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Abstract

Carbohydrates are abundant in nature and have functions, ranging from en-
ergy storage to acting as structural components. Analysis of carbohydrate
structures is important and can be used for, for instance, clinical diagnosis
of diseases as well as in bacterial studies. The complexity of glycans makes
it difficult to determine their structures. NMR spectroscopy is an advanced
method that can be used to examine carbohydrates at the atomic level, but full
assignments of the signals require much work. Reliable automation of this
process would be of great help. Herein studies of Escherichia coli O-antigen
polysaccharides are presented, both a structure determination by NMR and
also research on glycosyltransferases which assemble the polysaccharides.
The computer program CASPER has been improved to assist in carbohydrate
studies and in the long run make it possible to automatically determine struc-
tures based only on NMR data.

Detailed computer studies of glycans can shed light on their interactions
with proteins and help find inhibitors to prevent unwanted binding. The WaaG
glycosyltransferase is important for the formation of E. coli lipopolysaccha-
rides. Molecular docking analyses of structures confirmed to bind this enzyme
have provided information on how inhibitors could be composed. Noroviruses
cause gastroenteritis, such as the winter vomiting disease, after binding human
histo-blood group antigens. In one of the projects, fragment-based docking,
followed by molecular dynamics simulations and binding free energy calcu-
lations, was used to find competitive binders to the P domain of the capsid
of the norovirus VA387. These novel structures have high affinity and are a
very good starting point for developing drugs against noroviruses. The protein
targets in these two projects are carbohydrate binding, but the techniques are
general and can be applied to other research projects.



“Vårt liv är inte bara knog.
Öl är till exempel gott.”

- Hans Alfredsson
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1. Introduction

Science can be introduced to
children well or poorly. If poorly,
children can be turned away from
science; they can develop a lifelong
antipathy; they will be in a far worse
condition than if they had never
been introduced to science at all.

Isaac Asimov

Structure analysis of carbohydrates can be very tedious due to their com-
plex nature, but it is, however, a crucial task since this knowledge can be used
for disease diagnosis as well as generating drugs against, for example, bac-
teria. Escherichia coli O-antigens are complex polysaccharides covering the
cells of the bacteria, but the structures of many of these O-antigens are still
not determined. Computer tools can greatly assist in the structure analysis
process and can accelerate new discoveries. Fully automatic glycan structure
determination, from NMR spectrometer to conclusive results without manual
intervention, is still far away, but herein it is shown to be a realistic goal. The
most important tools are available, but they need further improvements and
integration with each other.

The cost of drug development has risen dramatically the past 50 years and
there is still no sign that the trend is changing.1, 2 The average cost to de-
velop a new drug and bring it to the market was recently estimated to e2.4
billion, whereas during the period 1963-1975 it was nearly e216 million (cor-
rected for the change in currency values and 2009 exchange rates).2, 3 It is of
great importance to stop these cost increases, and preferably also to turn the
trend. Today, it is difficult to envision drug development without computer
assistance. Simple examples of applications are 3D molecular visualisation
tools and bioinformatic databases, but more advanced would be molecular
docking, quantum mechanics and molecular dynamics simulations.4 Compu-

Target identification Hit identification
Lead generation and

optimisation
Candidate drug

selection Clinical trials

Figure 1.1: An overview of the preclinical stages of drug development.
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tational techniques can be used in several stages of drug development, but the
utilisations are pronounced in the hit identification as well as the lead gener-
ation and optimisation phases (see figure 1.1). Virtual screening can identify
compounds that are plausible high-affinity binders for further in vitro (“in
glass”) tests and the optimisation process is aided by the simulation and visu-
alisation powers. It is inexpensive to keep a very large molecular library in a
computer, compared to keeping all compounds in a chemicals repository. Still,
it is not possible to cover more than a small fraction of the chemical space in
silico (in a computer) and the calculation times required to study it all cannot
be grasped. Fragment-based drug development uses small molecules that can
be tested separately and then combined to form potent structures. This com-
binatory technique facilitates exploring a larger part of the possible molecules
in a shorter time.

Molecular docking and molecular dynamics simulations have been used in
the present work to analyse the interactions of such fragments with the glyco-
syltransferase WaaG and the norovirus strain VA387. Noroviruses cause acute
gastroenteritis such as the “winter vomiting disease”,5 which can hopefully be
prevented by inhibiting the binding of the virus capsid to histo-blood group
antigens. In the search for high-affinity inhibitors it must be kept in mind that
absorption, distribution, metabolism, elimination and toxicology (ADMET)
are also important factors to take into account as early as possible. Many of
these properties can be calculated in silico with the same accuracy as in vitro
assays in minutes instead of many weeks.6 This information should be used
to determine which of the hits should be allowed further in the development
process.

12



2. Carbohydrates

Beware of over-confidence;
especially in matters of structure.

Cass Gilbert

Carbohydrates are the most abundant of the biomolecules. They have many
functions ranging from energy storage (glycogen and starch) to acting as struc-
tural components (cellulose in plants and chitin in animal shells). Carbohy-
drates are also a major part of bacterial cell walls.7

Monosaccharides are the simplest form of carbohydrates and can, when
free, exist either as an open chain or in a cyclic form (figure 2.1). The rings
that are formed can be either five- or six-membered, called furanoses and
pyranoses respectively.8 In solution there is an equilibrium between these
two cyclic forms and for most hexoses the pyranose form is more common.
Depending on the relative stereochemistry of the anomeric center (the hemi-
acetal carbon) the monosaccharide is labelled α or β.8, 9 If glucose is dis-
solved in water the sugar components in the mixture are approximately 66%
β-D-glucopyranose and 33% α-D-glucopyranose.9

Open monosaccharides are often depicted in the Fischer projection, while
pyranoses are usually drawn in the Haworth projection or as a chair confor-
mation (see figure 2.1). The chair form is a better representation of what the
monosaccharide looks like, since it more closely reflects the real angles.

Two monosaccharides can be linked together to form a disaccharide (figure
2.2). The linkage between them is called a glycosidic linkage, or more specif-
ically an O-glycosidic linkage. The sugar residues are normally linked via the
anomeric hydroxyl group. The reaction, when a glycosidic linkage is formed,
can be compared to the formation of acetal and water from a hemiacetal and
an alcohol.8, 9

Oligosaccharides are structures made up of multiple monosaccharides
linked together via glycosidic linkages, while polysaccharides are even larger
glycans, often containing repeating units of oligosaccharides. In oligo- and
polysaccharides the sugars are almost exclusively in the ring form.8 Glycan
is a term used for both oligo- and polysaccharides.

The variation in carbohydrate structures is generally larger than for amino
acids or nucleotides, which are linear polymers with only one kind of link-

13
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Figure 2.1: Examples of D- and L-forms of monosaccharides and the common ways to
draw sugar ring forms. (a) Fischer projection of D-Glucose. (b) Fischer projection of
D-Galactose. (c) Fischer projection of L-Glucose. (d) Fischer projection of L-Galactose.
(e) Haworth projection of β-D-Glucopyranose (β-D-Glcp). (f) Haworth projection
of β-D-Galactopyranose (β-D-Galp) (g) Chair conformation of β-D-Glcp. (h) Chair
conformation of β-D-Galp.

14



O

O

OH
HO

HO

OH

O

OH

OH
HO

OH

Figure 2.2: The α-D-Glcp-(1→4)-β-D-Glcp disaccharide, also known as β-maltose,
shown as a skeletal representation as well as a 3D model.

age. For example, three amino acids in combination can generate 6 different
structures, while three different hexoses (including only the D or L form) can
form thousands of different linear trisaccharides, not counting branched struc-
tures.10, 11 In nature the number of possible structures is restricted by biosyn-
thetic pathways, but it is still not known exactly which structures can occur.9

The large diversity makes the structure determination of carbohydrates poten-
tially more difficult than of proteins even if the number of sugar residues in a
glycan is, in most cases, lower than the number of amino acids in a protein.
This structural complexity is very important for carbohydrates to function as
a signaling system. Cell membranes and proteins (see section 2.3) are deco-
rated by an array of carbohydrates, where each simple monosaccharide can be
compared to a letter and an oligosaccharide would in the same vein be a word
and the dictionary would be enormous.12 The “words” encoded by glycans
are recognised and translated into biological signals by proteins called lectins,
present in plants and animals.13, 14
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2.1 Glycosyltransferases
Oligo- and polysaccharides are biosynthetically assembled by enzymes called
glycosyltransferases (GTs). They are located in the membranes around the
endoplasmatic reticulum (ER), the Golgi apparatus and the trans-Golgi net-
work.9 A glycosidic linkage is created between two sugars, referred to as the
glycosidic donor and the glycosidic acceptor. The glycosidic donor is, in most
cases, a nucleotide sugar and is thereby activated for reaction. GTs are clas-
sified as either retaining or inverting, based on the anomeric configuration of
the donor sugar in the product (see figure 2.3).15–17 The enzymes are very se-
lective for both the donor and acceptor sugars, and the reaction, in which the
linkage is formed, is generally stereo- and regioselective. There are examples
of GTs which catalyse the synthesis of more than one linkage and also dif-
ferent GTs forming the same kind of linkage.9, 18 The specificity of most GTs
is still not elucidated and it is not easy to study them all experimentally. A
common method for predicting GT specificities is to search databases of pro-
tein sequences and/or 3D structures for similar GTs with known, or proposed,
function,16, 19 but experimental determination20 provides a more definite an-
swer.

Glycosyltransferases are required for the assembly of O-antigen
lipopolysaccharides of Gram-negative bacteria, such as E. coli.23 Figure 2.4
shows how the sugars are added sequentially to the growing repeating unit of
the O-antigen of E. coli O98.21, 22
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Figure 2.4: The assembly of the E. coli O98 O-antigen polysaccharide repeating
unit.21, 22 The first sugar in the repeating unit is added by WecA. WbwW, WbwV and
WbwU are GTs adding a specific sugar to the growing chain by a retaining mechanism.
The synthesised unit is then flipped across the cell membrane and added to the growing
polysaccharide chain by Wzx and Wzy. When polymerised, a β-D-GlcNAc-(1→3)-L-
QuiNAc linkage is formed.

Figure 2.5: Schematic structure of an enterobacterial lipopolysaccharide. The lipids
are shown as curved lines and the sugar residues are as follows: GlcN ( ), Kdo ( KDO),
heptose ( Hep), hexose ( ) and O-antigen components ( ? ), mostly hexoses.

2.2 Bacterial Polysaccharides
Bacterial polysaccharides (PSs) are more complex and diverse than the gly-
cans in plants and animals. For example, there are no more than 10 differ-
ent monosaccharides present in the mammalian glycome, whereas almost 300
(including modifications and substituents) have been found in bacteria.24–26

E. coli can carry two kinds of polysaccharides; capsular (K-antigens) and the
O-specific polysaccharide (O-antigens) of the lipopolysaccharides (LPS).27

LPSs, also known as endotoxins, are an important part of the cell wall of
Gram-negative bacteria. These protect the bacteria from the immune system
of the host, but can also be recognised by the same. The LPS consists of three
parts: lipid A, which is the toxic component; the core region, which can be di-
vided into an inner and an outer part; and the O-antigen polysaccharide, which
is serogroup specific (figure 2.5).9
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Figure 2.6: Human CD2 is linked to a single high-mannose N-glycan (PDB ID:
1GYA).29

Figure 2.7: The core structure of N-glycans. The sugar residues are as follows:
D-GlcpNAc ( ) and D-Manp ( ).

2.3 Glycoproteins
A glycoprotein is a protein covalently linked to an oligosaccharide and they
are classified according to which amino acids are glycosylated and the type
of the oligosaccharide. N-glycans (or N-linked glycans) are linked from a
GlcpNAc to the amide nitrogen in asparagine (Asn) (figure 2.6) and share
a common core structure (figure 2.7).9 O-glycans are also called O-GalNAc
glycans, or mucin O-glycans, and are linked from an α-D-GalNAc to the hy-
droxyl group of a serine (Ser) or threonine (Thr) residue in a protein. Mucins
are proteins with regions very rich in O-glycans and have, e.g., protective
functions by trapping bacteria in the protruding oligosaccharides.28

The carbohydrate moieties of glycoproteins have many important roles,
such as acting as antigenic determinants (i.e., they are recognised by the im-
mune system), affecting protein folding and they are involved in signalling
systems in the body.7, 9, 14 The extent of protein glycosylation has not yet
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been completely established, but after analysing the SWISS-PROT database30

Bairoch et al. concluded that most proteins in nature are expected to be gly-
coproteins.31 It has been shown that some diseases are associated with certain
glycoprotein patterns. These are referred to as tumour markers when related
to cancer and some cancer forms can be discovered early by finding these
markers.14, 32–34

2.4 Analysing Carbohydrates Using NMR Spectroscopy
There are many ways to analyse glycans. The most commonly used meth-
ods are Mass Spectrometry (MS), High Performance Liquid Chromatography
(HPLC) and Nuclear Magnetic Resonance (NMR) spectroscopy. These ap-
proaches are often combined to take advantage of their respective strengths.

NMR spectroscopy is a powerful technique that gives detailed information
about molecules on an atomic level. Atomic nuclei have a property called spin,
described by the spin quantum number, I. Atoms with I 6= 0 have a magnetic
moment and can thus be observed by NMR. Most elements have at least one
isotope with a non-zero spin quantum number. When exposing these nuclei to
a magnetic field, the energy of the spin-states will differ and that is exploited
in this analytical technique.35, 36 When applying electromagnetic radiation of
a frequency matching the Larmor frequency of the atom, there will be res-
onance, and that is observed in NMR spectroscopy.36 NMR instruments are
usually classified by their proton resonance frequency. In this work, NMR in-
struments in the range of 500 to 700 MHz, corresponding to magnetic field
strengths of 11.75 T to 16.44 T, have been used.

There are many different NMR experiments that are used for carbohydrate
analysis and structure determination. The following list is not comprehensive,
but gives a brief overview of some of the most used experiments for sequence
elucidation.

One-Dimensional Experiments The advantage of 1D experiments is that
they are generally faster to setup and run than 2D experiments and can,
still, provide important data.

A one-dimensional 1H experiment is used for, e.g., measuring chemical
shifts, coupling constants and integrating peaks.
13C experiments are mainly employed for measuring chemical shifts,
but in some cases important coupling constants can be observed as well.

Two-Dimensional Experiments There is a large number of 2D experiments
that can be of use when studying carbohydrate structures. Here only the
most fundamental types will be described.
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1H,X-HSQC37 is an experiment giving single-bond correlations
between a proton and the X (usually 13C for carbohydrates) nucleus.
This means that it is possible to see which carbon (or nitrogen) a proton
is linked to and also separate signals that may be overlapping in a 1D
spectrum. A coupled 1H,X-HSQC also gives the one-bond coupling
between the nuclei. When studying proteins, 1H,15N-HSQC is often
employed, but that is beyond the scope of this thesis.
1H,1H-TOCSY38 is a through-bond experiment that gives correlations
between protons with J-couplings. The number of bonds over
which correlations can be observed depends on the mixing time
of the experiment and the couplings between the protons. TOCSY
experiments can show which protons are in the same sugar residue,
or spin system, but if the J-coupling between two protons is weak the
TOCSY transfer stops, which means that the whole spin system cannot
be revealed. There are also heteronuclear TOCSY experiments, such as
1H,31P-hetero-TOCSY.39

1H,1H-NOESY40 is a homonuclear experiment based on magnetic in-
teractions through space giving rise to the Nuclear Overhauser Effect
(NOE).36 Protons which are close in space give rise to cross peaks in a
NOESY spectrum. The distance over which a NOESY correlation can
be observed is dependent on the mixing time. In addition to providing
information about the three-dimensional structure of the molecule, this
enables determining the glycosidic linkage positions since the protons
on each side of the glycosidic linkage are usually close to each other.
NOE information is very valuable when reviewing molecular confor-
mations and intermolecular interactions.
1H,13C-HMBC41 and 1H,13C-H2BC42 are through-bond experiments
giving correlations between protons and carbons over a longer distance
than HSQC. HMBC can give correlations through two or three bonds,
while H2BC only gives heteronuclear correlations over two bonds. The
three bond correlations can reveal the glycosidic linkages as well as
intraresidual connections, while H2BC only gives 1H-13C correlations
from atoms in the same residue.
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3. Molecular Modelling

... if you frighten easily, do not learn
how to fence.

Hanko Döbringer’s Fechtbuch
Hanko Döbringer, 1389

Molecular modelling is often used in chemistry and biology in order to study
motions and interactions of molecules in detail. It is employed not only in
organic chemistry, but also in, e.g., material sciences, and is a rapidly grow-
ing field of science. Common uses are finding low-energy conformations of
molecules, molecular dynamics (MD) simulations, molecular docking and
protein 3D structure prediction, through, e.g., homology modelling. Herein
focus will be on MD simulations and molecular docking, with emphasis on
how those methods can be applied in the field of drug discovery.

Using in silico methods to identify hits, that could be turned into leads, is
faster and less expensive than keeping a large compound library for in vitro
screening. This has led to computational methods, especially virtual screen-
ing (VS), replacing and complementing laborative techniques to an increasing
extent.43

3.1 Molecular Dynamics
In MD simulations movements of molecules, including the intramolecular
atom motions over a period of time, are calculated. The dynamics are based
on solving Newton’s second law of motion in very small time steps, often in
the range of 0.5 to 2.5 fs/step. Atomic interactions give rise to forces acting
on the atoms causing them to move. In MD simulations these forces are mod-
elled by force fields, containing parameters for how different kinds of atoms
interact with each other. An MD simulation is initiated by assigning velocities
to the atoms in the system, which equates to setting the temperature since the
temperature is proportional to the kinetic energy of the system.44, 45
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Angle
Bond

Dihedral

Figure 3.1: The types of bonded interactions in butane.

Figure 3.2: The improper torsion angle between atoms labelled 1, 2, 3 and 4 is 0°,
meaning that the heavy atoms of acetic acid are in the same plane.

Force fields used in MD divide the energy into bonded and non-bonded in-
teractions, the sum of which make up the total energy of the molecular system
(Eq. 3.1 and figures 3.1 and 3.2).

ETot = EBond +EAngle +EDihedral +EImproper +Evan derWaals +EElectrostatic
(3.1)

Solvents can be simulated in two ways, either explicitly or implicitly. Im-
plicit solvent models handle the solvent as a homogeneous medium, using
continuum electrostatics and other descriptions of interactions between so-
lutes and the solvent. This is a simplification to reduce calculation times and
must be interpreted with care, but can be very useful for long simulations.46

Explicit solvent means that the solvent molecules are present in the simu-
lation and the force field is used to calculate atomic interactions. There are
many different water models describing water molecules at different levels of
detail and using different partial charges and bond angles. Some of the most
commonly used models are SPC,47 TIP3P48 and TIP4P.48 Calculations using
explicit solvent take longer time, but can represent, e.g., hydrogen bonds more
accurately, and are more commonly used in MD simulations, especially when
studying kinetics. Periodic boundary conditions are often employed in order
to emulate a very large system and avoid evaporation of solvent. This means
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that the box, in which the simulation takes place, is repeated infinitely in all
directions and molecules crossing a boundary reappears on the opposite side
(figure 3.3).44 An alternative to using periodic boundary conditions is to sol-
vate the system, or parts of it, in a sphere (figure 3.4). If only a small part of
the system is of interest the sphere does not have to encompass it all, which
can reduce computation times drastically, but in such a case the atoms out-
side the sphere must be tightly restrained, resulting in artificial restrictions of
overall movements.

When running an MD simulation, there are constraints to keep the system
in a desired state, often referred to as ensembles. Using the canonical ensem-
ble (NVT) the moles (N), volume (V) and temperature (T) are kept constant
throughout the simulation. This is often used in non-periodic systems since
the outer boundaries of the sphere, or box, need to be tightly constrained. The
isothermal-isobaric ensemble (NPT) keeps the pressure constant instead of the
volume and is often employed when using periodic boundary conditions. This
means that the volume of the periodic box can vary slightly during the simu-
lation, as if a piston were connected to it to keep the pressure. There are other
alternatives, but it is common to keep the number of molecules (N) constant
and vary the other parameters as necessary.

MD simulations are usually performed in two stages. Equilibration of the
system is the first stage, in which strains in the system are relieved, and
a temperature is set. Before equilibration the system is sometimes energy-
minimised employing molecular mechanics (MM) without considering move-
ments over time. When equilibrating a large system, the temperature is usually
raised in steps in order to avoid very large movements if the initial coordinates
are unfavourable. When the desired temperature is reached, the simulations
are continued to ensure that the system is fully equilibrated, usually for 25-
500 ps. The next step is called the production stage or the dynamics stage,
during which data is collected. The length of this stage is most often in the
range of ns to µs depending on what is analysed.

When examining the resulting trajectories, it is possible to identify pre-
ferred conformations and make torsion angle plots, find flexible parts of a
protein and also study inter- and intramolecular energies over a period of time.

3.2 Molecular Docking
Molecular docking is a modelling method to predict the binding mode of one
molecule to another as well as to estimate the binding affinity. In medicinal
chemistry this is commonly used to find small molecules (ligands) that bind
with high affinity to a receptor and to reveal how structural modifications af-
fect the interaction.49, 50 The receptor is most often a protein, which will be
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Figure 3.3: Schematic 2D representation of periodic boundary conditions of a system
solvated in a water box. The “real” system which is simulated is represented by the
central box and is surrounded by images, or copies, of itself. The water molecules are
scaled up compared to the protein.

Figure 3.4: Glucose (shown as spheres) in a glucose/galactose-binding protein (GBP)
(represented by a cartoon ribbon) solvated in a water sphere with a radius of 20 Å.
Atoms outside the water sphere must be kept still during MD simulations.
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the focus here, or a DNA or RNA molecule.51 The method can also be used to
research biological processes in detail,49 especially in combination with MD
simulations.

In order to perform a docking study the structure of the receptor
protein is required, usually obtained using X-ray crystallography or NMR
spectroscopy.52 Nowadays there is a large repository of experimentally
determined structures of proteins available at the RCSB Protein Data
Bank (PDB).53, 54 If there is no three-dimensional structure of the protein
available it is sometimes possible to predict the structure if there are closely
related structures at hand. Sequence similarity, and even more importantly
the evolutionary relationship, between proteins is often correlated with
structure conservation.55–57 In short, the procedure uses a known structure
as a template, aligns the amino acid sequence of the studied protein to it
and imitates the protein fold of the known structure as much as possible.
Unfortunately these predictions are still error prone, especially concerning
loops in the structure, and can, therefore, often not be used for accurate
docking studies.55

If the protein structure does not contain a ligand binding the active site,
and if the position of the active site is not known, the protein surface must be
searched for potential binding sites, or compared to similar proteins to reveal
favourable regions.52 It is also possible to dock against the complete protein
surface, called blind docking.58

The available volume of the binding site is often stored in an energy grid,
containing information about interaction energies at positions in the 3D space,
or a set of polar and non-polar fragments representing an ideal ligand in the
binding site (figure 3.5).59 This can be regarded as generating a simplified
protein-based pharmacophore to represent important functional groups.43

Molecular docking can be divided into two processes, namely to generate
structural complexes of the ligand binding to the protein, referred to as posing,
and to estimate how well the generated poses fit in the protein, also known as
scoring.50

3.2.1 Posing
The ligand is positioned in the protein, often using an energy grid or a similar
guide (see figure 3.5), attempting to find the optimal conformation.

In order to reduce computation times during posing the protein is often as-
sumed to be rigid, while the small molecule is flexible.60 This can give good
results provided that the protein conformation used accommodates the ligand
well. In reality proteins are often flexible and can undergo large rearrange-
ments when binding a ligand. There are different methods to account for this
adaptability, apart from making all of the protein flexible, such as: making
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(a) (b)

Figure 3.5: (a) shows an AutoDock 4 grid of oxygen interaction energies, of the P
domain of the norovirus VA387 capsid protein, as isocontour surfaces. Repulsive
energies (1 kcal/mol) are shown by the red surface and favourable energies (-0.4
kcal/mol) are represented by the white surface. AutoDock 4 uses separate grid maps
for different atom types. The grid was generated with six water molecules retained
from the crystal structure. The co-crystallised histo-blood group antigen (HBGA) B
trisaccharide is shown as sticks. In (b) a Surflex protomol is shown, its carbon atoms
coloured cyan. The protomol is a pseudo-molecule consisting of fragments representing
favourable interactions; CH4 represents hydrophobic groups, CO represents hydrogen
bond acceptors and NH hydrogen bond donors. The protein is covered by a surface and
the water molecules are not shown.

the side chains of the protein flexible during docking,60, 61 allowing an over-
lap between the ligand and the receptor,60 repeated docking to an ensemble
of protein structures62 or docking to a representative combination of protein
structures.63 Some of these methods increase the computation times drasti-
cally, but should be considered if very accurate results are required.

There are several methods to sample the conformational space efficiently,
the most commonly employed are:

Incremental Construction (IC) splits the ligand into small parts that are
docked in the receptor. Rigid fragments act as anchors which are then
linked together by flexible parts inside the binding site.51 This method
is used by, for instance, DOCK64, 65 and Surflex.59

Monte Carlo (MC) Simulations are commonly used for energy minimisa-
tion of molecules, but can also be used for docking. In these simula-
tions sequences of random numbers are used to generate ligand poses
and conformations in the binding site, followed by a force-field based
energy minimisation.51
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Simulated Annealing (SA) is an algorithm in which conformations of a
docked ligand are analysed in an MD simulation, with gradually
decreasing temperature. The method is accurate, but relatively slow,
especially if the protein flexibility is accounted for as well. Another
drawback with SA is that there is a risk of finding local, instead of the
global, energy minima.51

Genetic Algorithm (GA) can be used in a large number of optimisation
fields and follows the same fundamental ideas as natural evolution
selecting genes coding for favourable abilities.66 Variables describing
the protein-ligand system are regarded as genes and the selection
is based on how well the ligand fits in the active site. Successful
individuals (ligand poses) are allowed to mate to produce offspring,
inheriting genes from either parent. This inheritance process also
involves random mutation of genes in order to introduce higher
variability.66 Lamarckian GAs also allows local searching to let
individuals evolve and these improved abilities to be inherited.67

Docking algorithms can also be combined to improve the performance, for
instance, Monte Carlo Simulated Annealing.51 In 2008 it was reported that
there were over 60 docking programs.43 Some of the most commonly used
are AutoDock 4,66 DOCK,64, 65 FlexX,68 Glide,69–71 Gold,72 and Surflex.59

It is also possible to improve results from posing if the actual pharma-
cophore, a 3D representation of the required interactions, of the protein is
known. It is then possible to define criteria that have to be fulfilled and filter
the results from docking that way in order to remove high scoring, but proba-
bly irrelevant, conformations.43, 73

3.2.2 Scoring
This part of docking consists of estimating how well a small molecule fits in a
protein. This score should, in theory, correlate to the difference in free energy
upon binding, but scoring methods are not sophisticated enough to be blindly
trusted. There are three types of scoring functions (SFs) that are currently
used:50

Force field-based functions are applied in the same way as in MD simula-
tions and report the interaction energy of the protein-ligand complex
as well as the internal ligand energies. If protein flexibility is also con-
sidered the internal protein energy must be taken into account as well.
Different SFs use different force field parameters.43, 50 GoldScore74 and
QXP SF75 are two examples of force field-based SFs.

27



Empirical SFs are composed of factors contributing to the ligand binding,
such as hydrogen bonds, hydrophobic interactions and entropy loss
from prevention of bond rotation. Each factor is scaled by multivariate
regression analysis to reproduce experimental binding free energies
(BFEs) for the correct binding modes. The weighting factors are
dependent on the data sets used to calibrate the SF, which can be used
to quickly evaluate the interaction energies.43, 50, 76, 77 Examples of
empirical SFs are ChemScore,78 FlexX SF68 and GlideScore.69, 71

Knowledge-based functions are tailored to reproduce binding modes of
protein-ligand complexes from crystal structures. They are based on
pairwise atom distances, where different atom types can have unique
score-distance dependencies. Bridging water can be taken into account
by favouring distances where structural water is observed. These SFs
are often not as good for accurate BFE estimates as they are for finding
the correct docking conformations.43, 50 DrugScore79 is one of the most
well-known SFs of this class.

An SF has two features, firstly to score poses to be able to identify the most
favourable binding modes of a structure, and secondly to rank ligands to be
able to separate binders from non-binders.43

The biggest problem with docking is that the scoring is too inaccurate to
find the correct binding modes and also to rank structures based on affinity.
Depending on the size of the molecule, mainly the torsional degrees of free-
dom, the calculated free energies of binding can vary very much. If the docked
molecules are of similar size this problem can be partially circumvented and
a relative ranking can often be achieved.80

3.2.3 Water in Docking
Water is often directly involved in mediating binding of a ligand to a protein
and sometimes its role is very important, both for widening the substrate scope
and for increasing the affinity.81 It can act both as a hydrogen bond donor and
acceptor and thereby form a bridge between molecules.82 It is, however, dif-
ficult to model the effects of water accurately and in many docking studies
it is removed completely.83 One problem is that in an X-ray crystal structure
there is much water and it is not trivial to tell which are involved in the bind-
ing, since the interactions can be favoured in many ways by water. Apart from
that, it is important to keep in mind that the solvent molecules can be replaced
in the binding process and this is not easily accounted for by docking pro-
grams. One way to avoid these problems is to do multiple dockings, retaining
different waters. This can give detailed information about to which extent wa-
ter molecules affect the binding of different ligands in a library. The problem
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is that it takes much time to repeat the dockings for each possible combina-
tion of water molecules. It is also possible to generate multiple docking grids,
from NMR structures or snapshots from MD simulations, and combine them
to represent an average, or weighted average, of interaction energies in the
binding site. This can be used to incorporate, not only possibly important wa-
ter molecules into a single model, but also protein movements.63

3.2.4 Virtual Screening
High-Throughput Screening (HTS) is an in vitro method for testing, e.g., the
affinity of a library of compounds to targets of interest, usually enzymes. Mil-
lions of compounds can be tested in an automated process, reporting the best
binders.51 The drawbacks with HTS are the high time requirements and costs,
since it requires access to the molecules to test.

VS is an alternative set of methods, where the affinity of molecules to the
protein at hand is calculated in silico, often employing techniques such as
molecular docking and/or QSAR models. QSAR is a method for predicting
the activity of compounds based on their physical and chemical properties, and
also to filter structure libraries to focus on compounds having drug-like prop-
erties.84 It has become an important tool in the drug discovery process, but the
details will not be covered in greater detail here. Fast computer-assisted fil-
tering of a large library of compounds to find plausible binders can efficiently
reduce the number of structures to synthesise or screen in vitro to a manage-
able quantity. VS is not only an alternative to enzyme assays, but can be seen
as a complement. There are examples of studies where random HTS did not
give any hits, but VS and structure optimisations in silico resulted in potential
inhibitors.85 On the other hand docking and affinity calculations can, however,
not provide fully reliable answers — the proposed structures must be tested
in vitro, and several optimisation iterations are most often required before a
drug candidate is found. VS of a very large library requires high speed, which
means that very accurate SFs, such as Free Energy Perturbation (FEP), might
not be feasible. With the constant increase of computing power, and improved
algorithms, VS is getting more powerful all the time.

Fragment-Based Virtual Screening
The number of possible chemical structures is almost infinite. This means that
it is not possible to fully cover the chemical space using VS techniques. It
is important to focus the structure library to contain only entities that have
drug-like properties and that can be synthesised. This could reduce the struc-
ture library from the 10100 range to a more manageable size of approximately
1015.86 This is, still, far too many structures for accurate VS calculations - a
typical library size used for docking is in the 106 range.87 In order to more
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(a) (b) (c) (d)

Figure 3.6: Schematic comparison of ordinary VS and fragment-based VS. (a) shows
the receptor. (b) is a high ranked ligand from the VS. The docked fragments in (c)
are expected to have low affinity because of their small size, but when they are linked
together in (d) the affinity increases since the entropic penalties have already been
“paid for”.

efficiently cover the chemical space small compounds (often referred to as
fragments) can be scrutinised instead, aiming at combining fragments, bind-
ing different parts of the binding site or separate pockets close enough to each
other, to a molecule suitable for further optimisations. In theory, combining
three fragments, from a library of 100, would lead to 106 possible combina-
tions, but require only 100 docking experiments.87 The candidates, based on
the combined fragments, would of course have to be docked in addition to
this. This means that a library of just a few thousand fragments would cover
more of the chemical space than what would be feasible using other methods.

Small fragments are expected to have very low affinity to a protein bind-
ing site, but the BFE of a molecule composed of three fragments is usually
lower (i.e., the affinity is higher) than the sum of the BFEs of the individual
fragments.87 This is due to the fact that the entropy loss upon binding the
three separate fragments is larger than when binding the larger molecule since
much of the entropy is lost when linking the fragments together — the penalty
is already paid before binding to the protein. See figure 3.6 for a simplified ex-
planation of fragment-based virtual screening.

Fragment-based screening is not limited to in silico studies, and is often
performed experimentally using NMR spectroscopy or X-ray crystallography
to evaluate interactions.87
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4. Aims of the Thesis

A person who aims at nothing is
sure to hit it.

Anonymous

There are two main fields of this thesis. The first part (Chapters 5 and 6)
covers carbohydrate structural studies. Determination of glycan structures is
a tedious task, but nonetheless important for, e.g., disease diagnosis and drug
development. The goal is to simplify this by providing computer tools that
will make it possible to automatically determine carbohydrate structures based
only on NMR chemical shifts.
• “Manual” determination of the O-antigen polysaccharide structure of E.

coli strain 94/D4 and E. coli O82. This is a secondary goal, mainly demon-
strating the procedure in structural studies.

• Addition of information about GTs to the ECODAB database88 in order to
reveal their functions and thereby predict elements of unknown structures
using this knowledge.

• Improving the computer program CASPER89 to automate structure deter-
mination by NMR as much as possible, including component analysis.
The second part (Chapter 7) is more specifically focused on computer-aided

drug design (CADD) and drug discovery. The two projects are based on dock-
ing of molecular fragments to proteins. The results can be used for designing
high-affinity binders for further development into drugs.
• Studying fragments binding the WaaG GT, by molecular docking using

four different docking programs.
• LIE90 method verification by BFE calculations of known binders to GBP

and trypsin.
• Design of novel norovirus binders, suitable for further drug development.

These molecules are composed of high-scoring fragments from docking
and LIE calculations.
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5. O-Antigenic Polysaccharides from
Escherichia coli (Paper I and II)

For the first half of geological time
our ancestors were bacteria. Most
creatures still are bacteria, and each
one of our trillions of cells is a
colony of bacteria.

Richard Dawkins

5.1 Introduction
Escherichia coli bacteria are usually harmless to humans and constitute a mi-
nor component of the important microbial gut flora,91 but some types cause
a wide range of diseases. The syndromes are classified in three groups: en-
teric/diarrhoeal disease, urinary tract infection and septicemia/meningitis.92

There are six well-described pathotypes of E. coli causing intestinal diseases:
enteropathogenic, enteroinvasive, enterotoxigenic, diffusely-adherent, entero-
aggregative and verocytotoxin producing E. coli.93

The O-antigenic (somatic) polysaccharide (see figure 2.5) determines the
serogroup of E. coli and they are serotyped based on the presence and structure
of their O, H (flagellar) and K (capsular) surface antigens.92 Serotyping does
not necessarily correlate with evolutionary relationship in the sense that two
strains that are not closely related may, still, share antigen epitopes.27

The E. coli O-antigen database, ECODAB,88 contains structures of O-anti-
genic PSs, NMR chemical shifts and, in some cases, cross reactivity infor-
mation. The protein sequences of wzx (flippase) and wzy (polymerase) are
also available for many structures. This gives a quick overview of the cur-
rent knowledge about E. coli O-antigens and also helps identifying common
epitopes in the structures. At the time of writing there were 96 (out of 174)
serogroups with O-antigen structures in ECODAB.
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5.2 Structural Studies of the O-Antigenic Polysaccharides
from Escherichia coli Strain 94/D4 and the International
Type Strain Escherichia coli O82 (Paper I)
5.2.1 Structural Study by NMR
The structure of the O-antigen PS of the enteroaggregative93 E. coli strain
94/D4 was analysed. This strain was serotyped as O82:H8, and therefore, the
international type strain E. coli O82 was investigated as well.

Sugar analysis and determination of the absolute configuration showed that
the main sugar components were D-Glc, D-Gal and D-GlcN. An indirect en-
zyme immunoassay together with comparisons of the two PSs by 1D 1H, 13C,
and 31P and by 2D 1H,13C-HSQC NMR spectra confirmed that the two anti-
gen PSs were identical. Further analyses were only performed on the E. coli
strain 94/D4 sample.

From the 1H spectrum the signals of the anomeric protons could be identi-
fied and their corresponding 13C resonances were identified using the 1H,13C-
HSQC spectrum.

Several 2D NMR techniques were used to assign the 1H and 13C resonances
of the four sugar residues in the repeating unit of the PS. The JH-1,C-1 coupling
constants (from coupled 1H,13C-HSQC) were used to determine the anomeric
configuration of the sugars. The 1H and 13C chemical shifts as well as TOCSY
showed that residues A-C had the gluco-configuration and residue D had the
galacto-configuration. The chemical shift δ C-2 55.22 of residue B indicated
that this was an aminosugar, namely β-D-GlcpNAc.

The substitution positions of the sugars were identified from the 13C gly-
cosylation shifts, obtained from comparisons with the chemical shifts of the
constituent monosaccharides.94 The glycosylation shifts of the substituted car-
bons are significantly high, often in the range ∆δ C 6-10. The sequence of the
sugars was determined using the 1H,13C-HMBC experiment and confirmed by
1H,1H-NOESY correlations. The structure of the repeating unit was shown to
be:

→4)-α-D-Glcp-(1→4)-β-D-Galp-(1→4)-β-D-Glcp-(1→3)-β-D-GlcpNAc-(1→
A D C B

Peak splitting patterns in the 13C spectrum indicated that O-6 in A was
part of a phosphodiester linkage. There were also two additional resonances
in the 13C spectrum at 63.41 ppm and 175.48 ppm with JC,P = 3.4 Hz and
5.8 Hz respectively. In the 1H,13C-HSQC experiment the 13C resonance at
63.41 ppm had a cross peak at ∼3.94 ppm. A band-selective constant-time
1H,13C-HMBC experiment selective for the resonances at the carbonyl reso-
nance frequency showed a correlation from δ C 175.48 to δ H 4.615. 1H,31P-
hetero-TOCSY39 showed correlations to δ H 4.615, 4.06 and ∼3.94. It was
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concluded that there was a phosphodiester linkage from O-2 in glyceric acid
to O-6 in residue A.

There was a low intensity peak in the 1H spectrum at 4.91 ppm. Using the
1H,1H-TOCSY experiments the spin system originating from this anomeric
resonance was analysed. It was concluded that this residue was α-D-Glcp6-
(P-2-D-GroA), corresponding to residue A, as the terminal non-reducing end
group. Thus, the reducing end of the biological repeating unit is residue B,
as was expected.88 By integrating the anomeric signal of the terminal and
comparing it to the intensity of the corresponding signal in the repeating unit
the number of repeats in the O-antigen polysaccharide could be determined
to be 18 on average. The full structure of the repeating unit of the O-antigen
from E. coli 94/D4 was deduced to be:

→4)-α-D-Glcp6-(P-2-D-GroA)-(1→4)-β-D-Galp-(1→4)-β-D-Glcp-(1→3)-β-D-GlcpNAc-(1→

5.2.2 Discussion
The O-antigen PS structure of E. coli strain 94/D4 was determined using stan-
dard experimental methods. Sugar analyses gave information about the com-
ponents and their relative proportions. A number of NMR experiments were
performed in order to determine the structure. The 31P decoupled 1H spectrum
clearly showed that the unusual splitting of the D-glyceric acid H-2 peak in the
1H spectrum was caused by a phosphate coupling. The analyses were compli-
cated by the relatively uncommon D-glyceric acid substituent, but which has
been observed in different natural products,95, 96 for instance, attached to a
glycoprotein, from Bacillus alvei CCM 2051, via a phosphodiester linkage.97

Since it was confirmed, using 2D 1H,13C-HSQC NMR, that this strain
was identical to E. coli O82 the O-antigen structure could be added to the
ECODAB database88 (see section 5.3 for more information).

CASPER, which will be covered in more detail in chapter 6, cannot handle
the phosphodiester linked glyceric acid present in this structure, which made
it impossible to automatically determine the PS sequence. To overcome that
problem it would have been possible to dephosphorylate the structure, in order
to remove the substituent, facilitating structure determination of the rest of the
PS using CASPER. After that it would have been easier to focus only on the
substituent and where it was connected to the PS backbone.
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5.3 Glycosyltransferases in ECODAB (Paper II)
5.3.1 Studies of GTs by Similarity Search
Databases are fundamental in science, not least in the fields of bioinformatics,
such as glycomics, in order to analyse what is currently known and quickly
apply that to a study.98 Glycomics is currently mainly aimed at analysing and
processing experimental data, requiring databases that are free and easy to
access.26

The ECODAB database88 was updated to include all published E. coli O-
antigen structures to date and populated with GT data, where available. For
most GTs this consisted of links to NCBI Protein database99 entries and in
cases where GTs had had their specificity determined, either experimentally
or from similarity searches, that information was added to the database. A
protein BLAST100 search, restricted to E. coli, was performed for all GTs to
find out resemblances among them. This was automated by a Python101 script
using the Biopython102 package to facilitate BLAST searches. By manually
comparing O-antigen sequence information present in the database coupled
with data from the similarity searches, many GTs could be functionally deter-
mined.

The function of GTs active in serogroups, of which the O-antigen structure
was not known, was proposed based on their similarities to other GTs. These
suggestions were not expected to be completely accurate, but could provide a
guidance in structure determination. After the initial study had been finished
some of these O-antigen structures were reported and the proposed GT func-
tions could be compared to the comprised structural elements to estimate the
predictive power of the GTs.

5.3.2 Results
There are currently 272 GTs, from the E. coli O-antigens present in ECODAB,
reported in literature. Before this project the function of 62 of these had been
determined, 16 of which had had their function determined experimentally.
The similarity searches in ECODAB have made it possible to putatively sug-
gest the function of 179 additional GTs, 42 of which are from serogroups with
unknown O-antigen structures.

The comparison of proposed GT function and actual structural elements of
O-antigen PSs that were unknown is summarised in tables 5.1 and 5.2. On
the whole the predictions are good, but it is clear that a PS structure cannot
be elucidated only from the GTs at this stage. The predictions seem somewhat
more reliable for the donor than acceptor sugars. This is in line with the current
GT nomenclature, where, for instance, a fucosyltransferase is a GT with a
fucose donor, whereas nothing is said about the acceptor.
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Table 5.2: Summary of results when comparing proposed GT functions to reported
structures. The anomeric configuration of the acceptor is in general difficult to predict
and has, therefore, not been required to be specified for a correct prediction.

Correct Similar Wrong

Donor 7 3 0

Acceptor 7 1 2

Linkage position 7 0 3

5.3.3 Discussion
In the process of determining the function of GTs there are many difficul-
ties. The reason for this is that the glycosidic linkages can be very diverse,
regarding the donor with its anomeric configuration as well as the acceptor.
Similarity searches to compare GTs and sequences are often not enough to
connect a GT to a specific linkage. Experimental methods to determine the
function, including biochemical analysis and mutation of GT genes, suffer
from difficulties as well.20 The combination of structural knowledge with GT
similarities in one database has made it possible to determine the function of
many GTs with high confidence.

In ECODAB there are still many O-antigen structures that have not yet been
determined, some of which have genetic information about their GTs. This
project has made it possible to predict building blocks of those structures,
based on the similarities to other GTs. The structure propositions of unknown
O-antigens, based on the GTs are often ambiguous, because of similarities to
GTs with disparate specificities. The data from this project can, nonetheless,
be of great help when experimentally inspecting E. coli O-antigens since it
gives a good indication about what sugar residues to expect in the structure.
The information also gives more knowledge about how O-antigen structures
are assembled.
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6. Computer-Assisted Structure
Determination (Papers III and IV)

Real stupidity beats artificial
intelligence every time.

Hogfather
Terry Pratchett, 1996

6.1 Introduction
Analysis of carbohydrates can pose a challenge due to signal overlap in NMR
spectra and also the complexity of the structures. In order to assist in structure
analysis, the computer program CASPER89, 106 was developed.

The basic function of CASPER is to calculate NMR chemical shifts of
oligo- or polysaccharides. Using this data the program can also determine
the sequence of an unknown oligo- or polysaccharide by finding the structure
with the best match between experimental and calculated chemical shifts.

CASPER uses an incremental approach to calculate chemical shifts of a gly-
can structure. There are three structural units in the CASPER database: mono-,
di- and trisaccharides. Chemical shifts of a structure are calculated from the
chemical shifts of the constituent monosaccharides, to which glycosylation
shifts (from disaccharides) of the substitutions are applied. Vicinal disubstitu-
tions are compensated for by an additional correction derived from the corre-
sponding trisaccharide in the database, if available. The database in CASPER
is extensive, but does not contain all possible di- and trisaccharide building
blocks. To overcome that obstacle there are rules for replacing a residue with
another residue, that is similar enough, to get an approximation as good as
possible. See table 6.1 for a calculation example and figure 6.1 for examples
of how similar structural elements are used when the database lacks informa-
tion. Glycosylation shifts vary very much between disaccharides, but a very
rough guide would be that the 13C chemical shift is increased by 5-10 ppm
at the substitution position and is reduced by 0-2 ppm at the neighbouring
carbons, whereas the 1H glycosylation shift is more difficult to predict, often
being between –0.25 and 0.25 ppm at the place of substitution and next to it.
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(a) β-D-Galp-(1→3)-β-D-GalpNAc (b) β-D-Galp-(1→3)-α-D-GalpNAcOMe

(c) β-D-GalpNAc-(1→6)-β-D-Galp (d) β-D-Glcp-(1→6)-β-D-GalpOMe

(e) α-L-Fucp-(1→2)-β-D-Galp-
(1→3)-β-D-GalpNAc

(f) α-L-Fucp-(1→2)-β-D-Galp-
(1→3)-β-D-GlcpNAc

Figure 6.1: Comparisons between the structural elements in the repeating unit of the
O-antigen PS in E. coli O128107 (a), (c) and (e) that do not exist in the CASPER
database and the di- and trisaccharides used instead for the chemical shift corrections,
(b), (d) and (f). Since only the glycosylation shifts (and trisaccharide corrections) are
used what is most important is that the chemical environments close to the glycosidic
linkages are similar.
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Table 6.1: Calculating the chemical shifts (in ppm) of β -d-Galp in→6)-[α-l-Fucp-
(1→2)]-βββ -d-Galp-(1→3)-β -d-GalpNAc-(1→4)-α-d-Galp-(1→3)-β -d-GalpNAc-
(1→ (the repeating unit of the E. coli O128 O-antigen PS107). a) The chemical
shifts of the monosaccharide. b) All glycosylation shifts affecting the residue. c) The
trisaccharide correction to compensate for the vicinal disubstitution. The sum after
applying the glycosylation shifts and the trisaccharide correction is shown after the
chemical shift differences. Some of the structural elements are missing in the database
and corrections from similar di- or trisaccharides are used instead (see table footnotes
and figure 6.1).

Residue C1 C2 C3 C4 C5 C6

a β-D-Galp 97.37 72.96 73.78 69.69 75.93 61.84

b α-L-Fucp-(1→2)-β-D-Galp −1.16 7.42 0.51 0.09 −0.09 −0.03
β-D-Galp-(1→3)-β-D-GalpNAca 7.91 −1.32 −0.23 −0.16 −0.10 0.01
β-D-GalpNAc-(1→6)-β-D-Galpb −0.04 −0.06 −0.09 0.08 −1.27 7.86

Sum 104.08 79.00 73.97 69.70 74.47 69.68

c α-L-Fucp-(1→2)-β-D-Galp-
(1→3)-β-D-GalpNAcc

−2.03 −1.63 0.48 0.49 −0.36 −0.02

Total sum 102.05 77.37 74.45 70.19 74.11 69.66

aUsing β-D-Galp-(1→3)-α-D-GalpNAcOMe
bUsing β-D-Glcp-(1→6)-β-D-GalpOMe
cUsing α-L-Fucp-(1→2)-β-D-Galp-(1→3)-β-D-GlcpNAc

Computer-Aided Structure Elucidation (CASE) has been a hot topic for
a long time and in the beginning it was mainly applied to small molecules.
There are many different methods for calculating chemical shifts, including
rule-based methods, artificial neural networks (ANN), quantum mechanical
calculations and database approaches. Many programs are designed to predict
chemical shifts of a specific class of structures. SPARTA+ uses an ANN ap-
proach to predict protein chemical shifts.108 The Abbott NMR prediction pro-
gram predicts chemical shifts, of unrestricted compound classes, by analysing
nearby atoms and searching for similar substructures in a large database.109

Taubert et al. have developed quantum-chemical methods of calculating sac-
charide 13C NMR chemical shifts.110 Other programs calculating chemical
shifts of glycans include GlyNest,111 which calculates 1H and 13C chemical
shifts and BIOSPEL,112 which predicts 13C chemical shifts and also performs
structure determination. In a recent review a number of programs calculating
13C and 1H chemical shifts of generic organic compounds were examined and
the mean errors per chemical shift were in the region 0.8 to >3.5 ppm for 13C
and 0.08 to≈ 0.40 ppm for 1H.113 It is important to keep in mind that the tested
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Table 6.2: Examples of Sugabase entries with conspicuous assignments. The Sugabase
ID is shown in parentheses along with each structure followed by the residue containing
the large deviations. Corrections for systematic differences are not applied. Chemical
shifts of methyl and NAc groups are omitted. Suspected errors are marked in bold.
Chemical shifts are given in ppm.

Structure and Residue 1 2 3 4 5 6

α-L-Fucp-(1→2)-[α-D-GalpNAc-(1→3)]-D-Galp (2458)
α-D-GalpNAc reported 1H 5.14 4.22 3.98 3.98 4.07 - -
α-D-GalpNAc CASPER 1H 5.28 4.29 4.08 4.10 4.43 3.86 3.86
α-D-Galp reported 1H 5.37 3.97 4.13 4.24 4.41 3.77 -
α-D-Galp CASPER 1H 5.36 4.02 4.17 4.31 4.10 3.77 3.77

α-D-Galp-(1→6)-D-Glcp (23641)
α-D-Galp reported 13C 99.0 79.3a 70.3 70.0 71.8 61.9
α-D-Galp CASPER 13C 99.03 69.29 70.45 70.18 71.67 61.80

α-D-Galp-(1→4)-α-D-GalpOMe (23690)
α-D-GalpOMe reported 13C 100.4 69.5 71.9 79.8 70.1 61.5
α-D-GalpOMe CASPER 13C 100.40 69.42 70.13 79.70 71.92 61.37

β-D-GlcpNAc-(1→3)-[β-D-GlcpNAc-(1→6)]-α-D-ManpOMe (23713)
α-D-ManpOMe reported 13C 101.1 71.5 78.8 65.3 67.7 69.3
α-D-ManpOMe CASPER 13C 101.52 68.36 79.32 65.88 72.16 69.98

aChemical shift from α-D-Galp-(1→6)-β-D-Glcp. In α-D-Galp-(1→6)-α-D-Glcp it is reported
as 69.3.

structures were very diverse and that these programs are not specific to a cer-
tain class of compounds, as CASPER is. CASPER was evaluated by predict-
ing the chemical shifts of 1137 structures from the Sugabase114, 115 database.
These structures include milk oligosaccharides, N-glycans, O-glycans and
polysaccharides. After applying corrections for systematic errors, because of,
e.g., referencing and temperature differences, CASPER had a mean error per
shift of 0.33 ppm for 13C and 0.04 ppm for 1H, but these results were skewed
by some incorrect entries in the Sugabase database (see table 6.2 for exam-
ples), raising the errors. This shows that CASPER performs excellently com-
pared to other programs calculating chemical shifts. Even if some examples of
Sugabase entries containing misassignments, either from mistakes when en-
tering data in the database or from erroneous assigments in the original data,
are given it should be noted that the overall quality of the database is not
questioned. But the fact that using CASPER made it possible to discover mis-
takes underlines the use of a tool for verifying assignments, before publishing
structures, in order to avoid unnecessary errors.
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Much work has been put into making CASPER a valuable service in the
NMR assignment workflow. The use cases range from automatically assign-
ing and annotating data from NMR experiments of an unknown compound to
getting advice for assigning ambiguous signals or just getting a report of how
well an assignment agrees with CASPER’s calculations.

6.2 New Features and Improvements
6.2.1 Unknown Components or Linkage Positions
If component and methylation analyses have not been performed or if the
results are ambiguous it is, still, possible to use CASPER for structure elu-
cidation. The user can specify a unit as unknown to make CASPER build
structures containing any kind of sugar in that position. It is also possible, on
a per-unit basis, to specify that the submitted linkage information is not cer-
tain. This makes CASPER try to substitute all positions that are marked as
free, but it will not require that all of them are actually used. The calculation
times increase drastically if the degrees of freedom are higher, since all struc-
ture permutations are generated and their spectra calculated and compared to
experimental data. It is, therefore, suggested not to use unknown residues and
linkage positions unless necessary and it is good to submit anomeric 3JH,H
and/or 1JC,H coupling constants to reduce the calculation times. Currently
structure determinations started from the web interface are cancelled after 8
minutes to prevent the server from being overloaded. It is possible to arrange
for running longer jobs if they cannot be completed otherwise.

6.2.2 CCPN
CASPER has been made compatible with the CCPN data model,116 by using
the provided C API (Application Programming Interface). This means that
it can load and save CCPN projects and thereby becomes a natural part of
the NMR workflow. The CCPN Analysis software can load processed NMR
spectra of all major formats and through collaborations in the EUROCarbDB
project it can handle the most common monosaccharides. If a CCPN project
contains a known carbohydrate structure CASPER can be used to verify ex-
isting assignments and if there are unassigned resonances CASPER can as-
sign them based on their proximity to predicted chemical shifts. When using
CASPER to determine a structure in a CCPN project, assignments and struc-
tures will not be loaded from the project, since the purpose is to elucidate
the structure. CASPER saves the structure data along with assignments in the
CCPN format.
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6.2.3 New NMR Experiment Types
CASPER can now use information from 1H,13C-HMBC and 1H,13C-H2BC
experiments. By using long range 1H-13C correlated data it is possible to ob-
tain information about the inter- and intraresidue connectivity. Another exper-
iment type that CASPER can now use is 1H,1H-TOCSY showing which 1H
signals belong to the same spin system. For these new experiment types, only
signals from the anomeric region are taken into account in order to reduce the
number of calculated correlations. Otherwise there might be a large number
of calculated signals, meaning that there is a large risk that there are many
possible assignments with small differences, which can make the matching
almost arbitrary. It is also relatively easy to identify the anomeric signals in
the experimental spectra.

These new experiment types are primarily used to direct assignments of
HSQC data. The scoring, of these experiments on their own, is not accurate
enough to reliably discriminate between structures.

6.2.4 Biological Rules
If determining the primary sequence of an unknown compound, but of a
known origin, it is possible to limit the number of generated structures
by specifying structure requirements that have to be fulfilled. Currently
there are rules defined for five types of structures; Wzx/Wzy dependent
WecA assembled E. coli repeating units,88, 117 Shigella flexneri O-antigen
repeating units, N-glycans, O-glycans and Haemophilus influenzae118

lipopolysaccharides.
When using biological rules, all possible structures are still generated, but

before calculating the chemical shifts and assigning the signals they are dis-
carded if they do not match the rules selected by the user.

The rules allow substitutions at any of the residues, such as fucosylation of
the N-glycan core.

In most cases the structure class of the compound to be analysed is known.
By employing biological rules, the time required to perform the structure de-
termination can be dramatically reduced. The difference is more noticeable
with higher degrees of uncertainty in the supplied data.

6.2.5 Sugar Component Analysis and Absolute Configuration
Determination
Solvolysing a glycan using methanol or 2-butanol will break the anomeric
bonds resulting in methyl or butyl glycosides respectively. There will be
a mixture of α and β anomer forms in the sample. NMR chemical shifts
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(a) α-D-Glcp-(+)-Bu (b) α-L-Glcp-(–)-Bu

(c) α-D-Glcp-(–)-Bu (d) α-L-Glcp-(+)-Bu

Figure 6.2: The different stereoisomers of α-Glcp-Bu. (a) and (c), as well as (b) and
(d), can be told apart by the NMR chemical shifts due to their different stereochemistry.

(from 1H, 13C or 1H,13C-HSQC experiments) of this mixture can be used
by CASPER to analyse the contents. If using optically active 2-butanol
(i.e., (S)-(+)-2-butanol or (R)-(–)-2-butanol) the absolute configuration of
the sugars can be determined as well, since the stereochemistry of, e.g.,
α-D-Glc-(+)-Bu and α-L-Glc-(+)-Bu is different — resulting in different
chemical shifts, whereas α-D-Glc-(+)-Bu and α-L-Glc-(–)-Bu cannot be told
apart by NMR (see figure 6.2), since they are mirror images of each other.

Commonly the absolute configuration of sugars is analysed by gas
chromatography derivatised with an optically active alcohol, such as
(S)-(+)-2-butanol. The resulting retention times are then compared to
standards made from a sample with known absolute configuration and both
forms of the alcohol used.119 The principle is thus the same, but here the
analysis is done by NMR and analysed automatically.

This means that NMR spectroscopy can be used to completely determine
the structure of a glycan, by solvolysis (preferably using optically active 2-
butanol) of one fraction to determine the components, followed by NMR anal-
ysis of the oligo- or polysaccharide. Since CASPER does not require linkage
positions to be determined anymore, a methylation analysis is not necessary,
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but will shorten the calculation times. If a poly- or oligosaccharide sample
is hydrolysed or methanolysed instead of butanolysed the sugar components
can, still, be determined, but not the absolute configuration. At the moment
the number of butyl glycosides in the CASPER database is limited, but more
data is added continuously.

6.2.6 Anomer Interconversion
If the anomeric position at the reducing end of an oligosaccharide is unsubsti-
tuted there can be an interconversion of the α and β anomer forms. There is
now an option in the CASPER interface to score and rank both forms together
during structure determination. This means that chemical shifts from a sample
containing a mixture of the anomeric forms can be submitted to CASPER and
the structure can be determined. The accuracy may be lower, since CASPER
assigns the structures one at a time, discarding submitted chemical shifts if
they fit poorly. Currently there is no verification that all submitted chemical
shifts are used. This method is useful when it is difficult to separate signals of
one anomeric form from those of the other, especially for structure determi-
nation, but should be used with caution when studying assignments.

6.2.7 Adding Data
Even if the CASPER database is large, effort has been put into identifying
what di- and trisaccharide building blocks would improve the calculations.
Structures from existing databases (mainly Sugabase114, 115), and also glycans
at hand, have been used to find out where CASPER’s calculations differ much
from the experimental values. This means that the improvements are directed
to biologically relevant structures. Many missing structural elements have
been analysed by the Widmalm group and added to the database. Some mono-
and disaccharides have also been extracted from structures present in Sug-
abase. The drawback with this data is that it is not acquired under “CASPER
conditions”, but this can, to a large degree, be compensated by comparing
it to constituent monosaccharide chemical shifts and applying a systematic
correction. The gain from adding these compounds was decided to outweigh
the potential problems. Adding new structural elements to the database is an
ever ongoing project, but selecting biological key structures to analyse, signif-
icantly improves the results of the calculations.

For an example see table A.1 on page 69, showing the assignment of the
NMR chemical shifts of the α-D-Galp-(1→3)-D-GalpNAc-ol disaccharide,
present in many structures in the Sugabase database.
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6.2.8 Web Interface
The CASPER web pages have been updated to enable input required for the
new features. Help is now available for most fields in the user interface. Struc-
tures in the results can now be shown in the graphical CFG format using Gly-
canBuilder120 from EUROCarbDB. Spectra are plotted (as PNG or EPS) using
Gnuplot121 and it is also possible to get a LATEX-generated PDF summary of a
structure assignment, suitable for printing.

6.3 Testing Structure Determination
6.3.1 Escherichia coli Strain F171
The structure of the O-antigen from E. coli strain F171 was determined using
NMR spectroscopy by Fundin et al. and found to be identical to the O-antigen
of E. coli O25.122 In this project it was tested if CASPER could have deter-
mined the structure based on the NMR data and the sugar components. The
data was used as reported in the publication, and consisted of signals from
1H,13C-HSQC and two peaks from 1H,13C-HMBC spectra. The spectra were
recorded at 35°C, as opposed to the CASPER database recorded at 70°C. No
systematic correction was applied to compensate for this difference, making
it more difficult for CASPER, but also more “realistic”, since it is often not
possible to predict the correction if the glycan structure is not known. The bi-
ological rule for WecA assembled repeating units, as well as anomeric 3JC,H
coupling constants, were used in order to limit the number of generated struc-
tures. The binding positions of the residues were set to completely unknown.
At the top of the results list the correct structure was found, with a fairly large
margin to the second entry (see table 6.4). If this was, in fact, the determination
of an unknown polysaccharide the results from CASPER, on their own, would
not be enough to confidently propose the structure, but bearing in mind that
the calculations only took a few minutes they are a very good starting point
and can be confirmed or disproved by carefully analysing the assignments and
possibly running a few more NMR experiments.

Even if the results from the structure determination are good, there are
some large deviations in the chemical shifts, most notably in the α-D-Glc and
α-L-FucNAc residues, attributed to a few disaccharides not available in the
database. Some of the HSQC assignments are guided by the HMBC signals,
which in this case has resulted in larger deviations, especially in the anomeric
assignments, than an optimal match would give. See table 6.3 for the assign-
ments of the ring atoms of the residues. To summarise the assignments, the
overall performance is good with 22/30 signals correct when HMBC is used
and 24/30 when HMBC is not used (counting signals from C6 and H6s as one,
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even if there are two protons). Four of the misassigned signals are very close
to each other, making it difficult to distinguish them. The margins of the struc-
ture determination results are worse when not using HMBC, with only 1.05
and 1.09 in relative difference to the second and third positions respectively. In
most cases HMBC data would also improve the accuracy of the assignments,
but this is an example of the opposite, caused by the deviating signals.
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Table 6.3: Assignments of experimental signals (chemical shifts in ppm) from 1H,13C-
HSQC, with or without 1H,13C-HMBC, of E. coli strain F171 by CASPER. The reported
assignments are from the article by Fundin et al.122 The assignments that are different
depending on whether HMBC signals are taken into account or not are marked in bold.

1 2 3 4 5 6

→3)-β-D-GlcpNAc-(1→ 101.2 56.6 79.9 69.7 77.0 62.2
4.54 3.89 3.66 3.47 3.45 3.78 3.96

CASPER assignment 101.2 56.6 79.9 69.7 76.9 61.7
4.54 3.89 3.66 3.47 3.48 3.75 3.95

CASPER calculated 101.29 57.28 81.64 69.65 76.63 61.68
4.60 3.80 3.66 3.53 3.45 3.74 3.95

→3)-α-L-FucpNAc-(1→ 99.1 49.2 76.7 72.0 67.7 16.4
4.98 4.35 3.95 3.88 4.42 1.17

CASPER assignment 99.1 49.2 76.7 71.0 67.7 16.4
4.98 4.35 3.95 3.90 4.42 1.17

CASPER calculated 98.91 49.65 76.23 69.69 67.72 16.26
5.35 4.23 4.14 4.05 4.38 1.30

→3,4,6)-α-D-Glcp-(1→ 101.0 73.3 76.7 73.6 71.0 67.7
5.01 3.64 3.95 3.85 3.90 3.75 4.16

CASPER assignment 101.5 73.3 76.7 73.6 72.0 67.7
with HMBC 5.22 3.64 3.95 3.85 3.88 3.75 4.16
CASPER assignment 101.0 73.3 76.7 73.6 72.0 67.7
without HMBC 5.01 3.64 3.95 3.85 3.88 3.75 4.16
CASPER calculated 101.51 73.29 74.47 74.24 71.35 68.11

5.04 3.67 4.07 3.83 3.99 3.84 4.08

β-D-Glcp-(1→ 103.0 73.9 76.8 70.6 76.9 61.7
4.55 3.31 3.52 3.41 3.48 3.75 3.95

CASPER assignment 103.0 73.9 76.8 70.6 77.0 62.2
4.55 3.31 3.52 3.41 3.45 3.78 3.96

CASPER calculated 103.62 74.08 76.78 70.70 76.74 61.86
4.50 3.33 3.51 3.41 3.45 3.74 3.92

α-L-Rhap-(1→ 101.5 71.0 71.0 73.2 69.5 18.0
5.22 4.03 3.91 3.49 4.40 1.35

CASPER assignment 101.0 71.0 71.0 73.2 69.5 18.0
with HMBC 5.01 4.03 3.91 3.49 4.40 1.35
CASPER assignment 101.5 71.0 71.0 73.2 69.5 18.0
without HMBC 5.22 4.03 3.91 3.49 4.40 1.35
CASPER calculated 100.49 71.13 70.89 73.35 69.02 17.24

5.33 4.02 3.92 3.41 4.41 1.28
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Table 6.4: The top three results from CASPER structure determinations of the O-antigen
of E. coli strain F171. ∆Rel is composed of all other score components (∆CH is weighted
by a factor 2 compared to ∆CH long range) and normalised so that the top ranked structure
gets a score of 1.00. ∆CH is the difference in HSQC assignments, with the 13C difference
scaled by 0.2. The symbol represents fucose and is rhamnose.

Pos. Structure Score

1 ∆Rel=1.00, ∆CH=4.42, ∆CH long range=0.30

2 ∆Rel=1.09, ∆CH=4.75, ∆CH long range=0.42

3 ∆Rel=1.11, ∆CH=4.76, ∆CH long range=0.57

Table 6.5: The top three results from CASPER structure determinations of the N-glycan.
∆Rel is composed of all other score components and normalised so that the top ranked
structure gets a score of 1.00. ∆CH is the difference in HSQC assignments, with the 13C
difference scaled by 0.2. In the graphical structures Neu5Ac is represented by and
galactose by .

Pos. Structure Score

1

6α 4β 2β

6α 4β 2β

3
α

6
α

4β 4β β
Asn

∆Rel=1.00, ∆CH=6.58

2

6α 4β 2β

6α 4 2β

3
α

6
α

4β 4β β
Asn

α ∆Rel=1.06, ∆CH=6.97

3

6α 4

β

2β

6α 4 2β

3
α

6
α

4β 4β β
Asn

α

∆Rel=1.06, ∆CH=6.98
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6.3.2 Biantennary N-glycan
This biantennary N-glycan (see entry 1 in table 6.5) is a fairly large oligosac-
charide (an undecasaccharide), and could, therefore, be anticipated to pose
a bit of a problem for CASPER. The 13C and 1H NMR chemical shifts and
assignments were published by Sato et al. a few years ago.123

Chemical shifts from the article experiments were submitted as HSQC input
to CASPER and a systematic correction was applied by substracting 1.05 and
0.10 from calculated 13C and 1H chemical shifts respectively. In order to per-
form the calculations quicker it was assumed that component and methylation
analyses had been performed before starting CASPER, i.e., the constituent
residues and their linkage positions were known. The rule for generating only
N-glycan structures was used. The results of the structure determination are
shown in table 6.5.

What is more interesting than the results from the structure determina-
tion, is comparing the chemical shift assignments by CASPER to those in
the paper, from a supposedly “unambiguous assignment method”.123 The re-
ported assignments of the branch point mannose residue do not agree with
CASPER’s calculations (see table 6.6). The resonances that were assigned to
C4-H4 most likely originate from C5-H5, whereas the C5-H5 signals proba-
bly do not come from this residue. Actually, the CASPER assignments show
that the 69.34/3.82 signal should perhaps not be present at all, being the signal
with the largest deviations from predicted data (assigned to 71.70/3.66). With
reported peaks at 69.33/3.79 and 69.35/3.78 it is possible that this signal is
nonexistent, supported by the fact that the C5-H5 signal is very weak or does
not show any correlations at all in the published spectra, but without the full
experimental data this cannot be concluded.

6.4 Discussion
The developments of CASPER have increased the general usability of the
program. It was originally developed with bacterial PSs in mind, but the Sug-
abase database tests show that it can handle milk oligosaccharides, N-glycans
and O-glycans as well. The correct structure determinations of the two com-
plex examples illustrate that the program can be very useful when analysing
an unknown compound. The assignments of experimental signals to atoms in
the structure are good in general, but as has been shown they are not perfect.
If a certain structure is expected, CASPER can also be used to verify that
hypothesis by comparing experimental and calculated NMR chemical shifts.
Another use case is confirming NMR chemical shift assignments, as was done
when submitting experimental data to the EUROCarbDB database.124 During
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Table 6.6: The assignments of the branch point ( →3,6)-β -d-Manp-(1→ ) of the
biantennary N-glycan structure. The Reported row is the assignment as published,
CASPER assignment is how CASPER has assigned the submitted chemical shifts and
CASPER calculated is the chemical shifts CASPER has predicted for this residue. The
glycosylation shifts are shown in parentheses. Chemical shifts and glycosylations shifts
are given in ppm.

1 2 3 4 5 6

Reported123 100.38 70.09 80.34 74.21 69.34 65.68
(6.88) (-0.99) (7.36) (7.57) (-6.61) (4.74)

4.65 4.16 3.68 3.53 3.82 3.68 3.68
(-0.14) (0.31) (0.12) (0.03) (0.52) (0.03) (-0.13)

CASPER assignment 100.38 70.09 80.34 65.68 74.34 65.68
4.65 4.16 3.68 3.68 3.51 3.68 3.68

CASPER calculated 99.84 69.81 80.66 65.55 74.62 65.77
4.58 4.08 3.64 3.66 3.47 3.71 3.82

those procedures some mistakes in the Sugabase assignments could be spotted
easily by comparing the data to the CASPER calculations, not very different
from the case of the biantennary N-glycan, where suspicious assigments were
discovered when reviewing the results after the structure determination. It is
far from proven that the reported assignments are incorrect based only on
the CASPER results, but if using the program for verification of assigments,
these disagreements would merit a careful analysis before publishing the data
or submitting it to a database.

CASPER can be used to almost automatically determine a glycan structure,
including the sugar components and their absolute configurations, based on
only a few NMR experiments, provided that a fraction of the sample can be
butanolysed. It is still not suitable for blindly accepting the results, but it is
a very good starting point. With the narrow spectral dispersion it is difficult
to correctly assign all NMR signals from a complex glycan structure, but in
many cases the suggested assigments just need to be verified, or sometimes
switched.
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7. Fragment-Based Hit Discovery Using
Molecular Docking and MD Simulations

When a distinguished but elderly
scientist states that something is
possible, he is almost certainly right.
When he states that something is
impossible, he is very probably
wrong.

Profiles of the Future
Arthur C. Clarke, 1962

7.1 Docking WaaG Binding Fragments (Paper V)
WaaG is an α-1,3-glucosyltransferase, thus a retaining GT, forming the link-
age between the first glucose of the outer core and the outermost L-glycero-
D-manno-heptose (Hep) of the inner core of the LPS of E. coli and S. enterica
(see figure 2.5).125 Increasing the knowledge about the substrate recognition
of the enzyme will enable development of inhibitors, which could be potent
antibiotics. The Maybridge Ro3 library of 500 fragments (Thermo Fisher Sci-
entific Inc.) was screened using NMR techniques to find binders to WaaG
competing with uridine and UDP. Two of the fragments (ID 32 and 370 in
the fragment library) were found to inhibit uridine binding whereas one (frag-
ment 214) enhanced it, but competed with UDP. This indicates that fragments
32 and 370 bind in the same part of the binding site as uridine and 214 binds in
the same place as the diphosphate group of UDP and somehow stabilises uri-
dine binding, either through direct interactions or by causing a conformational
change of the enzyme.

In order to gain more knowledge about how the fragments bind to the GT
molecular dockings were performed. Since docking programs often have dif-
ficulties identifying the correct binding pose four different programs, namely
AutoDock,66 AutoDock Vina,126 Glide69–71 and Surflex,59 were used. The
NMR screenings gave a rough indication about which fragments were ex-
pected to bind at the same place as uridine or UDP and that was taken into ac-
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Table 7.1: Rank of docking pose agreeing with experimental data. RMSD (in Å) of UDP
and uridine compared to PDB ID 2IV7 given in parentheses. Vina refers to AutoDock
Vina.

Position in program

Molecule AutoDock Vina Glide Surflex

UDP 1 (4.5) 10 (5.1) 1 (6.6) 1 (5.2)

uridine 1 (3.8) 1 (3.6) 1 (3.0) 1 (3.2)

32 1 1 1 10

214 4 7 1 3

370 2 1 1 3

count when analysing the results from the docking. This could be considered
a consensus docking in the sense that poses predicted (and ranked high) by
multiple docking programs, and which also agree with experimental results,
are deemed plausible. This also facilitates a comparison of these docking pro-
grams.

The protein structure used for docking was based on the crystal structure
of WaaG binding uridine-5´-diphospho-2-deoxy-2-fluoro-α-D-glucose (PDB
ID: 2IW1).127 The co-crystallised ligand was removed and replaced by UDP
and the protein was solvated in TIP3P48 water and energy minimised using the
CHARMM22128 force field in NAMD.129 The water molecules were removed
prior to the docking, but were retained for additional MD studies.

7.1.1 Results
All docking programs found poses agreeing with the inhibition experiments,
but they were not always top-ranked, illustrating the problem with scoring.
For UDP and uridine the poses were compared to UDP, or the uridine part of
UDP, in the PDB structure 2IV7,127 whereas for molecules 32 and 370 poses
were regarded as correct if they competed with UDP and uridine. Structure
214 should replace UDP, but not uridine. The results can be seen in table 7.1.
The RMSDs of UDP and uridine are quite high, but this is probably due to
the fact that the protein used for docking had been energy minimised prior
to the docking, and was also crystallised with a ligand different to UDP. In
general the uridine and UDP poses of the docking programs are very similar,
but UDP has a higher RMSD due to the flexible diphosphate tail. Glide per-
formed seemingly better than the other programs with top-ranked plausible
binding modes for all ligands, shown in figure 7.1 and 7.2.
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Figure 7.1: Interactions between WaaG and UDP (a), uridine (b) and Maybridge library
entries 32 (c), 214 (d) and 370 (e) respectively. The representations show the top poses
from the Glide dockings.
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(a) (b)

Figure 7.2: Representations of how UDP (a) as well as uridine and fragment 214 (b)
are docked by Glide. Both images show the same part of the WaaG enzyme, but in (b)
no cartoon ribbons of the protein are shown in order to improve the visibility.

7.1.2 Discussion
In this project results from NMR and molecular docking simulations have
been combined to predict the binding modes of small fragments binding the
WaaG GT. From this information it would be possible to combine the fragment
214 with 32 or 370 to acquire a molecule expected to have high affinity to the
enzyme. That could be a good starting point for a drug targeting the LPS
biosynthesis of E. coli.

The consensus docking approach used here can help when drawing con-
clusions from docking results. Poses that are ranked high in a large number
of programs can be anticipated to be more reliable. This is not very different
to consensus scoring of docking results, where poses from one docking pro-
gram is re-ranked by using multiple SFs in combination, assuming that their
respective weaknesses are cancelled out.

7.2 Docking and LIE to Find Norovirus Inhibitors (Paper
VI)
Noroviruses are a major causative agent of acute gastroenteritis, deemed to be
responsible for approximately two thirds of foodborne illnesses from known
causes.130–132 There are no vaccines or drugs against noroviruses available.133

Human histo-blood group antigens (HBGAs) act as receptors for noroviruses
and the binding patterns are different from one norovirus strain to another.
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Norovirus strain VA387 is the strain with the most diversified HBGA speci-
ficity, binding to both A, B, as well as some H and Lewis antigens, whereas
the Norwalk strain does not bind HBGA B.134 By preventing the virus from
binding the HBGAs the infection might be stopped.

Carlsson et al. have successfully validated the combination of docking, MD
simulations and LIE calculations for drug design purposes using HIV-1 re-
verse transcriptase as target.135 In the present project a fragment-based ap-
proach has been used instead, in order to reduce the number of structures
tested and thereby the computation times. The experimental procedure is out-
lined in figure 7.3.

7.2.1 Docking Using AutoDock Vina
AutoDock Vina is a new docking program with speed and accuracy improve-
ments over AutoDock 4. In contrast to most other docking applications both
of these programs are free and open source, which can be attractive to the
academic society with a tradition of openness.126, 136, 137

500 small molecules from the Maybridge Ro3 library, 6423 from the ZINC
database138 (see table 7.2) and the HBGA A and B trisaccharides were docked
to the biological unit of the P domain of norovirus VA387, using the crystal
structure of the protein binding the HBGA B trisaccharide (PDB ID 2OBT).
The HBGA A trisaccharide in PDB ID 2OBS is not correct, as has been re-
ported before,140 therefore, it was decided to focus the comparisons, between
docking and crystal structures, on the HBGA B trisaccharide.

The crystal structure shows that HBGA B is binding to the protein assisted
by water molecules. During docking it is important, but delicate, to decide
whether to keep water molecules or not. Retaining them will make it more
facile to reproduce the crystal structure pose when docking the co-crystallised
ligand, which is good for confirming that the docking protocol is working
well. But when searching for inhibitors it is not necessary that they interact
with waters at the same positions and alignments — or any waters at all. In
this project two separate docking runs were performed; without water and with
six water molecules (numbered 576, 586, 590, 645, 648 and 724 in 2OBT)
deemed to make favourable interactions with the HBGA B trisaccharide. This
made it possible to analyse the effect of these waters to the BFE of the HBGA
B trisaccharide and also to find fragments with higher affinity in presence of
water. As can be seen in figure 7.4 the agreement with the crystal structure is
much better when docking HBGA B with water (heavy atom RMSD 0.9 Å)
than without (heavy atom RMSD 2.2 Å).
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6923 fragments from Maybride
Ro3 and ZINC138 as well as HBGA

A and HBGA B trisaccharides

Docking to the dimer of the P domain of
norovirus VA387 using Autodock Vina126

Highly ranked
structure? Discard

Three best poses of each ligand

MD simulations in Q139 of the
docked poses as well as free in water

Binding free energy calculated using the LIE method

Molecules with high affinity to
different parts of the binding site

Novel structures from
combining fragments

no

yes

Figure 7.3: Flowchart depicting the method employed for proposing new molecules
using a fragment-based virtual screening approach.
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(a) (b)

Figure 7.4: Top poses of AutoDock Vina docking HBGA B trisaccharide to the P
domain of norovirus strain VA387. The HBGA B pose from the crystal structure is
represented in green and the docked ligands are coloured according to atom type with
dark gray carbons. (a) shows the docking without any water molecules from the crystal
structure, whereas in (b) six water molecules (atoms displayed as cyan spheres) were
retained. In (a) the monomers have been coloured red and blue respectively to illustrate
that the binding site is located at the dimer interface.

Table 7.2: The specified physicochemical properties of the Maybride Ro3 library of
500 compounds and the parameters used to create the ZINC subset used in this study.
The ZINC database search was performed 2010-09-10 and retrieved 6423 molecules.

Parameter Maybridge Ro3 ZINC

MW ≤ 300 125 – 225

Number of rotatable bonds ≤ 3 ≤ 4

Calculated log P ≤ 3 ≤ 3a

Charge -2 – 2

Hydrogen bond donors ≤ 3 ≤ 4

Hydrogen bond acceptors ≤ 3 ≤ 4

Polar surface area ≤ 60 Å2

aCalculated using XLOGP.141
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7.2.2 LIE to Calculate Binding Free Energy from MD Simulations
Virtual screening is hampered by limitations of the scoring functions. This
can be circumvented by applying more accurate BFE calculations, such as the
Linear Interaction Energy (LIE) method (see Eq. 7.1).90

∆Gbind = α(〈V vdw
l−s 〉bound−〈V vdw

l−s 〉 f ree)+β (〈V el
l−s〉bound−〈V el

l−s〉 f ree)+γ (7.1)

Over time there have been many suggestions for values of α , β and γ . Early
tests showed that α=0.16, β=0.50 and γ=0 resulted in good agreement with
experimental data.90, 142, 143 Further studies showed that the electrostatic pa-
rameter, β , is dependent on functional groups of the ligand in that it is 0.50
for charged ligands and 0.43, 0.37 and 0.33 for ligands with 0, 1 and 2 or
more hydroxyl groups respectively, whereas α=0.18 and γ=0.144 This model
was further improved by taking more chemical groups into account when cal-
culating β , keeping α=0.18 and letting γ be system dependent to account for
systematic errors in the absolute BFE calculations.145 The last two sets of
parameters are very attractive for calculating the BFE of ligands used in vir-
tual screening, since the relative value is far more important than the absolute
value in order to achieve better ranking than the SFs of the docking programs.
Both of these models were tested during the evaluation of the LIE calcula-
tions. It was found that the model from 2007145 tended to overestimate the
affinity of carbohydrates, yielding β=0.38 compared to the earlier model144

giving β=0.33.
Since MD simulations are required, the higher accuracy of the LIE calcu-

lations comes at the expense of time. The MD simulations were performed
on the three best poses, of the top 20 ligands (from Maybridge and ZINC
respectively) and the HBGA trisaccharides, from the AutoDock Vina dock-
ings. The ligand atom types were assigned by making a VEGA ATDL146

template compliant with the OPLS all-atom (AA) force field,147 while partial
charges were assigned using Maestro (version 9.1, Schrödinger, LLC, New
York, NY, 2010). Two separate simulations are required for the LIE calcula-
tions, with the bound and unbound ligands respectively. To start the simula-
tions of the free state from a good conformation a MacroModel (version 9.8,
Schrödinger, LLC, New York, NY, 2010) conformational search (ConfGen),
using the OPLS AA force field,147 was run. In both cases the systems were
solvated in a 20 Å sphere of TIP3P waters.48 In order to make the systems
equivalent regarding charges, all charged protein residues outside the water
sphere, or close to the edge of it, were neutralised (set to their uncharged state)
and after that more residues were made neutral until the net charge of the envi-
ronment was zero. A correction for these neutralised residues were applied to
the interaction energies of the ligand, mainly affecting charged molecules.143
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The MD simulations were performed using Q139 employing the OPLS AA
force field147 parameters. During the simulations of the ligand free in water,
a restraint of 10 kcal·mol-1·Å-2 was applied to the center of the inhibitor to
keep it from approaching the edges of the water sphere. Three parallel sim-
ulations were run, for each docked conformation and also the unbound state,
using different random seeds, but otherwise identical parameters, to reduce
the influence of reaching an unfavourable state, which could penalise a ligand
unfairly. The equilibration phase started with small time steps (0.2 fs) and low
temperature (0.5 K), both of which were increased gradually to reach 2 fs time
steps and 310 K as used in the production phase, during which data was col-
lected. The equilibration phase was approximately 400 ps and the production
phase lasted for 1 ns for the unbound state and 600 ps for the protein bound
conformations.

To ensure that the equilibrations were long enough the results from the pro-
duction phases of each compound were checked for convergence. If the differ-
ence of the average electrostatic or van der Waals interaction energies between
the first and the second half of the simulations were more than 1 kcal/mol
those trajectories were considered a prolonged equilibration and a new pro-
duction run (of the same length) was performed. If the energies did still not
converge, the results from the last production run was used, nevertheless, and
those cases are indicated in the results tables.

7.2.3 Proof of Concept
In order to find parameters (mainly for the MD simulations) that give good re-
sults in an acceptable time, proteins and ligands with known binding affinity
were used. The approach was tested by docking glucose, galactose and methyl
β-D-galactoside to GBP as well as benzamidine, p-amino-benzamidine, p-
chloro-benzamidine and p-methyl-benzamidine to trypsin, after which MD
simulations were perfomed and the BFEs were calculated using the LIE model
from 1998.144 See table 7.3 for comparisons between experimental and calcu-
lated values.

The calculated BFEs of GBP agree well with the reported values, seemingly
with a general overestimation of the affinities, especially of the methyl β-D-
galactoside if considering the relative differences, but those simulations had
not reached convergence so should be interpreted with care. Taking only the
last half of the methyl β-D-galactoside production phase into account would
give a BFE of -7.4 kcal/mol, indicating that a longer simulation might have
granted results closer to the experimental data. The performance for trypsin is
fairly good, and optimising γ would get rid of the systematic overestimation of
the affinities, giving an overestimation of the p-amino-benzamidine affinities
and an underestimation of p-chloro-benzamidine affinities. In conclusion, the

60



Table 7.3: ∆Gexpt
bind calculated from Kd and Ki values from articles by Åqvist et al.148

and Mares-Guia et al.149 for the GBP and trypsin respectively. The standard error is
reported (after ±) for each calculated BFE.

protein ligand ∆Gexpt
bind ∆Gcalc

bind SD

(kcal/mol) (kcal/mol) (kcal/mol)

GBP glucose -8.1 – -10.5 -10.7 ± 0.0 4.7

galactose -7.7 – -9.7 -9.7a ± 0.0 4.8

methyl-β-D-galactoside -4.1 – -6.8 -8.2b ± 0.0 4.9

Trypsin benzamidine -6.8 -7.1 ± 0.0 6.5

p-amino-benzamidine -7.2 -8.1 ± 0.0 6.8

p-chloro-benzamidine -6.1 -5.3 ± 0.0 6.7

p-methyl-benzamidine -6.5 -7.1 ± 0.0 6.3

aProtein simulations not converged during additional production phase.
bNeither protein nor water simulations converged during additional production phase.

LIE calculations of these systems reflect the trends of the experimental values,
but are not completely accurate.

The standard deviations (SDs) are high, caused by large variations in the in-
teraction energies (see figure 7.5), but due to the high number of observations
(≈18k and ≈30k for bound and free simulations respectively) the standard
error is very low, meaning that the calculated BFE is representative of the
simulations. It does not convey that the calculated values are true, since that
depends on the force field and the LIE parameters, but it shows that the lengths
of the simulations are sufficient in general.

7.2.4 Results
The 20 top-ranked structures, from the LIE calculations of the high-scoring
structures from the docking of the compounds of the fragment libraries and
also the HBGA trisaccharides, are presented in table 7.4. The AutoDock Vina
docking scores of the Maybridge fragment library were in the range -3.3 to
-5.7 (100th structure had -4.8) and the ZINC structures had scores ranging
from -1.8 to -5.4 (100th structure had -4.2). The best new molecules created
from the top-ranked fragments are listed in table 7.5. Comparing structure 21
to 25 the difference in calculated binding affinity is large, illustrating that the
anomeric configuration of the galactose and the structure of the added frag-
ment make a large difference to the resulting calculated BFE. The dockings
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Figure 7.5: Interaction energies of p-amino-benzamidine bound to trypsin from the
production phase of one simulation run.

and LIE calculations with the six water molecules from the crystal structure
retained did not result in any new promising fragments — most of them were
already represented in the experiments without these water molecules or they
had relatively poor BFE. Therefore, only the results from the analyses without
water are presented in the tables. For comparison, the HBGA A and B trisac-
charides had calculated BFEs of -7.7 and -7.0 kcal/mol respectively, which
are worse than in the simulations without water, especially for the HBGA A
trisaccharide.

In order to avoid suggested molecules that are unsuitable for further devel-
opments a REOS86, 150 (Rapid Elimination of Swill) filter was used in Canvas
(version 1.3, Schrödinger, LLC, New York, NY, 2010). This functional groups
filter can remove compounds that contain, e.g., known toxical features. All of
the compounds in table 7.5 passed this filter, which makes it sensible to inves-
tigate them further and optimise their interactions.

To quickly estimate the synthetic accessibility of compounds 21-25 the
program SYLVIA151, 152 was used. The calculations take, for instance, size,
symmetry, ring complexity, multiple bonds and stereochemistry into account
and also compare substructures to commercially available starting materi-
als (from Fluka, Acros and Maybridge).151 The synthetic accessibility score
ranges from 1 (easy) to 10 (difficult) and structures 21-25 got the scores 5.60,
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Table 7.4: The top 20 results from LIE calculations on the top 20 fragments from the
WaaG and ZINC libraries respectively as well as HBGA trisaccharides A and B inter-
acting with the protein with any waters from the crystal structure. For each structure
a reference number (bold) is given along with its database identifier, calculated BFE
from LIE and AutoDock Vina docking score. For each structure the best BFE and
docking score is presented. They are not necessarily from the same docking pose. The
LIE results and docking scores are given in kcal/mol.
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Continued on next page.
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Table 7.4: Continued from previous page.
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Table 7.5: The top four results (21-24) from LIE calculations on the molecules based
on fragments with high affinity. For each structure a reference number (bold) is given
along with the reference numbers of the structures it was based on, calculated LIE and
AutoDock Vina docking score. The LIE results and docking scores are given in kcal/mol.
Structure 25 is included for comparison.
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bMb434 was not in the top 20 of the results and was, therefore, not included in table 7.4

5.21, 3.85 (reduced to 3.63 if the ZINC fragments were used as library of
starting materials instead of the default settings), 5.61 and 4.80 respectively.
This means that their syntheses are assessed to be of intermediate difficulty.

7.2.5 Discussion
The LIE method was confirmed to give results agreeing fairly well with exper-
imental data from GBP and trypsin, after which the compounds of fragment
libraries were docked to the norovirus VA387. The proposed structures 21 and
22 have very good calculated affinities — higher than the HBGA trisaccha-
rides, and 23 is also very promising, especially considering its small size. The
BFE of 23 is only slightly lower than the constituent fragment 3, but the novel
structure is expected to be more selective for the norovirus capsid because
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of its larger size. The proposed structures have not yet been carefully scruti-
nised for toxicity, but the quick REOS filtering did not detect any problematic
features. Further investigations need to be performed before testing them in
vitro. The small size and the relatively high approximated synthetic accessi-
bility of structure 23 would make that compound a good candidate for further
experiments, if only one of them would have to be selected.

Considering the relatively small docking score range of the fragment li-
braries more promising fragments could probably be found if increasing the
number of molecules to be analysed using LIE, but the time requirements
would increase accordingly.
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8. Conclusions and Future Outlook

Go then, there are other worlds than
these.

The Gunslinger
Stephen King, 1982

The structure of the E. coli strain 94/D4 (and serogroup O82) O-antigen
polysaccharide has been determined, which is one more step towards fully
mapping the E. coli O-antigens. This project is finished and the results from it
could potentially help developing vaccines against virulent strains.

The discovered information about GTs in ECODAB can help in structure
determinations. It could be used by CASPER instead of specifying sugar com-
ponents and their substitution positions. It would be possible to study the poly-
merases (Wzy) and flippases (Wzx) as well in order to predict the linkage
between the first and last carbohydrate of the oligosaccharide repeating unit.
ECODAB will need regular attention to keep up-to-date with published O-
antigen structures and GTs.

It has been shown that CASPER is able to determine glycan structures and
assign NMR signals with little manual intervention. The procedure could be
further automated with some improvements in the workflow (assuming that
the oligo- or polysaccharide can also be butanolysed for sugar component
analysis) as follows:

• NMR spectra can already be acquired and processed automatically, but
when it comes to more complicated experiments acquisition still requires
many parameters to be set manually, depending on the sample. Even seem-
ingly simple processing tasks, such as phasing 2D experiments, are still
better performed manually.

• Loading spectra into CCPN analysis, picking peaks and assigning reso-
nances would not be too difficult to automate. An algorithm to decide at
which level to pick the peaks, suggestively based on the number of signals
found in the anomeric region compared to those found in the ring region,
would be required.

• Using the CCPN project of the butanolysed glycan, CASPER can deter-
mine the sugar components along with their absolute configuration. Cur-
rently CASPER does not integrate the signals and cannot determine the
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relative numbers of each component. This is possible to implement, but it
would not be trivial. Additional butanolysed monosaccharides would also
be needed in the CASPER database to make it possible to identify more
sugar components.

• The identified components, from the previous step, would be used as in-
put to structure determination along with the CCPN project of the oligo-
or polysaccharide. The assignments from CASPER can automatically be
saved to a new CCPN project if further analysis is desired. CASPER still
needs more di- and trisaccharides in the database to correctly assign sig-
nals of complex structures and in some cases manual intervention will be
needed.

• Deposition of the structure and the chemical shift assignments in a publi-
cally available and audited database, to make it accessible to the rest of the
community, would be the end of a structure elucidation project. There is
unfortunately a lack of general high-quality carbohydrate databases, which
is hindering in the glycomics field. The EUROCarbDB124 initiative could
have filled this vaccuum, but the project was discontinued due to lack of
funding before it was up and running. This lack of suitable databases needs
to be rectified in order to let others fully utilise the results from the auto-
matic structure determination.

There might be more obstacles to discover along the way, but automatic struc-
ture determination of glycans would be possible without too much effort. Even
if everything was fully automated as described above it would be worthwhile
to verify the results in each step before proceeding to the next.

The project studying WaaG inhibitors has led to information about how
three small molecules bind to the enzyme. Combining two of these is ex-
pected to lead to a high-affinity inhibitor. It would be interesting to test such a
structure in vitro and in silico.

The fragment-based VS employing docking and MD simulations to dis-
cover novel compounds able to compete with the HBGA trisaccharides bind-
ing to the norovirus VA387 has led to a deeper understanding of how to use the
LIE method for BFE calculations as well as proposals of structures that have
excellent calculated affinities and would be a good foundation for further op-
timisations. There is still a long way to go before any of these structures can
be used in clinic, but considering that there are not yet any inhibitors available
this research can hopefully pave way for others.

During this work I have had the chance to learn many different compu-
tational techniques, achieving results which will hopefully stimulate inves-
tigations of both GTs and noroviruses. The improvements of CASPER and
ECODAB have provided the carbohydrate community with powerful tools,
the full potential of which is yet to be discovered.
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Appendix

Table A.1: 1H and 13C NMR chemical shifts of disaccharide α-d-Galp-(1→3)-d-
GalpNAc-ol in D2O at 70°C referenced to internal TSP (δ H 0.00) and to external
dioxane in D2O (δ C 67.40).

Residue 1 2 3 4 5 6 Me CO

α-D-Galp-(1→ 5.18 (3.7)a 3.89 3.88 4.05 4.04 ~3.78
100.34 69.19 70.19 70.06 72.53 61.83

→3)-D-GalpNAc-ol 3.72, 3.79 4.36 3.95 3.76 4.03 ~3.67 2.05
61.97 52.87 78.18 70.96 70.90 63.96 22.94 175.12

aJH1,H2 in parentheses.
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Populärvetenskaplig sammanfattning

Den här avhandlingen handlar om hur datorer kan underlätta vid strukturbe-
stämning av kolhydrater och även vid jakten på molekyler som kan utvecklas
till läkemedel.

Kolhydrater är den vanligast förekommande typen av biomolekyler och
finns i så vitt skilda material som rörsocker, cellulosa och bakteriecellväggar.
Därtill är även många proteiner täckta av kolhydrater i varierande grad. De
är alltså viktiga som exempelvis energikällor, som skydd och i olika former
av signal- och igenkänningssystem. I många av dessa fall är det sekvensen
av sockerresiduer (monosackaridenheter) och den tredimensionella strukturen
hos dessa glykaner som är viktig då det är dessa egenskaper som avgör om till
exempel antikroppar känner igen oligo- eller polysackariden.

Gram-negativa bakterier är ofta täckta av O-antigen-polysackarider och de
klassificeras utifrån strukturen på dessa. En effektiv metod för att avgöra se-
kvensen i sackariden gör att man snabbt kan se hur bakterien skyddas och
eventuellt utveckla vaccin mot den. Likaså kan vissa sjukdomar diagnostise-
ras utifrån vilka kolhydrater som sitter på protein i, eller kring, den utsatta
vävnaden. I det första projektet bestämdes strukturen hos polysackariden i O-
antigenet i Escherichia coli O82 och E. coli-stammen 94/D4, som bekräftades
vara identiska.

Utifrån det genetiska materialet i till exempel bakterier kan man avgöra
vilka glykosyltransferaser som bygger upp kolhydratstrukturerna. Problemet
är att man i de flesta fall inte vet exakt vilka socker som kopplas ihop av
dessa enzymer. Genom att lägga till information om glykosyltransferaser i
databasen ECODAB gick det att överblicka hur de är relaterade till varandra
och därmed bestämma funktionen hos många av dem. Med denna data var det
också möjligt att utifrån kunskap om vilka glykosyltransferaser som fanns i
en E. coli-stam förutse hur kolhydratkedjorna på dess yta såg ut.

NMR-spektroskopi är en viktig metod för att bestämma strukturen hos kol-
hydrater, men det kan ta väldigt lång tid att tolka dessa spektra. Med hjälp av
datorprogrammet CASPER, som räknar ut de NMR-kemiska skiften i kolhyd-
ratstrukturer, går det att automatiskt, eller halvautomatiskt, bestämma struk-
turen hos en oligo- eller polysackarid baserat på data från NMR-experiment.
Det gör att en strukturutredning kan utföras på några minuter, istället för på
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flera dagar eller veckor. CASPER har förbättrats på många olika sätt för att
höja kvaliteten på resultaten och därtill underlätta för användaren. Förutom
att bestämma strukturen kan även CASPER vara till hjälp vid tillordningen av
NMR-signalerna, vilket kan förhindra onödiga misstag. Helt automatisk be-
stämning av kolhydratstrukturer är fortfarande inte möjligt, men kan snart bli
om framstegen fortsätter.

När man utvecklar ett nytt läkemedel försöker man ofta hitta molekyler
som passar väl i det protein man är intresserad av, för att exempelvis hämma
dess aktivitet. Förenklat kan det jämföras med att leta efter nyckeln till ett lås.
För att hitta lämpliga strukturer kan man med hjälp av datorprogram beräkna
affiniteten mellan ett protein och en annan molekyl. Det gör att man på kort
tid kan hitta strukturer som kan vara en utgångspunkt för vidare förbättringar
och i slutändan nya läkemedel.

I den här avhandlingen har fyra dockningsprogram använts för att stude-
ra hur tre små molekyler (molekylfragment) samt två kända bindare intera-
gerar med glykosyltransferaset WaaG, som är viktigt för uppbyggnaden av
O-antigen i E. coli. NMR-experiment hade visat att molekylerna passade bra
i enzymet och även gett vissa indikationer på hur de band. Då docknings-
program ofta kan hitta det “rätta” bindningsläget, men inte alltid placera det
högst i resultatlistan användes flera program för att jämföra deras resultat med
varandra och även med experimentella data. Informationen från dessa studier
skulle kunna leda till utveckling av antibiotika som hindrar E. coli från att
bygga en skyddande lipopolysackarid kring bakteriecellen.

Målsättningen med det sista projektet var att hitta strukturer som hindrar
norovirus, som kan orsaka vinterkräksjuka, från att binda blodgruppsantigen.
Skillnaden mellan blodgrupperna A, B och 0 består i vilken oligosackarid som
finns på glykolipider i blodplasma. A- och B-blodgruppsantigenen är två oli-
ka trisackarider som endast skiljer i en av residuerna, medan de som är av
blodgrupp 0 endast uttrycker en disackarid — som saknar den del som skiljer
mellan A och B. Nästan 7000 molekylfragment, från två olika strukturdata-
baser, dockades till viruskapselns P-domän. För att komma runt problemet
att dockningsprogram ofta har svårt att rangordna strukturer studerades de 20
strukturer som passade bäst, från respektive databas, och även blodgruppsan-
tigentrisackariderna A och B, mer noggrant. Detta gjordes med hjälp av mole-
kyldynamiksimuleringar som möjliggjorde mer exakta beräkningar av de fria
bindningsenergierna. De mest lovande fragmenten kombinerades därefter för
att skapa molekyler som skulle kunna binda ännu effektivare och eventuellt
utgöra en grund för läkemedelskandidater, men många fler experiment och
ytterligare strukturoptimeringar behöver utföras innan det blir aktuellt att på-
börja kliniska prövningar.
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