
An ATLAS for understanding carbohydrate chemistry 

 

Summary 

Carbohydrates and sugars are biological molecules, which adopt various geometrices. In cells, 

carbohydrates change conformation when they bind to proteins. This project aims to develop 

methods for simulating the binding of sugars to proteins on a computer and to understand how 

these proteins function.  Machine learning will be used to compare the conformers the sugar 

adopts when it is bound with the conformations that it adopts when it is unbound. Traditionally 

function in molecular biology is inferred from structure. However, dynamics are increasingly 

seen to play an important role.  Developing tools for systematically studying these effects is thus 

critical.   

 

Project 

Carbohydrates, also known as saccharides, glycans, or sugars, are the most abundant and 

diverse set of biological molecules on Earth.  The fundamental unit of these molecules are 

monosaccharides, which bind to form polysaccharides [1]. Carbohydrates are implicated in 

biological functions ranging from structure and energy storage to signalling, with many of these 

functions being linked to carbohydrates’ interactions with proteins [1].  A better understanding of 

protein–carbohydrate interactions is thus essential for many fields. For example, glycoside 

hydrolases are thought to function by distorting the carbohydrate ring geometries in ways that 

make the cleavage of glycosidic bonds more favourable [2].  To understand protein–

carbohydrate interactions we thus need more than the static crystal structures of these 

complexes that are found in the protein data bank.  We also need to understand the effect 

proteins have upon the dynamical behaviour of the carbohydrate molecules that bind to them so 

that we can better understand how these proteins facilitate carbohydrate reactivity. 

 

Carbohydrates can adopt a number of distinct metastable configurations and will interconvert  

between these configurations over a microsecond timescale [3].  Consequently, when we say 

that binding to a protein affects the dynamics of the carbohydrate one or several of four things 

must be occurring: 

 

1. Binding stabilizes metastable configurations that are unstable when the carbohydrate is 

unbound. 

2. Binding changes the relative free energies of the various metastable configurations that 

the carbohydrate can adopt both when it is bound and when it is unbound. 

3. Binding changes the rates at which the carbohydrate interconverts between the various 

conformers. 

4. When the carbohydrate binds the way that it fluctuates while it is trapped in the 

metastable configurations changes. 

 

It is difficult to determine which of these mechanisms proteins are using to change the 

behaviours of carbohydrates because it is computationally expensive to run the microsecond-

long molecular dynamics simulations that would be required to observe the interconversions 

between the metastable states that the carbohydrates can adopt.  In addition, because the 



simulator defines what constitutes a metastable state, it can be difficult to locate the boundaries 

between them.   

 

 In this project, we will apply our recently-developed ATLAS technique [4] to study the effect of 

protein binding on the dynamics of carbohydrates using molecular dynamics (MD) simulations. 

ATLAS is ideally suited to this problem because it uses machine learning to analyze trajectories 

and find the basins of attraction that correspond to the various metastable states.  In other 

words, the trajectory is used to fit a Gaussian mixture model (GMM).  This probability 

distribution is then used to construct a bias potential that is similar to that used in metadynamics 

[5] and which enhances the sampling of phase space.  By using this technique, we are thus able 

to study long-timescale processes using relatively short MD simulations. 

 

The great strength of ATLAS is that the Gaussian mixture is a probability distribution.  We can 

thus use this probability distribution to calculate the likelihood that a given trajectory frame is a 

representative example of a particular conformer.  Consequently, we can use a Gaussian 

mixture model that is fit based on simulations of an unbound carbohydrate to analyse a 

simulation of a carbohydrate that is bound to a protein.  The likelihood information that we 

obtain from this analysis tells us whether item (1) in the list above occurs for the system of 

interest, i.e. if the protein stabilises configurations of the carbohydrate that would not be stable 

for the unbound carbohydrate.  Furthermore, this likelihood information also makes partitioning 

the trajectory between the various metastable configurations straightforward and thus allows us 

to also determine the effect the protein has on the relative free energies of the conformers and 

whether binding has affected the local dynamics.  

 

We can even potentially use ATLAS to determine when the system is transitioning between 

states.  The underlying kinetics can be obtained by using the infrequent metadynamics 

technique.  Furthermore, the GMM provides us with an obvious set of states that we can use 

when constructing a Markov state model of the interstate dynamics.    

 

In this initial project, where we are adapting the ATLAS method for this application we will first 

study proteins such as the asialoglycoprotein receptor [6], FimH Adhesin carbohydrate-binding 

domain [7], MhLap carbohydrate-binding domain [8] and L-fucokinase/GDP-fucose 

pyrophosphorylase [9] that bind to mono and disaccharides.  These small saccharides can 

adopt fewer metastable configurations and the proteins they bind to only have a few hundred 

residues.  These systems are small enough to study with our local computational cluster and 

are well suited to a proposal whose principal aim is to develop new methodologies.  We will run 

long MD simulations of the mono and disaccharides that bind to these proteins in water and use 

machine learning to extract representations of the trajectories that can be used to construct an 

ATLAS bias potential.  We will then run ATLAS simulations in the presence and absence of the 

protein and do the analysis described above.    

 

We would note that there are many problems in biochemistry that, like the saccharide binding 

we are studying here, involve small, flexible molecules binding to larger, less-flexible 

macromolecules.  Consequently, all the methodologies we develop in this project will be 



implemented in the PLUMED plugin for molecular dynamics [10].  Example input files for all the 

calculations that appear in our published papers will be deposited in the PLUMED nest [11], 

while tutorials on how to use the method will be provided through PLUMED tutorials [12].   

 

Our overall objective is to provide a quantitative framework for determining the effect the 

environment has on the dynamics of molecules.  As discussed in the section on why the 

Leverhulme Trust, the function of biomolecules is not solely determined by their structures.  

Dynamics are increasingly seen as providing a critical role.  The impact of this project will be to 

provide a quantitative lens that can be used to probe biomolecular dynamics.  This lens 

leverages the power of machine learning.  However, the insight obtained from the algorithms is 

comprehensible by human users as the model used by it is based on a physical model that 

assumes the molecule can be in a small number of distinct metastable states. A coarse grained 

model for the behaviour of the biomolecule can thus be obtained by extracting relative free 

energies for these states and the transition rates between them.   
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