of 50 ms Gaussian pulses at 0.5 ppm and a difference spectra produced by 

subtracting a reference spectrum irradiated at 25 ppm[163]. A total of 2048 scans were acquired 

for each interleaved spectrum. Different irradiation times were obtained at 0.5, 1.0, 1.5, 2.0, 3.0, 

4.0, and 8.0 seconds to obtain a build-up curve (Figure 7.4).  Data were processed and integrated 

using Mnova software[164]. The 1.0 s irradiation time was used to compare to the docking 

model results.   

http://www.functionalglycomics.org/
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4.5.4 Virtual Docking 

Docking was performed with AutoDock 3.05[141]. Waters of crystallization were 

removed from the Fab structure of JAA-F11 before assigning partial charges to the protein 

(Kollman)[165] and to the TF disaccharide (Gasteiger)[166].  Initial 3D models for the TF 

disaccharide were generated using the carbohydrate 3D structure generation tools at GLYCAM-

Web (www.glycam.org)[32] which energy minimizes the glycan in implicit solvent using the 

GLYCAM06 force field[24].  The final structure can be characterized by the values for the 

glycosidic linkage:  φ (H1-C1-O3-C3,) = 61.5° and ψ (C1-O3-C3-H3) = 6.2°, which are consistent 

with the dominant solution NMR conformation[167].  Torsion rotation within the epitope was 

limited to the exocyclic free rotors (H-O and C5-C6 bonds); all other torsions were frozen at the 

values of the initial 3D model.  The docking region was defined so as to include all the 

hypervariable loops, by centering a grid box (33 Å per side) on the sidechain nitrogen of Asp
H100

.  

A cubic grid spacing of 0.375 Å was employed.  Docking was performed using the Lamarckian 

Genetic Algorithm[168] with a population size of 150 and 2.5 million energy evaluations in each 

of 50 docking runs and a clustering cutoff of 2.0 Å was employed. 

 

4.5.5 Creation of GLibrary-3D 

Glycans to be included in the virtual glycan library (GLibrary-3D) were each selected 

from GlycomeDB (www.glycome-db.org)[139], which is an online database that currently 

contains 3,570 N- and O-linked glycan sequences found in humans, of which 3,086 contained 

sufficient information to be converted into 3D structures.  Because most of the structures 

contained in GlycomeDB were determined using mass spectrometric techniques, not all reported 

sequences included sufficient information to uniquely define the glycan.  For example, many 
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sequences do not include information regarding inter-residue linkage positions, and these were 

generally excluded from the virtual library.  However, in the case of certain human glycan 

sequences, which display only a limited number of linkage possibilities, such as the 

disaccharides Neu5Acα(2-3/6)Gal or Galβ(1-3/4)GlcNAc, each linkage permutation was 

constructed.  Additionally, on the basis of known glycan structures, all ring types were assumed 

to be pyranose. These assumptions resulted in a total of 7,127 unique putative human glycan 

sequences. For glycans containing 1-6 or 2-6 linkages, each stable rotamer of the ω-angle (±60°, 

180°) was generated. Additional rotamers were built for the φ-angles in 2-3 linkages (-60° and 

180°)[169], leading to a library of 207,693 glycan 3D structures (GLibrary-3D). Glycan 

sequences were converted to 3D structures using an automated version of the Carbohydrate 

Model Building Tool of GLYCAM-Web (www.glycam.org)[32]. 

 

4.5.6 Computational Carbohydrate Grafting (CCG) 

All putative human glycans containing the TF disaccharide (1,182 glycans) were 

extracted from GLibrary-3D. The glycan branches to be grafted onto the minimal determinant 

were then translated and rotated as required in order to ensure correct relative alignment of the 

branch with respect to the minimal determinant, as defined on the basis of glycosidic bond 

lengths and angles (Figure 4.1).  The φ- and ψ-glycosidic torsion angles of the newly-formed 

linkage, were assigned on the basis of known carbohydrate conformational properties[138].  In 

the case of glycans that contained torsion angles known to populate more than one stable 

rotamer, such as 1-6 or 2-6 linkages, each rotamer was generated and treated as an independent 

molecule in the grafting process leading to a total of 3,109 rotamers.  Once assembled, the intact 

glycan was energy minimized with the GLYCAM force field as described above.   
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Steric overlaps between the grafted branches and the protein surface were determined 

from the area of overlap of the atomic van der Waals surfaces[170].  As even small van der 

Waals overlaps can lead to very high repulsion energies, in a rigid molecular alignment, clash 

scores were not determined energetically.  To assess the significance of the clash, the van der 

Waals overlap values were reported relative to the surface area of a single carbon atom (36.3 

Å
2
)[170].  Only glycans with relative overlaps (clash scores) of less than 1.0, corresponding to a 

single occluded carbon atom, were considered as satisfying the no-overlap criterion. 
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4.7 Epilogue 

A relatively new glycan microarray technology has been developed in which cellular 

glycans are cleaved directly from the source, separated by chromatography and printed on 

microarrays[171].  This type of glycomics screening does not require pre-sequencing of the 

glycans but instead relies on characterizing glycan sequences after binding has been observed.  

This exciting new technology could be easily integrated into the CCG methodology described in 

the published manuscript as it is simply another tool to define specificity.  While this shotgun 

approach is useful in identifying cellular glycans which bind, the technology would be 

particularly more beneficial for CCG analysis if the entire printed cellular glycome were 

characterized.  This would allow CCG analysis to characterize structural characteristics related to 
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both binding and non-binding glycans such as spacer type and substituents off the minimal 

determinant.  This information is what makes synthetic glycan microarray data so useful in 

determining the specificity as a it provides information on what cannot be tolerated by the 

binding pocket. 
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5. CONCLUSIONS AND FUTURE DIRECTIONS 

Modeling carbohydrate structures requires an understanding of its dynamics and 

flexibility.  Molecular dynamics simulations have proven a useful tool in characterizing this 

flexibility and relating it to properties observed in a variety of experiments.  In order to perform 

these simulations, the GLYCAM force field has been developed for glycans and glycoconjugates 

and serves as one of the most utilized carbohydrate force fields available[18].  This work has 

shown the development and application of this force field in MD simulations of a lipid bilayer 

and glycosaminoglycans.  The MD simulations of the GAG structures were able to expand on 

limited experimental data to predict experimentally-consistent ring shape properties and 

glycosidic linkage profiles which define the 3D shape of a glycan.  The next step beyond 

pyranoside ring dynamics is the characterization of furanoside ring properties.  Unique to 

furanosides is their role in the structure of DNA/RNA.  The accurate modeling of furanose 

dynamics would allow the GLYCAM force field to expand into the field of nucleic acid 

simulations. 

The extensive experimental validation of the GLYCAM force field in predicting glycan 

structure made it ideal for generating static 3D models of glycan structures for non-dynamic 

computational methods.  These static models have been employed in a novel method called 

Computational Carbohydrate Grafting which uses these models to identify specificity constraints 

within the binding pocket of a protein.   This technology was used to characterize the 3D features 

of a mouse antibody that defines its specificity to certain TF-containing saccharides.  Knowledge 

of these features allows for better design of antigenic mimics to create a vaccine specific to these 
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sequences and identifies the amino acids which must be conserved when humanizing this 

antibody.  This method is already being used to characterize the specificity restraints for a 

number of carbohydrate-protein complexes found in the protein databank for which glycan array 

specificity screenings have already been performed.  Ideally, this method will be integrated into a 

website service that incorporates it into an automated docking scheme to identify the best 

docking poses based on agreement with experimental specificity screening. 

Improvements in carbohydrate force field design and molecular classes will continue to 

depend on a symbiotic relationship with NMR technology as has been the case for the last few 

decades[18].  The long-term benefits to this relationship have given carbohydrate force fields 

reliability that makes them an appropriate supplement to sparse or non-existent experimental 

data.  This reliability, coupled with advancements in computational speed and structure builders 

means that simulations of many glycan structures could be automatically simulated and data 

collected for bioinformatics purposes including automated docking methods.  Using these 

automated in silico techniques would then reduce costs for designing synthetic glycomimetics by 

focusing on high affinity and specificity interactions. 
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7. APPENDIX 

7.1 Conformational analysis of glycosaminoglycans by NMR and molecular dynamics 

simulations using parameter extensions for the GLYCAM force field 

7.1.1 Supplementary Figures 

 

Figure 7.1  Population of ring states as a function of the fractional contribution of the charge 

model going from 0% 
1
H2 (100% 

2
H1) to 100% 

1
H2 (0% 

2
H1).  Shown are disaccharides 1 and 2 

with error bars representing the standard deviation of the population based on the four 

simulations at each charge fraction set.  MD simulation populations are obtained directly from 

trajectory analysis, not by the computed J-couplings. 
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Figure 7.2  The Boltzmann relative energy heat maps for the glycosidic linkage (φ,ψ) between 

residues C-D for polysaccharides 6-8. 

 

7.1.2 Supplementary Equations 

Equation 7.1 

             
            ∑   (            

 (        |   |)) 
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7.1.3 Supplementary Tables 

Table 7.1 Bond & Angle terms for GLYCAM13 

Bond Target 
Minimum 

Fit 
Value 

kr 
(kcal/mol) 

C –Ck 1.494 1.466 214.0 

S -N  1.638 1.675 238.0 
S -Os * 1.589 206.0 
S -O2 * 1.440 620.0 
Cg-Oa**  1.460 285.0 
Cg-Oe**  1.460 285.0 

 

Angle Fit 
Target (°) 

Parameter 
(°) 

kΘ 
(kcal/mol) 

C -Ck-Ck 124.3 126.0 48.0 

O2-C-Ck 117.9 113.4 49.5 
O2-S -N  106.4 108.0 84.0 
O2-S -O2 * 113.9 123.0 
O2-S -Os * 106.9 104.0 
OS-Ck-C  111.9 109.5 73.0 
H1-Cg-N3†  109.5 50.0 
H -N -S  114.0‡ 121.2 37.5 
S -N -Cg 118.4 110.0 31.0 
S -Os-Cg * 118.9 50.0 

C -Cg-Oa**  112.4 63.0 
Cg-Cg-Oa**  108.5 70.0 
Cg-Cg-Oe**  108.5 70.0 
Cg-Oa-Cg**  111.6 50.0 
Cg-Oe-Cg**  111.6 50.0 
Oh-Cg-Oa**  112.0 110.0 
Os-Cg-Oa**  112.0 100.0 
Os-Cg-Oe**  112.0 100.0 

Oa-Cg-Oe**  112.0 100.0 
H1-Cg-Oa**  110.0 60.0 
H1-Cg-Oe**  110.0 60.0 
H2-Cg-Oa**  110.0 60.0 
H2-Cg-Oe**  110.0 60.0 

*Equilibrium value from Theochem 395/396 (1997) pp 107-122, **Copied from GLYCAM06[24] †Copied from 

parm99 HP-CT-N3 [113] ‡From HF/6-31++g(2d,2p) ethylsulfamate. 

 

Table 7.2 Torsion and improper torsion terms for GLYCAM06 & GLYCAM11 

Torsion Error V1 V2 V3 Molecule 

Cg-Os-Ck-C  1.0  -1.40 0.67 2-Methoxyacrylate 
Cg-Ck-Ck-C  -  -11.00  But-2-enoate 

Oh-Cg-Cg-Ck 0.4 -1.06 -0.60 -0.11 
3-Butenol* 
Molecule 4 

Os-Cg-Os-Ck 0.8 0.75 0.50  2-(Methoxymethoxy) acrylate 

Os-Cg-Cg-Ck 0.3 (0.4) -0.27 0.40  
4-Methoxybut-1-ene* 

Molecule 3 

O2-C -Ck-Ck 0.5  -0.80  
(2R,3S,4S)-3,4-dihydroxy-2-methoxy-3,4-dihydro-2H-pyran-6-

carboxylate** 

O2-C -Ck-Os 0.5  -0.80  
(2R,3S,4S)-3,4-dihydroxy-2-methoxy-3,4-dihydro-2H-pyran-6-

carboxylate** 
O2-S -N -Cg 0.5   0.11 Methylsulfamate 
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Ha-Ck-Ck-C -  -11.00  Acrylate 
H1-Cg-N -S  - 2.00   ((2S,3R)-2-methoxytetrahydro-2H-pyran-3-yl)sulfamate† 
H1-Cg-N3-H -   0.16 copy of X-CT-N3-X [113] 

H2-Cg-Os-Ck - 1.00 0.50 0.10 
2-(1-Methoxyethoxy) acrylate 
2-(Methoxymethoxy) acrylate 

H2-Cg-Cg-N3 -   0.10 Copy of H2-CT-CT-N (parm99)[113] 
S -N -Cg-Cg 2.5 0.50 0.50  ((2S,3R)-2-methoxytetrahydro-2H-pyran-3-yl)sulfamate† 
Oa-Cg-Cg-
Cg‡ 

- 0.19 -0.11 0.14 1,1-dimethoxypropane[28] 

Oe-Cg-Cg-Cg - -0.27   Copy of Os-Cg-Cg-Cg (GLYCAM06)[24] 
Oa-Cg-Cg-Oe -  0.40  Copy of Os-Cg-Cg-Os (GLYCAM06g)(unpublished) 
Oe-Cg-Cg-Oe -  0.40  Copy of Os-Cg-Cg-Os (GLYCAM06g)(unpublished) 
Oa-Cg-Cg-Os -  0.40  Copy of Os-Cg-Cg-Os (GLYCAM06g)(unpublished) 

Oe-Cg-Cg-Os -  0.40  Copy of Os-Cg-Cg-Os (GLYCAM06g)(unpublished) 
Oa-Cg-Cg-Oh - -1.10 0.25  Copy of Os-Cg-Cg-Oh (GLYCAM06)[24] 
Oe-Cg-Cg-Oh - -1.10 0.25  Copy of Os-Cg-Cg-Oh (GLYCAM06)[24] 
Oa-Cg-Oe-Cg - 1.08 1.38 0.96 Copy of Os-Cg-Os-Cg (GLYCAM06e)(unpublished) 
Oa-Cg-Os-Cg - 1.08 1.38 0.96 Copy of Os-Cg-Os-Cg (GLYCAM06e)(unpublished) 
Os-Cg-Oa-Cg - 1.08 1.38 0.96 Copy of Os-Cg-Os-Cg (GLYCAM06e)(unpublished) 
Oe-Cg-Oa-
Cg‡ 

- -0.25 0.76 1.20 Dimethoxymethane[28] 

O2-C -Cg-Oa - 0.04 -1.45 0.04 Copy of O2-C -Cg-Os (GLYCAM06e)(unpublished) 
C -Cg-Oa-Cg - -0.60 0.45 0.32 Copy of C -Cg-Os-Cg (GLYCAM06e)(unpublished) 
Cg-Oa-Cg-
Cg‡ 

- -0.70 -0.30 -0.33 2,2-dimethoxypropane[28] 

Cg-Oe-Cg-Cg -   0.16 Copy of Cg-Os-Cg-Cg (GLYCAM06)[24] 
N -Cg-Cg-Oa - -1.30   Copy of N -Cg-Cg-Os (GLYCAM06)[24] 
N -Cg-Cg-Oe - -1.30   Copy of N -Cg-Cg-Os (GLYCAM06)[24] 
H1-Cg-Cg-Oa -   0.05 Copy of N -Cg-Cg-Os (GLYCAM06)[24] 

H1-Cg-Cg-Oe -   0.05 Copy of H1-Cg-Cg-Os (GLYCAM06)[24] 
H1-Cg-Oa-Cg -   0.27 Copy of H1-Cg-Os-Cg (GLYCAM06)[24] 
H1-Cg-Oe-Cg -   0.27 Copy of H1-Cg-Os-Cg (GLYCAM06)[24] 
H2-Cg-Cg-Oe -   0.05 Copy of H2-Cg-Cg-Os (GLYCAM06)[24] 
H2-Cg-Oa-
Cg‡ 

- -1.20 0.10 0.02 1,1-dimethoxyethane[28] 

H2-Cg-Oe-Cg -  0.60 0.10 Copy of H2-Cg-Os-Cg (GLYCAM06)[24] 

      

    V6  

H -N -S -O2    -0.10 Methylsulfamate, Ethylsulfamate 

Improper 
Torsion 

V2 

Ck-Ha-Ck-Cg 1.0 
Os-C -Ck-Ck 1.0 

Cg-S -N -H  5.5 

* Used for an initial fit, ** Fitting equally split between O2-C -Ck-Ck & O2-C -Ck-Os, †Fitting to both 2S and 2R 

epimers, ‡Published in Sattelle et al.[28] 
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Table 7.3 Δχi Substituents by torsion for Δ4,5-unsaturated uronates for Equation 7.1 

Subsituent* ξi H1-C1-C2-H2 H2-C2-C3-H3 H3-C3-C4-H4 

S1 1 1.25 
O2 (-OH, -OSO3

-) 
1.25 
O3 (-OH) 

1.25 
O3 (-OH, -OSO3

-) 

S2 -1 0.35 
C3 (-C) 

0.35 
C4 (-C) 

0.35 
C2 (-C) 

S3 1 1.26 
O1 (-OR) 

0.35 
C1 (-C) 

0.35 
C4 (-C) 

S4 -1 1.26 
O5 (-OR) 

1.25 
O2 (-OH) 

0.35 
C4 (-C) 

*Substituent numbers defined in Haasnoot et al.[118] 

 

Table 7.4 Ensemble averaged charges for new residues. 

Transferable N- & O- Sulfate 

Atom Type* Charge 
(e-) 

S1 S 1.245 

O[1,2,3] O2 -0.694 
N/Olinking N/OS qlinking + 0.031 
 

Δ4,5-unsaturated uronate 

Atom Type* Charge 
(e-) 

C1 Cg 0.241 

C2 Cg 0.379 

O2 Oh -0.718 

H2O Ho 0.392 

C3 Cg 0.301 

O3 Oh -0.718 

H3O Ho 0.407 

C4 Ck** -0.110 

C5 Ck** -0.006 

O5 Oa -0.250 

C6 C 0.936 

O6[A,B] O2 -0.830 

 

α/β-D-Glucosamine 

  
Charge 

(e-) 
[α-GlcNH3

+]-[α-X] 
X= 

Charge 
(e-) 

 [β-GlcNH3
+]-[ β-X] 

X= 

Atom Type* α-GlcNH3
+ GlcNAc Glc β-GlcNH3

+ GlcNAc Glc 
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C1 Cg 
0.529 

(0.031) 
0.061 0.020 

0.458 
(0.037) 

0.171 0.074 

C2 Cg 
0.180 

(0.051) 
-0.065 -0.066 

0.267 
(0.054) 

-0.213 -0.043 

N2 N3 
-0.085 
(0.051) 

  
-0.140 
(0.085) 

  

H[1,2,3]N H 
0.231 

(<0.001) 
  

0.247 
(0.023) 

  

C3 Cg 
0.212 

(0.081) 
0.047 -0.074 

0.123 
(0.067) 

-0.057 -0.161 

O3 Oh 
-0.641 
(0.024) 

-0.011 0.058 
-0.641 
(0.020) 

0.040 0.068 

H3O Ho 
0.436 

(<0.001) 
0.023 0.009 

0.448 
(<0.001) 

0.025 0.016 

C4 Cg 
0.257 

(0.094) 
-0.065 0.003 

0.326 
(0.101) 

0.024 0.050 

O4 Oh 
-0.696 
(0.029) 

0.037 0.014 
-0.663 
(0.027) 

0.053 0.051 

H4O Ho 
0.457 

(0.018) 
0.008 0.021 

0.439 
(<0.001) 

0.003 -0.001 

C5 Cg 
0.345 

(0.089) 
0.099 0.062 

0.151 
(0.098) 

-0.057 -0.074 

O5 Oa 
-0.547 
(0.055) 

0.021 0.027 
-0.407 
(0.062) 

0.026 0.064 

C6 Cg 
0.294 

(0.048) 
-0.034 0.018 

0.330 
(0.048) 

0.041 0.048 

O6 Oh 
-0.671 
(0.050) 

0.017 0.011 
-0.674 
(0.040) 

0.015 0.014 

H6O Ho 
0.431 

(0.035) 
0.010 0.013 

0.436 
(0.028) 

0.012 0.012 

*Under the new GLYCAM atom-type convention, the first letter is capitalized and the second letter is lower-case.  

This allows more atom types to be used and modified without conflicting with other AMBER force fields[172].  ** 

Note that double bond atom-type pairs Ck=Ck are interchangeable with Cj=Cj.  The redundancy is to allow for a 

special set of parameters to describe a single bond between two double-bonds where this single bond would be 
defined by Cj-Ck. 

 

Table 7.5 Absolute average errors between NMR and MD simulations for GAGs 1-7 

 
Average NOE Errors (Å) 

     

 

1 2α,β 3α,β 4 5 

   
Intra-ring 0.17 0.50 0.20 0.30 0.30 
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A (Δ4,5uu) 0.25 0.44 0.23 0.14 0.05 

   
B (GlcNX) 0.15 0.52 0.20 0.35 0.36 

   
Inter-ring 0.38 0.59 0.46 0.40 0.38 

   
Overall 0.23 0.51 0.24 0.34 0.32 

   

         
 6 7 

 

1
C4 

2
SO 

4
C1 

1
C4 

2
SO 

4
C1 60:40:0 70:30:0 

Intra-ring (C, D, F) 0.25 0.25 0.25 0.21 0.21 0.21 0.21 0.21 

Inter-ring 0.37 0.40 0.59 0.34 0.62 0.53 0.31 0.42 

Overall 0.31 0.33 0.43 0.28 0.43 0.39 0.26 0.33 

 

Table 7.6 NOE values for disaccharides 1-5 from NMR and MD simulations measured in Å. 

A 
(d45uu) 

A 

(d45uu) 1NMR 1MD 2NMR
* 2MD,α 2MD,β 3NMR

* 3MD,α 3MD,β 4NMR 4MD 5NMR 5MD 

H1 H2 2.1 2.8 2.4 2.7 2.8 2.4 2.6 2.6 2.5 2.6 2.6 2.6 

H1 H3 2.8 3.1 2.6 3.3 3.2 2.5 3.5 3.7 3.1 3.6     

H2 H3 3.2 2.8 2.5 2.7 2.8 2.3 2.7 2.7 2.5 2.7 2.7 2.7 

H2 H4   3.9 4.5 4.1 3.7   4.1 4.2 
 

4.2     

H3 H4 2.6 2.5   2.5 2.6 2.4 2.5 2.5 2.6 2.5 2.6 2.5 

  
            

A 
(d45uu) 

B 

(GlcNx) 1NMR 1MD 2NMR
* 2MD,α 2MD,β 3NMR

* 3MD,α 3MD,β 4NMR 4MD 5NMR 5MD 

H1 H3 3.0 4.2 3.1 4.4 4.3   3.5 3.4 2.7 3.3 2.4 2.9 

H1 H4 2.3 2.4 1.9 2.4 2.4 2.0 2.4 2.6 2.2 2.4 2.5 2.6 

H1 H5   3.9 2.8 3.9 3.9   3.6 3.5 3.1 3.6 
 

  

H1 H6 2.5 2.7 2.6 2.6 2.6   3.1 3.0 2.4 2.9 2.9 3.4 

H1 H6' 2.8 2.8 2.9 3.1 3.0   2.6 3.0 2.4 2.6 2.5 2.8 

  
            

B 

(GlcNx) 

B 

(GlcNx) 1NMR 1MD 2NMR
* 2MD,α 2MD,β 3NMR

* 3MD,α 3MD,β 4NMR 4MD 5NMR 5MD 

H1 H2 2.4 2.4 2.3 2.4 3.0 2.4 2.4 3.0 2.4 2.4 2.4 2.4 

H1 H4   4.1 3.1 4.2 4.1 
 

4.1 4.0   4.1 
 

  

H1 H5   3.7 3.1 3.8 2.5 
 

3.8 2.5   3.7 
 

  

H2 H3 3.5 3.0 3.0 3.0 3.0 
 

3.0 3.0 3.2 3.0 4.7 3.0 

H2 H4 2.6 2.6 2.6 2.6 2.7 
 

2.6 2.6 2.6 2.6 2.6 2.6 

H3 H4 2.7 3.0 3.4 3.0 3.0 
 

3.0 3.0   3.0 
 

  

H3 H5 2.5 2.6 2.4 2.6 2.6 2.3 2.6 2.6 2.5 2.6 2.6 2.7 

H3 H6'   4.6 3.3 4.6 4.6 
 

4.6 4.6 3.3 4.6 
 

  

H4 H5 3.1 3.0 3.1 3.0 3.0 3.1 3.0 3.0   3.0 3.4 3.0 

H4 H6   2.9 2.6 3.1 3.1 
 

3.1 3.0 
2.7 3.1 

2.7 3.1 

H4 H6'   3.1 2.5 3.1 3.0 
 

3.0 3.0 
 

  

H5 H6 2.4 2.5 2.8 2.5 2.5 2.5 2.5 2.5 2.2 2.5 2.4 2.5 
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H5 H6' 2.5 2.6 2.1 2.4 2.5 2.4 2.5 
 

  

H6 H6' 1.9 1.8 1.9 1.8 1.8 1.8 1.8 1.8   1.8 1.8 1.8 

*NMR experimental NOEs represent the average from both anomers. 

 

Table 7.7 NOE values for tetrasaccharides 6 & 7 from NMR and MD simulations (
1
C4, 

2
SO, 

4
C1) 

measured in Å. 

  

6 (x = Ac) 7 (x = SO3
-) 

C 
(GlcA) 

C 

(GlcA) NMR 
1
C4 

2
SO 

4
C1 NMR 

1
C4 

2
SO 

4
C1 

H1 H2 3.6 3.0 3.0 3.0 3.5 3.0 3.0 3.0 

H1 H3 3.0 2.7 2.7 2.7 3.0 2.7 2.7 2.7 

H1 H5 2.6 2.5 2.5 2.5 2.5 2.5 2.5 2.5 

H3 H5 2.6 2.7 2.7 2.7 2.9 2.7 2.7 2.7 

          
D 
(GlcNx) 

C 

(GlcA) NMR 
1
C4 

2
SO 

4
C1 NMR 

1
C4 

2
SO 

4
C1 

H4 H1 2.8 2.3 2.3 2.4 2.9 2.4 2.4 2.4 

H6' H1 2.8 2.8 2.8 2.9 2.8 2.6 2.7 2.7 

          
D 
(GlcNx) 

D 
(GlcNx) NMR 

1
C4 

2
SO 

4
C1 NMR 

1
C4 

2
SO 

4
C1 

H1 H2 2.5 2.4 2.4 2.4 2.5 2.4 2.4 2.4 

          
E 
(IdoA) 

D 
(GlcNx) NMR 

1
C4 

2
SO 

4
C1 NMR 

1
C4 

2
SO 

4
C1 

H2 H1 4.2 4.7 4.8 4.6         

H3 H1 2.5 2.4 2.6 3.7 2.7 2.8 4.0 4.1 

H4 H1 3.3 2.5 2.5 2.3 2.7 2.3 2.3 2.3 

H5 H4 2.7 3.1 3.2 3.6         

          
E 
(IdoA) 

E 
(IdoA) NMR 

1
C4 

2
SO 

4
C1 NMR 

1
C4 

2
SO 

4
C1 

H1 H2 3.4 2.6 3.0 3.0 3.4 2.6 3.0 3.0 

H1 H3 4.1 4.2 3.8 2.7 3.4 4.2 2.9 2.7 

H2 H3 2.4 2.5 3.0 3.0 2.4 2.5 3.0 3.0 

H2 H4 3.5 4.2 3.2 2.7 3.4 4.2 3.4 2.7 

H3 H4 3.6 2.5 2.9 3.0 2.9 2.5 2.7 3.0 

H4 H5 3.6 2.4 2.3 2.3 2.8 2.4 2.4 2.3 

          
F 
(GlcNx) 

E 
(IdoA) NMR 

1
C4 

2
SO 

4
C1 NMR 

1
C4 

2
SO 

4
C1 

H3 H1         2.6 3.5 4.1 3.4 

H4 H1 2.7 2.3 2.4 2.3 2.6 2.3 2.3 2.3 

H6' H1 2.7 3.0 3.0 3.1 2.7 2.8 2.9 2.9 
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F 
(GlcNx) 

F 
(GlcNx) NMR 

1
C4 

2
SO 

4
C1 NMR 

1
C4 

2
SO 

4
C1 

H1 H2 2.7 2.4 2.4 2.4 2.6 2.4 2.4 2.4 

H1 H3 3.6 3.8 3.8 3.8         

 

 

7.2 Computational screening of the human TF-glycome provides a structural definition for 

the specificity of anti-tumor antibody JAA-F11 

7.2.1 Supplementary Results 

Corrections or Clarifications Associated with CFG v4.0 Glycan Array Annotations 

1)  When an anomeric center is not specified at the reducing end, the anomeric 

configuration is either not known or is present as a mixture. 

2)  The sequence for ligand 158 (CFG v4.0 ID) is Galβ1-3(Galβ1-4GlcNAcβ1-6) 

GalNAc-Sp14.  The anomeric center is undetermined, or is a mixture, the spacer is number 14. 

3)  The sequence for ligand 159 is Galβ1-3(Galβ1-4GlcNAcβ1-6)GalNAcα-Sp8.  The 

anomeric center is α, the spacer is 8. 

4)  Ligands 157 and 159 are identical, Galβ1-3(Galβ1-4GlcNAcβ1-6)GalNAcα-Sp8. 

5)  Ligands 125 and 182 are identical, Galβ1-3(GlcNAcβ1-6)GalNAcα-Sp8. 

  



 

148 

 

7.2.2 Supplementary Figures 

 

 

Figure 7.3 Normalized experimental STD intensities for the TF disaccharide bound to JAA-F11 

Fab (a).  Theoretical STD intensities for the top four poses from docking (b-e); pose 1(b) shows 

the highest consistency with experimental STD data. 
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Figure 7.4 STD-NMR integral build up curves for a 200:1 mixture of Galβ1-3GalNAc:JAA-F11 

antibody, normalized to the intensity from the GalNAc N-Acetyl methyl group protons. The 

experiment employed free disaccharide, and only the binding of the TF-α disaccharide was 

observed. 

 

7.2.3 Supplementary Tables 

 

Table 7.8 Docking results summary for the four pose clusters identified by docking the TF-

disaccharide (Galβ1-3GalNAcα-OMe) to the FAB fragment of JAA-F11.  The lowest energy 

conformer from each cluster was used as a representative pose (Poses 1 – 4) in the CCG analysis. 

Cluster Ranka 1 2 3 4 

Population (%) 64 10 6 12 

Average docked energyb -8.8 -8.0 -7.3 -6.7 

aBased on a 2.0 Å cutoff.  bkcal mol-1.  
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Table 7.9 Experimental values for the glycan array screening of JAA-F11.  Shown are the 

glycans containing the minimal binding determinant, Galβ1-3GalNAcα, and sequences that 

characterize the specificity of the mAb.   

 Glycana
  

Mean Relative Fluorescence 

units (RFUs) 

  Spb 
0.1 

µg/mL 

5 

µg/mL 

200 

µg/mL 

1 Galβ1-3GalNAcα 

8 16223 39364 58481 

14 8 30 14 

16 15 28 15565 

2 Neu5Acβ2-6(Galβ1-3)GalNAcα 8 12388 33481 52238 

3 Neu5Acα2-6(Galβ1-3)GalNAcα 
8 13105 32998 45410 

14 7 11 6 

4 Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAcα 8c 2023 18060 62789 

  14d -2 11 1 

5 GlcNAcβ1-6(Galβ1-3)GalNAcα 8 2357 16637 61857 

  14d -1 12 8 

6 Galα1-3GalNAcα 
8 17 256 45611 

16 2 8 8 

7 Galβ 8 12 2 45 

10 Fucα1-2Galβ1-3GalNAcα 
8 -5 17 94 

14 4 31 24 

11 GlcNAcβ1-3Galβ1-3GalNAcα 8 17 29 53 

12 
Neu5Acα2-3Galβ1-4(Fucα1-3)GlcNAcβ1-6(Galβ1-

3)GalNAcα 
14 31 48 42 

13 Neu5Acα2-3Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAcα 14 -1 21 21 

14 Fucα1-2Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-4Glcβ 0 5 23 20 

15 GlcNAcα1-4Galβ1-3GalNAc 14d 10 48 18 

16 GlcNAcβ1-2Galβ1-3GalNAcα 8 5 23 17 

17 
Neu5Acα2-3Galβ1-4(Fucα1-3)GlcNAcβ1-6(Neu5Acα2-

3Galβ1-3)GalNAc 
14d 38 35 14 

18 
GalNAcα1-3(Fucα1-2)Galβ1-3GalNAcα 1-3(Fucα1-

2)Galβ1-4GlcNAcβ 
0 1 8 14 

19 Galβ1-3GalNAcα1-3(Fucα1-2) Galβ1-4GlcNAc 0d 8 10 14 

20 Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-4Glc 0d 13 19 13 

21 (3S)Galβ1-3GalNAcα 8 -2 6 12 

22 Fucα1-2Galβ1-3GalNAcα1-3(Fucα1-2)Galβ1-4GlcNAcβ 0 1 17 10 

23 Neu5Acα2-6(Neu5Acα2-3Galβ1-3)GalNAcα 
8 2 23 8 

14 19 22 12 

24 6S(Neu5Acα2-3Galβ1-3)GalNAcα 8 8 19 7 

25 Neu5Acα2-3Galβ1-3GalNAcα 
8 5 14 5 

14 4 7 6 

26 
Neu5Acα2-3Galβ1-4GlcNAcβ1-6(Neu5Acα2-3Galβ1-

3)GalNAcα 
14 19 11 2 

27 KDNα2-3Galβ1-3GalNAcα 14 -8 6 0 
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aBinding is considered to be present if the mean relative fluorescence signal is above at least 5% of the maximum 

signal in the sample at 200 ug/mL. bSpacers are identified as follows: 0, – (CH2)2NH2; 8, –(CH2)3NH2; 14, threonine; 

16, -p-nitrophenyl.   cAverage value for redundant glycans on the v4.0 Glycan Array.  dUndefined anomeric 

configuration at reducing terminus. 

 

Table 7.10 Van der Waals overlaps from a CCG analysis of the CFG array glycans.   

ID CFG ID v4.0 Binders
a
 Sp

b
 

Pose 

1 

Pose 

2 

Pose 

3 

Pose 

4 

1 131 Galβ1-3GalNAcα 8 0 0 0 0 

2 129 Neu5Acβ2-6(Galβ1-3)GalNAcα 8 0 0.7 5.9* 0 

3 127 Neu5Acα2-6(Galβ1-3)GalNAcα 8 0.1 1.1* 10* 0 

4 157,159 Galβ1-4GlcNAcβ1-6(Galβ1-3)GalNAcα 8 0 0 13.1* 0 

5 125,182 GlcNAcβ1-6(Galβ1-3)GalNAcα 8 0 0 5.1* 0 

  Non-Binders
a
      

10 58 Fucα1-2Galβ1-3GalNAcα 8 7.6 1.2 0* 7 

11 85 GlcNAcβ1-3Galβ1-3GalNAcα 8 12.4 12.3 0* 8.7 

16 166 GlcNAcβ1-2Galβ1-3GalNAcα 8 11.6 3.4 0* 9.8 

21 27 (3S)Galβ1-3GalNAcα 8 2.8 0* 0* 2.3 

23 233 
Neu5Acα2-6(Neu5Acα2-3Galβ1-

3)GalNAcα 
8 17.6 17.7 9.4 12.4 

25 232 6S(Neu5Acα2-3Galβ1-3)GalNAcα 8 17.3 16.7 0.7* 14.2 

26 214 Neu5Acα2-3Galβ1-3GalNAcα 8 17.4 16.8 0* 12.4 

31 91 GalNAcβ1-3GalNAcα 8 2.5 0.3* 0* 2 

32 133 Galβ1-3GalNAcβ-Sp8c 8 2.2 1.3 3.1 0* 

33 134 Galβ1-3GalNAcβ1-4Galβ1-4Glcβ 0 15.6 17 21.1 0* 

Only Pose 1 is fully compatible with the experimental specificity data.  Poses that lead to incompatibilities with the 

experimental data denoted with an asterisk (*).  aBinding or non-binding classification is based on a mean relative 

fluorescence signal greater than (binder) or less than (non-binder) 5% of the maximum signal for each concentration 

in array version 4.0. bSp0: –(CH2)2NH2; Sp8: –(CH2)3NH2. 
cA methyl aglycon was employed in the grafting process 

to probe the effect of a β-linked spacer. 
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