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Abstract  
Since the 20th century, there have been big advancements in our understanding of enzymes, more 

recently there has been a divergence in ideas surrounding how their catalysis is influenced by 

temperature. At a rudimentary understanding of an enzyme’s relationship to temperature, we 

acknowledge that rate of turnover increases with temperature until an optimum temperature is reached 

(Topt) and at temperatures past Topt this rate will decrease. Our initial understanding is that the drop in 

rate is due to enzyme denaturation, which we still believe to be the main determining factor in the 

majority of cases. However, more and more research has shown that denaturation alone is sometimes 

not enough to explain the phenomena. 

There has been a recent boom in enzymatic research to try and identify the reasoning for the unique 

temperature dependence of the rate of enzyme turnover. One idea that is explored in this thesis, is that 

the change in Gibbs free energy from ground state to transition state (ΔG‡) is temperature dependent 

itself. When we make this assertion, we introduce the term (ΔCp‡) which is the change in heat 

capacity from ground state to transition state. The aforementioned idea is known as macromolecular 

rate theory (MMRT) and the changes in the key ΔCp‡ term in response to different factors has been 

studied at great length by several different research groups since 2013 and there is mounting evidence 

to suggest that ΔCp‡ could be the determinant factor in the curvature of temperature dependant 

enzyme catalysis. The biggest contribution to the ΔCp‡ term is notionally altered vibrational motion. 

In this thesis we explored how the temperature dependence of catalysis, in a promiscuous 

thermophilic enzyme, sulfolobus solfataricus glucose dehydrogenase (ssGDH), changes in response to 

different substrates. We studied the change in ΔCp‡  using experimental techniques and we found that 

there were significant differences in the temperature dependence of catalysis when different substrates 

were bound. We analysed these differences using red edge excitation shift (REES) experiments and 

molecular dynamics simulations and found that these changes were accompanied by dynamical 

changes in the enzyme. We also generated crystal structures of ssGDH, which we used for generating 

the 3D structure of the enzyme using X-ray crystallography. We also investigated internal protein 

motions in a medically relevant enzyme, SARS COV-2 main protease (Mpro). We investigated how 

motions of amino acids change in MPro in the presence of different inhibitors as a method of 

understanding how motions change in response to inhibitors. This is with the ultimate aim of being 

able to better design inhibitors and simultaneously understand the role of motion within enzymes. The 

work in this thesis is aimed to better understand enzymes and help future studies for tuning an 

enzyme’s temperature dependencies and also in better understanding inhibitor-enzyme interactions. 
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Chapter 1                          

1.0 Background and Introduction               

Enzymes are the proteinaceous catalysts that can determine the life or death of any organism.1  

They are the very definition of active macromolecules. Much like other biological 

macromolecules they have only been studied for a relatively short amount of time (<200 years). 

The advent of enzymology can be traced back to 1833 following observations by Payen and 

Persoz when they found germinating barley contained components capable of converting starch 

to sugar2. Following this work, in 1835 one of the fathers of modern chemistry, Berzelius, 

introduced the concept of catalysts.3 He postulated, “It is, then, proved that several simple or 

compound bodies, soluble and insoluble, have the property of exercising on other bodies an 

action very different from chemical affinity. By means of this action they produce, in these 

bodies, decompositions of their elements and different recombinations of these same elements 

to which they remain indifferent”.4 Much like catalysts themselves this definition has remained 

relatively unchanged. In 1836 the following year Berzelius quickly identified that enzymes 

belonged to this family of chemical compounds forming the genesis of enzymology.   

 

1.1 The Lock and Key Model 

Since the very first observations by Payen and Persoz, an overwhelming number of enzymes 

have been discovered. Their capabilities range from replicating DNA5 to digesting the very 

food we eat. Their capabilities to carry out very specific complex tasks has made them a popular 

tool in industry, we see their capabilities flourish in any peroxidase based assay, from 

immunological staining in ELISA plates6 to quantifying protein in western blots. We use them 

in our day to day in washing powders and stain removers.7 But this raises a question, how do 

enzymes perform such a wide array of complex tasks? It is this question that has plagued 

enzymologists for over a century, and it is the question that this work hopes to help elucidate.  

In order to begin answering this question, we begin our journey in 1884. Hermann Emil Fischer 

begins his work on sugar and purine synthesis, a project that ultimately leads to him being 

awarded the Nobel prize in chemistry in 1902. Fischer successfully performs the organic 

synthesis of  D-(+)-glucose and shows how to deduce the formula of 16 isomers using the 
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“Fischer projection method”.8 His study of sugars leads him to investigate their fermentation 

using enzymes and in 1894 he posits, “An enzyme and a glucoside must fit like a lock and key, 

in order to be able to exert a chemical effect on each other”.9 That is to say that in order for an 

enzyme to act on a substrate they must complement each other geometrically, a fundamental 

pillar in the understanding of the activity of enzymes coined, “The Lock and Key model”. 

Therefore, we understand that there is a requirement for enzymes to complement their 

substrates in shape and that in order for an enzyme to perform these complex chemistries, there 

needs to be a level of specificity. However, this gives us relatively little information pertaining 

to how enzymes physically achieve the array of chemistries available to them. In order for us 

to begin to start appreciating enzymes mechanically, we must continue to 1913. Here we find 

the most iconic names in enzymology. 

 

1.2 Michaelis-Menten 

Leonor Michaelis, a German biochemist had been working at Berlin University as an unpaid 

professor for some years studying the proteolytic cleavage of polypeptides.10 Maud Menten, a 

Canadian biochemist having just earned her MD, moved to Berlin to work alongside Leonor 

Michaelis after the publication of his 1907 paper. Using the lock and key model, Victor Henri 

and Max Bodenstein, had already theorised the formation of an enzyme substrate complex prior 

to complete catalysis and had derived a mathematical relationship between substrate(S), 

enzyme(E), enzyme substrate complex(ES) and product(P).11 However, as Michaelis and 

Menten write in their original paper12 , Henri did not take into account two aspects: 

mutarotation and more importantly hydrogen ion concentration (pH). Michaelis and Menten 

noted that only a minor fraction of substrate is bound to the enzyme so therefore [E]free ≈ [E]tot . 

They also made the observation, that this relationship is equivalent to that of weak acid 

dissociation (Eq:1.1). Following the Reaction (R1). 

 

 

Where A- is conjugate base HA is undissociated acid and KA is the dissociation constant. The 

rate is proportional to the concentration of reactants so we can describe R1 using the mass 

action law (Eq1.1): 

 

(R1.1) 

(Eq1.1) 
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Michaelis and Menten from their understanding of acid dissociation curves, recognised that 

enzymes behaved in much the same way and could be described using reaction (R1.2): 

 

 

 

We can see that the relationship is very similar with respect to the formation of the enzyme 

substrate complex. When accounting for the reverse rate and formation of products they 

derived the equation (Eq1.2). 

Where v is initial velocity, C is Kcat (absolute turnover) multiplied by a conversion factor, Φ is 

the total enzyme concentration, [S] is substrate concentration and k is k-1 (or Ks) the 

dissociation constant of substrate with enzyme. This equation has been further derived (using 

methods we will discuss later) to the equation that all enzymologists know today (Eq1.3): 

 

 

 

Where Vmax is the maximal rate and Km the Michaelis constant describes the propensity for the 

dissociation of the enzyme substrate complex (Eq1.4): 

 

 

When we plot a series of enzyme catalysed reactions at varying concentrations of substrate(M) 

against Time(min-1) we produce something similar to figure1.  

(R1.2) 

(Eq1.2) 

(Eq1.3) 

(Eq1.4) 
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We can obtain values of Vmax and Km by plotting these data to Eq1.3 using nonlinear least-

square fit13 but of course in 1913 Michaelis and Menten had no access to such computation and 

instead derived these values via a much more convoluted derivation14.  Having done most of 

the intellectual heavy lifting they had missed the almost obvious double reciprocal linear 

transformation or “Lineweaver-Burk” plot as we know it today Eq1.5. 

 

 

 

 

 

We can see that the reciprocal plot of the Michaelis-Menten equation strongly resembles that 

of a linear equation. Therefore, to derive parameters we can plot data via a reciprocal plot and 

the gradient is equal to km/Vmax and similarly, the y intercept marks 1/ Vmax. However, it must 

be addressed that this is a poor way of obtaining these parameters as outlined by Robert 

Eisenthal and Athel Cornish-Bowden15. 

Mathematically the Michaelis-Menten expression represents a rectangular hyperbola and it is 

important for us to understand how this mathematical relationship describes physical 

Figure1.1 The Michaelis Menten relationship. As substrate concentration increases so 

does rate until a maximum rate is reached asymptotically (Vmax) 

or 

(Eq1.5) 
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phenomena. It is no secret that mathematics is the language of matter and in order to properly 

appreciate any scientific phenomena it is worth spending a moment to better understand how 

fitting pieces of measurable data can inform us on the immeasurable. 

The expression for a rectangular hyperbola is as follows (Eq1.6). 

 

 

Where y is the dependent variable, x is the independent variable, a is the asymptote (the value 

that the curve tends to but never reaches) and b is the rate at which the asymptote is 

approached16. Comparing this equation to Eq1.3 we can already make a striking number of 

predictions about the relationship of an enzyme and substrate. Immediately we can recognise 

that Vmax and Km define the limits of the system, where Vmax marks the asymptote (the absolute 

saturation of enzyme) and Km marks the rate at which the system reaches this asymptote as we 

can see in Figure1.1. We can think about Km as reflecting the absolute propensity of the 

substrate to be catalysed by an enzyme. Therefore, the relationship between velocity and 

substrate concentration is a constant and invariable between systems that follow Michaelis-

Menten kinetics. The curvature of this function is invariable regardless of absolute values of 

Vmax and Km. That is to say the values of Km will be independent of substrate concentration and 

enzyme concentration.  

Partitioning regions of the Michaelis-Menten plot can inform us on the order of the reaction 

which is crucial for approximating certain parameters. At low concentrations of substrate, the 

rate is linearly proportional to substrate concentration, or in other words; the reaction is first 

order with respect to kinetics. It is in this region where we can most accurately establish the 

catalytic efficiency of an enzyme kcat/Km where kcat signifies the turnover number (number of 

substrate molecules converted into product per enzyme site). It is helpful to consider that we 

think of an enzyme as being efficient when there are a number of turnover events in a short 

amount of time with very little substrate required. Henceforth it is useful to measure the 

efficiency of an enzyme where there is a linear proportionality between substrate and rate. As 

we traverse through the region with the most curvature (pseudo first order) we reach the plateau 

whereby the reaction becomes zero order. Here the reaction rate is invariable with respect to 

changes in substrate concentration. Therefore, in this second (relatively) linear region we can 

most accurately determine the aforementioned parameter kcat as the absolute rate is invariable 

(Eq1.6) 
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with substrate concentration. It is generally good practice to perform kinetics experiments at 

10 х Km for these reasons.  

When Michaelis and Menten produced their equation in 1913 the mathematical beauty behind 

why this made logical sense and the boundaries to using the equation were undeveloped. As is 

the case for all great things there are caveats to using the Michaelis-Menten equation.  

1.3 The Steady State Approximation and Briggs-Haldane 

Kinetics 

In 1925 Briggs and Haldane produced a paper that gave the Michaelis-Menten equation 

reproducibility in all systems. The Michaelis-Menten equation approximates a dynamic system 

and certain criteria have to be met in order to predict realistic and accurate values for otherwise 

immeasurable parameters. Therefore to use the Michaelis-Menten equation properly we make 

a set of assumptions that Briggs and Haldane define as the “Steady State Approximation”17: 

Firstly the enzyme is a catalyst and as we described earlier, cannot be consumed in the reaction. 

Secondly, the stoichiometry must be 1:1 between enzyme and substrate and upon completion 

of a reaction the complex breaks down to enzyme and product. Thirdly, the enzyme and 

substrate react rapidly to form the enzyme-substrate complex. Lastly, there is a rapid-

equilibrium assumption. That is to say that the enzyme, substrate and enzyme-substrate 

complex are in equilibrium and the rates of complex formation and dissociation must be faster 

than the rate at which the complex breaks down to form products so that k2 becomes the rate 

limiting step. 

These conditions can be surmised as the conditions whereby the intermediate ES complex is at 

a low concentration due to the fact it reacts quickly, but it stays consistent with time. When we 

describe a system as being in “Steady-State” we are describing a situation where all the state 

variables are constant despite the ongoing processes which are trying to change them. In 

simpler terms, it is a dynamic system where the intermediates are in a great excess so that the 

formation of products is rate limiting.  These conditions may seem very specific, but we work 

around this issue by using the initial velocity of the reaction, that is the rate at t0. This part of 

the reaction we call Quasi-Steady-State, because the concentrations of [ES] stay constant but 

they might not do so for very long depending on the reaction.  
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To understand why these conditions, need to be met, we need to visualise an enzyme catalysed 

reaction using the mass action law. The reaction scheme R2 can be split into two separate 

reactions (R1.3+R1.4).  

 

 

 

With the knowledge that k2 is the rate limiting step and that [P] is almost 0 because we are at 

the start of the reaction, we know that the rate of formation is the same as the rate of dissociation 

by our definition. So, using the mass action law we transform the reaction schemes R1.3 and 

R1.4 into a mathematical expression Eq 1.7. 

 

 

 

 

 

Now with the power of mathematics, we can explain the purpose of these requirements. We 

know that the total concentration of enzyme [Etot] = [ES]+[E] so [E]=[ES]-[Etot] therefore eq7 

becomes: 

 

Therefore 

 

 

Using the equation for Km we described earlier (eq4) we can partition out the rate constants. 

 

 

Therefore 

(R1.3) 

(Eq1.7) 

(R1.4) 
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We know that the velocity at t0, v0=k2[ES] or [ES]= v0 / k2 because this is the rate limiting step. 

Therefore when 

 

 

 

 

 

Therefore 

 

 

 

At this stage in the reaction, we know that at the maximal velocity (Vmax) that the total amount 

of enzyme [Etot] is equal to the concentration of enzyme substrate complex [ES] 

Therefore Vmax = k2[Etot] and the equation becomes the recognisable Michaelis-Menten equation 

(Eq3): 

 

 

In order for this derivation to stay true, we need to meet the parameters outlined by the steady 

state approximation and it is why steady state kinetics is synonymous with Briggs-Haldane 

kinetics. For the source of this information you may consult Cornish-Bowden18 .However if 

you would happen to want a more interactive medium I strongly recommend “Biochemistry | 

Michaelis Menten Equation” on Youtube19. 

There is no doubt that getting to this product is a complex process and it is no wonder that it 

took top scientists in the field well over a decade starting from the establishment of the 

Michaelis-Menten equation to the intricacies we have reached in just a few pages. More 

(Eq1.3) 
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importantly, the crux of what we have just described is that this is how in enzyme kinetics and 

proteomics we make the immeasurable, measurable. There is an overwhelming majesty to 

being able to describe the physical parameters a biological molecule using mathematics and it 

remains a common theme throughout this work.  

 1.4 The Specificity of Enzyme action 

If we remember the work of Emil Ficher, we can recall that it is important for an enzyme to 

complement its substrate. We feel the temptation to think of an enzyme and its substrate having 

rigid pleasing geometries that fit snuggly together. Unfortunately, as we know, this image is 

only a static representation and functions only as a snapshot of what is actually a deeply 

complex dynamic system. We are often tempted to think of systems as stationary because as 

soon as we consider movement the range of possibilities seem limitless. Fortunately for us, 

many deep thinkers have already climbed this mountain in protein biochemistry and have 

established an understanding of enzymes (and proteins) as dynamic bodies.  

The first key idea to understanding the dynamism of enzymes was work done by Daniel 

Koshland in 1958. Koshland suggested that the structure of a substrate may be complementary 

to the shape of the active site but not in the free enzyme20, 21. That means that a conformational 

change must take place in the enzyme which results in the geometric harmony of the two 

structures. This requires the enzyme to be flexible in nature which implies the presence of 

movement (Figure 1.2).  

 

Figure1.2: The induced fit model. (A) As enzyme (orange) and substrate (blue) come into 

close contact forming the enzyme substrate complex (B) with the precise orientation of the 

attractive groups of the substrate and enzyme the enzyme changes its geometry (C) to form a 

complementary structure to accommodate its binding partner. After the enzyme-substrate 

complex has been formed, the enzyme’s catalytic groups impose a strain on the bonds of 

substrate through electrophilic and nucleophilic forces.  

A B C 
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Although in the present day all enzymologists are comfortable with the notion of dynamism in 

these systems, at the time this idea undermined the dogma that there was a precise fit of an 

enzyme and a substrate21.  

So, from the induced fit model we might start to believe enzymes to be terribly romantic, they 

even change their nature in order to be compatible for their suitors. However, you would be 

mistaken if you thought this meant that most enzymes settle for only one partner. Most enzymes 

actually exhibit some form of promiscuity and are responsible for catalysing reactions with 

several different binding partners; usually with one dominant substrate for which it is known. 

Enzyme promiscuity goes against one of our fundamental pillars, that enzymes must be specific 

in their actions. When we think of an enzyme’s specificity, we can imagine three ways in which 

specificity dictates enzymatic action: The affinity for a substrate, the products formed by the 

reaction and the reactions catalysed. Enzymes can be promiscuous in all three cases22. It is one 

of enzymology’s best kept secrets that most enzymes have the capacity to catalyse a number 

of different reactions, this is partly due to the fact that most of these promiscuous functions 

aren’t physiologically relevant in most biological systems23. Additionally, promiscuity isn’t 

limited to just enzymes and many proteins can easily adapted to exhibit promiscuity. For 

example Bovine Serum Albumin (BSA) has no catalytic function naturally, but with the 

addition of a lysine in a binding pocket confers an ability to catalyse a multitude of reactions24.  

So even non-catalytically active proteins are capable of promiscuous functions providing a real 

thorn in the side of simplicity.  

Why then is it of pertinence that enzymes and proteins have such chemistries? To answer this, 

we must consider much larger time scales. 

Over the course of a millennia there are an innumerable number of changes to any organism’s 

environment. In order to have a preparedness for any eventuality it is important that a system 

has a plasticity and an adaptability to change.  What this means for enzymes is that in the 

eventuality of a change to the environment that governs the catalytic function having only 

purpose would render them redundant. As biochemists, we know that nature hates redundancy, 

efficiency is its modus operandi. A great deal of work can support the idea that that promiscuity 

is an adaptive function25. A poignant example of enzyme promiscuity can be seen in directed 

evolution26. 

Directed evolution is the exploitation of the Darwinian algorithm to enhance enzymes and is 

the practice of artificially stimulating a change in environment of a micro-organism using some 
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selection pressure and then subjecting the “fittest” colonies to successive rounds of the same 

selection pressure in order to optimise a function.  The technique was established in 1971 by  

Francis and Hansche27, but has risen to prominence recently, when Frances Arnold won the 

2018 chemistry Nobel prize for pioneering directed evolution in cytochrome c28. 

The main function of Cytochrome c is in ATP synthesis but it has a plethora of functions due 

to its redox chemistry and ability to transfer electrons1, 29. The system Arnold and colleagues 

chose to optimise was a Gram-negative, thermohalophilic bacterium from submarine hot 

springs in Iceland30. Having performed a selection screen, they selected a candidate which had 

shown promising catalytic activity; Rhodothermus marinus Cytochrome c (Rma cyt c). 

However, there were serious advancements to be made if Rma cyt c was to be industrially 

relevant.  Arnold and colleagues used a considered approach, identifying key residues that 

implicate abhorrent functions in the enzyme and using site saturation and site directed 

mutagenesis to ensure enantiomers would be removed from their product.  

The consequence of this work meant that there were now enzymes with new chemistries for 

forming carbon-silicon bonds, that were only available through synthetic chemistry prior to 

this study. What is particularly beautiful about this work, from an enzymology perspective, is 

that Frances and colleagues used their knowledge of the promiscuity of the enzyme to adapt its 

function. Knowledge of promiscuity and how particular residues confer promiscuity is so 

important for us as enzymologists because it develops new functionality in an enzyme and can 

provides us with new chemistries. When used in de novo enzyme systems it can be used as a 

tool to establish the physical origins of catalysis31. These ideas are an important and chapter III 

hopes to explore these considerations in more detail. 

We know that enzymes have can have a range of catalytic partners and that the active site 

rearranges itself to accommodate these partners, but how do they actually interact with their 

substrates to perform catalysis?   
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1.5 Transition State Theory and the Arrhenius equation 

Previously we have described how the induced fit model has implicated that a dynamic active 

site, is necessary for suitable binding of substrate to enzyme. This flexibility actually translates 

into an enzyme’s catalysis. 

Once an enzyme binds its substrate, the flexibility of the active site puts a strain on the substrate 

which raises the energy level of the starting state32. This in turn causes a destabilisation of the 

substrate and provides the reaction coordinate with enough energy and the substrate more likely 

to proceed to the products side of the reaction33. This dynamic nature of catalysts can be 

explained by a concept known as  “Transition State Theory” outlined in 1935 by Eyring and 

Polyani34. Transition state theory explains the rate of chemical reaction assuming a special type 

of chemical equilibrium (quasi-equilibrium) between the reactants and activated state 

(transition state complex). If a reaction is going to proceed to completion, a continuum of 

Figure1.3: Reaction coordinate described by transition state theory. Once the enzyme 

and substrate form the enzyme substrate complex (ES) a large energetic barrier needs to be 

overcome in order for the reaction to proceed to product (P) and enzyme (E). The transition 

state (ES‡) serves as a short term reactive substate that drives the reaction towards the 

products side. 
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energy states must be passed through before the products are formed. On the reaction pathway 

there will be an energy state that is highest and for a miniscule amount of time the reaction 

complex exists as what is known as the transition state(Figure 1.3). 18 

Transition-state theory provides a framework for determining the rate of a chemical reaction. 

The idea serves as an important component in understanding enzyme catalysis and has both 

empirical and statistical justifications.  

Predating transition state theory, there had been huge efforts by chemists to accurately describe 

the temperature dependence of chemical reactions. In 1889 Svente Arrhenius proposed an 

equation which aimed to elucidate the connection between temperature and rate for chemical 

reactions (eq8). 

 

 

 

The components to this equation are k as the rate constant, A as the known frequency or pre-

exponential factor, Ea is the activation energy (the minimum amount of energy required for the 

reaction to occur), R is the gas constant and T is the temperature of the reaction. The principal 

component here that connects the transition state theory to chemical kinetics is the activation 

energy. The idea that there is an energetic barrier that needs to be overcome and being able to 

quantify that barrier using mathematics governs our understanding of chemical kinetics. 

Thermal energy relates direction to motion at the molecular level. As the temperature rises, 

molecules move faster and collide more vigorously, greatly increasing the likelihood of bond 

cleavages and rearrangements. What Eq1.8 is describing is a successful reaction between 

molecules in relation to temperature. But how do the parameters we have outlined describe 

that?   

Arrhenius is often described as the father of physical chemistry, so if we are to understand his 

perspective, we must also look at what this equation describes physically. In order for a 

successful reaction to occur, the reacting molecules must collide with enough energy and in 

the correct orientation. The preexponential factor (A) describes the frequency at which 

molecules collide with enough energy and the correct orientation in order for this successful 

reaction to occur. It is more helpful if we think of a situation where  Ea = 0 or when there is no 

barrier to the activation energy. It is a strange hypothetical to imagine but there are barrierless 

reactions that have been characterised35, 36. In this instance we see the importance of the 

(Eq1.8) 
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preexponential factor as it becomes the determinant of the value of k. This raises the question, 

physically what is left in determining the rate constant k? Now that there is no barrier to the 

reaction, the only components that limit the rate is the frequency of collisions (Z) and the 

probability of successful collisions (p). Both of these variables are components of A such that 

A=Zp 37. Without going into too much detail, these components (Zp) are calculated by 

assumptions made of interactions of particles in the gas phase. Herein we start to see limitations 

of this equation if applied to physiological systems38. 

The rate constant is represented by k, which if we remember back to the reaction scheme R3 

we know how to describe this.  

 

 The rate constant is simply a descriptor for the propensity for the reaction to progress in the 

forward direction and is directly proportional to rate itself. Reactions who have a high 

propensity to happen, do so quickly. 

It is important to treat   all as one homogenous unit as this section of the equation 

represents the ratio of activation energy to average kinetic energy. The larger the ratio the 

smaller the rate constant.  For example, if we imagine that we have a reaction that requires an 

enormous amount of activation energy to proceed then the value of Ea is very large, and if the 

temperature T is also small then   is an extremely large, negative value. The rate constant 

is exponentially proportional to the ratio of activation energy to temperature which means that 

from our example, we will have an extremely small number so that k ≈ 0. Therefore, for 

reactions whose activation energy requirement is high, when temperatures are also low the rate 

is low to non-existent. Because the rate of a reaction is directly proportional to the rate constant 

of a reaction, the rate changes exponentially as well39. 

Catalysts affect the rate constant by reducing the activation energy needed for the reaction to 

happen. This allows us to make an interesting observation; we know catalysed reactions have 

small activation energies and so the denominator will always be relatively small, so small 

perturbations in the numerator (temperature) will have significant impacts on rate. Henceforth 

catalysed reactions are more affected by temperature than uncatalysed40 which is a useful 

principle to keep in mind as we move on to enzymatic systems. 
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 The gas constant (R) is a proportionality constant that is derived from the ideal gas law (Eq1.9).  

 

                                              

 

Where P denotes pressure, V denotes volume, n is the number of moles and T is temperature. 

Avogadro’s law states41, “equal volumes of all gases, at the same temperature and pressure, 

have the same number of molecules” so we know that there must be a constant to describe this 

principle which is R and it has the value 8.314 Jmol-1K-1. The gas constant relates temperature 

to energy and moles and its presence in the Arrhenius equation allows us to translate 

temperature into J mol-1. It is a constant so is independent of any external factors and has no 

impact on the value of k.  The temperature dependence of systems who follow Arrhenius 

kinetics when we plot rate against temperature as one might expect we see an exponential 

relationship (Figure 1.4A).  

Because exponential functions are hard to work with the natural preference is to make the 

relationship linear by plotting the natural logarithm of the rate constant lnk against the 

reciprocal of temperature T-1 (Figure 1.4B) 35. Additionally, it is useful to picture the change 

in Eq1.8 to form Eq1.10. 

(Eq1.9) 

Figure 1.4: The temperature dependence of Arrhenius kinetics reactions. A) The 

exponential relationship between k and Temperature. B) The linear relationship of the same 

data when transformed logarithmically.   

ln
k
 (

c
m

3
m

o
l-1

s-1
)

1/T (K-1)

k
 (

c
m

3
m

o
l-1

s-1
)

Temperature (K)

A B 

or 



23 

 

 

 

 

And through further rearrangement we come to Eq1.11 

 

 

 

Similarly, to the Lineweaver-Burke plot mentioned earlier, reorganising the equation into a y 

= mx +c format, allows us to easily derive parameters. For example, we can find the 

preexponential factor by taking the exponential of the y intercept and we can derive the 

activation energy by multiplying the gradient by -R.  

The Arrhenius equation helps explain the temperature dependence of reactions and provides a 

fundamental physical model. It provides a mathematical justification for transition state theory 

and part of its success is attributed to the fact that it does make such agreements with the 

transition state model. 

However, because of the low descriptive power of the Arrhenius equation, it cannot accurately 

describe many kinetic reactions and because of how the pre-exponential factor is treated, is 

limited by to accurately describing systems in the gas phase38. This has led to a range of 

examples of chemical systems that don’t obey Arrhenius kinetics 42 and as we are soon to 

discover this model is insufficient for describing enzyme kinetics43-45, 46. One glaring issue is 

the assumption that the pre-exponential factor (A) is assumed to be constant throughout a range 

of temperatures which has been shown not to be the case for all systems47.  Additionally, with 

only a rudimentary understanding of the temperature dependence of enzymes we know that the 

relationship between lnk and temperature is far from linear.  

Another point to note is that the equation was developed in a time before quantum mechanics, 

reactions involving very tiny particles such as electron transfer can’t be accurately described 

due to the lack of compensation for tunnelling effects48. Therefore, we are forced to consider a 

revision of the Arrhenius equation in search of a more descriptive model. 

(Eq1.10) 

(Eq1.11) 
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1.6 The Role of Thermodynamics in Catalysis 

Theoretical chemistry provides us with an insight into chemical processes. When we have a 

clear picture of molecular systems, we can explain empirical observations and make predictions 

for uncharacterised systems. Often we apply an Ockham’s razor approach, whereby the 

simplest theory is preferred as it leads to a better understanding and this strategy works well as 

long as the dominant process is treated with enough accuracy.49 

Despite the strong foundations the Arrhenius equation was derived through an empirical 

approach.  In 1935 at the same time as defining transition state theory Eyring, Polyani and 

Evans used statistical justifications and adapted the Arrhenius equation with more modern 

ideas50.  The Eyring-Polyani equation is as follows Eq 12: 

 

 

Where k is the rate constant κ is the transmission coefficient, kB is the Boltzmann constant, h is 

Planck’s constant and ΔG‡ is the activation energy. The transmission coefficient κ accounts for 

barrier recrossing but is always assumed to be unity for all reactions, upon forming the 

transition state the reaction is only going to proceed forward. We can see that the activation 

energy term has been replaced with the difference in Gibbs free energy between ground state 

and transition state (ΔG‡) and this redefines the barrier in thermodynamic terms. Gibbs free 

energy (ΔG) describes the spontaneity of a reaction (whether a reaction will proceed without 

additional external factors) at a given temperature (T) and it reflects the combined enthalpic 

(ΔH) and entropic (ΔS) contributions and can be defined by Eq 1.13: 

 

 

First, we must remind ourselves of what these thermodynamic terms refer to; enthalpy (H) 

represents the sum of internal energy at a given pressure, and ΔH reflects the change in enthalpy 

when a process happens. Enthalpy change reflects the heat evolved (released or absorbed) when 

any process occurs at constant pressure and is roughly equivalent to the amount of energy lost 

or gained. For a reaction there is a balance between breaking bonds which consumes energy 

and the energy released by the formation of new bonds. Entropy (S) describes the dissipation 

of energy and the change in entropy ΔS is the measure of how the energy of a system dissipates. 

(Eq1.12) 

(Eq1.13) 

κ 
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When we incorporate our definition of Gibbs free energy into the Eyring equation we can see 

how enthalpy and entropy contribute to the propensity and rate of a reaction (Eq1.14). 

 

 

 

The terms now become the enthalpy of activation (ΔH‡) and the entropy of activation (ΔS‡).  

What is the use of identifying thermodynamic parameters for a reaction? Thermodynamics 

inform us on how the reaction happens and in what way. Addressing the enthalpy of activation 

and activation entropy Athel Cornish-Bowden conveys this idea perfectly, “The enthalpy and 

entropy of activation of a chemical reaction provide valuable information about the nature of 

the transition state, and hence about the reaction mechanism”18 . For example, a large enthalpy 

of activation is indicative of a large amount of tension in the transition state; factors such as 

squeezing, stretching and breaking all contribute to the strain on the bonds and increase the 

energy released on formation of the transition state. Now considering the transition state is 

always a much higher energy state than the ground state, the enthalpy change is always 

exothermic. Henceforth the ΔH‡ term is always a positive number and the   term is always 

negative, due to the fact that operator is always negative. Therefore, higher enthalpic 

contribution to the rate, acts to reduce the value of the rate constant (k), as larger negative 

values for an exponent generates smaller values. Now we can properly start to grow an 

appreciation for temperature, as this acts to reduce the value of the denominator and acts to 

mitigate enthalpy. Through mathematical expression we can deduce physical relationships with 

astonishing accuracy. Even the similarity of the  expression to  in the Arrhenius 

equation (Eq1.8) reveals the nature of this thermodynamic parameter.  

Similarly, the entropy of activation is very informative because it can give us information on 

the absolute order of the transition state. Here we find our first major deviation from the 

Arrhenius equation, whereby the preexponential factor A that was defined by 2 parameters 

(frequency of collisions (Z) and the probability of successful collisions (p)) this factor is now 

determined by the   component in the Eyring equation. This is pertinent because this 

component reflects the same principle, we described for the Arrhenius equation, which is 

describing the absolute probability of the formation of the transition state without any external 

factors but using statistical justifications. We have introduced two new constants here the 

(Eq1.14) κ 
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Boltzmann constant (kB) and Planck’s constant (h). These constants represent a proportionality 

between the rate constant k and the exponential terms.51 

There is a major difference between entropy and enthalpy of activation as the entropy of the 

system can increase or decrease depending on the molecules reacting. Physically the 

probability of the transition state is defined by the temperature and the activation entropy. The 

values of ΔS‡ are determined by the conformational stability of the system and how precise the 

orientation needs to be in order for the reaction to happen 18. Reactions which require precise 

conformations and are very flexible have large negative values as these factors act in opposition 

to the rate constant (k). As we have mentioned previously, large negative values on an exponent 

produce small values of k. However, these values can also be very large and positive which 

can ascribe a sense of low specificity and high rigidity due to multiple reactive conformations, 

or in catalysed systems can reflect how an adsorption of two reacting molecules to a surface 

increases the probability that these two bodies react52. In unimolecular systems the entropic 

contribution is usually large and negative as the probability of these two molecules being in 

the correct orientation is extremely low and translates to low rates of reactions53. It has long 

been established that these entropic contributions are the source of speed in enzyme action54 

but the level of contribution of ΔS‡ to determining the rate of reactions is still a source of debate. 

The “Circe effect” outlined by William Jencks, suggests that enzymes have already paid the 

entropic toll in forming the enzyme substrate complex and then further by substrate 

destabilisation55. The Circe effect is a beautiful analogy which invokes the idea of enzymes 

having magical properties much like a sorceress. Adrian Mulholland summarises the perfectly: 

“According to legend, Circe lured Odysseus’s men into her mansion, drugged them, and 

transformed them into pigs. Jencks’s hypothesis is that enzymes function by luring molecules 

into their active site, and work their transformative magic by holding them bound.”56 This 

hypothesis describes how the substrates are restrained and are brought into the right orientation, 

effectively making the probability of successful collisions exponentially higher and with it the 

value of ∆S‡ becomes large and positive. The energetic price is paid for through the energy of 

binding.55-57 Additionally, we might consider the energetic cost of forming the active site paid 

for in advance during the synthesis of protein by the hydrolysis of ATP58.  However, what is 

not explicitly outlined in the original system (cytidine deaminase) is the role water and solvent 

has on the contribution of ∆S‡ 59. 

Solvent is often an overlooked contributor to reactions and catalysis is no exception. The 

solvent is the embodiment of energetic dissipation and the charge it carries can have serious 
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effects on the entropy of activation. Aqvist and colleagues have observed that the uncatalyzed 

deamination of cytidine by water is completely dominated by its solvent and marks a strong 

example of solvent entropy effects being a predominant force in reactions where charge is an 

important factor (such as electron transfer)60. The entropic contributions of solvent also play a 

predominant role in ligand binding and the stages leading up to the formation of the transition 

state61. 

Here we begin to get an appreciation for the work that enzymes perform. Without enzymes the 

molecules that are involved in biological processes are large and flexible which means that the 

value of -ΔS‡ is large and so the uncatalyzed reactions are unlikely.18 Additionally, the number 

of molecules involved in the transition state in an uncatalyzed reaction is higher than for a 

catalysed reaction, as the solvent becomes a component of the transition state and so there is a 

large entropic cost.  It is absolutely astounding to consider the complexity of biological 

molecules. If they didn’t need such specific molecules for their chemistries, the inside of cells 

would be a raging battleground. 
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Once again, we can disseminate thermodynamic parameters from linear relationships to give 

us the contributions of ΔS‡ and ΔH‡. From Eq15 we can plot a temperature dependence (Figure 

1.4B). 

 

 

 When we plot kinetic data in this way we can predict the value of ΔS‡ from the y intercept 

 and we can abstract values of ΔH‡ from the slope .  

So we can now accurately derive thermodynamic parameters pertaining to the transition state! 

Unfortunately, not entirely. There is an apparent danger to extrapolating data from linear 

relationships. For example when we are deriving the entropy of activation we are deriving 

parameters at a point where the temperature (1/T) = 0 or in other words when 

  T = ∞62. Similarly, if we rearranged Eq15 to Eq16 and plotted Figure 1.4B: 

 

 

 

We can now predict values of ΔS‡ from the slope but our predictions of ΔH‡ are now based on 

temperatures of 0K which one could argue is also unrealistic. As mentioned in section 1.2, the 

preferred method of fitting data with the benefits of using modern day computing is to fit using 
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Figure1.4: Determining the activation energy using Eyring-Polyani kinetics. A) Temperature 

dependence fit to eq14. B) Temperature dependence fit to eq15 
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least squares fit13. So we might think that our predictions will have a wide variation in 

numerical precision depending on what method we use, but this has been shown not to be the 

case62. However, we must be vigilant in our quest for clarity and so we must be careful to not 

overinterpret the mechanistic implications of ΔS‡. We know that to make extrapolations based 

on data, it is important that the model we use accurately describes the system we are 

investigating. The Eyring equation outlined by Eq14 is not to be able to account for enzymatic 

systems independently. We are all familiar with the unique temperature dependence of 

enzymes (Figure 1.5). Rate increases with temperature until we reach the optimum temperature 

(Topt) then at temperatures past this point the rate decreases. This has largely been ascribed to 

thermal denaturation which is an accurate statement to a point. However, there is a wealth of 

information to suggest that this isn’t the entire picture: When we examine the temperature 

dependence of psychrophiles we see the same bell-shaped temperature dependence but the 

observed thermal denaturation from circular dichroism doesn’t match the drop-in rate 

accompanied with temperature increases past Topt 
44, 63, 64. Their mesophilic counterparts show 

“regular” relationships between activity and unfolding (Figure 1.6). Additionally, there are 

many examples of systems which don’t obey Eyring behaviour65, 66, 67.  

The questions raised by these observations led to a new plethora of ideas and theories to answer 

why we see this curvature. 

Figure1.5: The unique 

temperature dependence of 

enzymes. Rate increases 

with temperature until the 

optimum temperature (Topt) 

is reached. Past the 

optimum temperature rate 

decreases which is often 

associated with thermal 

denaturation 
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Figure1.6: Temperature dependence of psychrophilic enzymes. The activity of psychrophilic 

enzymes (upper panel; blue) is inactivated by temperature before the unfolding of the secondary 

structure (lower panel). Whereas the inactivation of mesophilic (red) or thermophilic enzymes 

closely corresponds to the loss of the protein conformation. Image is an adaptation of 51 which 

is an adaptation of data 74. 
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1.7 The Temperature Dependence of Enzymes 

The Eyring equation is an extremely powerful model for interpreting kinetics and can inform on the 

distribution of energy through most systems. Unfortunately, it is limited by its ability to predict 

accurately these parameters in homogenous systems. The status quo for some years was the 

“Classical model” which incorporated denaturation into the Eyring equation.68 

Denaturation can be observed when an enzyme is subject to high temperatures.  There are two main 

inactivation steps: Initially there is a change in the non-covalent interactions in the protein. This step 

is reversible and if the enzyme is cooled these native functions are restored. However, if enzymes 

are subject to high temperatures for extended periods of time which is due to the loss of covalent 

changes within the residues forming the protein and also by aggregation leading to the formation of 

incorrectly folded structures. Both these processes are deemed irreversible in the majority of 

systems69. However, there are caveats to aggregation as this can be a reversible process which in 

vivo is expected to serve as a protective function.68 

 

For decades the accepted idea was that temperature dependence was a combined result of two rate 

constants kcat and kinact. These represented the rate constant of the active form of the protein and the 

denatured protein such that70: 

  

 

Where Eact is the active enzyme (with rate kcat) and X is the denatured form with rate kinact. Therefore, 

the temperature dependence is made up of two thermodynamic components. 

 

 

 

and 
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This idea prevailed for some decades even though it had been demonstrated to be ineffective at 

describing the temperature dependence of all enzymes.67, 71The Classical Model suggests that 

temperature optima arises from a mixture of thermal stability and a temperature coefficient.18, 43 The 

temperature coefficient pertains to classical Arrhenius/Eyring behaviour and describes the 

temperature dependence of the ascending limb, and this convolved with the thermal stability of a 

protein which as the protein inactivates the rate decreases with the descending limb. There are flaws 

in this thinking which discredited the idea, the main issue being that temperature stability is affected 

by duration of an assay. Therefore, the same enzyme subject to a longer assay would have a different 

temperature optimum depending on time incubated. This in addition to the new technologies 

allowing for more complex systems like multiprotein assemblies and membrane proteins to be 

purified effectively and studied properly rendered a lot of the understanding of enzymatic systems 

left wanting17.  

In an answer to the new challenge, Daniel, Danson & Eisenthal proposed an “Equilibrium Model”.72 

The Equilibrium Model adapts the idea of multiple states to suggest that there are three states to an 

enzyme: Eact and X as before but a new state Einact which represents the fraction of enzyme that is 

reversibly inactivated (Figure1.7). 

 

 

It is important to distinguish that in this model, X is not a single species rather a representation for 

irreversible inactivation. The rate equation now becomes the rather complicated equation (Eq1.17). 

Figure1.7: The Equilibrium Model. There is an inactive form of the enzyme in rapid 

equilibrium with the active form and it is the inactive form undergoes irreversible thermal 

inactivation to the irreversibly inactive state X. 84 

Non-covalent interactions 

broken  

Covalent interactions broken, 

secondary structure changes. 
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This 

model proposes that alongside activation energy and thermal stability there is a third parameter 

governing temperature dependence, Teq which defined the point at which the concentrations of Eact 

and Einact are equal73. Teq acts as a more descriptive form of Topt which is indeterminate and has no 

absolute value. Moreover, we generate a new proportionality constant to reflect this relationship 

Keq; this resembles the equilibrium constant between active and inactive forms such that Keq = 

Eact/Einact. For each system this is defined by Teq as at the equilibrium midpoint Keq = 1. The 

equilibrium model does an excellent job of combining the dynamism of enzymatic systems with the 

temperature dependence of catalysis. Generating new relationships that distinguish the difference 

between inactive enzyme and denatured enzyme was an inspiring idea and very recently has seen a 

resurgence in popularity thanks to Aqvist and Colleagues.46, 74 

In two recent papers46, 74 Johan Aqvist expanded on Michael Danson’s original idea and contributes 

new considerations to the existing model. They describe the temperature dependence of the 

reversibly inactive species can by the reaction scheme (R5): 

 

 

 

 

Here the inactive species is denoted by ES’. When we describe the reaction in this way it raises 

another possibility, we must consider which is denoted by the reaction scheme (R6). This reaction 

(Eq1.17) (Eq1.18) 

where 

(R1.5) 
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scheme examines the possibility that the inactive species (ES’) is still capable of binding the 

substrate and the path still leads on toward enzyme and products instead of being a dead end like in 

R5. 

 

 

 

Depending on which of these two reaction schemes is true for the system, there can be two solutions 

(dead end) or six solutions (linear path). They suggest that knowledge of the magnitude and sign of 

the activation parameters (ΔS‡ and ΔH‡) for each of the reaction steps can help disseminate which 

solution is most correct for any given system. Additionally, they demonstrated the population of an 

inactive state for their system (psychrophilic α-amylase AHA) using an empirical valence bond 

(EVB) model in molecular dynamic simulations46. Strikingly the activation parameters derived from 

these simulations correlated with experimental data75. 

Questions surrounding the strange temperature dependence of enzymes also sprang a new 

controversial hypothesis that attempted to explain the temperature dependence of enzymes through 

a one state model. 

1.8 Macromolecular Rate Theory 

In contrast to Danson’s idea of multiple states defined non Arrhenius behaviour, Arcus et al. 

proposed in 2013 that the temperature dependence of enzymes is a result of (previously unaccounted 

for) temperature dependence of ΔS‡ and ΔH‡.76 By making the assumption that the activation 

parameters are temperature dependent we assume that the change in heat capacity between ground 

and transition state (ΔCp
‡) is non-zero. That means if our assumption holds true, we can describe the 

activation parameters using the expressions: 

(R1.6) 

(Eq1.19) 
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The subscript 0 refers to an arbitrary reference temperature. In order for us to start to make logical 

sense of what this describes physically we have to first introduce heat capacity (Cp) properly. 

Heat capacity (J/K) is the amount of energy (J) required to produce a unit change in temperature 

(K).77, 78 In other words, it describes the system’s ability to dissipate energy, when systems lack the 

means to dissipate energy it can be quantified by low values of Cp. Now when we consider the 

change in heat capacity between ground state and transition state ΔCp
‡ what we have observed in all 

cases is negative values 46, 65, 76, 79-84. These negative values pertain to the idea that physically, the 

transition state is less capable of dissipating energy than the ground state.  

What describes the heat capacity of a molecule? There are two main determinants of Cp: The size 

of the molecule, as bigger molecules have more capacity to absorb heat before their internal energy 

is increased.  Secondly, the inherent flexibility of a system as this describes how many vibrational 

modes are accessible to the protein. When we talk about vibrational modes we are describing how 

Figure1.8: Vibrational modes of molecules. There are 6 possible combinations of movement in 

nonlinear molecules like proteins. In this case we can describe the degrees of freedom can by 

3N-6 where N is the number of atoms in the protein and 3 resembles the three dimensions 

movement accessible to each atom.  
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many accessible motions are accessible to a protein, i.e stretching, rotating etc (Figure 1.8).40 

Systems with tight interactions have lower heat capacity than those of the same size which are much 

more limber. These different motions also have different heat capacities, low frequency (or lower 

energy) vibrational modes are more capable of absorbing energy than high frequency (and so have 

higher heat capacities). These modes aren’t the only contributors to the value of Cp but are estimated 

to contribute ~85% of the total value, in globular proteins. The remaining ~15% is contributed by the 

protein’s interaction with water and the hydrogen bond network.85  

The MMRT model is described mathematically combining Eq1.19 with the Eyring equation 

(Eq1.13): 

 

 

 

 

Herein the activation heat capacity term is positioned as such in the equation so that its value 

determines the curvaceousness of plot. More negative values of ΔCp
‡ will reflect a steeper 

dependence (more downward curvature) and linear temperature dependence is recognised by values 

closer to 0.  

The heat capacity model also hopes to rationalise the enormity of enzymes. Enzyme size can seem 

counterintuitive because enzymes are far larger than would be apparently necessary. Considering 

~80% of a cell’s energy is spent on synthesising protein86, it would seem that this acts against 

Nature’s modus operandi. Vickery Arcus supposes that the importance of Cp in enzyme catalysis is 

that it acts as an energy reservoir that is tapped into, in order to stabilise the transition state 87. He 

also shows a correlation between large enzymes and complex chemistries and suggests that this is 

an adaptive mechanism to satiate the extra energy requirements of these enzymes.87  

Although it is worth mentioning that this topic has already has a surplus of reasoning which include; 

providing a larger surface to concentrate substrate near the active site 88, the enzyme: substrate mass 

(Eq1.20) 
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ratio is connected to the level of stabilization of the transition89. The most reasoned rationale can be 

derived from work by Ross Anderson and colleagues who managed to construct a de novo enzyme 

using four helix bundle “Maquettes” designed from first principles.81, 90 These Maquettes serve as 

fundamental building blocks for constructing enzymes by assembling catalytic chemistries from a 

small amount of amino acids91. The Anderson group managed to create an enzyme (C45) 

reminiscent of early enzymes, which contains only the minimum amount of structure in order to 

perform catalysis. As a result, the structure is very flexible, and it is extremely promiscuous. These 

findings should corroborate the idea that the “extra” pieces of an enzyme are beneficial for specific 

substrate binding and rigidifying the enzyme acting to reduce the entropy of activation and enthalpy 

of binding to speed up catalysis. This idea is developed further in a most recent paper they show 

that in the presence of high levels of TFE C45 is stabilised by the ionic interactions.81 The claim is 

made that this is due to the rigidification of the transition state by trifluroethanol (TFE), which is 

(supposedly) shown by the increasing negative value of ΔCp
‡. This supposition is interesting 

considering the entropy of activation doesn’t change between C45 and C45 + TFE or horseradish 

peroxidase (HRP). Stranger still is the fact that the enthalpy of activation is closer to HRP when C45 

isn’t “stabilised” by TFE even though the suggestion is that somehow the addition of TFE changes 

the catalysis to more closely match HRP. Already we can see the complexity and controversial 

nature of our new thermodynamic parameter.  

Arcus further justifies this model by referencing that there is a considerable change in heat capacity 

between folded and unfolded proteins.78, 92 Therefore, there is definitely a rationale for differing heat 

capacities between the Michaelis complex and the transition state. These justifications were sound 

enough to spark an interest in the model which led to several different lab groups experimenting 

with MMRT.  

The Van der Kamp group approached the model using molecular dynamics simulations.84 The group 

investigated the heat capacity of activation in two separate systems (MalL and KSI). The advantage 

of using simulations over experiments is that you can investigate a protein atomistically and dissect 

any dynamic contributions. They simulate large amounts of time (10μs) with two separate states for 

each system: A reactant state and a transition state analogue. They compare the dynamics of each 
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state and very reassuringly, they find similar values of ΔCp
‡ as found experimentally.76, 87 They also 

make observations that the differences in dynamism between the ground state and transition state 

can be found in distal regions such as oligomeric units and auxiliary domains. This work does a 

fantastic job of tying together the dynamic components of an enzyme and the heat capacity term and 

is a brilliant example that in some aspects of studying proteins, computation cannot be matched.  

Our own lab group has also taken an interest in the model and some of that work is included in this 

thesis. Preceding this work efforts were made to probe the differences in vibrational modes using 

kinetic isotope studies (KIE). Using kinetic isotope studies to probe this parameter is a very clever 

way of dissecting the contributions of the frequency of vibrational modes to the activation heat 

capacity and catalysis. The idea is sound, because a major difference in our reaction system when it 

is isotopically labelled, is the fact that the bond frequency will be slower in heavier atoms (i.e 

deuterated or tritiated). Therefore, one might expect to see higher values for heat capacity of 

activation with heavier atoms, because the vibrational modes should be of lower energy due to the 

decreased bond frequency. Therefore, the vibrational modes could be capable of absorbing more 

heat in the reactive complex. 

 Kinetic isotope studies were conducted using the enzyme sulfolobus solfataricus Glucose 

Dehydrogenase (ssGDH) which catalyses the proton transfer from a pyranose sugar (in this case 

glucose) to a nicotinamide in this case NADP. The sugar was labelled with increasingly heavier 

hydrogen atoms (deuterated, tritiated to D12) and the corresponding temperature dependent 

catalysis was plot using the MMRT equation to deduce values of ΔCp
‡. What was found was 

increasingly smaller (more positive) value of ΔCp
‡ with increasing size of isotope label.193 

Additionally, there is no change in activation parameters between D1 and D12 labelled substrates. 

This is an interesting find as typically one would expect the activation parameters to change with 

the kinetic isotope effect.80, 93 Furthermore KIE studies are heavily reliant on the model that is used 

adequately compensating for tunnelling effects if they are used for generating accurate activation 

parameters94. The heat capacity model was considered sufficient and the atypical thermodynamic 

parameters were “hard to rationalise” but  the differences in heat capacity seemed to correlate to 

increasing mass number . Therefore, this kinetic isotope study showed that there are some interesting 
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differences for catalysis, but it is hard to ascertain what these differences mean using the heat 

capacity model as it is. 

These biological systems have also been noticed by physicists. Frank Vollmer has managed to 

design a system which is sensitive enough to measure small conformational changes in proteins in 

sub microsecond time scales without any fluorogenic labelling95. The technique is called 

“Whispering Gallery Mode” (WGM) and it uses the same principles of a real whispering gallery. 

That is to say that the curvature of a gallery (or in our case a glass bead) can transport waves around 

the circumference in such a way that the energy associated with the wave doesn’t decay (as much) 

as it travels. Frank Volmer took this principle and applied it at the microscopic level. Using the 

internal angles of reflection of a glass bead, when light is passed through the medium, it induces a 

wave that circulates around the glass bead. If the photons are guided in such a way that at the end 

of each of their revolutions, they return to the same phase we see a resonance effect whereby the 

signal is effectively amplified by each revolution. Attaching a polarisable molecule (such as a 

protein) to the surface of this amplified signal, allows for single molecule changes to be measured 

in real time. In this most recent study82 Volmer and colleagues attach a previously characterised 

enzyme (V200S MalL), to the surface of one of these glass beads using the cysteine mutation on an 

external region of MalL to link the protein to the bead using disulphide chemistry. The temperature 

dependence was measured and very reassuringly similar values of ΔCp
‡ to wtMalL were measured 

using the technique. More interestingly was the evidence of a number of dynamical substates. The 

presence of microsecond substates might argue that this provides evidence for Michael Danson and 

Johan Aqvist’s Equilibrium Model, as there have been a collection of substates captured on the 

catalytic path as is depicted in the equilibrium model. However, the conclusions drawn from this 

work rationalise that the heat capacity model allows for the presence of an equilibrium of states and 

these states contribute to the overall value of ΔCp
‡ which is consistent between the two separate 

studies76, 82.  

Herein lies the great complexity surrounding enzymes. Due to their size and scale they require 

physical, chemical and biological techniques to achieve a strong understanding of all their facets.  
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1.8 Investigating Enzyme Dynamics 

We have discussed previously that a continuous theme in the modern understanding of enzymes 

which is that enzymes (and proteins) are dynamic. Motion is the essence of work; without some 

movement,  force cannot be enacted, and no change brought about. This is no different for enzyme 

catalysis, and the universal recognition of dynamisms prominent role is proof of that fact31, 96, 97.  

Understanding enzyme dynamics from a mechanistic perspective is important in drug discovery by 

providing insights into the enzyme which is being targeted. Understanding the dynamics in an 

enzyme-catalysed reaction in terms of substrate binding, generation of intermediates and the release 

of products can help to conceptualise different types of inhibitor and to inform the design of screens 

to identify desired mechanism of inhibition17. It is therefore important to be able to conceptualise 

the mechanistic actions of an enzyme to adequately design inhibitors. Interactions with co-factors 

and substrates create unique substates in enzymes and understanding these nuances gives us the 

edge in drug discovery. For example, with the power of crystallography98, molecular dynamics 

simulations99, and nuclear magnetic resonance (NMR)100 we can hunt cryptic pockets, these are 

pockets within the protein that only appear when a substrate or cofactor is bound. In enzymes, this 

can mean providing an additional target for drugs in instances where the protein of interest is 

illusive99, 101. 

Understanding the detailed mechanism of enzymic catalysis is one of the fundamental problems in 

biochemistry. We hold a few mechanistic insights into the dynamism of enzymes already: We know 

large scale internal motions are linked to the function of enzymes102 and that there is a great deal of 

energetically driven translational motion also, similar to molecular motors103. In order to capture 

and investigate how these dynamic modes contribute to catalysis we have employed mixed 

computational and experimental techniques. 
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Objective 1 

Our initial objective was to make use of the promiscuity and large range temperature range (20 – 

95oC) in whcich Sulfolobus solfataricus glucose dehydrogenase (ssGDH) is catalytically active, to 

probe how the value of ΔCp
‡ might change over a large range of temperature values and different 

pyranose sugars. By using the MMRT equation to plot kinetic data at different temperatures we hope 

to uncover protein-substrate interactions that govern enzyme temperature dependence. We chose to 

examine this by using a combination of kinetic experiments at different temperatures combined with 

red edge excitation shift (REES) experiments which can provide insight to the global flexibility of 

the protein.  Additionally, we attempted to dissect where changes in temperature dependence stem 

from atomistically using molecular dynamics simulations of ssGDH at a fixed temperature with 

different substrates in the active site.  

Objective 2 

Our second objective was to prepare crystal structures of ssGDH in complex with its transition state 

analogue (NADPH4) as well as a host of substrates (glucose, mannose, 2-deoxy-d-glucose-4-deoxy-

d-glucose and Xylose) for a further future investigation. The aims of this investigation include 

eventually being able to probe native cofactor and substrate bound structures with terahertz radiation, 

which can help us identify collections of low frequency vibrational modes throughout the protein. 

According to recent research, using terahertz radiation can cause regions within proteins to form 

Fröhlich condensates in the regions of lowest vibrational modes.104 These are regions of protein that 

act in harmonious motions105 and can be visualised experimentally via X-Ray crystallography. 

Being able to visualise the lowest energy modes in the protein can help inform us on where the 

dynamical contributions to the ΔCp
‡ term arise from. 
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Objective 3 

Using molecular dynamics (MD) simulations we aim to generate a map of dynamic networks  with 

the aims of finding regions of dynamical interest in the SARS-Cov2 main protease (mPro). Using 

the “Shortest Path Method”106 in conjunction with dynamic cross correlation matrices, we aim to 

highlight a multitude of important regions of dynamic activity. This is with the interest of ultimately 

being able to identify cryptic pockets for drug discovery. We probe the system with two different 

types of inhibition (allosteric and active site) to identify common regions of dynamic perturbations 

when compared with the Apo protein. Additionally, we explore the REES phenomena where we 

compare how the metric for measuring the REES effect (A/R value) changes between the apo, 

competitively bound and allosterically bound enzyme. This is with the aims of being able to assign 

changes in protein flexibility to changes in the value of A/R. 

 

 

  



43 

 

  

 Chapter 2 

2.0 Theory of Methodology 

After the first chapter we should be comfortable with the idea that dynamism is likely to play an 

important role in enzyme catalysis. We have already briefly mentioned some of the different 

strategies to tackling the enzymatic enigma, which have been employed by researchers with vastly 

different backgrounds. Now it is important we spend some time to reflect on some of these 

methods with the aims of both understanding but also appreciation for the genius in the tools at 

our disposal. Because enzymes are such complex beasts, we need to employ a range of strategies 

that cover a wide range of time scales. To understand them structurally we have to have a static 

representation which we have achieved by X-ray crystallography. To appreciate the precision of 

their dynamic behaviour we have employed molecular dynamics simulations. When observing 

their functions physiologically we have studied their kinetics spectroscopically. Hopefully this 

chapter serves as a guide to studying multifaceted systems. 

2.1.0 X-ray Crystallography 

One of the biggest leaps in biological research has come from the ability to visualise complex 

biological structures. The ability to view precise atomic arrangements gives us as biochemists, 

unparalleled predictive power. To quote Richard Feynman “It is very easy to answer 

many…fundamental biological questions; you just look at the thing!”.107 If we can ascertain where 

certain complex chemistries originate from, we can visualise where we need to make changes to a 

protein via mutagenesis. 28, 108 Knowledge of structures allow computational scientists to explore 

the dynamism of proteins by simulation.109, 110 At the end of 2020 there were 172, 945 structures 

recorded in the protein data bank. Of this number 152, 761 (88%) have been derived using X-ray 

crystallography. This number is growing exponentially and speaks to the necessity of these 

structures to understanding not just proteins but also DNA and RNA.111  
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We are all aware of the issues with characterising protein structures; proteins are too small for the 

resolution of regular light microscopes due to the diffraction limit: That is because visible light has 

a set range of wavelengths. A light microscope can't produce the image of an object that is smaller 

than the length of the light wave and so the limit is fixed at around 0.2µm112. Instead, several tools 

have been developed for ascertaining the structures of proteins. Nuclear magnetic resonance 

(NMR) exploits the harmonious resonation of nuclei with non-zero spin in the presence of a 

magnetic field113 and the technique is suited to small molecules and smaller macromolecules. 

Electron microscopy (EM) exploits the properties of  high-energy electrons which is that they are  

waves, whose wavelength is much less than interatomic distances. In conjunction with this 

principal, these waves can be focused by magnetic lenses. Resultantly the diffraction limit doesn’t 

pose an issue for electron microscopy, as it does for light microscopy.114 The most exciting 

application of this technique can be highlighted by the 2017 Nobel prize, awarded to Jacques 

Dubochet115, Joachim Frank116, and Richard Henderson117 for developing cryo-EM. Cryo-EM 

allows for the visualisation of biomolecular compounds in conditions that are more 

physiologically relevant rather than in conditions they are crystalised in. Therefore, it occupies a 

niche that other structure refinement techniques cannot as it allows the visualisation of proteins, 

which as of yet, cannot be crystalised. This technique also suits systems which are prone to 

radiation damage because the deleterious effects of radiation are limited to the exposure to 

electrons, which are far less problematic than X-rays118. There are murmurings that cryo-EM will 

be the next great bastion for structural biology, but for that to become a reality there are several 

shortcomings that need to be overcome: As of yet there are real issues with obtaining resolutions 

less than 3Å (for comparison the length of a long hydrogen bond) and resolutions of 2Å and below 

are considered to be the gold standard for pharmaceutical research.119 Additionally, the technique 

is limited to proteins which are very large (minimum 150 KDa), but this problem is secondary as 

most proteins that are hard to crystalise, tend to be membrane proteins which are generally quite 

large. There is also small angle X-ray Scattering (SAXS), but it is more obscure in its suitability 

being primarily used for geometric structures which are irregular120.  
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We have avoided what can be considered to be the most popular technique in structural biology 

and has distinguished itself as the most robust and developed technique for proteins, X-ray 

crystallography. 

X-rays are a classification of electromagnetic radiation and have wavelengths between 0.01-10nm. 

Considering the smallest atoms, hydrogen atoms are around 0.1nm (1 Å) in size we can appreciate 

how even these small atoms are possible to resolve using X-rays. The absolute farthest the 

resolution of X-ray crystallography has been pushed is in the crambin121 and iron sulphur 

systems122, in which resolutions of 0.48 Å have been reached. The resolution in these systems is so 

precise, that the diffraction pattern provides detailed information on the positions of valence 

electrons.  This is a stunning feat and is a real testament to the absolute power of this technique. 

However, using X-ray diffraction to solve these incredible structures is not without its own 

difficulties and this level of resolving power is something that’s only been achievable in the past 

decade, so let us journey back to appreciate how much work it has taken to get to this point. 

2.1.1 A Brief history of Crystallography 

In 1912 Max Von Lau conceived a brilliant idea: He postulated that X-rays, which had been 

discovered some 17 years ago123, were of the appropriate wavelength to inform on interatomic 

distances124. Laue generated diffracted images of crystallised copper sulphate pentahydrate, but he 

was unable to explain the observations of these images. Why it is important for structures to be 

crystalline, is that the periodic and nature of crystals mean that X-rays interact with the repeating 

planes of atoms and are diffracted and amplified according to their geometry. This creates its own 

wealth of problems such as the phase problem, which describes the issue where X-rays are 

diffracted there is little information about what phase they are in, that is to say what amplitude the 

X-ray photons are occupying at the incidence of diffraction.   

The first contributions to solving the structures of crystals came in 1913, when Sir William 

Lawrence Bragg derived a cunning mathematical expression to explain the relationship between 

wavelength (λ), interplanar spacing of the crystal lattice (d) and the angle of diffraction (ϴ). This 

relationship was deemed “Bragg’s law”125 (Eq 2.1) where m is the diffraction order.  
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This equation has been so pivotal in crystallography that it is still used in crystallography to this 

day.  Both Braggs and Laue went on to claim the Nobel prize for physics for these achievements. 

In 1934, the British crystallographers John Bernal, jovially known as “The Sage”, and Dorothy 

Hodgkin Crowfoot were the first scientists to capture diffracted images of any protein, by X-ray 

crystallography126. The Sage was brought crystallised porcine pepsin by Dr G. Millikan. Bernal 

and Hodgkin made the observation that hydrated protein crystals could result in diffraction as 

opposed to dehydrated crystals that do not diffract127. Although the structure of pepsin was not 

solved for another 55 years, this advancement is considered to be the genesis of protein X-ray 

crystallography. From this point forward the structural analysis of protein crystals was now a real 

possibility. It is worth mentioning that Hodgkin committed 35 years of her life to solving the 

structure of insulin which culminated in an enormous 85 page paper128, an inspiring display of 

love and devotion to a protein.  

The next leg of our journey takes us to 1936 when 22-year-old Max Perutz moved from Austria to 

England in search of the Sage. Upon one of his encounters with John Bernal, he asked “How can I 

solve the secret of life?” to which the Sage replied: “The secret of life lies in the structure of 

proteins, and there is only one way of solving it and that is by X-ray crystallography”129. 

Obviously, this quote has aged somewhat with the emergence of other structural techniques, but 

the sentiment is timeless: Structural biology is the key to understanding biological systems which 

govern life itself. Perutz decided a year later that he would pursue solving the structure of horse 

haemoglobin a task which took him around 22 years to complete. Perutz made his big discovery in 

1953 when he made the finding that introducing mercury to haemoglobin doesn’t alter its 

structure130. Why this finding was so critical, was that it meant that soaking haemoglobin in 

mercury was possible. Therefore, the presence of a heavy metal in conjunction with the structure 

of haemoglobin meant that there was a standard which wouldn’t interfere with the structure of the 

protein. Now the diffraction patterns without mercury bound could be compared to the structures 

when mercury was bound. As one would expect, a large heavy metal such as mercury gives a 

(Eq2.1) 𝑚𝜆 = 2𝑑 sin 𝜃 
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distinct but subtle diffraction pattern which is important, because Perutz could now solve the 

phase problem for this system. This is known as heavy atom derivatization and the technique is a 

cornerstone of crystallography131. Perutz won the Nobel prize for his achievements, but he did not 

claim the prize for being the first to solve a crystal structure. That privilege was reserved for the 

next pertinent character in our story, John Kendrew. 

In 1944 Kendrew had a chance encounter with the Sage in a jungle in Sri Lanka in 1944 while 

working as scientific advisors to the allied air force. Bernal inspired Kendrew to pursue X-ray 

diffraction to solve the structure of proteins, much as he had the other great scientists of the era, 

impressing the importance of this work to him. The next year after deliberating for some time, 

Kendrew came to Cambridge where he began work alongside Perutz under the tutelage of 

Bragg132. Kendrew had decided that his protein of choice would be myoglobin, a much smaller 

version of the haemoglobin protein that his colleague Perutz had given himself the herculean task 

of undertaking. This system was an appropriate candidate for the first protein to be solved, it was 

small compared to other proteins and was easy to isolate. However, there were initial teething 

problems in generating appropriate crystals from the horse myoglobin that Kendrew had started 

his work with. Kendrew wisely searched for an easier alternative which brought him to aquatic 

systems, whereby myoglobin is in somewhat of an excess. He tried using porpoise, seal, dolphin, 

penguin, tortoise, and carp myoglobin but finally happened upon myoglobin from a sperm whale 

which Cambridge university had massive stores of. Much to his content he found they grew 

perfect crystals which grew in just 12 hours. After Perutz pioneered heavy metal derivatisation, 

Kendrew adapted the technique to his system attaching 5 mercury atoms to the structure of 

myoglobin in an attempt to solve the system’s phase problem. The result was somewhat of a 

success with a strong easily discernible diffraction pattern (Figure 2.1). 
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The secret of Kendrew’s future success was tied to his appreciation that computing was the future 

of crystallography. He had made friends with John Bennet, an Australian engineer-mathematician 

who made the observation that calculations that took weeks prior to the innovation of computing, 

could be reduced to just half an hour and they published a paper together on the topic in 1952133. 

This marked the first-time computing was used in crystallography and it does not need to be said 

how prevalent computing is in crystallography in the present day. 

The next hurdle to overcome was in identifying the sequence of myoglobin so that the sequence 

could be extrapolated onto the diffraction images produced previously. The first complete 

sequence of a protein was achieved by Fred Sanger in 1951 who had generated the sequence of 

Bovine insulin using a partition chromatography method134. Kendrew appealed to the scientific 

masses, looking for someone who might be willing to solve the sequence for myoglobin. Allen 

Edmundson a research student from the Rockefeller institute answered his call. The pair together 

used a developed version of the original chromatography system that had been adapted by 

Spackman and colleagues previously 135. With the sequence of myoglobin identified they managed 

to map the sequence information to the density peaks of the diffraction images, and in the summer 

of 1957, they managed to solve the structure of myoglobin136. 

Figure2.1: X-ray Diffraction pattern of 

Sperm whale myosin taken in the late 

1950s by John Kendrew. 172 
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Rather humorously Kendrew couldn’t hide his disappointment with the physical model of the 6 Å 

structure he and his colleagues worked so hard to produce (Figure2.2). When one of the greatest 

advancements in the 20th century culminated in a plasticine model described as pig intestines, it 

really tells us how little science cares for aesthetics.  

 

 

 

 

 

 

 

 

 

2.1.2 X-ray Diffraction: The Phase problem and Bragg’s Law 

As we have described earlier, the phase problem is one of the most challenging aspects of 

crystallography. Not knowing what phase, the diffracted images are in, poses problems because as 

we are soon to find out the, core principle of crystallography is the amplification of distinct peaks. 

Phase can impact the intensity of these peaks through interference. If two waves of equal and 

opposite amplitudes meet each other, then the signal is reduced by destructive interference. 

Similarly, if diffracted waves are of the same phase then their signal is amplified with greater 

intensity through constructive interference. The effect is not as polarised as we have described and 

Figure2.2: Crystal structure of Sperm whale myosin. Left panel: The original plasticine model 

made from the calculated 6 Å structure. The original image was taken from REF 172 protein 

structure determination in the 1950s. Right panel: 2 Å whale myosin structure taken in 1991 for 

comparison PDB ID: 1MBI. 
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for most data the result of interference will be somewhere in the middle of these two points but 

will be consistent through the crystal due to its periodicity. Therefore, it is important to know what 

phase the diffracted waves are in, so that we can back translate the information using a 

transformation known as a Fourier transformation, which will tell us where the original diffraction 

occurred. 

This is an oversimplification of what is in practice, a very difficult procedure and poses the next 

rate limiting step to solving a crystal structure (after the more prevalent problem producing 

crystals of the protein of interest). When the X-ray photons meet the repeating planes of atoms 

within a crystal, the photons interfere with the electrons of atoms in the macromolecule and 

diffract at certain scattering angles. This angle is the same which is described by θ in Bragg’s Law 

(Eq21)137. We can imagine this scenario using Figure2.4. Here we can split the path of several 

different diffracted photons, into triangles of different angles and side lengths. When we do this, 

we can solve the length of the side of any one of these triangles by using the Sine law (Eq2.2). 

Figure2.3: X-ray Diffraction. X-ray photons A and B permeate the crystal at different planes 

and are diffracted by angle θ according to their interactions with the electrons on each crystal 

plane at positions α and β. The distance d relates to the interplanar spacing in Eq21. If d is such 

that once diffracted beam A reaches β at the point where the difference in number of 

wavelengths (N) between A and B is such that N is an integer, then constructive interference is 

observed and signal will be detected. 
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Therefore, we can now start to appreciate how we can describe any vector length using the lattice 

distance (d) and X-ray incident angle (θ) as Eq 2.1 describes mathematically. 

When photons are diffracted or reflected, there are a resultant number of peaks of varying intensity 

created by constructive interference. The number of these peaks is referred to as the diffraction 

order (m) and peaks are ordered by their number away from the central peak M0 (Figure 2.4).  

When photons are passed through a double slit, they are diffracted into bands where intensity 

increases the closer we are to positions of constructive interference. There is a midpoint in 

between two modes where maximum destructive interference occurs due to one photon reaching 

their destination half a wavelength behind its compatriot. This effect dissipates the closer we get to 

each of the diffraction modes.  As we add more slits to the filter, the intensities at each of the 

diffraction orders is amplified and the cases of destructive interference are also amplified which 

results in a very precise and strong signal at each of the diffraction orders. The cases of destructive 

interference are increased by n-1 where n is the number of slits138. In the case of crystals, we can 

imagine that the layering in these crystals is acting as multiple slits, so the repeating asymmetric 

units act as an internal precision amplifier. Therefore, intense narrow peaks are obtained by the 

increasing number of destructive interference points and points of constructive interference.  

It is this principle which encapsulates X-ray crystallography as only signals that we see are those 

that are amplified by constructive interference. When slits interfere with a beam of 

electromagnetic radiation the disturbance to the beam causes the beam to ripple, akin to how a 

pebble disturbs water in a pond, crests emanate from the point of disturbance139, 140. When these 

crests overlap these waves are in the same phase due to their natural symmetry, having travelled 

the same distance at the same frequency. The waves being in the same phase means we see 

constructive interference at these points of overlap (Figure2.4). Using the principle of overlapping 

waves can help us understand why increasing the number of slits increases the intensity of these 

sin 𝐴

𝑎
=

sin 𝐵

𝑏
=

sin 𝐶

𝑐
 

(Eq2.2) 
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bands: Considering for each slit there is a wave generated, more slits means more waves. 

Therefore there are more overlapping waves but where these waves overlap is in a much sharper 

region compounded by the increasing periods of destructive interference which as mentioned 

earlier, increases with the number of slits.138, 139 In the case of slits the value of d stems from the 

distance between slits, which can help us better appreciate the role of interplanar spacing in 

crystals. 

We see constructive interference happen in crystals, when the interplanar distances of two 

different X-ray photons differ by an integer number of wavelengths141. That is because two waves 

will be in the same phase if they are a whole integer wavelength apart by the time, they reach the 

detector (Figure 2.3). These are the only X-rays that are observed, due to an amplification by 

constructive interference. Therefore, it is important we acknowledge the periodicity and repetitive 

nature of crystals as the true essence of X-ray crystallography. Additionally, the technique can 

only give averaged data which makes it all the more reliable considering the omission of artefacts 

as noise.  

Figure2.4: Diffraction Grating. An Electromagnetic beam is diffracted by slits which causes 

the beam to ripple out as crests. Where these crests overlap, we see constructive interference 

producing focused amplified intensities which can be detected at diffraction orders (Mn). The 

most intense constructive interference is at M0. At the midpoints between Mn (in double slit) 

we see destructive interference. These cases increase the more slits there are such that there are 

n-1 points of destructive interference where n is the number of slits. 174-176  
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2.1.3 The Importance of Crystal Symmetry 

 X-Ray Crystallography, as the name suggests, requires the subject of interest to be in a crystal 

form. The importance is such that the main limit of the technique is the difficulty of producing 

crystals (which also produce strong diffraction patterns). We have already mentioned briefly in the 

last subchapter the importance of the molecule of interest being crystalline. Analysing something 

in crystal form seems like a good idea considering supersaturating any object of interest would be 

the best way to study it and the technique itself is reliant on the essence of crystals themselves. 

That is to say that knowledge of the repeating units that crystals are made up of gives us 

knowledge of the diffraction patterns. The repeating components are summarised in Figure 2.5.  

The smallest component of a crystal is the asymmetric unit which contains all the molecular 

information of the repeating units. This unit is rotated and or translated through some symmetry 

operation and the combination of asymmetric units form the unit cell: Unit cells are 

parallelepipeds which are defined by three vectors a, b, c and the angles α, β, γ (Figure2.6). It is 

Figure2.5: Repeating units in a crystal. The smallest unit is the asymmetric unit which can be 

superimposed through some symmetrical operation (black oval) to form a unit cell. These unit 

cells repeat in to form the entire crystal. 
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these repeating unit cells (internal symmetrical units) that make up the entire crystal acting as 

building blocks. 

 Considering a crystal is made up of repeating units, it can be described using a set of symmetry 

operations. These are 7 main categories of crystals which is the case for not just protein crystals 

but all crystals (Table2.1). These crystal families are defined by the Bravais lattices and point 

Crystal System 

(65) 
Number  Point 

Group 
Space Groups 

Triclinic (1) 1 C
1
 P1 

Monoclinic (3) 3 C
2
 P2, P2

1
, C

2
 

Orthorhombic (9) 9 D
2
 P222, P222

1
, P2

1
2

1
2, P2

1
2

1
2

1
, C222

1
, 

C222, F222, I222, I2
1
2

1
2

1
 

Tetragonal (16) 6 C
4
 P4, P4

1
, P4

2
, P4

3
, I4, I4

1
 

 
10 D4 P422, P42

1
2, P4

1
22, P4

1
22, P4

1
2

1
2, P4

2
22, 

P4
2
2

1
2, P4

3
22, P4

3
2

1
2, I422, I4

1
22 

Trigonal (11) 4 C
3
 P3, P3

1
, P3

2
, R3 

 
7 D

3
 P312 , P321 , P3

1
12 , P3

1
21 , P3

2
12 , 

P3
2
21 , R32  

Hexagonal (12) 6 C
6
 P6, P6

1
, P6

5
, P6

2
, P6

4
, P6

3
 

 
6 D

6
 P622, P6

1
22, P6

5
22, P6

2
22, P6

4
22, P6

3
22 

Cubic (13) 5 T P23, F23, I23, P2
1
3, I2

1
3 

 
8 O P42, P4

2
32, F432, F4

1
32, I432, P4

3
32, 

P4
1
32, I4

1
32 

Table2.1: Protein space groups. There are 7 main crystal systems which can be further 

subcategorised using point groups which describes a set of symmetry operations that result in 

the superimposition of a molecule without at least one point unmoved.  These can be further 

subcategorised into space groups which describe the configuration in 3D space. 
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groups, crystals which belong to the same system are identical in 3D space (apart from the 

hexagonal and trigonal systems). Bravais lattices contain the translative symmetry information of 

unit cells are composed of translations of 3D vectors :R = n1a1 +n2b2+n3c3  where abcn are vectors 

on independent axis (x,y,z) and n is an integer which transforms these vectors. In simple terms, 

they define the cubic arrangement of a unit cell with all vector lengths and angles (Figure 2.6). 

Crystal systems are then further subcategorised into point groups (of which there are a possible 

32) which is a set of symmetry operations which leave at least one point unmoved and are 

described by rotation and reflection operations. There only 5 possible rotational symmetries in 

protein crystals (0,2,3,4, 6-fold) due to the fact that unit cells must tesselate; covering the plane of 

a (crystal) surface so that there are no gaps. This limits the number of point groups to only 11 in 

protein crystals. These point groups are further subcategorised by space groups which can be 

defined by symmetry operations, which are the rigid transformations which will result in the 

superimposition of asymmetric units in the crystal. There are 230 possible symmetry operations if 

the molecule of interest exhibits chirality. Thankfully proteins don’t exhibit global chirality and so 

the number of possible space groups is limited to 65 due to the lack of mirror and inversion 

symmetry operations142.  

These symmetry operations are crucial in understanding the formation patterns of the crystals. 

Identifying the point and space groups play a role in calculating the Fourier transformations as 

once we know what the unit cell is comprised of, we can back translate the diffraction information. 

Using Bragg’s Law, we can deduce the dimensions of the unit cell from the angle of diffraction 

otherwise known as a Bragg reflection.  
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2.1.4 Crystallogenesis 

Since the first structure was crystallised by Kendrew and colleagues, the bottlenecks to solving a 

structure of a protein have reversed. As we described in section 2.1.1, it took Kendrew roughly 14 

years from start to finish, to solve the structure of myoglobin. The crystallisation of whale 

myoglobin took a mere 12 hours, yet once diffraction data had been gathered it took a further 3 

years to solve the structure. In the present time, forming crystals is the rate limiting step in 

achieving X-ray structures of any protein. 

The reduction in time to solving a structure is thanks to modern day computing, whereby it is not 

uncommon for structures to be solved in a matter of hours after diffraction143. There has seemingly 

been an increase in difficulty when obtaining crystals of new proteins of interest. The percentage 

of successful X-ray crystallography attempts varies between a measly 2 - 10% 144. The reason for 

this low success rate, is that although there are predictive techniques for obtaining crystallisation 

conditions145, the main way of finding the correct crystallisation conditions is through trial and 

error. 

At the moment, the popular approach is to sample a wide range of condition space using a high 

throughput system with the help of robotics. Robotics has sped up the trial an error approach by 

Figure2.6: The cubic arrangement of a 

unit cell. These identical units make up 

the structure of a crystal. They are 

defined by their vectors a, b, c and 

angles α, β, γ. 
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allowing thousands of unique conditions to be tested rapidly using a minimum volume of 

sample.146 Even with new technology the technique requires refinement through manual 

optimisation. 

Henceforth, the apparent increase in difficulty is because proteins which are easy to characterise 

have already been crystalised. Labs which have access to state-of-the-art equipment are at an 

advantage to those who lack the resources for such endeavours. The technique has seen a 

significant differentiation between labs which can afford to investigate difficult systems and those 

which cannot. 
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What crystallographers are trying to achieve when they crystalise a protein can be defined by three 

stages; nucleation, growth and cessation of growth. Nucleation and growth can be achieved by the 

correct balance of precipitant conditions, as the protein crystals have to be grown from chemically 

complex aqueous solutions. The first two stages can only be achieved by attaining the correct 

crystallisation conditions such that the protein journeys from undersaturated through the 

metastable zone, into the nucleation zone (Figure2.7). Then once crystals have nucleated the 

conditions for growth and elongation are more suitable in the metastable zone, so the conditions 

have to be brought back so that the protein crystals elongate rather than continuously nucleate 

forming a large number of very small crystals. The concentrations have to be balanced such that 

Figure2.7: Crystallogenesis Conditions. A fine balance of precipitant and protein concentration 

is required to push the crystals into the nucleation zone without stepping into the precipitation 

zone. Then once crystals have started to form, conditions have to be brought back into the 

metastable zone in order for elongation and growth. Dotted line indicates what we are trying to 

achieve experimentally. 
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concentrations of protein and precipitant are not so great that the protein aggregates rather than 

forming ordered crystals. 

In order to navigate this delicate balancing act, precise crystallisation conditions must be met, but 

what are these “crystallisation conditions”? They are completely unique depending on the protein. 

There are broad principles to adhere to, like crystals grow bigger when they grow slower because 

unit cells can bind to the crystal surface non-productively if they grow too fast.147 However, in the 

majority of cases where proteins haven’t been crystalised before, these conditions are achieved by 

trial and error.  

It is only appropriate to convey the tedium of the approach with a long list of considerations for 

crystallising a protein. These include; ionic conditions (pH and choice of salt), which precipitant to 

use and at what concentration (The choices vary from salts, organic solvents, long-chain polymers, 

to low-molecular-weight polymers and non-volatile organic compounds), protein concentration 

and protein purity (where 10mg/ml is considered the standard for proteins between 10-30KDa), a 

suitable temperature (whereby lower temperatures make crystals grow slower but larger as a 

result), correct lipid or detergent composition for membrane proteins148, for crystals which require 

ligands bound a decision needs to be made soaking crystals in of ligand or co crystallisation is 

more appropriate149. Even when all these conditions are met and crystals of suitable size are 

grown, there is no guarantee that the crystals will diffract well enough to solve the structure of the 

protein of interest. For particularly challenging proteins such as membrane proteins, these 

conditions may simply be impossible to attain due to the necessity for a certain concentration of 

detergents148. Dynamic proteins with flexible regions may even require further modification 

through genetic modification to produce more rigid structures, as flexibility is the enemy of 

conformity and periodicity150. If the notion of reaching a precise set of conditions through trial and 

error seems gut-wrenchingly tedious, it is important to remember that crystallography is not for 

the fainthearted.  

We briefly mentioned that the protein of interest must make a “journey” through a range of 

conditions. We described the propensity for change kinetically in chapter 1.6 using Gibbs free 
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energy (ΔG), but the power of thermodynamics is such that we can describe any propensity for 

change to a system using ΔG (Eq1.3). What this means for crystallogenesis is that ΔG, describes 

the propensity for the formation of ordered crystal units. When proteins precipitate out of solution, 

it is the result of occupying a non-productive free energy minimum which is inescapable. As we 

might expect, the dominant contributor to forming an extremely ordered system is entropy (ΔS). 

Achieving the high level of order that we see in crystals opposes the universes’ prerogative to 

maximise entropy. Circumventing this massive entropic cost is achieved by making the protein so 

uncomfortably deprived of solvent that they seek association with one another in order to satisfy 

the electrostatic requirements of their surface residues151. These are the conditions for nucleation, 

and the only reason this is achievable thermodynamically, is because the entropic cost of forming 

order between proteins is compensated for by the loss of the highly ordered solvating layer of 

water molecules152. 

Experimentally we can construct a “journey” for a protein through a range of conditions using a 

variety of different techniques. The most common used in crystallography is vapour diffusion 

(Figure2.8). In the case of hanging drop vapour diffusion (which was used in this thesis), a drop 

containing the protein of interest and a set of precipitants (mother liquor) is suspended over a 

solution containing roughly double the concentration of precipitant. This causes a gradient effect 

whereby the drop contains a more dilute solution than the reservoir. Therefore, we establish an 

osmotic gradient which drives water from the drop into the reservoir. This acts to concentrate both 

the protein and the precipitants but slowly so the protein spends the longest amount of time in the 

nucleation sweet spot, allowing crystals time to form.  
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For some crystals, this slow growth process is enough to generate big enough individual crystals 

for diffraction. However other times this is not the case and crystals nucleate too quickly and form 

a great many crystals which are too small or are formed unsymmetrically. A technique called, 

“Seeding”, circumvents this issue by isolating crystals in the nucleation phase. When crystals 

nucleate too quickly, they can be isolated and ground to form “seeds” which are small bodies of 

nucleated crystals. These seeds can then be added to a drop where the concentration of in both the 

drop and reservoir is 70% previously, in an attempt to find the conditions of the metastable zone 

which are ideal for growth153.  

Once crystals have been grown successfully, they are cryo-protected, frozen with liquid nitrogen, 

and brought to a synchrotron. Here they are bombarded with high energy x-rays produced by 

accelerated electrons. These electrons are accelerated massive distances where the largest 

synchrotron in the world, the Large Hadron Collider, is 17 miles in circumference. These high 

energy electrons are oscillated via alternating magnets which produces electromagnetic waves of 

high energy, in this case X-rays. If the protein crystal produces a good, strong diffraction pattern it 

is now time to solve the structure. 

Figure2.8: Hanging drop vapour diffusion. 

The drop contains a high concentration of 

protein and a relatively high concentration 

of precipitant. The reservoir contains a 

higher concentration of precipitant than the 

drop, so water migrates into the reservoir 

from the drop via an osmotic gradient. This 

effectively concentrates the protein and 

precipitant slowly so that crystals can be 

caught in the nucleation phase. 
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2.1.5 Solving a Crystal Structure 

Once a diffraction pattern has been obtained the data is often auto processed in house as the 

synchrotron. Data processing can be divided into five steps: spot finding, indexing, parameter 

refinement, integration, scaling and merging. The first step of data processing is point is spot 

finding; this is the most time-consuming automated process, as it involves locating a selection of 

diffraction spots on the image with very little information. This information includes finding the 

intensity of spots above background and is obviously required for the next steps of processing154. 

These spots need to be indexed so that the cell dimensions and crystallographic symmetry can be 

predicted. When we refer to indexing what we are referring to is assigning each spot a Miller 

index, which denotes a 3D vector plane using integers h, k and l. These describe the planes in a 

Bravais lattice such that the reflections from adjacent planes would have a phase difference of 

exactly one wavelength and therefore help us identify the geometry of a unit cell. 

Now we have some geometric information of the unit cell, but this is only an estimate due to the 

approximation of these calculations155. Parameter refinement aims to reduce the error on these 

estimates by minimising the difference between the observed and calculated spots from the 

detector. The signal peaks now need to be integrated further and as we might expect from the 

diffraction of X-rays, there is a lot of background noise. Therefore, in order to correctly assign 

“real” spots on the detector, signal peaks need to be integrated to distinguish background from 

data. This integration step is performed by calculating a background plane from pixels around 

each spot, then the expected values at each spot are added and the calculated background is 

subsequently subtracted. This integration step is usually performed in house by a program such as 

DIALS156 

The peaks have been integrated and the point group symmetry has been established, now the data 

must be corrected for experimental effects so that all the intensities can be normalised to the same 

scale. These experimental effects can be contrived of radiation damage, beam intensity different 

levels of sample illumination and secondary beam absorption.  Scaling and merging therefore puts 
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the measured intensities onto the same scale using correction factors which account for the 

experimental effects. Similarly to integration, this step is usually also performed in house by 

scaling and merging software such as Aimless157. 

Now the data has been effectively processed, it is time to actually solve the structure. The most 

common method of solving structures is through “molecular replacement”. Molecular replacement 

reduces the search space for possible positions of atoms or residues in the unit cell and obtains an 

approximate phase for an unknown structure158. This search space is reduced using information 

from a previously solved structure. A model structure is predicted using a predictive programme 

such as Phaser159 and a structure factor is calculated (Fcalc). 

Once an approximate positioning for the atoms is calculated, the structure needs iterative rounds 

of refinement. This process involves altering the modelled structure with the aims of improving 

the agreement with the observed structure factors (Fobs) while satisfying chemical requirements for 

bond lengths, angles and atomic interactions. Often in refinement the difference in electron 

structure between the calculated structure and observed structure is observed as a map such that 

2Fobs - Fcalc or Fobs - Fcalc. Electron difference maps can be used to refine the calculated structure in 

programmes such as Coot160, where the GUI allows for structures to be adjusted by eye. Being 

able to manually adjust structures gives the added benefit of correcting modelled regions where a 

refinement programme won’t change an incorrect calculated structure, because the energetic 

minima is too great.  

When the resolution is strong enough, incorrect rotamers and tautomeric states can be replaced 

with more physically realistic positions. There are often several Ramachandran outliers in 

structures prior to refinement. Ramachandran outliers are physically implausible psi (ψ) and phi 

(Φ) angles around an alpha carbon caused by steric or electrostatic clashes with R groups of 

neighbouring residues(figure2.9). 
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Structures are manually refined then the phases are recalculated to produce a new electron density 

map. These two processes are repeated until a realistic structure that fits the electron density is 

obtained.  

When is a structure determined to be realistic? The final step of the refinement process is the 

validation of the structure. There are several metrics that need to be satisfied in order for a 

structure to be considered valid. The reliability factor (R-Factor) is a formula for estimating errors 

in a set of data (Eq2.3) 161. 

 

 

 

The R-factor gives us a proportionality between, the difference in all observed and calculated 

structure factors, and all of the observed structure factors. Therefore, smaller numbers of R 

indicate more correctness or calculations which more closely match what we observe, and the 

converse is true for larger values of R. We can reduce the R-factor of a structure by adding 

molecules into regions of observed electron density, but this does not help improve the accuracy of 

the model. 

Figure2.9: Peptide torsion angles. Depending on the two residues which are connected to 

each other, there will be a feasible region of psi and phi angles. Residues which exhibit psi 

and phi angles outside these regions are Ramachandran outliers. 

(Eq2.3) 
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 To circumvent bias, another metric “R-Free” is used to prevent overfitting. R-free is calculated by 

excluding 5% of unique reflections from the structure calculation. The agreement of these 

excluded reflections to the calculated model is described as R-free. The difference between R-free 

and the R-factor (or R-work) can be used to ascertain how much bias there is in the model, where 

bigger differences reflect a more biased structure. 

After validation the structure can now be published and the end of solving a structure marks the 

start for computational biochemists. 

2.2.0 Molecular Dynamics Simulations 

At the dawn of the 21st century the accessibility of computational power has completely reshaped 

society at almost every facet. Biochemical research is no exception and there are more and more 

computational tools at our disposal for helping us to decipher biological systems. We have already 

described the usefulness of computing in X-ray crystallography, but the story doesn’t end there as 

computing allows us to study proteins not just as static bodies, but as dynamic systems. 

There are computational tools at our disposal that allow us to use computers to predict the motions 

of biological macromolecules and calculate their energies. One such example of these tools is 

molecular dynamics (MD) simulations. Simulations have the advantage over other experimental 

techniques in that they can provide the ultimate detail concerning individual particle motions as a 

function of time. Therefore, simulations can be utilised to answer specific questions about the 

properties of a model system. In many cases, these questions are more easily answered than 

experiments on the actual system: For many aspects of biochemical functions the devil is in the 

detail, for example; just how does water behave in a nano pore channel162? These questions can 

only be answered (easily) through simulation. The niche that simulation occupies, is not easily 

filled and we can use this as a good indicator for the utility of the technique. To cognize the impact 

of MD simulations, we must understand its history. 
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2.2.1 A Brief History of Molecular Dynamics Simulations 

In 1967 Michael Levitt applied for a PhD position at the prestigious Laboratory of Molecular 

Biology at Cambridge University163. However, at this time there was not enough space for him 

and so he would be accepted for the following year. Levitt following the advice of the legendary 

John Kendrew, decided to spend the time in the interim working at the Weizmann institute of 

Science in Israel under Shneior Lifson. The lab group had been pioneering a programme known as 

consistent force field (CFF), which attempted to simulate the properties of any molecular system 

from a simple potential energy function163. Kendrew had a strong belief that these calculations 

could be used to simulate biological molecules such as proteins and nucleic acids. The Lifson lab 

group were already a dominant force in computational biology at the time and the group had even 

constructed their own supercomputer named “the golem”, after the Jewish folklore automaton. To 

provide a sense of scale for how far computing has come, the Golem supercomputer was the size 

of a room and access to 1MB of RAM. 

Also working as part of the Lifson lab group was Arieh Warshel who was studying chemical 

physics as part of his PhD. Within a few months of Levitt arriving at the lab group, Warshel and 

Lifson were just finishing developing the CFF program164. In 1969, Warshel and Lifson used the 

principles of classical mechanics to describe lysozyme in terms of energies and validate its crystal 

structure165. The calculations that the golem was running were using classical mechanics utilising 

Newtonian dynamics to approximate the relationships of atoms and bonds like they were balls 

connected by a spring. In this seminal paper, they describe the potential energy of lysozyme using 

these approximations Eq2.4. 
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Where kb is the bond force constant; b, bond length; b0, equilibrium bond length; kt, bond-angle 

bending-force constant; t1 bond angle; t0, equilibrium bond angle; kθ, torsional barrier; θ, dihedral 

angle (zero for cis-conformation); n, periodicity of rotational function; δ, phase; εij, depth of non-

bonded minimum; rij, distance between atoms i and j ; 𝑟𝑖𝑗
0, distance of non-bonded minimum, w, 

constraining force for all atoms; xi, atomic Cartesian co-ordinate and 𝑥𝑖
0, experimental co-ordinate. 

This paper165 is an important part of history, as this was the first energy minimisation of a protein 

which in essence, derives the stable conformation of a macromolecule from experimental model 

coordinates. More recently163, Levitt has credited  Lifson’s work in these early years as a key 

contribution and the groundwork which has led to simulation today “Shneior Lifson, … really 

started it all by defining the form of the empirical potential energy function still in use today”.  

While molecular mechanics models were useful for describing large systems, the models could 

only simulate the relaxed, stable state of the protein which made it impossible to investigate 

chemical reactions within proteins. Quantum mechanical calculations were already being used in 

computation for bonding and electronic spectroscopy but using quantum mechanical calculations 

was far too computationally expensive to be used on anything biologically relevant. 

In 1970, Warshel started a post doc position in Karplus’ lab at Harvard, bringing the CFF program 

with him163. Karplus’ research involved developing programs based on quantum mechanical 

calculations and there was a natural harmony to Karplus and Warshel’s work considering they 

(Eq2.4) 
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were approaching the same problem using different justifications. Together they developed a new 

programme which used the principles of classical mechanics to model atomic nuclei and used 

quantum mechanics to model p-electrons in simple planar molecules166. This programme could 

calculate the energy changes of electrons in these planar molecules and marked the first instance 

of the marriage of quantum and classical mechanics. Later on in 1976, Warshel and Levitt released 

a paper which exemplified the advantages of combining quantum mechanics with classical 

mechanics167. Herein, they provided a general computational method for studying enzymatic 

reactions, using the cleavage of a glycosidic bond by lysozyme as their focus. They used a hybrid 

classical/quantum mechanical approach, the atoms of the enzyme substrate complex directly 

involved with the reaction were described with quantum mechanics. The potential energy surface 

of remaining portion of the system, including the surrounding solvent, were evaluated classically. 

The classical and the quantum mechanical parts of the energy were linked, by allowing for 

changes in the quantum mechanical charges due to the electrostatic potential from charges and 

induced dipoles in the classical region, and by considering the electrostatic and van der Waals 

interactions between the atoms in the quantum and the classical regions. Due to the incorporation 

of polarizability into the model, they managed to accurately reproduce the energetic balance in a 

hydrogen transfer reaction due to the more accurate contributions of electrostatic interactions. The 

methods they describe in this paper formed a basis for the general methodology for the detailed 

study of enzymatic reactions167 . 

Although it may be obvious that the entire protein and solvent cannot be calculated using quantum 

methods explicitly due to the very demanding levels of computation: At the time there was no 

quantum mechanical methods that could operate outside of a vacuum, because solvent plays such 

an important role in the charge distribution of a system, an adequate description of solvent was 

more beneficial. They energetically quantified the contributors to the breaking of the glycosidic 

bond, and found that the reaction was much more dependent on electrostatic strain rather than 

steric. Much more importantly than that, they had pioneered a technique which is still used today 

in MD, which is referred to as quantum mechanics/molecular mechanics (QM/MM). Although the 
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calculations in the present day are more sophisticated/optimised for different systems, the merging 

of a QM system with a MM is a timeless concept, which will far outlive its inception. 

During this time in 1971, Bruce Gelin had returned from military service in Vietnam and began 

work in the Chemistry Department at Harvard with Karplus. Bruce started his PhD better 

optimising the CFF program with Andy McCammon and Karplus. The system they decided to 

work on was bovine pancreatic trypsin inhibitor (PTI) due to its small size of 58 amino acids. 

Initially they set about using CFF to compare the freedom of movement in side chain groups to 

those found experimentally by NMR168, to which they found the computational values were in 

agreement with experimental. Karplus, McCammon and Gelin continued their work in PTI and set 

their sights on the ambitious goal of simulating the entire protein. The results culminated in the 

augural 1977 paper, which marks the genesis of protein MD simulations and the future of 

computational structural biology169. The simulation Karplus and colleagues performed was only 

9.2ps long and it was performed in a vacuum. Additionally, the bovine PTI protein is of no 

biological relevance and the simulation itself wasn’t close to physiological conditions. However, 

what was so remarkable about this piece of work, was that it satisfied two concepts: Firstly, it was 

now apparent that entire proteins could be studied dynamically using computers. More 

importantly, it shaped our entire understanding of proteins, the dynamism of amino acids in a 

protein emulate fluidic motions and provide functional roles to the protein. 

In recognition of the impact of simulations, the 2013 Nobel prize for chemistry was awarded to 

Martin Karplus, Michael Levitt and Arieh Warshel for developing multiscale models for complex 

chemical systems.  

With the access to computational power still increasing, MD simulations have a bright future in 

structural biochemistry. To quote Arieh Warshel “Computers can actually solve anything if you 

just know how to put the question to them”170. However, that is not to say they will ever phase out 

experiments.  

Experiments still provide an important role in simulation through the validation of computational 

calculations. The properties of matter are described in simulations by calculating an empirical 
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potential energy function, which is described by some collection of functions (Eq2.4 and 

Figure2.11). Therefore, the validation of simulation will always be relevant because the errors 

introduced through the inaccuracy of models which describe the empirical potentials will always 

be difficult to identify171.  

 

2.2.2 Modern Day Molecular Dynamics 

In an MM simulation, atoms (or groups of atoms) can described using equations derived from 

molecular mechanics. The properties they posses can be subcategorised into different terms 

(Figure2.10) such as; bond stretching (Ebond), bond angles (Eang), dihedral angles (Edih), improper 

torsion (Eimp), van der Waals (Evdw) and Electrostatic (Eelec) interactions. What the sum of these 

energies is describing, is the potential energy surface (PES) and globally this surface is calculated 

as an energetic total of the system. When we describe a reaction using these descriptors, the 

reaction coordinate can be imagined as all the possible geometries along the reaction path. 

It is important we note that the definition of a reaction here is being generalised as something 

which brings about change. For instance, in a diatomic system such as H2, the distance between 

the atoms (r) is the reaction coordinate, E(r). The entire energy surface can be described by the 

energies of atoms at each distance of r. The total energy of the system would be determined by the 

bond energy (strength) and bond length. We can derive the (equilibrium) bond length (re) at the 

lowest possible energy of the system (the minimum) as this is where an atom’s energy would be at 
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its lowest, away from the repulsive forces of its partner. The bond energy in this case would be the 

difference in energy between the energy at re and the energy at rmax (maximal distance of r). We 

are making the “harmonic approximation” when we treat the system in this way: We are assuming 

that the molecule of interest is in an electronic state where the geometry is stable (not part of a 

reaction). The harmonic approximation is accurate when describing near-equilibrium bond length 

potential energies but it is pertinent to consider its limitations. For example, the harmonic 

approximation does not adequately account for bond breaking as this is an anharmonic process, 

once the bond has “broken” the energetic penalty does not change so it would be highly inaccurate 

to calculate a chemical reaction using a harmonic model. 

 

 

Figure2.10: Potential energy versus inter molecular distance: A graphical representation of the 

potential energy surface of a covalent bond in a diatomic molecule. The PES is the energy of a 

molecule as a function of the positions of its nuclei r. As the two atoms in the bond get closer 

together, they reach an energetic minima which is where we derive the equilibrium bond length re. 

As the two atoms get closer past this point, their potential energy increases due to unfavourable 

repulsive interactions.  
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Figure2.11: The mathematical descriptors for a molecular mechanics force field (MMFF). 

The sum of all terms describes the total (potential) energy of the system. The terms kr/θ/φ/ω/ 

represent force constants which are dependent on the distance (r), bond angle (θ), dihedral 

angle (φ) and torsion angle (ω) respectively. In the van der Waals expression (Lennard-

Jones Potential), the 4ϵ𝑖𝑗 term is referring to the minimum potential energy value possible 

(or well depth). The rij term refers to the distance between atoms i and j, σij terms refers to 

the distance between these atoms at which the potential energy is 0. In the electrostatic 

term, 𝑞𝑖 is the charge of atom 𝑖 and 𝜀0 is the dielectric constant. 
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The terms in Figure2.11 can be grouped into two broad categories “bonding” energies; Ebond, Eang , 

Edih, Eimp and “non-bonding” energies;  Evdw,  Eelec. The bonding terms are typically described 

using the harmonic approximation we described earlier but for reactions which need chemical 

change, these approximations would obviously be incorrect. We therefore must consider a more 

appropriate choice of model, such as a QM/MM model.172 The forcefields used in this thesis were 

obtained from the Assisted Model Building with Energy Refinement (AMBER173) package. These 

include the ff19SB protein forcefield, the GLYCAM_06j for parametrising carbohydrates and 

gaff2 for parameterising ligands.174 

  

2.2.3 Determining An Appropriate Model 

The original simulation was only 9.2 ps in length, today’s simulations are far longer and even 

simulations 10, 000 times longer (100ns) are considered short109. The reasons for the improvement 

in the amount of time sampled by simulations , can be attributed to the use of high performance 

computing (HPC) and to increasing the efficiency of simulations through improved algorithms175. 

A simulated system can be represented using different levels of detail and aspects of calculations 

can be redefined more approximately in order to save computational space. For instance, atomistic 

representations are often the most popular choice owing to the fact that these are often the best 

reproduction of the actual systems. However, coarse-grained models can often be a more 

appropriate choice if long time lengths or massive systems are desired176. In these coarse-grained 

simulations, atoms are treated as not as atoms but as pseudo atoms which approximate groups of 

atoms such as a whole amino acid. By reducing the degrees of freedom available to atoms the 

conformational search space is reduced and the computational demand is reduced at the cost of 

accuracy176. 

Another strategy to reduce the computational power required of a simulation is through the 

treatment of the solvent. The solvent can be an explicit representation whereby the solvent has co-

ordinates and some degrees of freedom attributed to each solvent molecule177. However, to 

generate a “bulk solvent” a large number of solvent molecules adds to the size of the system. We 
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can treat the solvent implicitly by describing the solvent as a continuous medium which responds 

to perturbation in the solute rather than characterising numerous individual solvent molecules. The 

models which describe the solvent in this way are known as implicit solvent models178. Implicit 

solvation integrates out explicit solvent degrees of freedom and incorporates their thermodynamic 

effects into a solvation free energy ΔGsolv. Therefore, over the course of a simulation step, the only 

explicit degrees of freedom are those of the solute and the changes in the solvent environment 

occur instantaneously in response to the solute179. Examples of implicit solvent models, include 

the Generalized Born (GB) model or the Poisson-Boltzmann (PB) equation 180. 

The advantage of using a classical MM MD simulation compared to experiment is that the 

investigation can be flexible in its approach: If detail is required using a QM/MM hybrid model 

might be more appropriate181, whereas if size is a priority, a rougher investigation, using coarse-

grained MD simulations is more appropriate.182 

It is important to consider the biological molecule of interest when deciding which models and 

type of MD to use. For example, in simulations involving RNA or DNA, the typical MM/QM 

methods which adequately describe protein systems can end up being inefficient and when applied 

to nucleotides183, 184. There have been attempts to use QM calculations to study nucleic acids of 4-

11 bases, which have revealed that a series of gradient optimizations in either implicit solvent or 

explicit solvent modelled using QM/MM methods are not well enough adapted to study the 

relative energies of different RNA/DNA conformations, even when using high-quality QM 

methods184-186. This is owed in large part to the complexity of the potential energy surface which 

can cause noise when calculating energies186. Therefore, techniques have been adapted to  improve 

the conformational sampling in RNA simulations, such as replica-exchange molecular dynamics 

(REMD)187. REMD enhances sampling by allowing systems of similar potential energies to 

sample conformations at different temperatures, allowing energy minimums to be escapable and 

more conformations to be sampled187. The technique has been applied to RNA systems188 but the 

time for the potential energy of the system to converge has been found to be high in the region of 

2μs183. To reduce the time taken for RNA systems to converge using REMD, Henriksen et al, 

applied an adaptation of REMD, Reservoir REMD (R-REMD), in which a pre-generated, high 
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temperature reservoir drives the convergence of a REMD ensemble.  First, extensive simulations 

at a single high temperature are conducted to generate a collection of structures. The probabilities 

of alternate conformations at the high temperature sampled, are not the same as at the temperature 

of interest and so the collection of structures is reweighted by coupling to REMD. Exchanges are 

made periodically, between randomly chosen conformations from the reservoir set and the highest 

temperature replica. This iterative process provides correct ensembles at the desired lower 

temperature with free energies that reflect the proper relative populations of minima189.  

In applying R-REMD Henriksen et al,  managed to reduce the time for an RNA (rGACC) 

system’s energy to converge from 2μs using REMD  to around 200ns in the same system using R-

REMD183. This exemplifies how pre-existing models can be adapted or nuanced to improve 

conformational sampling.   

Other important considerations to make when deciding which model to use include the 

temperature and pressure of the desired reaction. For example, the TIP3P model is often used to 

describe water in MM calculations using explicit solvent. TIP3P (transferable intermolecular 

potential 3P) describes water as a 3-site rigid water molecule with charges and Lennard-Jones 

parameters assigned to each of the 3 atoms190. Whilst this is obviously an oversimplification of a 

water molecule, it is generally accepted to be a good  model for most MD simulations175. 

However, there are limits to its accuracy as its description of water is only accurate in the 

physiologically relevant range (298 to 310 K and 1atm pressure)190. The reason for the 

diminishing accuracy outside of this range, is due to the phase diagram of water described by 

TIP3P being inaccurate. In the TIP3P model water has a melting point of 146K (-127 Co!).  

Additionally, there are other more descriptive models (TIP4P and TIP5P) which are modelled by 4 

and 5 atoms respectively191. In the case of TIP4P, an additional dummy atom is added to the 

existing 3 atoms, which is negatively charged and which allows for a better description of bulk-

density with the proper incorporation of long-ranged electrostatics 192. However, as with any 

additional layer of complexity, there is an increase to demand of computational power especially 
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for something so massive as solvent. This is the reason TIP3P is often considered the best choice 

for most systems, as the computational cost to accuracy of modelled of water is often desirable 175. 

Sometimes a level of trial and error is required, with the ultimate goal of obtaining a well-

converged conformational ensemble of a molecule in both a time-efficient and cost-effective 

manner. Although at a glance it would appear that this is a cause for grief, quite conversely it is 

the ability to accurately describe any system with a model to be selected that gives simulation its 

strength. It is the ability be able to create nuanced changes to a system and to be able to effectively 

measure the impacts of those changes, that sets the technique apart from experiment. 

 

2.2.4 Calculating the Time Step  

We have already discussed how we can assign properties depending on what we would like 

accurate and what needs to be computationally efficient.  But how does a MM simulation start and 

progress through to completion?  

Originally in the monumental 1977 paper169 the calculations used were derived from the gear 

algorithm193. This algorithm comprises of calculations based on Newtonian dynamics which drive 

the simulation forward through the reaction coordinate of the PES. Herein the equations that 

modern computational biochemists use for MM simulations are based on Newton’s second law of 

motion (Eq25), where the force (F) of a body is a combination of its mass (m) and acceleration (a).  

 

In order for a 3D system to proceed along a reaction coordinate it must be pushed forward by time. 

Therefore, we have the mass of our atoms already and we are interested in determining how they 

are accelerating so we might be able to compute its trajectory. This is because the acceleration 

component is how we can introduce time into our expression. We can calculate the force of an 

atom using the principle that the negative rate of change of potential energy with distance is equal 

to force. Therefore, we can expand on Eq25 by using the partial derivative of force such that: 

(Eq2.5) 
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Where PE is the potential energy of a system and ri  is the atomic coordinates of atom i and t is 

time. We establish the potential energy using the appropriate potential energy function (Eq2.4, 

Figure 2.11). Acceleration can be derived by its partial derivative with respect to time . In 

simulation we assume that acceleration is constant over the shortest recorded time step time step 

(Δt). This assumption allows us to calculate new positions of the atomic coordinates after each 

increment of Δt. Once the new positioning of the atoms has been established, the forces on the 

atoms are recalculated using the potential energy functions and the next positions of the atoms are 

predicted. It is this iterative process that is repeated over the course of the simulation which is the 

proponent for its progress.194  

However, this explains only how the simulation progresses once the atoms already have defined 

trajectories and energies. Preceding the simulation, we must optimise the system and define the 

positions and forces of atoms. 

2.2.5 Optimising a System 

Once we have selected an appropriate model, it is important that our system has its energy 

minimised. The reasons for minimising the system become clearer when we consider the PES: If 

our algorithm was exhaustive with its approach and we explored every possible configuration 

available to the protein in 3D space, the computational search time would be astronomical. 

Thankfully there are several programs which neatly circumvent having to explore the full range of 

possible geometries to reach an energetic minimum.  

Initially atom positions and velocities are assigned randomly from a Boltzmann distribution, and 

the total kinetic energy of the system is kept consistent with temperature. The temperature of a 

simulation is measured by its relationship to the kinetic energy (KE)195. 

(Eq2.6) 
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The total kinetic energy of a system is described as proportional to the temperature through 

equation 2.7. 

 

Where 𝑁 is the number of atoms, 𝑘𝑏 is the Boltzmann constant and 𝑚𝑖 and 𝑣𝑖 are the mass and 

velocity of atom 𝑖 respectively. Equation 2.7 demonstrates that kinetic energy of the system is 

proportional to the average temperature195. 

 In order to rapidly sample as many geometries as possible, it would make logical sense to increase 

Δt so that the simulations could be double as efficient. However, there are inherent risks with 

increasing the Δt as it is only at these increments that calculations are made, and trajectories 

predicted. Therefore, in the case where the subject of interest is moving extremely quickly, (such 

as bond stretching) we lose valuable information if we are too greedy with the size of Δt which 

could result in unrealistic conformations sampled.  

However, there are routes to circumventing any getting the system trapped in any dangerous 

inaccurate minima while still increasing the time increment. For example, the SHAKE196 

algorithm (which was used in this thesis), allows the bond lengths of hydrogen atoms to be 

constrained so that the Δt can be doubled from 1fs to 2fs. From the reasoning we used earlier, we 

can appreciate that this effectively doubles the efficiency of the simulation and initial 

minimisation steps. 

Before the simulation can start, we must assign boundaries to our 3D model so that all water 

molecules are adequately solvated to emulate a solution (rather than a droplet). The next issue then 

becomes, how are physiologically relevant boundaries imposed on the system, without a massive 

computational price. It is important that theses boundaries are physiologically relevant in the sense 

that the solvent is not perturbed at extremes, because the consequence will be felt by the 

(Eq2.7) 
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biomolecule of interest. To address this problem, many simulations use periodic boundary 

conditions (PBC). 

PBC solves the issues we discussed by treating the central box as a repeating unit, such that the 

centre is surrounded by replica unit cells on all sides. Therefore, when solvent leaves the edge of 

the central box, it simply drifts in from the opposing side from its neighbouring box.  All of the 

non-bonding interactions are felt through the boundary and so the solvent retains its intrinsic 

chemistries. 

 

The non-bonding interactions we described earlier (Eelec, EvdW), tend to be the slowest part of the 

simulation to calculate. Perceptive readers, would have noticed that in the original simulation169 

electrostatic considerations (Eq2.4) were not even made due to the massive computational strain. 

 

There are several reasons for this: The non-bonding interactions evaluation is relatively very time 

consuming especially for electrostatic calculations197. The root cause is the inherent complexity of 

the calculation because there have to be considerations made for multiple atoms simultaneously 

due to the increased range of influence compared to the other energetic terms. Whereas in the case 

of bonding interactions there are only ever a few interactions to be concerned with, due to their 

influence being defined by their general proximity. 

It is important to describe electrostatic interactions accurately as they define a plethora of different 

functions in protein biochemistry. These include controlling interactions with; other protein, 

glycosaminoglycans, polyphosphates, and nucleic acids198. The van der Waals energy terms scale 

energy according to distance (r) such that E = 1/r12 - 1/r6 which is described by the Lennard-Jones 

potential Figure2.12. We can see from this figure that the intermolecular potential energy becomes 

(Eq2.8) 

Electrostatic Energy Van Der Waals Energy 



80 

 

  

close to 0 at longer distances similar to bonding terms. Therefore, their effects, while more long 

range than bonding potentials, drop rapidly with distance. Electrostatic interactions in classical 

mechanics are described by much more long range effects. The electrostatic interaction (which is 

often described as Coulombic after Coulomb’s law) between particles falls of as 1/r where r is the 

distance between the charged particles199. These interactions are much more long ranged compared 

to other interactions in the system which drop off at 1/r3 or faster. Additionally, the qj portion of 

equation 2.8, represents all other partial charges other than partial charge qi. Distant interactions 

are important to consider especially when errors result from neglecting interactions beyond a 

cutoff distance200, 201. Therefore in simulation, there is a preference to include all electrostatic 

potentials which limits simulators to two options202. 

 

Figure2.12: An example of a Lennard-Jones potential between two interacting particles. The 

graph describes the strength of the vdWs interactions between these two particles as described 

by equation 2.8. The symbol σ represents the distance at which the potential energy is 0. The ϵ 

term represents the well depth (in kj mol-1) and how strongly the two particles attract each 

other. 
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One option is for the boxes in a simulation to be of a finite size but are large. However, this is 

impractical as it would be too computationally intensive due to the number of atoms. Therefore the 

only remaining option is to apply a periodic boundary condition, whereby the space surrounding 

the box is filled with repeating copies of the system199.  With periodic boundary conditions set up, 

it becomes viable to include all long-range electrostatic interactions using different types of sums 

which can be described as “lattice sum electrostatics” or Ewald-type electrostatics 202. Due to the 

periodic nature of these boundaries, these sums can be used to make possible a consideration of all 

long range electrostatic interactions. More often, the long range electrostatics are accounted for 

using Ewald particle mesh (EPM) methods.203 This splits the electrostatic interaction into a short-

range interaction which has a cut off of a similar range to the vdW forces, and an global 

interaction of smeared charges that is calculated using the Poisson equation203. 

 

2.2.6 Running a Simulation 

Once a set of suitable simulation parameters have been selected it is time to begin running a 

simulation. First the system must be prepared by generating a complete atomic model of the 

system of interest. This is easy to achieve for well characterised systems, as a complete structure 

from protein data bank is sufficient. If particular ligands are required in the active site that haven’t 

been solved, there are many docking programmes such as, Autodock204 which calculate the 

optimal starting geometry for the ligand. When residues are missing from the protein the issue 

becomes slightly more complicated. Protein structures can be assembled like Frankenstein’s 

monster, combining different elements from solved structures that contain omissions from one 

another. If there is little to no information on the full structure it can be predicted using ab initio 

structure prediction205 which predict the structure of a protein from sequence alone. These 

predictions are fully refined currently, and so it is recommended that simulations are performed on 

structures which have already been solved (at least partially). 

The charges of residues in the protein of interest have to be adjusted for pH and for solved 

structures, often the resolution is higher than 1Å. Therefore, in these situations (which is the vast 
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majority of the time), it is necessary to correct the tautomeric states of histidine and the side chains 

of asparagine and glutamine need to be optimised. There are several online platforms for 

performing these tasks such as; MolProbity206 which is useful for correcting tautomeric states, 

PropKa207 and H++208 which is useful for adjusting protonation states of protein in response to pH. 

 Now the protein needs to be solvated in suitable water box with suitable PBC. The system now 

needs to be parameterised using forcefields that accurately describe the facets of the system that 

are of most interest. 

After parameterising and solvating the protein, the system should be minimised so that the 

structure is close to an energetic minimum to circumvent the structure from immediately “blowing 

up” when the simulation starts199. This is driven by general minimisation algorithms such as 

steepest descent. Next the system needs to be heated, and with the introduction of temperature, 

kinetic energy must be assigned to the atoms in the system. As with proteins in vivo it is important 

to heat the system slowly so that the protein is not destabilised.  

Once the system has been heated, the penultimate steps should ensure that the system is stabilised. 

There are visualisation tools as part of CPPTRAJ which can help visually identify any major 

issues, or a root mean square deviation (RMSD) over the course of the equilibration, to check for 

any massive fluctuations. 

Hopefully now we have an appreciation for the protein systems and tools we use to study them, as 

they provided a theoretical basis that generated the work for this thesis. 
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Chapter 3 

Preamble. 

 

In this chapter we used a previously well characterised thermophilic enzyme, Sulfolobus 

solfataricus glucose dehydrogenase (ssGDH) to probe dynamical changes in the protein brought 

about by a change in substrate. Whilst initially the aims of using the protein was to perform kinetic 

assays at temperature ranges only accessible to thermophiles, there were convolution issues where 

substrate inhibition started to manifest at the lowest temperatures. The characterisation of the 

thermophilic enzyme coupled with its (relatively) cheap co factor (NADP/NAD) and its 

promiscuous substrate preference (α-hexose sugars) make it a versatile and easy to use system. 

Therefore, the protein was an appropriate choice for generating accurate data where which could 

be compared to previous data. 

This study documents the changes in the dynamics of the protein both locally (in the active site) 

and globally in response to changing its substrate. We (SDW, DMR and HBLJ) used experimental 

work to probe physiological real time changes and simulation to explore atomistic level detail. We 

(SDW and CRP) also fit the kinetic data to the MMRT model we described in chapter 1 with the 

aims of generating more data for the model to probe its utility. The connections between MMRT 

and the dynamic properties of enzymes, is hard to decipher but there are interesting facets, such as 

the presence of one hydroxyl on the 4 position of the hexose ring does not play an important role 

in binding but it does in determining the temperature dependence of the protein (see section 3.3). It 

is astonishing to think how deeply complex these systems really are.  
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3.1 Abstract 

Uncovering the role of global protein dynamics in enzyme turnover is needed to fully understand 

enzyme catalysis. Recently, we have demonstrated that the heat capacity of catalysis, ΔCP
‡, can 

reveal links between the protein free energy landscape, global protein dynamics and enzyme 

turnover, suggesting that subtle changes in molecular interactions at the active site can affect long 

range protein dynamics and link to enzyme temperature activity. Here we use a model 

promiscuous enzyme (Glucose dehydrogenase from Sulfolobus solfataricus) to chemically map 

how individual substrate interactions affect the temperature dependence of enzyme activity and the 

network of motions throughout the protein. Utilizing a combination of kinetics, REES 

spectroscopy and computational simulation we explore the complex relationship between enzyme-

substrate interactions and the global dynamics of the protein. We find that changes in ΔCP
‡ and 

protein dynamics can be mapped to specific substrate-enzyme interactions. Our study reveals how 

subtle changes in substrate binding affect global changes in motion and flexibility extending 

throughout the protein.  

3.2 Introduction 

Recent studies have begun to elucidate the relationship between global and local protein dynamics 

and enzyme turnover  80, 97, 209-211, 212 There is now a range of computational and experimental 

evidence that variation in the normal distribution of vibrational modes, remote from the active site 

volume can affect the observed rate and temperature dependence of enzyme turnover. For 

example, evidence from simulation has demonstrated that differences in protein conformational 

sampling very distant from the active site volume can dramatically alter the temperature-

dependence of catalysis (in MalL and ketosteroid isomerase)65, 213 Similarly, isotope effect studies 

have pointed to significant changes in the thermodynamics of enzyme turnover, on changes in 

vibrational frequency.210, 214 Indeed, there is some direct structural evidence for the proteins 

displaying long-range coherence of their vibrational modes, so called Fröhlich condensates.215 

There is therefore building evidence for a complex relationship between local and long-range 

protein flexibility, catalysis and the temperature dependence of enzyme activity.  
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We have previously applied a model for understanding the temperature dependence of enzyme 

catalysis (MMRT), which explicitly incorporates the difference in heat capacity between the 

ground state and transition state, 

 

 

where T0 is an arbitrary reference temperature. ∆𝐶𝑃
‡
 is the difference in heat capacity between the 

ground and transition state. ∆𝐶𝑃
‡
 determines the change in ΔH‡ and ΔS‡ with temperature and 

thereby defines the non-linearity of the temperature dependence of the Gibbs free energy 

difference between the ground state and the transition state (ΔG‡).216, 217   In the absence of 

alternative sources of non-linearity, the magnitude of ∆𝐶𝑃
‡
 is a useful experimental window into 

the difference in rigidity between the ground state and the transition state and more specifically the 

difference in the distribution of vibrational modes. 

We have recently used a model hyperthermophilic enzyme system (a tetrameric glucose 

dehydrogenase from Sulfolobus solfataricus; ssGDH) to study the contributions to the magnitude 

of ∆𝐶𝑃
‡
.80 This experimental system has the advantage that it is extremely thermally stable and the 

rate limiting chemical step (hydride transfer from a pyranose sugar to nicotinamide adenine 

dinucleotide phosphate [NAD(P)+]) is well defined and simple to monitor. 218-219 ssGDH is highly 

promiscuous and can turnover a wide range of pyranose sugars as well as either NAD+ or NADP+, 

with only relatively small differences in kcat.
218-219 In our recent study, we found an enormous 

kinetic isotope effect (KIE) (3.7±1.1) between glucose and D12 labelled glucose, on the 

magnitude of ∆𝐶𝑃
‡
 (~3 kJ mol–1 K–1), which is much larger than classical predictions would expect. 

These data, combined with other recent efforts in the field, suggest a hypothesis where the 

vibrational modes of the protein are somehow coupled to the immediate active site volume, 

influence the distribution of vibrational modes at either the ground or transition state.76, 80, 220  

(Eq1.20) 



88 

 

  

Herein we explore the hypothetical coupling of long-range protein vibrational modes to the active 

site volume, by removing individual hydrogen bonding interactions from the substrate sugar and 

monitoring the subsequent temperature dependence of enzyme turnover and changes in the 

network of enzyme dynamics through molecular dynamics simulation. Our approach therefore 

allows us to ‘chemically map’ the coupling of large-scale protein dynamics to the immediate 

active site volume and assess how this affects enzyme turnover. Moreover, using this approach, 

we illustrate the importance of the global protein dynamics in mediating the promiscuity of 

ssGDH by defining the distribution of active site conformational states. Our findings suggest that 

∆𝐶𝑃
‡
 contributions can be dissected on the bond-by-bond level and not all the molecular 

interactions of the reactive complex geometry are necessarily pivotal for governing temperature 

dependence. Our data have implications for engineering enzyme substrate preference and the 

temperature dependence of enzyme activity. 
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3.3 Results and Discussion 

Temperature dependence of enzyme kinetics with different substrates. We have previously 

monitored the temperature dependence of ssGDH turnover at relatively high temperatures (60-90 

°C). We wished to explore whether the curvature of the temperature dependence was replicated 

across extremely long temperature ranges. To this end we have monitored the single-turnover 

kinetics of ssGDH with NADP+ and α-D-glucose across a 65 °C temperature range (20-85 °C), 

monitored as the change in absorption at 340 nm attributable to NADP+ reduction (Figure 1). 

Figure 1 shows the resulting temperature dependence of the observed rate, kobs. We found that at 

‘low’ temperatures (20-50 °C) the data could be adequately fit to a sum of two exponential 

components (Figure 1, inset Eq), with the major phase at ~95% of the total amplitude (Figure 1A). 

At higher temperature (50- 85 °C) we find the data are adequately fit to a single exponential 

function. Figure 1B, inset shows the resulting b factor from fitting to the exponential function 

(Figure 1A, inset Eq). This factor reflects the degree of ‘stretch’ of the exponential, with b = 1 

reflecting an essentially ‘perfect’ exponential. Observing b ~ 1 suggests our data are not convolved 

of additional exponential phases other than those extracted and deconvolved as above.  Figure 

Figure3.1. Temperature dependence kinetics of ssGDH turnover monitored by stopped-flow. A, 

Example stopped-flow transient (black), fit using the inset equation (grey). B, Temperature dependence 

of the kinetic extracted from stopped-flow data. The solid red line is the fit to Eq 1. Inset, the 

temperature dependence of the magnitude of b, extracted from fitting to stopped-flow data as described 

in the main text.  Conditions: 100 mM HEPES, pH 8. 



90 

 

  

3.1B shows the k1 values extracted from Eq 1.20 as a function of temperature. The curvature 

indicates a ∆𝐶𝑃
‡
 of –3.0 ± 0.6 for this expanded temperature range (20-85 °C), consistent (same 

within error) with our previously reported value for a smaller range80 (60-90 °C), –3.9 ± 1.1 kJ 

mol–1 K–1.  

The stopped-flow data demonstrate that the observed curvature in plots of ln k versus T is apparent 

even outside of the enzyme’s physiological working range(50-90 oC). That is, the values of ∆𝐶𝑃
‡
 

we extract are robust and particularly around the natural temperature range of the enzyme (50-90 

°C) the kinetic data is not convolved of multiple processes. Given that the observed rate from 

single turnover studies mirrors that from steady-state turnover, these data are further evidence that 

our kinetic data reflect a single rate limiting step and is not convolved of multiple partially rate 

limiting steps. Moreover, the lack of multiple exponential phases is strong evidence that 

alternative models (e.g. n-state models) are not appropriate to interpret our data. We note however, 

the stopped-flow data cannot rule out contributions from multiple equilibrated ES ground states. 

These data thus validate the use of steady-state kinetics at > 50 °C) as a means to accurately 

measure ∆𝐶𝑃
‡
 in this enzyme.  

We wish to explore how individual enzyme-substrate hydrogen bonding interactions affect the 

temperature dependence of ssGDH turnover. ssGDH is highly promiscuous and can accommodate 

a range of pyranose sugars221. This combination of substrates therefore allows us to explore the 

sequential removal of hydrogen bonds arising from different hydroxyl groups on the sugar, either 

as a deoxy-monosaccharide or as the epimer as shown in Figure 2A and 2B.  
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Using this approach, we are able to sensitively ‘chemically map’ the precise substrate bonding that 

governs the temperature dependence of enzyme turnover. Whilst single turnover measurements 

can be informative (Figure 3.1) we now turn to steady-state kinetics, which has the advantage of 

being more technically tractable and allowing us to explore the temperature dependence of KM as 

well as to uncover more complex phenomena such as substrate inhibition if present. We show 

example Michaelis-Menten plots for each substrate used in Figure 3.S1. 

From Figure 3.2C and 3.2D, Figure S1 and Table 1, the magnitude of kcat and KM varies across ~ 2 

orders of magnitude for different monosaccharides. In some cases, the KM becomes rather large 

(~700 mM for D-mannose). Clearly one expects the binding component of KM to be affected on 

the loss of hydrogen bonds with each monosaccharide and so it is likely an increased dissociation 

constant accounts for a large part of the observed increase in KM. Notably, there is a trend for the 

Figure 3.2. Chemically mapping the bonding contributions to the temperature dependence of ssGDH 

turnover.  A, Key hydrogen bonding interactions between glucose and ssGDH. B, Glucose (with carbons 

numbered), its epimers and deoxy variants.  C, D, Temperature dependence of kcat for a range of 

substrates extracted from Michealis-Menten plots at each temperature (example plots shown in Figure 

S1). Conditions, 100 mM HEPES, pH 8. E, Change in magnitude of ∆𝐶𝑃
‡
 compared to D-glucose. 

A 

D E C 

B 
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variants at C2 (2-deoxy and D-mannose) to have very large KM values (Table 1; > ~100 mM) 

whereas variants at C4 (4-deoxy-D-glucose and D-galactose) have KM values rather more similar 

to D-glucose. We have not monitored the kinetics with D-allose because ssGDH essentially does 

not turnover with this monosaccharide, or at least is extremely slow relative to the other 

monosaccharides.218 We note that 4-deoxy-D-glucose shows apparent substrate inhibition (Figure 

S1; Ki = 29.5 ± 8.7 mM) and this is not apparent for any of the other kinetic data. We note that 

because we extract kcat from concentration-dependence data, we are able to extract a true kcat, not 

convolved of the apparent substrate inhibition. Our molecular dynamics (MD) simulations below, 

provide a ready explanation for the apparent substrate inhibition, through the preference of the 

substrate for an inactive orientation and we discuss this in detail below. 

We have previously interpreted changes in the magnitude of ∆𝐶𝑃
‡
 extracted from temperature-

dependence plots to infer the presence of a difference in the distribution of vibrational modes 

between the ground and transition state80, 83, 212, 222. Figure 3.2E shows the change in the magnitude 

of ∆𝐶𝑃
‡
 compared to D-glucose, ∆∆𝐶𝑃

‡
, for each substrate. That is, ∆∆𝐶𝑃

‡
 = 0 means no change in 

∆𝐶𝑃
‡
 compared to D-glucose. From Figure 3.2C, 3.2D and Table 3.1, the absolute magnitude of 

∆𝐶𝑃
‡
 only varies (outside of experimental error) for both the C4-epimer (D-galactose) and the C4–

deoxy substrate (4-deoxy-D-glucose). We note that the C4 position is distal from the immediate 

reaction centre (Figure 3.2A). Our data therefore suggest that the magnitude of ∆𝐶𝑃
‡
 is highly 

Table 3.1. Steady-state and temperature dependence kinetic data for a range of substrate analogues.  

 D-glucoseb, c 2-deoxy 3-deoxy 4-deoxy D-xyloseb D-galactose D-mannose 

kcat (min-1)a 651.9 ± 8.1 240.9 ± 

8.0 

60.9  ± 3.6 761.4 ± 

12.8 

~700 613.4 ± 

21.2 

141.1 ± 

4.9 

KM (mM)a 1.0 ± 0.2 154.2 ± 

16.9 

129.2 ± 

52.4 

15.04 ± 

10.3 

0.5 ± 0.2 1.0 ± 0.1 711.3 ± 

175.0 

∆𝐶𝑃
‡
 (kJ mol-1 

K-1) 

-3.0 ± 0.6 -2.1 ± 1.0 -2.4 ± 3.8 1.4 ± 0.8 -2.3 ± 1.2 -1.1 ± 0.4 -2.9 ± 2.1 

ΔH‡ (kJ mol-

1)a 

54.7 ± 2.6 93.4 ± 

7.6 

65.1 ± 

14.6 

70.4 ± 

3.7 

73.4 ± 

5.2 

67.9 ± 

1.8 

58.5 ± 

6.9 

ΔS‡ (kJ mol-1 

K-1)a 

1.27 ± 0.02 1.37 ± 

0.02 

1.28 ± 

0.04 

1.32 ± 

0.01 

1.33 ± 

0.01 

1.31 ± 

0.01 

1.26 ± 

0.02 

a data reported at 348 K. b values reported previously106. cData from Figure 3.1.  
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sensitive to variation of the substrate at the C4 position, but no other individual position, and that 

this extends to both removal or inversion of the hydroxyl group.  

From Table 3.1, the magnitudes of ΔH‡ and ΔS‡ show variance with the different substrates. 

However, these values are reported at a specific temperature because they are themselves 

temperature dependent where there is a measurable ∆𝐶𝑃
‡
. These values are partly composed of

information on the reaction barrier but given the convolution of their temperature dependence we 

do not feel confident to interpret these data in that context. 

We have previously solved the X-ray crystal structure of an inactivated variant of ssGDH with 

NADP and glucose/xylose bound.219 Here, we wished to explore the functionally active protein 

and so we have turned to molecular dynamics (MD) simulations to gain a structural understanding 

of the different potential bonding interactions of the reactive complex. Figure S2 shows the 

resultant conformations for a range of substrates by clustering on the root mean squared deviation 

(RMSD) values extracted from our MD simulations. The detailed results of the cluster analysis are 

shown in Figure S2. From the cluster analysis we find that the major enzyme-substrate 

conformations vary significantly between different substrates. Notably the 4-deoxy-D-glucose 

bound structure, shows a significant rotation away from the catalytic zinc in the highest frequency 

orientation, whereas the second highest frequency orientation is much more similar to the other 

sugar bound structures. Simulations with glucose and 6-deoxy-D-glucose both have one main 

conformation that makes up >80% of the population (Figure 3.S2). These conformations occupy a 

similar orientation to one another. 2- and 3-deoxy glucose have a wide range of diverse 

conformations owing to the fact that these substrates have poor interactions with the protein and 

fall out of the active site in separate simulations after 60 to 80ns. This finding occurs in 4 of 20 

cases (4 active sites from 5 independent simulations) for 3-Deoxy and 2 of 20 cases for 2-Deoxy.  

The cluster analysis data are echoed in the calculated hydride donor-acceptor (D-A) distances 

(Figure S3) showing that the loss of specific H-bonding interactions give rise to a significant 

difference in the distribution of D-A distances with changes in both the range and magnitude of D-

A distances. Indeed, 4-deoxy-D-glucose (Figure S3) populates a range of D-A distances, which are 
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different from the other substrates, correlating with the clustering (Figure S2). Notably, unreactive 

distances are most frequently sampled. 4-deoxy-D-glucose also shows a very different distribution 

of hydrogen bond interactions (Table 3.S3): Glu114 (instead of Thr41) now predominantly forms 

hydrogen bonds with the catalytically relevant O1 position. This change in substrate orientation, 

with a preference for large D-A distance, non-reactive geometries, is consistent with our 

observation of substrate inhibition with 4-deoxy-D-glucose. (We note that our previously reported 

D-A distances for glucose and xylose were based on less extensive conformational sampling80; our

current results reveal a more complex D-A distance distribution). Our simulation data suggest that 

some of the observed differences in the kcat might have an origin in altered D-A distances arising 

from changes in reactive complex geometry.  

We have previously monitored the primary kinetic isotope effect (1° KIE) for turnover with both 

D-glucose and D-xylose.80 A measurable 1° KIE is evidence that the observed kinetic is associated

with a hydride transfer step; in the present case from C1 of the pyranose ring to C4 on the 

Figure 3.3 A, The temperature dependence of the 1° KIE of D-galactose. A, Solid lines are the fit to 

Eq1 for D-Galactose (as Figure 2) and for the isotopologue, D-Galactose-1-D (squares). B, The 

resulting 1° KIE from panel A (green) and compared to the 1° KIE for D-glucose (black, as reported 

in ref 1). The solid lines are the resulting curve from the fits to Eq 1. 
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nicotinamide ring. In our previous work,80 we demonstrated that the KM values were the same for 

the protiated and deuterated substrates, which is evidence that there is no change in rate limiting 

step on isotopic substitution. Similarly, the KM values for the protiated and deuterated D-galactose 

are the same within error, KM = 1.0 ± 0.1 and 1.1 ± 0.1 mM, respectively. Figure 3.3 shows the 

temperature dependence of the 1° KIE for D-galactose. The KIE is a similar magnitude to D-

glucose (~1.7, Figure 3.3B) again suggesting that the shift in ∆𝐶𝑃
‡
 between substrates does not 

arise from a change in the rate limiting step.  

D-galactose does not show a measurable isotope effect on ∆𝐶𝑃
‡
 (-∆∆𝐶𝑃

‡
 = 0.1 ±1.0 kJ mol–1 K–1), 

compared to a very large isotope effect on  ∆𝐶𝑃
‡
 for D-glucose (-∆∆𝐶𝑃

‡
 = 2.3 ± 0.9 kJ mol–1 K–1).1 

Our data therefore show a decreased magnitude of ∆𝐶𝑃
‡
 and a decrease in the isotope effect on ∆𝐶𝑃

‡
 

for D-galactose compared to D-glucose. We note that the curvature in the temperature dependence 

of the KIEs is a simple consequence of the isotope effect (or lack of) on ∆𝐶𝑃
‡
. That is, the larger 

the isotope effect on ∆𝐶𝑃
‡
, the more curved the temperature dependence of the KIE will appear. We 

have discussed this in detail previously.80  

Taken together, our kinetic data suggest that the temperature dependence of ssGDH turnover 

(specifically the key hydride transfer step) is dominated by interactions between the protein and 

the C4 position of the pyranose ring. A change in a small number of interactions may thus be 

sufficient to significantly alter the thermodynamics of turnover, manifesting as a shift in activity 

with respect to temperature.  

Changes in protein dynamics with different substrates. We have previously found that the 

magnitude of ∆𝐶𝑃
‡
 indicates the scale of the change in protein dynamics / distribution of vibrational 

modes between ground and transition state. The dynamical differences that give rise to altered ∆𝐶𝑃
‡
 

values can be as small as an isotopic substitution of the substrate80. Tracking relatively small 

changes in protein dynamics can be experientially challenging. We have recently developed the 

understanding of the protein red edge excitation shift (REES) phenomenon, specifically a 

quantification of the effect which allows subtle changes in protein dynamics to be tracked.80, 223, 224  
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We term this quantification quantitative understanding of bimolecular edge shift, QUBES.225 We 

have demonstrated this quantification of the REES effect tracks subtle changes in protein 

dynamics, even where the crystal structures are identical and for a broad range of multi-

Tryptophan proteins.212, 225, 226 Briefly, REES is a fluorescence phenomenon where decreasing 

excitation energies are used to photo select for discrete emissive states, which manifests as 

inhomogeneous spectral broadening of the resultant emission spectra.224, 227  

Using our QUBES approach we are able to interpret the REES effect to show relative changes in 

the equilibrium of discrete conformational sub-states. We wish to monitor differences in the 

flexibility of the enzyme ternary complex and so we have used a non-reactive mimic of NADPH, 

1,4,5,6-tetrahydro NADP (NADPH4 ). We note that NADPH4  does not fluoresce and so does not 

convolute our REES data. We have elected to monitor the epimers using this approach because of 

their ready availability compared to the deoxy sugars. Figure 3.4A shows an example data set 

from which we track changes in the broadening of Trp emission spectra as the change in the center 

of spectral mass (CSM; see methods) with respect to excitation wavelength as in Figure 3.4B, 

𝐶𝑆𝑀 = 𝐶𝑆𝑀0 + 𝐴𝑒𝑅Δ𝜆𝐸𝑥  

where the amplitude relative to CSM0 and curvature of the exponential is described by A and R 

values, respectively, and 𝐶𝑆𝑀0 is the CSM value independent of 𝜆𝐸𝑥. The CSM0 value reflects the 

solvent exposure of protein Trp residues manifest as a red shift in Trp emission on increasing 

solvent exposure.228 An invariant CSM0 value then suggests no significant structural change and 

this is the case for the present data set.  We have previously found that, for an invariant CSM0 

value, an increased A/R value is indicative of broader population of conformational states.225 In the 

present case, ssGDH has five Trp residues per monomer, distributed conveniently throughout the 

protein (Figure 3.S6). That is, the REES effect for ssGDH will be a global reporter of changes in 

protein flexibility.  

Eq3.3

.2 
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Figure 3.4C shows the resulting QUBES data for the ternary complex of GDH with a range of 

substrates versus the extracted magnitude of ∆𝐶𝑃
‡
 (Figure 3.2 and Table 3.1). Essentially, as the 

magnitude of A/R becomes larger the protein becomes more flexible; a broader range of accessible 

conformational substates as we have previously described.212, 225, 226 From Figure 3.4C, we find 

that the REES data suggest that, despite the small number of H-bonding changes in the active site 

Figure 3.4. Changes in ssGDH flexibility and dynamics on substrate binding. A, Example raw REES data 

for ssGDH. B, Resulting CSM versus change in excitation wavelength extracted from panel A for a range 

of substrates + NADPH4. The solid line shows the fit to Eq 2, from which the QUBES data are extracted 

as the main text. C, Correlation between QUBES data and the magnitude of ∆𝐶𝑃
‡
 for different substrates. 

The solid red line is as simple exponential function fit to the data and is to aid the eye only. Grey dashed 

lines show the REES data for ssGDH and in the presence of NADPH4. Conditions: 100 mM HEPES, pH 

8, 15uM GDH, 60 Co. D, Dynamic cross correlation for comparing glucose to Galactose and 4DGluc with 

a black diagonal line separating each system. Each new tick represents a new monomer. DCCM values 

are scaled between +1 (red, positively correlated motions between residues), 0 (white, no correlation) and 

-1 (blue, anti-correlated). 

D 
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for each substrate, there is a significant difference in the equilibrium of conformational states with 

each of the epimers. We find that the ternary complex with D-galactose, outside of experimental 

error, explores a more restricted range of conformational states, i.e. is more ‘rigid’ compared to D-

glucose. The data appear to show a decrease in magnitude (increasingly negative values) of ∆𝐶𝑃
‡
 

with a decreasing mobility of the ssGDH ternary complex. We note that, given the relatively large 

error associated with both the QUBES data and also the ∆𝐶𝑃
‡
, we can only confidently assert the 

difference between D-galactose and D-glucose. That is, at least for D-glucose bound ssGDH, a 

decrease in the flexibility of the enzyme ternary complex is associated with a decrease in the 

magnitude of ∆𝐶𝑃
‡
.  

The QUBES data provide a global metric of protein flexibility. To explore more localized 

contributions and to compare these between the monosaccharides, we measure dynamical cross 

correlations and root mean square fluctuations (RMSF) from our MD simulations. Figure 3.S4 

shows per residue RMSF calculations for each of the substrates studied by MD. These data show a 

complex range of substrate specific changes in individual amino acids. There is not an obvious 

trend in the data that matches with the kinetic measurements. It is well established from molecular 

simulations that in proteins, the motions of adjacent residues are often highly correlated with one 

another. This can produce a “domino effect” wherein perturbations to one residue create long-

range interactions by propagating through networks of highly correlated neighbors. We note there 

is experimental evidence that correlated motions between distant atoms exist without the apparent 

involvement of interstitial atoms.13 Dynamical cross-correlation maps (DCCMs) can provide an 

image of how the protein interacts, not just within a monomer, but across the ssGDH tetramer. 

Specifically, DCCMs quantify the correlation coefficients of motions between atoms from which 

communication between distal residues can be inferred.229 We find a global loss in correlated and 

anticorrelated motions for simulations with all substrates in comparison with glucose (Figure 

3.4D, Figure 3.S5). Some of these differences are subtle, but the key finding is that the observed 

local changes in hydrogen bonding in the active site affect the protein dynamics across the 

tetrameric protein at large. D-galactose and 4-deoxy-D-glucose bound versions of ssGDH show a 

greater loss of correlated motion throughout the protein (in particular between the different 
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monomers in Figure 3.4D) compared to when glucose or other substrates are bound. This finding 

is intriguing, given that ∆𝐶𝑃
‡
 was markedly different for these substrates with modifications at the 

C4 position compared to other positions on the pyranose ring. A possibility is that the reduction in 

stable (native Michaelis-Menten complex) enzyme-substrate contacts, as indicated by our 

simulations (table 3.S3), is related to the reduction in the observed ∆𝐶𝑃
‡
, indicating a shift in the 

distribution of vibrational modes. This is supported by our REES data, which indicate a significant 

reduction in global protein flexibility when complexed with D-galactose. These enzyme-substrate 

contacts also agree with previous notions that the binding affinity is determined by the hydroxyls 

at the 2 and 3 position219.   

3.4 Conclusions 

We have chemically mapped the specific bonding interactions that govern the temperature 

dependence of ssGDH turnover. We find a single set of hydrogen bonding interactions is sufficient 

to drive a negative ∆𝐶𝑃
‡
. ∆𝐶𝑃

‡
 conceptually captures the difference in the distribution and frequency 

of vibrational modes at the ground and transitions state. Our REES data suggest the ground state 

ternary complex of ssGDH has a restricted range of conformational sub-states for D-galactose 

compared to D-glucose. Moreover, our molecular dynamics data imply that local changes in the 

hydrogen bonding network are sufficient to drive large scale changes in the correlation of protein 

motions throughout the tetramer.  

Taken together these data suggest that subtle changes in H-bonding pattern at the immediate active 

site volume not only translate to altered global protein dynamics, but also are sufficient to affect 

the distribution of vibrational modes at the ground and transition state. Indeed, we have recently 

correlated subtle changes in molecular dynamics to a measurable  ∆𝐶𝑃
‡
 via single molecule 

detection in MalL,82 suggesting this finding may be generalisable to other enzymatic systems. We 

note that there are alternative interpretations of non-linear temperature dependencies (notably 

recent work by Sočan et al213) though it is possible to rule out many of these alternatives through 

careful selection and characterisation of the experimental system. For ssGDH we have evidence 

that we are able to monitor the same rate limiting chemical step across the temperature range. The 
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evidence includes: similar size 1° KIE for different substrates; invariance in KM for isotopologues; 

correlation of observed rates between single turnover and multiple turnover measurements; 

validation through cluster calculations; a direct assay of the rate limiting chemistry.  

The extreme sensitivity of the functionally relevant protein dynamics to the loss of only a few 

hydrogen bonds mirrors our previous findings showing the sensitivity to isotopic substitution.80 

We have previously posited that the isotopic sensitivity of ∆𝐶𝑃
‡
 requires a very large shift in CP, 

and that arguably such a shift would require the combined vibrational modes of the protein 

scaffold at large, since no other source of sufficient magnitude is obvious. Indeed, our previous 

work has shown this to be the case in several enzymes.65 The observation of a decreased and 

isotopically insensitive ∆𝐶𝑃
‡
 with D-galactose compared to D-glucose could arise from a loss of 

vibrational modes at the ground state with D-galactose (relative to with D-glucose), leading to a 

smaller difference in vibrational modes between the ground state and transition state, and thus a 

reduced ∆𝐶𝑃
‡
. A logical hypothesis is that these vibrational modes are ‘recruited’ by only a small 

number of hydrogen bonding interactions between the protein and substrate. Whilst we cannot 

define the exact physical mechanism of this relationship, we take inspiration from work which 

suggests long range coupling of vibrational modes in proteins215 and suggest that such notions will 

help to understand these emerging concepts.  

In summary, our study points to a fine balance between enzyme activity, temperature sensitivity 

and protein conformational dynamics, which requires more than the immediate active site volume 

to rationalise. These notions are important for enzyme (re)design and suggest that highly localised 

interactions between the enzyme active site and bulk protein are crucial for enzyme activity. 

Mapping such interactions may then provide a means to engineer enzyme temperature activity and 

avoiding losses in activity which are common in mutagenesis campaigns. 

3.5 Methods  

ssGDH Expression and Purification. ssGDH was expressed with AmpR in a pET3a plasmid and 

grown on LB agar with ampicillin (100 μg/mL) at 37 °C. A 50 mL LB starter culture was used to 

inoculate 5 × 1 L LB until an OD600 of 0.5−0.6 was reached. Cells were harvested by 
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centrifugation (4 °C, 14800 x g, 10 min) before being lysed by sonication using a lysis buffer (100 

mM HEPES, pH 7.5), lysozyme, DNAase, and a protease inhibitor cocktail tablet. Soluble and 

insoluble fractions were separated by centrifugation at 4 °C (70000 x g, 10 min). Due to the 

thermostability of ssGDH, the soluble fraction was purified by heating the sample to 70 °C for 50 

min. To remove precipitated protein, samples were centrifuged (4 °C 70000 x g, 10 min). The 

protein was further purified by passing the protein solution through a HiTrap Q HP anion 

exchange column. The protein was eluted over a gradient from 0 to 800 mM NaCl with 100mM 

HEPES (pH 7.5). The purification was completed using a HiLoad 16/600 Superdex column with 

an elution buffer 100 mM HEPES buffer (pH 8). Samples were dialyzed in 100 mM HEPES pH8 

overnight. The ssGDH concentration was calculated spectroscopically using ε280 = 49,390 M−1 

cm−1.  

Enzyme Assays. Stopped-flow measurements were conducted using a thermostated Hi-Tech 

Scientific stopped-flow apparatus (TgK Scientific, Bradford on Avon, UK). Typically, 3 - 5 

transients were recorded for each reported measurement.  We used an equimolar concentration of 

ssGDH and NADP+ (at a concentration >10x the KM of NADP+) in the presence of excess α-D-

glucose as described in the main text, monitoring the change in absorption at 340 nm.  Steady-state 

ssGDH kinetic measurements were carried out using a lidded 0.1 cm pathlength quartz cuvette and 

a UV−vis spectrophotometer (Agilent Cary 60 UV−vis spectrometer) in 100 mM HEPES (pH 8). 

Accurate concentrations of NADP+ were determined using the extinction coefficient of ε260nm = 17 

800 M−1 cm−1. Enzyme activity was measured for each condition at 85 °C by following the 

formation of NADPH at 340 nm using ε340nm = 6220 M−1 cm−1 as a direct measurement of ssGDH 

steady-state rates. Temperature dependent rates were calculated using concentration dependent 

data fitted to Michaelis Menten using Vmax. Kinetic data were gathered from 60 to 85 °C at 5 °C 

intervals. The data were fitted to Eq 1 using OriginPro 2019b (MicroCal).  

Red Edge Excitation Shift Assays. REES data was collected essentially as described previously as 

the matrix of excitation emission wavelengths.212, 225, 226 Fluorescence measurements were 

performed using a Perkin Elmer LS50B Luminescence Spectrometer (Perkin Elmer, Waltham, 

MA, USA) connected to a Peltier heat pump (± 1 °C). 15 µM ssGDH samples were used for 
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analysis in 100 mM pH8 HEPES. NADPH4  was 100 μM where used. Samples were incubated 

Specifically, excitation was every nanometer between 292-310 nm, with emissions spectra 

collected between 325-500 nm. Excitation and emission slit widths were 4.5 nm in all cases. 

Temperature was regulated by a thermostated water bath at 60 °C. The CSM was extracted from 

the excitation emission matrix as in Equation 3.3, 

   Eq 3.3  

4-deoxy-D-glucose synthesis. 13C NMR spectra were recorded on an Agilent Propulse instrument 

at 126 MHz frequency and 25 oC. Chemical shifts () are reported in parts per million (ppm). 

The synthetic route followed a modified version of a previously published chemoenzymatic 

procedure.39 

Synthesis of 1 (as labelled in Scheme 1): 

 

A 500 mL round-bottom flask was charged with methyl-β-D-galactopyranoside (500 mg, 2.58 

mM, 1 equiv) dissolved in 130 mL 25 mM phosphate buffer (pH 7.3). The flask was sealed with 

aseptum and cooled to 0 oC using an ice bath. Once cooled, oxygen was bubbled through the 

𝐶𝑆𝑀 =  
  𝑓𝑖 × 𝜆𝐸𝑚  

  𝑓𝑖 
 

Scheme 1. Synthesis of 4-deoxy-D-glucose . 
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mixture for 5 min, followed by addition of galactose oxidase (2500 units) and catalase (20000 

units). The flask was flushed with oxygen and the reaction mixture was stirred at 10 °C for 4 days. 

The product was used directly without isolation in the next steps. 

One-pot cascade synthesis of 2 – 5:  

L-proline (30 mg, 0.26 mM, 0.1 equiv) was added to the solution of 1 and the reaction mixture 

was heated at 70 oC for 5 h to give 2. Once cooled to room temperature, a catalytic amount of 

palladium on activated carbon 10 % (10 mg, 0.09 mM, 0.03 equiv) was added and the mixture was 

stirred under hydrogen (atmospheric pressure) for 2 h. The catalyst was filtered off over Celite® 

and the filtrate was cooled to 0 oC using an ice bath, generating the hydrated aldehyde 4. To this, 

NaBH4 (49 mg, 1.29 mM, 0.5 equiv) was added in small portions over 30 minutes while keeping 

the solution cold. The unreacted NaBH4 was neutralised with acetone and the reaction mixture was 

passed through a glass column packed with mixed bed-resin TMD-8. To making sure all inorganic 

salts were removed, the filtrate was passed over TMD-8 several times until the resin changed 

colour. The solvent was removed under reduced pressure to yield product 5 as a white solid.  

Synthesis of 6: 

Product 5 was resuspended in 2 M aqueous solution of HCl (pH 1.5) and the reaction mixture was 

heated at 70 oC for 24 h. The reaction progress was monitored by NMR and stopped when the 

peak corresponding to the methyl group disappeared. When conversion was complete, the reaction 

mixture was cooled to room temperature and the pH was adjusted to 7.3 with 0.1 M phosphate 

buffer. The solution was passed again through mixed bed-resin TMD-8 to remove the inorganic 

salts. The solvent was removed under pressure and the residue dried very thoroughly under high 

vacuum to yield 6 as a white sticky solid quantitatively. 13C NMR (126 MHz, D2O) : 103.8, 

75.1, 72.7, 70.7, 68.6, 60.9, 57.1. 

Computational Methods. A previously prepared crystal structure 2CDB219, 230 was used as a 

starting model for each of the simulations. Briefly, scwrl231 was used to revert T41A and 

modeller232 was used to model in the missing loop at positions 50-59. The Amber16 suite of 

programs was used for the periodic boundary simulation and analysis, with the same parameters as 
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used previously.80 ff14SB for protein atoms, GLYCAM-06 for the sugars, TIP3P for water, 

parameters from Ryde and co-workers for NADP+ and ZAFF233 for the Zn2+ coordinated by 

Cys93, Cys96, Cys99 and Cys107. ZAFF is a zinc forcefield developed by Peters et al. for a 

system with 4 coordinated zinc molecules. The catalytic Zn2+ was restrained to maintain the 

crystallographic coordination with Cys39 and His66. After brief minimization of the complex and 

added water, the system was heated to 300 K and subsequently equilibrated to 1 atm in the NPT 

ensemble (with positional restraints on Cα atoms). After gradual release of Cα positional 

restraints, 100 ns production simulations were performed at 300 K and 1 atm. Simulation analysis 

was performed using CPPTRAJ.40 Hierarchical agglomerative clustering of substrate orientations 

was performed using the RMSD of non-hydrogen sugar atoms after alignment on the Cα atoms of 

active site residues (39, 41, 42, 66, 67, 89, 90, 105, 112, 114, 117, 150-151, 152-153, 192, 277, 

279, 306-309, 313), with a minimum distance between clusters (epsilon) of 1.5.   Root mean 

square fluctuation analysis was performed with CPPTRAJ using 10-100 ns of 5 independent 

simulations for each substrate. The data was averaged to give values for one monomer. The 

significant differences in RMSF values between no sugar bound and each of the other 

aforementioned sugar complexes were generated via a two-tailed t-test using R 3.4.3 software. D-

A distance and hydrogen bond measurements between the sugars and protein as well as DCC 

analysis were performed using CPPTRAJ, again using 10-100ns from 5 simulations per substrate. 

DCC analysis was performed after Cα atom alignment to an average structure. Further details of 

model setup, restraints, and simulation procedures are included in the Supporting Information.  
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3.6.1 Supplementary Computational Methods 

System Setup. As described in the main text, we previously performed MD simulations of glucose 

in complex with GDH,80  and we used this as the starting point for all simulations performed in 

this manuscript. This structure of glucose in complex with GDH was modified in silico as 

necessary to produce structures of GDH in complex with all of the sugars simulated herein. 

Protonation and histidine tautomerisation states, alongside any required Asn or Gln side chain 

“flips” were kept consistent for all systems and are the same as those used in our previous study.80 

Histidine residues 66, 297 and 319 were singly protonated on their Nδ1 nitrogen, with all others 

singly protonated on their Nϵ2 nitrogen (as previously determined by the amber tools facility 

reduce). All residues (bar the cysteine residues coordinating Zn2+) were simulated in their standard 

protonation states, consistent with our previously performed pKa calculations using PropKa 3.1.40 

All structures were solvated in a rectangular water box (with all crystallographic water molecules 

retained) large enough such that no protein atom was within 10 Å of the box boundary. Na+ ions 

were added as required to make the total charge of the system neutral. The general equilibration 

procedure used for all MD simulations performed herein is described in the section titled 

“Structure equilibration procedure” below.    

Parameterisation of Modified Sugars. Complete GLYCAM-06j parameters for glucose, mannose 

and the 6-deoxy glucose variant are readily available from the original publication. 80 For the 2,3 

and 4-deoxy variants of glucose, all parameters bar the partial charges were available in 

GLYCAM-06j force field. Given the high similarity between glucose and each of its de-oxy 

variants, we made subtle chemically reasonable modifications to the partial charges of each sugar 

variant using the glucose partial charges as a template. (Only the carbon and its corresponding 

hydrogen’s charges at the position of the hydroxyl group removal were modified). These modified 

charges are provided in Tables 3.S1&3.S2. 

Structure equilibration procedure. The following procedure was used to prepare all systems 

simulated for production MD simulations in the NPT ensemble at 300 K and 1 atm. All dynamics 

steps applied the SHAKE algorithm196 to constrain all bonds containing hydrogen. Replica 
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simulations were initiated from the second heating step of the following protocol (with each 

replica therefore assigned different random velocity vectors at this stage). Simulations performed 

in the NVT ensemble used Langevin temperature control (with a collision frequency of 1 ps−1) and 

used a simulation timestep of 1 fs. Simulations performed in the NPT ensemble again used 

Langevin temperature control (collision frequency of 1 ps−1) and a Berendsen barostat (1 ps 

pressure relaxation time). The equilibration protocol is as follows: First, hydrogens atoms and 

solvent molecules were energy minimised (using 500 steps of steepest descent followed by 500 

steps of conjugate gradient minimisation). To prevent the movement of non-hydrogen and non-

solvent atoms during the minimisation, 10 kcal mol−1 Å−1 positional restraints were used to keep 

all heavy atoms fixed. Then the solvent was heated rapidly from 50 K to 300 K (NVT ensemble, 1 

fs timestep) over the course of 200 ps, with the previously described restraints still maintained. 

The positional restraints were then replaced with 5 kcal mol−1 Å−1 positional restraints on only the 

Cα carbon atoms of each residue and subjected to another round of energy minimisation (500 steps 

of steepest descent followed by 500 steps of conjugate gradient). Retaining these positional 

restraints, the system was heated from 25 K to 300 K over the course of 50 ps (NVT ensemble, 1 

fs time step). Simulations were then performed in the NPT ensemble (1 atm, 300 K, 2 fs time step) 

by first gradually reducing the 5 kcal mol−1 Å−1 Cα carbon restraints over the course of 50 ps. This 

was done by reducing the restraint weight by 1 kcal mol−1 Å−1 every 10 ps. A final 1 ns long MD 

simulation with no restraints on the Cα carbon atoms was then performed, with the final structure 

produced after this run, used as the starting point for production MD simulations. Please note that 

the restraints on the catalytic Zn2+ coordination sphere were used throughout the heating, 

equilibration and production simulations (and are described in the section titled: “Restraints used 

During Production MD Simulations”).  

Restraints used During Production MD Simulations. Consistent with our previously performed 

MD simulations, 80 we applied three one sided harmonic restraints (commonly referred to as “wall 

potentials”) to the primary coordination sphere of the catalytic Zn2+ in order to maintain a 

catalytically competent position throughout the MD simulations 80. The three distance restraints 

were as follows: (1) His66 NE2−Zn2+ distances greater than 2 Å were restrained by a 70 kcal 
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mol−1 Å−2 force constant. (2) Asp42 OD2−Cys39 N distances greater than 1.95 Å were restrained 

by a 70 kcal mol−1 Å−2 force constant. (3) Asp42 OD2−Zn2+ distances smaller than 4.2 Å were 

restrained by a 100 kcal mol−1 Å−2 force constant.  
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3.6.2 Tables 

 

2-deoxy Glucose (Residue Name: 2GB) 3-deoxy Glucose (Residue Name: 3GB) 

Atom Label Atom Type Partial Charge (a.u) Atom Label Atom Type Partial Charge (a.u) 

C1 

C2 

C3 

C4 

C5 

C6 

O1 

O3 

O4 

O5 

O6 

H1 

H1O 

H21 

H22 

H3 

H3O 

H4 

H4O 

H5 

H61 

H62 

H6O 
  

Cg 

Cg 

Cg 

Cg 

Cg 

Cg 

Oh 

Oh 

Oh 

Os 

Oh 

H2 

Ho 

Hc 

Hc 

H1 

Ho 

H1 

Ho 

H1 

H1 

H1 

Ho 
  

0.384 

0.029 

0.284 

0.276 

0.225 

0.282 

-0.639 

-0.709 

-0.714 

-0.471 

-0.688 

0 

0.445 

0 

0 

0 

0.432 

0 

0.44 

0 

0 

0 

0.424 
 

C1 

C2 

C3 

C4 

C5 

C6 

O1 

O2 

O4 

O5 

O6 

H1 

H1O 

H2 

H2O 

H31 

H32 

H4 

H4O 

H5 

H61 

H62 

H6O 
 

Cg 

Cg 

Cg 

Cg 

Cg 

Cg 

Oh 

Oh 

Oh 

Os 

Oh 

H2 

Ho 

H1 

Ho 

Hc 

Hc 

H1 

Ho 

H1 

H1 

H1 

Ho 
 

0.384 

0.31 

0.007 

0.276 

0.225 

0.282 

-0.639 

-0.718 

-0.714 

-0.471 

-0.688 

0 

0.445 

0 

0.437 

0 

0 

0 

0.44 

0 

0 

0 

0.424 
 

 

 

  

Table 3.S1. Partial charges used to describe the 2-deoxy and 3-deoxy variants of glucose. Atom 

type labelling is consistent with standard GLYCAM-06j labelling.  
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4-deoxy Glucose (Residue Name: 4GB) 

Atom Label Atom Type Partial Charge (a.u) 

C1 

C2 

C3 

C4 

C5 

C6 

O1 

O2 

O3 

O5 

O6 

H1 

H2 

H3 

H41 

H42 

H5 

H61 

H62 

H1O 

H2O 

H3O 

H6O 
 

Cg 

Cg 

Cg 

Cg 

Cg 

Cg 

Oh 

Oh 

Oh 

Os 

Oh 

H2 

H1 

H1 

Hc 

Hc 

H1 

H1 

H1 

Ho 

Ho 

Ho 

Ho 
 

0.384 

0.31 

0.284 

0.002 

0.225 

0.282 

-0.639 

-0.718 

-0.709 

-0.471 

-0.688 

0 

0 

0 

0 

0 

0 

0 

0 

0.445 

0.437 

0.432 

0.424 
 

Table 3.S2. Partial charges used to describe the 4-deoxy variant of glucose. Atom type 

labelling is consistent with standard GLYCAM-06j labelling.  
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  Thr41 His66 Asp89 Arg90 Glu114 Gln150 Asp154 Asn307 

  OG1 ND1 OD1 ND2 NH2 OE1 OE2 NE2 OD1 OD2 ND2 

             
G

lu
co

se
 

O1 39.0           

O2   17.2     93.2  69.1  

O3   5.9 92.4     39.0 8.7 28.6 

O4      34.4 66.1    67.4 
O6      58.8 32.8     

2
-D

eo
xy

-D
-

G
lu

co
se

 

O1 57.0           

O2            

O3    11.8  39.6 45.4  12.6 4.7 15.7 

O4     9.5 48.7 55.9     

O6      9.4 8.0     

3
-D

eo
xy

-D
-

G
lu

co
se

 

O1 45.9       5.0    

O2        17.5 12.8 26.8 18.5 

O3            

O4      44.2 50.3    11.7 

O6      11.0      

4
-D

eo
xy

-D
-

G
lu

co
se

 

O1 12.8 22.4    30.6 32.2   1.4  

O2    14.6  1.9 4.4 41.2 8.1 40.1  

O3    26.2  3.4 1.8  53.3 51.0 77.6 

O4            

O6     26.9 26.6 26.9     

6
-D

eo
xy

-D
-

G
lu

co
se

 

O1 55.9           

O2   24.9     81.9 5.8 62.7  
O3    84.0  5.7 6.0  41.5 17.1 25.9 

O4      39.8 59.8    67.0 

O6            

D
-G

al
ac

to
se

 

O1 51.0           

O2        45.1 9.8 53.0  

O3    42.6  13.7 17.7  42.0 20.1 37.9 

O4      44.9 47.3     

O6      24.4 19.8     

D
-M

an
n

o
se

 

O1 64.0           

O2    6.9 13.5       

O3      31.2 30.8  15.8 14.9 44.7 

O4     31.6 42.3 54.1    10.4 

O6      19.2 16.8     

Table 3.S3. Hydrogen bonding network of ssGDH. The values represent the percentage of 

time over the simulation that there is a hydrogen bond from each hydroxyl of the sugar to 

each of the surrounding amino acids. Darker reds represent bonds which are present for 

longer periods of time. 
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3.6.3 Figures  

 

 

 

  

 

Figure 3.S1. Example Michaelis-Menten plots for the substrates reported in the main manuscript with 

a saturating concentration of NADP (5mM) at 60 °C. The solid line is the fit to the Michaelis-Menten 

equation, 𝒗 =  
𝑽𝒎𝒂𝒙[𝑺]

𝑲𝑴+[𝑺]
 except in the case of 4-Deoxy-D-Glucose (panel F), which shows the fit to a 

function accounting for substrate inhibition, 𝒗 = 
𝑽𝒎𝒂𝒙[𝑺]

𝑲𝑴+[𝑺] 𝟏+
[𝑺]

𝑲𝒊
 
. 
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Figure 3.S2. Different binding modes with different sugars bound. The values represent the 

percentage of time over the simulation that the sugar exist within. Each of the images reflects the 

number 1 cluster i.e the highest occupied conformer and the transparent images represent lower 

frequency structures that exist with more than 0.1 frequency. Other refers to the percentage of 

omitted clusters form the simulation. 



114 

 

  

 

  

 

Figure 3.S3. Histograms (bin width 0.1 Å) of the hydride donor-acceptor distances observed in MD 

simulations for each of the substrates (data from all 4 active sites in 5 independent simulations).  
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Figure 3.S4. The Cα carbon root-mean square fluctuations per residue with no sugar bound together 

with residues that change significantly in fluctuation for the simulations with sugar bound. Significant 

differences in fluctuation vs. simulation without sugar are determined using a two-sided t-test based on 

the RMSF of the 20 protein chains for each complex (4 from each of the 5 independent simulations per 

complex). Red symbols signify residues that are significantly more flexible, blue symbols signify 

residues that are significantly less flexible. 

 

 

(Å) 
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Figure3.S5 
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Chapter 4 
 

4.0 Crystal structure of Sulfolobus solfataricus Glucose 

Dehydrogenase at 1.7 Å 

 

Preamble 

 

The ambiguous relationship between heat capacity and enzyme dynamics still required further 

elucidation. The work in the next chapter involved preparing crystal structures of ssGDH, in 

complex with the quadruple reduced nicotinamide NADPH4 , acting as a non-reactive co-factor. If 

we remember back to chapter 1, the central idea of the heat capacity model is that it is the 

difference in vibrational modes between ground state and transition state that governs the 

temperature dependence of enzyme catalysed reactions. Specifically, it is the differences between 

the lowest energy modes that are supposed to define the temperature dependence of enzyme 

catalysed reactions. As is the case with most things, the best way to probe the lowest frequency 

modes is by targeting them specifically. As mentioned in chapter 1, this allows lowest vibrational 

modes of protein to operate as one body, a “Fröhlich  Condensate”. These Fröhlich condensates 

can be observed by running X-ray crystallography in tandem with probing via terahertz 

radiation104. The study in chapter 4, functioned as preliminary work, producing protein crystals 

which diffract with substrate and co-factor bound. Unfortunately, the structures that were soaked 

in substrate do not contain the substrate in the active site. We have produced one structure 

containing NADPH4 bound to ssGDH as an initial step toward a greater goal. 

  



118 

 

  

 

4.1 Introduction 

Sulfolobus solforaticus belongs to a family of thermophilic archaea which grow optimally at pH 

ranges of 2-4 and at temperatures above 80oC. It is because of these extreme conditions that its 

enzymes are thermophilic, but also promiscuous in order to reliably obtain sources of nutrition. 

The glucose metabolism of Sulfolobus solforaticus proceeds through a non-phosphorylative 

variation of the Enter-Doudoroff Pathway, where one glucose molecule produces two pyruvates 

and no ATP.218 

The protein Sulfolobus solforaticus Glucose Dehydrogenase catalyses the first step of this non-

phosphorylative pathway with the oxidation of glucose to gluconate. Its redox catalysis involves 

the hydride transfer from the hydrogen bound at the 1st position on the hexose/pentose ring onto 

the nicotinamide ring of NADP/NAD (Figure 4.S3). A water molecule is coordinated to the Zinc 

ion which places a strain on the water molecule allowing for the abstraction of hydride ions 

ultimately producing a reduced co-factor and sugar ketone.  

It is ssGDH’s plethora of functionalities which has made it a useful tool for studying multiple 

different facets of an enzyme. As we saw in chapter 3, its promiscuity gives it utility in 

investigating the role of different substrates in enzyme catalysis and previous studies have utilised 

its redox catalysis for studying kinetic isotope effects.230 Within our future work we hope to utilise 

its thermophilic and high protein stability for real-time terahertz and X-ray Crystallography 

experiments. 

Thermophilic enzymes have special properties compared to mesophilic proteins, which give them 

advantages for studying phenomena which require robustness. The problem that mesophilic 

enzymes are faced with is that their stability has to be compromised to allow for their specific 

activities. The main factors which determine the stability of mesophilic proteins are the same as 

thermophilic proteins. These factors include: hydrogen bonding, ionic interactions and the 

hydrophobic effect which is the internalisation of hydrophobic regions of a protein in response to 

polar solvent234. The hydrophobic effect is the tendency of nonpolar substances to aggregate in an 
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aqueous solution and exclude water molecules, in proteins these are hydrophobic amino acids such 

as valine or leuicine, which bury themselves in the protein’s interior235. There are a plethora of 

additional factors that contribute to this stability; the shape of the protein, Gibbs free energy 

change of hydration in native proteins, dipeptide composition, contacts between amino acid 

residues, the number of ion pairs and hydrogen bonding networks, but these are considered to be 

secondary factors.  

It is usually the catalytic residues which “destabilise” enzymes, either due to their inherent 

function or location. For a reactive chemistry to be present in the active site there is usually a 

necessity for a reactive polar or hydrophilic residue, to be positioned internally in the enzyme. 

Considering the active sites of all enzymes are internal invaginations this means there is usually a 

polar residue within a region of hydrophobicity. 236Additionally, the active site is a region of 

flexibility and dynamism and enzyme functionality is increased with increasingly dynamic active 

sites as the Gibbs free energy of binding is reduced. 237 Therefore, there is a seemingly negative 

correlation between stability and activity when attempts to increase stability reduce the dynamism 

of the enzyme. To exemplify this idea, new mutations which confer stability often have dramatic 

consequences on activity.238 There is nowhere else better that this relationship is seen, than cold 

adapted enzymes (psychrophiles). At the temperatures the host organism usually inhabits, stability 

is no issue but functionality is, therefore these enzymes have adapted to exhibit a massive range of 

motion.64 

At the heart of stability/dynamism is the 3D structure of a protein so how do thermophilic proteins 

achieve their robustness? One of the main dominating features of thermophilic proteins is the 

greater number of ionic pairs, and the increased strength of these ionic pairs in a protein. One 

study compared the distances of ionic pairs between mesophilic proteins and thermophilic proteins 

and found that the ionic pairs in thermophilic proteins are around 2-4 Å closer than in their 

mesophilic counterparts.239 In addition to the increased number and strength of ionic pairs, 

thermophilic proteins also have a higher content of hydrophobic residues and specifically 

branched chain residues, as these improve the internal packing of the hydrophobic core240. An 

investigation performed by Grohima et al. observed that 80% of the thermophilic proteins in their 
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study, had significantly higher hydrophobic content than their mesophilic relative and had tighter 

packed and more hydrophobic cores241. In order to pack tighter, these proteins generally have a 

higher content of small amino acids such as glycine, alanine, serine and valine in order to 

maximise the efficiency of the structural arrangement.242 

 

Figure4.1. The structure of ssGDH. The enzyme is composed of 4 monomers which are 

defined by two domains. Residues 1-187 and 309-366make up the catalytic domain (pink), 

residues 188-308 make up nucleotide binding domain (blue). Glucose and NADP are in white. 

Structure adapted from 2CDB219. 
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The structure of ssGDH has been identified previously219 but these didn’t contain all the possible 

ligands including the non-reductive co-factor NADPH4. Additionally, the previous structures 

compromise the “nativity” of the protein, mutating its catalytic threonine (T41A) in order for a 

realistic reactive complex of both sugar (glucose/xylose) and cofactor (NADP). Hitherto, we 

attempted to reproduce these crystals but with native protein co-crystalised with NADPH4 and 

some of the sugars we used back in chapter 3 (glucose, mannose, 2-deoxy-d-glucose, 4-deoxy-d-

glucose and xylose). The results of this study unfortunately were not as fruitful as we had initially 

hoped as none of the sugars were found in complex with the enzyme in any of our crystals. 

Instead, we have produced one structure at 1.7A with NADPH4 complexed with the enzyme. 

SsGDH has previously been assigned to the family of medium-chain alcohol/polyol 

dehydrogenase/reductase enzymes or the MDR family243. The previous structure of ssGDH219 

confirmed several different structural motifs which are common for proteins of the MDR family. It 

is a tetramer composed of 366 amino acid monomers, and its sequence and chain length make the 

protein part of the pyridine-nucleotide-dependent alcohol/polyol/sugar dehydrogenase superfamily 

of enzymes. These enzymes are characterized by being 350-375 residues in length and a conserved 

structural zinc-binding and nucleotide binding sites.218  

The monomers can be split into two domains: a nucleotide binding domain (residues 188-308) and 

a catalytic domain (residues 1-187 and 309-306) (Figure4.1). The nucleotide binding motif is 

GxGxxG (Figure 4.7C) which is located in its cofactor binding domain (residues 188-193) which 

gives it preferential binding for nucleotides and is the determinant for preference for NADP to 

NAD (although it can physiologically use both). Each monomer of ssGDH contains two conserved 

zinc ions. One of these zinc ions is sequestered by residues 94–109, which coil to form a 

conserved structural zinc-binding lobe, with cysteine residues 93, 96, 99, and 107 chelating the 

structural zinc ion. The other zinc ion is the catalytic zinc which is coordinated by C39, His66, 

Glu67 and a catalytic water. 
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 In this work, we aimed to produce protein crystals with a number of the different substrates we 

have already come across in chapter 3 (glucose, xylose, 2-deoxy-d-glucose, mannose and 4-deoxy-

d-glucose) as well as the non-reactive NADPH4, to create a non-reactive complex. The generation 

of NADPH4 and sugar bound crystals are a prerequisite to the future work of interest which 

involves probing the dynamics of a structure with terahertz radiation (see future work). 

In addition to defining a crystal system for terahertz analysis, we also characterise the thermal 

stability of the protein at 3 different pH values to confirm its thermostability in this pH range. 

4.2 Materials and Methods 

4.2.1 Protein Purification 

The protein purification and expression methods were the same used as in chapter 3244. Briefly 

ssGDH was grown in E. coli (BL21), with 100μg/ml Ampicillin in a temperature of 37oC. The 

pellets were collected by centrifugation (x14,800g, 4oC, 10 minutes) and then the cells were lysed 

by sonication. Insoluble fractions were separated by further centrifugation (x70,000g, 4oC, 

40minutes) before heat treatment of the protein (85oC for 1 hour). Before crystallisation, the 

protein was concentrated to 10mg/ml by spinning the purified protein in a 10K Spin Column 

(Biovision). The concentration of protein was quantified spectroscopically using ε280 = 49,390 M−1 

cm−1 

4.2.2 NADPH4 production 

The production of NADPH4 was performed by the gradual reduction of NADPH (SigmaAldrich) 

using a palladium catalyst on activated charcoal (SigmaAldrich) as outlined by Pudney et al245. 

Briefly, 33mM NADPH in 10mM NH4HCO3  pH 8.5 was stirred gently on ice at 4oC with 30mg 

of Palladium activated charcoal. A pressure of 1.2 bar of hydrogen was maintained for ~ 2 hours. 

The process was monitored by the absorbance ration between the peaks 266:288nm. The reaction 

was terminated once the ratio of the peaks were 1.1:1 (266:288) and then the palladium/charcoal 

was filtered off using a Q-Sepharose HPLC column (ThermoFisher). 

4.2.3 Circular Dichroism Spectroscopy 
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Circular dichroism spectroscopy was measured in 10mM potassium phosphate buffer, at pH 6.2, 7 

and 8. SsGDH secondary structure was measured at 0.5mg/ml in a quartz 1mm pathlength cuvette 

(Hellma). The cuvette was sealed with mineral oil to prevent evaporation. Initially scans were 

taken between 190 -260nm the protein showing predominantly helical character due to being a 

mix of alpha helices and beta sheets (Figure 4.S1). Thermal melts were performed at 208nm due to 

the low signal at 222nm. SsGDH unfolding was characterised at three different pH values (6.2, 7 

and 8) between temperatures of 5-90oC. The spectra were collected as outlined by Greenfield246. 

Briefly, data were collected at intervals of 0.2oC and the protein was equilibrated for 12s at each 

temperature before each reading (5s) and each thermal melt took around 10 hours.  

4.2.4 Crystallogenesis and Data collection 

 The crystals were grown via hanging drop (4μl) in 24 well crystallisation plates and sealed using 

glass cover slides (Hampton Research). The screening conditions for the original plates were: 4-

18% PEG8000/4000 (w/v), 2-8% propan-2-ol (v/v), pH 6.9-8.2 and 2.5 -5 mg/ml ssGDH. The 

conditions which produced the best crystal growth were, 5mg/ml ssGDH co crystalised with 

100uM NADPH4 in 100mM HEPES pH7.5 8% PEG4000 (w/v) 4% propan-2-ol (v/v) at a 

temperature of 4oC. These crystals were grown over night and then extracted and ground with a 

glass rod to make seed stock for a second round of crystallogenesis. The seed stock was added to 

3.75mg/ml ssGDH 100mM HEPES 100μM NADPH4 pH7.5, 6%PEG4000 (w/v) 3% propan-2-

ol(v/v) and grown for a week at 4oC to produce large crystals capable of diffraction. Crystals were 

then soaked in cryo-protectant (25% (w/v) ethylene-glycol) and 800mM of one (or no) ligand 

(glucose, mannose, xylose, 2-deoxy-d-glucose, 4-deoxy-d-glucose) for 15 seconds before being 

frozen in liquid nitrogen.  

Protein crystals were extracted using loops of 20 µm to 400 µm in diameter (MiTeGen). Crystals 

were flash-cooled in liquid nitrogen and transferred to MAX IV247 (Lund, Sweden).The data were 

collected on the BioMAX beamline 3600 images were taken with a wavelength of 0.97625 Å. The 

strategy for data collection was determined using three test shots at 45o increments. Images were 

taken to a resolution of 1.7Å. 
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X-ray Data molecular replacement and refinement 

X-ray reflections in all images were indexed and integrated using DIALS156 (1.14.5). Integrated 

data were scaled and merged using Aimless157 as part of the CCP4 suite of programmes248. The 

ligand NADPH4  was parameterised first using antechamber249 as part of the Amber 16 suite173 

generating a .mol2 file. The crystallographic .cif file was constructed from this mole2 file in 

Phenix250 using eLBOW251. The structure was subject to 46 rounds of refinement using Phaser252 

and manual refinement using Coot253. 
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4.3 Results and Discussion 

4.3.1 Protein Purification and Expression 

ssGDH was expressed in batch culture of E. coli (Bl21) from the pREC7 plasmid backbone which 

contained the Ampicillin resistance gene and the gene for ssGDH. The protein was purified using 

size esclusion of size exclusion followed by anion exchange and large 280abs peaks (Figure 4.2) 

confirmed the presence of protein. The yield of pure protein was around 7mg per litre of culture. 

The protein was confirmed to be the correct size by SDS PAGE (Figure 4.2) and the heat 

treatment and specific reductive activity confirmed the protein’s identity. Additionally, circular 

dichroism scans confirmed the protein to be predominantly alpha helical with beta sheet 

characteristics FIGURE 4.S2. The protein’s thermal stability over the entire pH range of crystal 

conditions was quantified by circular dichroism spectroscopy (Figure 4.S1) but the melting 

Figure4.2. The purification of ssGDH. Left panel. The enzyme was purified first via 

SEC (100mM HEPES pH 7.5) and eluted fractions were ran on an SDS Page gel. 

Right panel. Bands around 40KDa were pooled for further purification by Anion 

Exchange (0 to 800 mM NaCl with 100mM HEPES pH 7.5). 
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temperature of protein was too high to be quantified without destabilisation by chemical means. 

The reasons for the thermostability of ssGDH has not been studied explicitly, but from a sequence 

analysis of a single monomer of ssGDH, 99 of the 366 residues (27%) are branched hydrophobic 

residues. When comparing this number with a mesophilic Glucose Dehydrogenase from 

Acinetobacter calcoaceticus, only 19% of the residues are branched hydrophobic residues254. 

Considering increased numbers of hydrophobic branched amino acids improves hydrophobic 

packing240, we can suppose that this plays a role in improving the enzymes thermal stability. 
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4.3.2 Crystallisation of ssGDH 

The crystallisation conditions for the apo protein had already been identified previously219, 255 so 

the search space for co-crystallisation was small and easy to screen manually. The first round of 

crystallogenesis yielded needle like crystals and so an unsuitable morphology for good diffraction. 

We used seeding to generate slower growing crystals and so the previously grown needle like 

crystals were ground for seedstock. Once seeded, the crystals grew to be medium sized 

orthorhombic crystals after 1 week at 4oC (Figure4.4). Out of the 31 crystals that were brought to 

the synchrotron , 11 crystals produced strong diffraction patterns (Figure4.3).  

Figure4.3 Positions of Indexed spots on the detector displaying a strong diffraction 
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Figure4.4. Crystallogenesis. The enzyme was crystalised first in a 4μl drop containing 

5mg/ml ssGDH co crystalised with 100uM NADPH4 in 100mM HEPES pH7.5 8% 

PEG4000 (w/v) 4% propan-2-ol (v/v) at a concentration and then grown overnight at 4oC. 

These crystals were then extracted and ground with a glass rod to make seed stock for a 

second round of crystallogenesis. The seed stock was added to 3.75mg/ml ssGDH 100mM 

HEPES 100μM NADPH4 pH7.5, 6%PEG4000 (w/v) 3% propan-2-ol(v/v) and grown for a 
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Figure4.6. The loop region comparison (residues 51-61) between 2CDB219 (green) and 

our structure (teal). Both structures lack accuracy in this region but there was suitable 

density for S53 and L52 in our structure.  

Figure4.5. The active site comparison between 2CDB 219(green) and our structure (teal). The 

positioning of NADPH4 (teal) is slightly more imposing into the sugar binding region than 

NADP (green) which might be responsible for the lack of sugar in any crystals.  
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4.3.3 Data Processing and Model Refinement 

The crystal was part of the p21212 space group showing two sided plane symmetry, and its 

asymmetric unit was comprised of two protein molecules. It is worth noting that the Pearson’s 

correlation coefficient CC1/2 (Table 4.1) is almost perfect (0.999) which was an early indicatorthat 

the structure could be resolved at a higher resolution.256 Additionally the signal to noise measure 

I/σI is extremely high which was a confirmatory sign that higher resolution data could be included. 

Upon further investigation we found that the structure had data up to 1.5 Å but that wasonly 

realised at the time of writing this thesis. 

The previous model of T41A-ssGDH with NADP and glucose bound (PDB ID: 2CDB)219 was 

used as a search model for molecular replacement. The structures fit each other extremely well 

with a root mean squared distance (RMSD) value of 0.85 between all atoms.  

The excellent quality of the electron density map allowed for most residues to be modelled with 

the exception of residues within two loop regions: Residues 54-56(Figure 4.7) and 284-286. The 

loop region defined by the residues 54-56 were left unmodelled in the original 2CDB219 structure 

(residues 51-56). However, this structure had some density in this region and allowed for the 

additional residues L52 and S53 to be fit to electron density. There were no other large negative 

peaks in the Fobs-Fcalc maps which indicated that there was no radiation damage to the protein.  
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Table 4.1. ssGDH Crystallographic data collection and Refinement Statistics.  
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None of the substrates manged to permeate into the crystals and into the active site. The lack of 

binding could be due to the NADPH4 making the active site inhospitable to sugars considering it is 

a mimic of the end product of catalysis and so having the positively charged nicotinamide ring in 

close proximity to the strained catalytic OH1 (Figure4.5). Additionally, we can see that the 

NADPH4 co-factor is encroaching much further into the active site than its unreduced compatriot. 

Contributing to this change, the hydration of the active site seemed to be quite different with a full 

rearrangement of water in response to the co-factor. Additionally, when compared to 2CDA the 

catalytic threonine is twisted away from the co-factor with its hydroxyl group oriented toward the 

zinc molecule.  

 Therefore, while it might be a good idea to try the co-crystallisation method of incorporating 

sugar into the protein, there might be a reality where both NADPH4 and a substrate are unable to 

occupy their respective binding sites simultaneously. Within the active site, the catalytic zinc ion 

was co-ordinated to a conserved water molecule (Figure4.8). While this water bound zinc has 

remained conserved there has been a change to the network of water molecules in the active site. 
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Figure4.7. Key structural regions 2CDB219 (green) and our structure (teal). A. The structures 

are in agreement with a superposed RMSD of -0.85 between all atoms. B. The loop region in 

the cofactor binding domain are misaligned possibly due to the electrostatic repulsion.C. The 

GxGxxG binding motif remains consistent between structures 

B 

Figure4.8. Outermost panels: Comparing the hydration of the active site between 2CDA219 

(green) and our structure (teal). Middle panels: The catalytic threonine 41 has flipped pointing 

away from the co-factor in the NADPH4 bound structure (teal). 

A 

C 
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Largely the previously characterised structure and our structure are in agreement with each other 

but, in the cofactor binding domain, (as might be expected) the protein shows an adapted 

conformation. Herein, the loop region (251-256) has been pushed out of binding site, likely due to 

increased electro positivity in this crevice which interacts unfavourably with the hydrophobic 

residues in this region. While this difference is only slight, it is important that the difference is 

recognised. If the lowest frequency vibrational modes are in this region then this system is 

unsuitable for proper characterisation by terahertz radiation. It is theorised that the low frequency 

vibrational modes which are linked to the active site volume and are likely to be part of the 

binding domains so there is a likelihood there are important dynamic networks in this region. 

Conversely, the highly conserved GxGxxG binding motif remains unperturbed and is a good 

indicator of structural homogeneity (Figure4.7C). 

4.4 Conclusions 

The NADPH4 crystal structure is incomplete due to unaccounted for data at resolutions of 1.5-1.7 

A and will require further refinement including data at 1.5A. Overall the structure is very similar 

to the previously characterised structures219 with only small differences such as hydration state, 

orientation of catalytic threonine and the shifting of a loop region within the active site. The lack 

of any substrate in the active site is a worrying initial sign for using this system in conjunction 

with other sugars. However, there are still a number of different contributing factors which could 

be responsible for this such as: an insufficient incubation time with sugar or a sequential binding 

mechanism where sugar must be co-crystallised with substrate before NADPH4. In future studies, 

soaking the crystals with substrate overnight would be a more thorough time course257. 

The crystal structure generated in the chapter is also reassuring evidence for the validity of REES 

experiments performed in chapter 3. This is because, we assumed the non-reactive co-factor to 

bind ssGDH without validating this experimentally. The crystal structure we produced here 

show’s evidence that the protein is in the ternary complex in these REES experiments in chapter 3. 
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4.5 Supplementary Materials 

 

 

 

 

Figure 4.S1. Reaction mechanism ssGDH. The coordination of a conserved water molecule in 

the active site allows for the abstraction of a hydride ion onto the nicotinamide ring. Then the 

water molecule is regenerated by abstraction of a proton from solution. 
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 Figure 4.S2. Secondary structure of ssGDH measured by circular dichroism. Readings were taken 

every nanometre for 3 seconds per point. The profile resembles alpha helices more than beta sheet 

but the pattern is convoluted. 

Conditions: 10mM potassium phosphate, 5μM ssGDH at 20oC 
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pH 6.2 

pH 7 

pH 8 

Figure 4.S3. The thermal denaturation of ssGDH measured by circular dichroism. The enzyme was 

heated from 5 to 90oC over the course of 10 hours at three different pH levels. These data show that 

the protein can’t be denatured under any of these conditions on these time frames. 

Conditions: 10mM potassium phosphate, 5μM ssGDH at 208nm. 
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Chapter 5 

5.0 Dissecting SARS-Cov-2 Main Protease: Active site and 

allosteric dynamics. 

 

Preamble 

At the end of 2019, a pandemic broke out in Wuhan China which marked the first global pandemic 

in over 50 years. Whilst the fatalities are not dramatic, the disruption to infrastructure caused by 

the mass quarantines was without parallel. Globally the developed world receded into lockdowns 

and isolation as an attempt to get the infection rate under control. 

The disruption to the day to day was felt all around the world and the department of Biology and 

Biochemistry here at Bath was no exception. The pandemic posed an obstruction to the future 

work we were aiming to achieve at the end of chapter 4. Therefore unfortunately, the results of the 

terahertz experiments are still to be determined and the networks of vibrational modes left 

unchecked. However, as the expression goes “there is more than one way to skin a cat”, and so we 

returned the investigation of dynamic networks to computational work, a reliable bastion in the 

current climate. Additionally, we took the opportunity to change the system of choice to a COVID 

enzyme. The reasoning for the change of system may be obvious, being able to continue to study 

dynamical affects in proteins and contribute to the “war effort” at the same time was a big 

advantage. 

Herein we used SARS-Cov2-Main Protease (MPro) as our system of choice. Considering our target 

was a medically relevant protein, we decided to investigate the long-range interactions in a protein 

that govern the active site dynamics. To probe the dynamics of the protein we study the 

interactions of allosteric and active site inhibitors with the protein. Additionally, we provide 

interesting controversial evidence for the REES effect. 
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5.1 Introduction 

 

In December 2019, the outbreak of a novel coronavirus, Severe acute respiratory syndrome 

coronavirus 2 (SARS-CoV-2) was reported from Wuhan China. The virus spread rapidly, leading 

to the World Health Organization declaring COVID-19 a pandemic in March 2020 258. As of 

December 2021, there have been 274 million cases of COVID-19 worldwide and is responsible for 

5.34 million deaths globally259. 

As the name suggests, the SARS-CoV-2 virus belongs to is the Coronaviridae family of viruses. 

These are single stranded RNA viruses which are enveloped by a nucleocapsid. The entry of 

SARS-CoV viruses into host cells is facilitated by the interaction of its viral spike protein with 

host ACE2 receptors260.  

Once the virus enters a host cell, two polypeptides, pp1a and pp1ab, are produced by CoV-2’s 

viral RNA high jacking the host cell’s translational machinery. These large polyproteins have no 

function but are autocatalytically cleaved by two proteases: a papain-like protease (PLpro) and a 

3Chymotrypsin-like protease (3CLpro) also termed main protease (MPro)261. The cleavage of the 

protein into its 11 and 16 non-structural proteins forms the transcriptome which is essential for 

viral replication262-264 . As a result of its necessity to propagate copies of its genome, Mpro has 

become a target for antiviral therapeutics. The initial maturation process of the enzyme is still 

poorly understood265 but after the initial autocleavage MPro is functional exclusively as a homo 

dimer266, 267-269. Its amino acid recognition sequence is unlike that of any human protease, Leu-

Gln-↓(Ser, Ala, Gly) where ↓ is the cleavage site270, 271. The inhuman target sequence of MPro 

makes it a desirable drug target as inhibitors specific for this enzyme are predicted to have low 

cytotoxicity. 

SARS-CoV-2 has a RNA based genome which shares >80% of its sequence identity with its sister 

virus ,SARS-CoV272 responsible for the SARS outbreak of 2002. Although the SARS outbreak 

was nearly two decades ago there are currently no FDA approved inhibitors.  Due to its similarity 

to other proteases such as the HCV and HIV proteases many drugs have been repurposed and  
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Figure 5.1: The dimeric structure of SARS-CoV2-main protease Each monomer consists of 3 

domains. Domain I is defined by residues 9-99 (pink) and it contains the chymotrypsin like fold 

which harbours the active site between this domain and domain II (teal). Domain II is composed of 

residues 100-183 and it is in this region that the N-terminal tail of the opposing monomer inserts 

itself.  Domain III (residues 201-303)(orange) marks the site of dimerization where the N terminus 

of the opposing monomer inserts itself. We have opted to only label this region in one monomer due 

to the other N terminal loop curving behind the alpha helices. Structure adapted from PDB ID: 

7K40263 
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screened against MPro.267 The structure of MPro SARS-CoV-2 is extremely similar to that of MPro 

from the original SARS virus (Figure 5.1) with only 12 residues difference from the 306 residues 

in the entire protein267. Ostensibly the proteolytic process is identical in both the proteins but there 

are subtle structural differences. One of these mutations has proximity to the active site (Ser46) 

which guards the entrance to the binding pocket. Additionally, the replacement of a polar 

threonine (T285A) in the dimerization domain improves the proximity of domain III and the 

catalytic efficiency of MPro slightly.273 

The enzyme is chymotrypsin like due to the presence of a chymotrypsin like fold, but its catalytic 

components are a non-canonical dyad: His41 and Cys145 form a catalytic pair rather than the 

typical catalytic triad, instead opting for a conserved water molecule in its active site.274 The 

structure of each monomer is divided into 3 domains (Figure5.1). Domain I (residues 9-99) 

resembles a chymotrypsin like fold and domain II (residues 100-183) rests against it, forming a 

Figure 5.2: The active site of SARS-CoV2-main protease. The catalytic amino acids H41 and C145 co-

ordinate the boceprevir molecule (white). The active site is located between domains I (pink) and II 

(teal). The amino acid S46 guards the active site pocket and makes one of twelve amino acids that are 

different between CoV-2 and CoV-1. Structure adapted from 7K40263 
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cleft formed which harbours the active site. Domain III (residues 201-303) forms a groove with 

domain II which is involved in the dimerization of the protein by the insertion of the N terminus of 

the opposing monomer into this cleft.275 Domains II and III are connected by a loop region 

(residues 184-200). Arg4 plays an important role in dimerization through several interactions, the 

most poignant being Glu290 276At this moment in time, vaccines have been effective at quelling 

variants of the virus but with the emergence of the Omicron variants there is a looming threat of 

these being rendered ineffective by mutation. Antivirals form the last line of defense and the need 

for an arsenal of therapies is pressing. Whilst antivirals aren’t completely unsusceptible to 

resistance mutations, the targeting of specific enzymatic chemistries is a much more difficult 

hurdle for a virus to overcome than the evasion of a host’s immune system. As Hammond et al. 

write “Given the well-conserved nature of the Mpro active site, inhibitors of Mpro may be more 

likely to retain activity against future variants”277. 

There have been several different strong candidates for inhibitors. 268, 271 These inhibitors have 

shown promising antiviral properties but as of December 2021, there are no effective drugs in 

production. Since December 2021, there have been 4 therapies that have been approved for 

treatment in the UK and are  currently available on the NHS for the treatment of SARSCOV-2: 

Nitmatrelvir278, Sotrovimab279, Remdesevir and Molnupavir278.  Nitmatrelvir and Molnupavir are 

Mpro inhibitors which target the active site of Mpro. Sotrovimab is a monoclonal antibody that 

neutralizes CoV-2 by targeting an evolutionarily conserved epitope that isn’t part of the rapidly 

evolving receptor-binding motif279. 

 In addition to the work in this thesis, the current studies in enzymology suggest that the dynamic 

motions of enzymes are likely to play crucial roles in catalysis.80, 209, 280 In this study we examine 

the dynamics of the system with a combined computational and experimental approach. Herein we 

use 2 promising inhibitors which have already shown promising antiviral and inhibitory 

behavior262, 263, 269, 281. Boceprevir is an α-ketoamide inhibitor initially designed to inhibit HCV 

NS3-4A protease through nucleophilic attack of the catalytic serine282. The Fu and Orelmans 

groups first discovered its efficacy for inhibiting MPro through nucleophilic attack of the catalytic 
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Cys145262, 263 (Figure 5.2). Since then, multiple research groups have confirmed its efficacy as a 

possible therapy for COVID-19. 283 

Pelitinib is a drug that was originally designed for sensitizing cancer to chemotherapy treatments 

by covalently binding (irreversibly) to the EGFR receptors284. More recently, Gunther et al. have 

shown Pelitinib bound to MPro in an allosteric hydrophobic pocket and showed strong antiviral 

activity at low concentrations.281 Its mode of inhibition is unclear, but the supposition is that 

pelitinib inhibits the formation of the dimer or interferes with the dimer interface, due to its 

proximity to the dimerization domain. MPro also exhibits a large amount of structural plasticity in 

its active site285 and so rather serendipitously, the protein makes a good system to study dynamic 

networks. 

In order to probe these dynamic networks, we look at how the motions in the protein change with 

an inhibitor bound in the active site and allosteric site. Studying enzymes with inhibitors bound 

has two main benefits: The changing patterns of motion with different inhibitors bound and can 

inform which of these motions are important to catalysis. Secondly, there are dynamical changes 

in a protein when bound tightly to a molecule as we exemplified in chapter 3. These dynamical 

changes might be the source of structural changes such as cryptic pockets in an enzyme. Cryptic 

pockets are pores that open within a protein in the response to the binding of a ligand286. As the 

name suggests these pockets are not readily apparent, but they have been posed as an alternative 

region to target with drugs287. Logically, the formation of cryptic pockets would imply connection 

to the binding site through some network of motion, otherwise how would a binding event trigger 

a pocket opening. In the case of a cryptic pocket that opens in response to a binding at the active 

site (such as when an enzyme is bound to a ligand), the networks to and from the active site of a 

target enzyme might be useful information for locating  unknown binding sites.288 
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In addition to our computational work, we opted to explore the REES effect using our 

computational work to inform on what might be happening experimentally using atomistic 

explanation. We covered the REES effect in chapter 3, but as a brief reminder: REES studies use 

fluorescence quenching of tryptophan residues to inform on the dynamic state of a protein. 

Tryptophan, as we know, is a large aromatic residue and so these residues are usually buried 

within the hydrophobic core of a protein, usually through some aromatic stacking. Therefore, the 

solvation state of these residues can inform us on the solvation state of the hydrophobic residues 

within a protein which can implicate the stability and flexibility of a protein. If tryptophan residues 

become more solvated the implication is that the protein as a whole is destabilized or more 

flexible.  

Figure 5.3: The allosteric binding site of SARS-CoV2-Main Protease. The hydrophobic pocket 

of the allosteric binding site rests on the opposite side of the active site. Pelitinib’ 3-

cyanoquinoline moiety (blue) interacts with the hydrophobic residues with the end of the C-

terminal helix (S301). Structure adapted from 7AXM 67 
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How these stabilizing/destabilizing effects are quantified exploits the effects of fluorescence 

quenching. When tryptophan residues which are solvated have their electrons excited, proximal 

water “borrows” some of the excited energy in order to relax the solvent around the unattractive 

hydrophobic amino acid. Therefore, when this excited electron returns back down to ground state, 

it does so with less energy (than an unsolvated residue). What we perceive is a shift in the 

fluorescence toward the red edge of the spectrum. This is due to inverse relationship between 

energy and wavelength, the fluorescence is of a longer wavelength as a result of the reduced 

energy gap upon relaxation of excited electron. 

Whilst the principle is simple in nature, in order to get comparable and quantifiable data, the 

processing of the data becomes the key step in accurately determining what we might be 

observing. The general principle is that the protein of interest is excited at various wavelengths 

that cover the entire fluorescence spectral profile of tryptophan. Within this investigation we used 

a wavelength range between 292nm-310nm incrementing excitation by 1nm at a time. Data are 

collected as a 3D matrices and plot as excitation against absorbance (Figure S5.1). The peaks are 

integrated using a weighted integration to determine the center of spectral mass. Then data are fit 

using Eq3.1. Fitting the data in this way gives us a description of how the fluorescence shifts at 

each wavelength. The “steepness” of curvature of the fit data, is described by R and the amplitude 

is described by A. The data on their own are meaningless and so the values are represented as a 

ratio A/R acting as discrete values which give reference points for comparing newly generated 

data.  

In this investigation we implicate dynamic networks of motion in MPro as potential communication 

pathways throughout the protein. These communication pathways could provide valuable 

information on identifying potential sites for drug targets. Additionally, we use our computational 

data to inform us on what might be happening atomistically and we use these ideas in conjunction 

with REES data to better understand the phenomena. 
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5.2 Methods 

5.2.1 Computational Materials and Methods. We prepared the model from the relevant crystal 

structures: Boceprevir bound PDB ID 7K40263, pelitinib bound PDB ID 7AXM281. Accurate 

tautomeric states were identified using MolProbity289 and protonation states were assigned using 

the H++ web server290, with 0.15M salinity, 10 internal dielectric constant, 80 external dielectric 

constant, and pH 7.3. The Amber16 suite of programs was used for the periodic boundary 

simulation and analysis, with the ff14SB force-field for protein atoms, TIP3P for water and 

ligands were parameterised using antechamber GAFF291 forcefield parameters. The system was 

minimised with water and subsequently heated to 310K and equilibrated to 1atm in the NPT 

ensemble with restraints on Cα atoms. The restraints were then gradually released, and 5 

independent simulations were performed for 200ns. Production trajectories were analyzed using 

the cpptraj module included in the AMBER 16. The shortest path map analysis was performed 

using the Dijkstra algorithm implemented in the igraph module292. A distance cut-off of 6Å was 

applied. 

 

5.2.2 Protein Production and Purification. Special thanks to Dr Haito Yang for supplying the 

previously prepared plasmid293 for production of MPro. The protein was expressed as previously 

described294. The plasmid was transformed into E. coli BL21 (DE3) cells and colonies were grown 

on LB agar with ampicillin (100 μg/mL) at 37oC. 50ml starter cultures were used to inoculate 5x 1 

L LB until cultures reached OD600 of 0.5-0.6, 0.5mM IPTG was added to the cell culture to 

induce expression at 37oC. After 1 hour cells were harvested by centrifugation(4oC  14800 x g, 10 

min). Cells were lysed by sonication using a lysis buffer (20mM Tris-HCl pH 8.0, 300mM NaCl). 

Soluble fractions were separated by centrifugation (4oC  70000 x g, 40 min). The supernatant was 

loaded onto HiTrap IMAC FF (GE Healthcare) Ni+ affinity column and washed in resuspension 

buffer containing 20mM imidazole. The protein was then eluted by cleavage buffer (50mM Tris-

HCl pH 7.0, 150mM NaCl) including 300mM imidazole. Human rhinovirus 3C protease (Pierce 

TM) was added to remove the C-terminal His tag. Mpro was further purified by ion-exchange 
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chromatography The protein was dialyzed overnight and stored in 20mM HEPES pH7.3. The 

protein was confirmed to be MPro by tandem mass spectroscopy. 

 

5.2.3 Red Edge Excitation Shift Assays. REES data was collected es as described previously.212, 225, 

226 Fluorescence measurements were performed using a Perkin Elmer LS50B Luminescence 

Spectrometer (Perkin Elmer, Waltham, MA, USA) connected to a peltier heat pump (± 1 °C). 5µM 

MPro samples were prepared in 20 mM pH7.3 HEPES. Small molecule concentrations used were 

100 µM for Boceprevir and 2 µM for Pelitinib. The excitation wavelength was incremented every 

nanometre between 292-310 nm, with emissions spectra collected between 325-500 nm. 

Excitation and emission slit widths were 4.5 nm in all cases. The CSM was extracted from the 

excitation emission matrix as (Eq3.1), 

                                             𝐶𝑆𝑀 = 
  𝑓𝑖×𝜆𝐸𝑚 

  𝑓𝑖 
   

5.3Results and Discussion 

5.3.1 Computational analysis: DCC 

To initially quantify a dynamic change in the protein, we measure the change in the active site 

width. By comparing the distances between the two catalytic residues (C145 – H41) over the 

course of the simulation, we can see that these inhibitors have varying impacts on the size of the 

active site (Figure 5.4). The differences in the distance between C145-H41 when comparing apo 

and boceprevir bound systems is not substantial enough to remark upon. More interesting are the 

differences in active site width between apo and pelitinib bound systems. Here we see a much 

(Eq3.1) 
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more shifted collection of data, where the active site volume appears to be reduced and tighter. 

The shifted population of substates was an early indicator that the active site volume and allosteric 

binding sites were dynamically linked. The magnitude of these results may seem surprising, but it 

is important to remember that for these simulations, boceprevir was treated as a separate entity to 

the protein, but its mechanism of action in vivo is driven by covalent bonding, so the accuracy of 

our study is diminished.  

With the conformation that the motions in the protein had led to some structural change, we next 

wanted to identify which residues might be responsible in this network of motion. To accomplish 

this task, we analyzed the differences in correlated motion between residues, globally throughout 

Figure 5.4: The active site volume of SARS-CoV2-Main Protease. The distance between 

catalytic amino acids H41 and C145 are measured over the course of the simulation for apo 

protein (black), Pelitinib bound (blue) and boceprevir bound (red). The data is plotted as a 

histogram with frequency plot against distance (Å). 
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the protein. DCC analysis provided the necessary utility to assist us in assigning specific regions 

of dynamical interest.to Cα atoms.295 The analysis involves measuring the trajectories between two 

Cα atoms i and j at vector position r at a time point t (Eq5.1). 

When two atoms are described as having correlation in their motion (positive values of DCC), we 

are expressing the idea that they are fluctuating at the same frequency and the same directionality. 

Two highly correlated atoms would by symbolized by values closer to 1 and these values decrease 

toward absolute anticorrelation (-1). Residues with high correlation have an implied dynamic 

connection and the same is true of residues with high anticorrelation. 

The results of our analysis show that within the apo protein, domain III displayed the most 

correlation in? the dimer apo protein the least correlation in Pelitinib (allosteric binding). When 

boceprevir is in the active site of the protein there are the strongest dynamic networks within the 

protein, shown by the increasing intensities in Figure 5.2 and Figure 5.3. Additionally, the protein 

exhibits an increase in global correlation and correlation in the I + II chymotrypsin like domains. 

This is reassuring evidence that the metric is informing us on the stability of the protein’s 3D 

structure. Having a molecule in the active site should stabilize the protein, bringing more contacts 

between the protein and stimulating new networks of motion.  

Interestingly pelitinib seems to also have a stabilizing effect on the active site (residues 46-55 and 

167-194) resulting in a tighter configuration. The increase of correlation in hydrophobic residues 

which are in direct proximity of one another might imply better hydrophobic stacking. This is 

because more correlation in motion would imply an increase in the number of interactions.  

The most apparent feature of these maps are the differences in correlation between residues which 

on separate monomers, it is in these regions where we see the most common differences (Figure 

5.2). For instance, within the interactions of residues 1-200 to residues 500-600 we see entirely 

(Eq5.1) 
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different patterns of correlation with binding of an inhibitor leading to an entirely different pattern 

of correlated motions as can be seen by the increase in anticorrelation (dark blue patches). Another 

interesting feature is that in both cases of having an inhibitor bound the C-terminal residues 296-

Figure 5.2: Coordination between distal residues. Dynamic cross correlation analysis between 

monomers( Monomer1:1-306 and Monomer2 307-612) implies correlation of motion changes 

throughout the protein. From left to right, apo protein, pelitinib bound and boceprevir bound protein. 

DCC values are scaled between +1 (red, positively correlated motions between residues), 0 (white, no 

correlation) and -1 (blue, anti-correlated). 
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304 show some of the more extreme changes in communication throughout the protein.. The 

change in correlation between these regions of atoms in both instances of an inhibitor being bound 

displays the aptitude of the technique for capturing regions of protein which are important for 

dynamic reasons which would be impossible to ascribe by purely structural means.  

5.3.2 Computational Analysis: Shortest Path Method 

Now we have assigned regions of specific dynamic interest, we can use the shortest path method 

to visualize these networks. By implementing the previously assigned correlation, the “shortest 

path map” (SPM) method292 allows the user to identify key residues distributed throughout the 

entire enzyme that play a significant role in regulating conformational dynamics globally. The 

main advantage of SPM analysis is that the most important residues are directly identified (instead 

of regions), which for examining dynamic contributions atomistically can help us identify 

connectivity through the protein296. 

 

Figure 5.3: The differences in correlation between residues. The pelitinib and boceprevir DCC 

values from Figure5.2 have been subtracted from the apo protein to create a difference map, 

highlighting regions of dramatic change. These differences are scaled between +1 (red, positively 

correlated motions between residues), 0 (white, no correlation) and -1 (blue, anti-correlated). 
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Herein, we identify key nodes around the active site which are conserved between apo and 

pelitinib bound protein. The connection Phe140 – Ser144 – Tyr118 are central in all three of our 

simulations These mark highly conserved central nodes for motion connecting to the active site 

residues (Figure 5.4B). Additionally, when we compare our results to pelitinib bound pathways 

there is a surprising lack of change in the pathways leading through domain III where the 

hydrophobic pocket resides between apo and pelitinib bound. 
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A Figure 5.4: The pathways 

of motions in apo MPro. 

SPM analysis reveals 

how correlated motions 

are transferred through 

the system and dissipates 

to the edges of the 

protein. A) An overview 

of the pattern of 

correlated motion.B) The 

central nodes Phe114 – 

S144 – Tyr118 act as a 

hub of coordinated 

dynamism originating 

from the active site.C) 

Connections G109-I200 

and T111-T292 transmit 

motion to and from the 

active site to domain 

III.D) The connection 

stemming from the 

catalytic cysteine C145 – 

S144 links domain I and 

II dynamically 

B 

C 

D 
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Having mapped the pathways of motion through the protein, we can start to identify crucial “break 

points” where connections between pivotal amino acids determine whether the vibrational signal is 

transmitted to the rest of the protein. For example, from Figure5.4C we can see that there are two 

paths, G109-I200 and T111-T292 whereby it is these interactions that determine the 

communication between domain III and domain II. Similarly, the connection stemming from our 

central node C145 – S144 provides a point of communication between domain I and II. Therefore, 

these residues provide potential clues to the whereabouts of any cryptic pockets for drug targeting. 

5.3.3 Red edge excitation Shift 

The REES work has exemplified how protein flexibility or energetic efficiency of various 

conformers changes in the presence of different inhibitors. Due to the dependence of the technique 

Apo Pelitinib Boceprevir

0

1000

2000

A
/R

Figure 5.5: The effects of enzyme inhibition on tryptophan fluoresence. Left) The calculated A/R 

values show that the REES effect is most pronounced upon covalent binding of ligand. Right) The 

locations of tryptophan residues (purple) in both monomers (teal and orange) relative to the active 

site residues (yellow). 
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on the locations of tryptophan residues, it is first important to acknowledge their locations with 

one typtophan located in domain I (W31) and two tryptophans in domain II (W207 and, W218).   

Whilst using the REES effect to study proteins is still in its infancy, previous studies have 

implicated that larger A/R values correspond to a more flexible state of protein297 ( See Appendix). 

However, the results of our investigation using REES would suggest the converse was true 

(Figure5.5). Here we see that when boceprevir covalently binds to the protein, we get an order of 

magnitude greater A/R value (2291.8) when compared to apo protein (97.4). If we look at the 

CSM values (Figure S5.2) we can even see the effect visually before fitting by the linearization of 

data points. This large change in tryptophan fluorescence is the biggest difference in the REES 

effect from data sets within the same protein system.  

In addition to the large A/R values generated by boceprevir, having pelitinib bound in the 

allosteric site generates an A/R value which are almost double that of apo protein (174.07). 

Usually in these data sets this difference would seem significant, but the scale of boceprevir values 

is dwarfing the comparison.  

If we link the REES data to the networks of motion in the protein, we have studied we can start to 

conceptualize what we are seeing. It is important to note that these simulations did not have 

boceprevir covalently bound to the protein, so what we see from the simulation is the result of 

hydrogen bonding, electrostatics and Van der Waals interactions in the active site volume. Even 

still we can see that increasing the order at the active site or allosteric site promotes stabilizing 

effects seen by increasing intensities of correlation. Therefore, it is likely that the large A/R values 

can be attributed to changes in structure caused by changing dynamic networks. 

 

5.4 Conclusions 

 

It is exciting to consider that the REES technique could be appropriate for informing on the 

interactions of ligands with protein, but without the descriptiveness of techniques such as 
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isothermal titration calorimetry (ITC) as ITC provides information on the enthalpy changes upon 

ligand binding. However, using REES does have its advantages over other techniques for 

identifying protein–ligand interactions. These advantages are most apparent on a practical level 

where due to REES being a fluorescence-based approach it enables the capacity for multi-well 

screening and plate reader analysis enabling the rapid screening of many potential protein-ligand 

interactions. Additionally, the technique helps inform us on the resultant change in rigidity or 

flexibility of a protein upon binding but is limited by its dependency on the presence and 

dispersion of tryptophan residues throughout the protein. 

We have also demonstrated that protein ligand interaction induces dynamic changes in an enzyme 

which led to changes in networks of motion. This was most apparent in the instances where an 

active site obstruction (as opposed to active site binding) caused different patterns of correlated 

motions, but similar patterns of correlation were also seen when the protein was bound to an 

allosteric inhibitor. The suggestion is that allosteric inhibition is reliant on its mode of inhibition 

through the alteration of dynamic networks which connect to the active site. 

This work exemplifies the value of taking a dynamic analysis of an enzyme system. The 

experimental and computational strategies outlined in this chapter, exemplify an alternative to the 

more classic methods of studying proteins, dynamic analyses like these can provide additional 

understanding to systems that might be already fully characterised. 
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5.5 Supplementary Materials 

Figure S5.1: The quantification of REES 

data. The protein of interest is excited at 

various wavelengths that cover the entire 

fluorescence spectral profile of tryptophan, 

in our studies we used a wavelength range 

between 292nm-310nm incrementing 

excitation by 1nm at a time. Data are 

collected as a 3D matrices and plot as 

excitation against absorbance. The peaks 

are integrated using a weighted integration 

to determine the centre of spectral mass. 

Then data are fit using Eq3.1. Fitting the 

data in this way gives us a description of 

how the fluorescence shifts at each 

wavelength. The curvature is described by 

R and the amplitude is described by A. 

These values are represented as a ratio A/R 

acting as discrete values which give 

reference points for comparing data. 
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Pelitinib 

Boceprevir 

Apo 

Figure S5.2: The integrated CSM 

values from our 3D REES 

matrices.  

Conditions: 5µM MPro samples 

were prepared in 20 mM pH7.3 

HEPES. Small molecule 

concentrations used were 100 µM 

Boceprevir and 2 µM Pelitinib 
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Chapter 6 

6.1 Conclusions and Future Work 

Our investigations have been wide and varied with a central underpinning theme of the dynamism 

that exists in protein systems. Chapter 3, helped us conceptualise how the delicate balance of 

hydrogen bonding networks generated by protein ligand interactions can affect the temperature 

dependence of enzyme catalysis. We explored the influence of the ΔCp‡ term on the temperature 

dependence of enzyme catalysis and linked these changes in temperature dependence to the 

changes in the motions of the protein. In doing so we developed an idea that a single set of 

hydrogen bonds may be enough to change the ΔCp‡ term and influence the temperature 

dependence of an enzyme’s catalysis.  

In Chapter 4, we crystallised ssGDH in conjunction with a non-reactive co-factor and obtained a 

3D structure using X-ray crystallography. We found that the structure was largely no different 

from a previously obtained structure219, which was bound to NADP. In doing so we had found a 

range of crystallisation conditions which have the protein bound to the non-reactive co-factor. We 

showed that the non-reactive cofactor does remain bound to ssGDH, which helps validate the 

REES work in chapter 3 as there may have been a question raised to whether NADPH4 was bound 

in these studies.  

 In Chapter 5, we studied changes to an enzyme, influenced by active site or allosteric inhibition. 

We explored how the binding of these inhibitors can lead to changes in motions in the protein and 

how these motions caused by the rearrangement and reinforcement of pathways of motion. By 

running REES experiments in tandem with molecular dynamic simulations, the results we 

obtained may suggest that the changes in these motions influence the changes in A/R values. 
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Therefore, this provides some evidence that REES studies inform us on changes in internal protein 

motions. 

The work we performed in chapter 3, is investigating the temperature dependence of an enzyme’s 

catalysis, and using MMRT as the basis for our investigation. There are indicators that MMRT is a 

good model for describing and enzyme’s temperature dependence, due to a recent collection of 

studies76, 80, 212, 216 that find consistency in the values of ΔCp‡ and even agreements between 

experimental76 and computational data65. However, to err on the side of caution ,it is worth 

remembering a quote from Henry Eyring: “The fact that a particular equation generates an 

equation consistent with experimental observations does not demonstrate that the equation is 

correct, because two or more mechanisms may lead to indistinguishable kinetic equations”298. The 

Åqvist group, using psychrophilic α-amylase as their model, demonstrated Henry Eyring’s idea, 

when plotting the kcat values of this enzyme over a temperature range, using their equilibrium 

model and the MMRT (eq 1.20). The fitting of the kcat  temperature dependence values produced 

curves that were the same between the MMRT equation and their dead-end equilibrium model.74 

Both results from the kcat  fitting produced similar curves, but both equations can’t be right 

simultaneously as shown by the differences in activation parameters generated by data fitting 74. 

Therefore, although the MMRT theory has a lot of evidence that validates it, there are current 

contradictory ideas like the dead-end equilibrium model from Åqvist et al. 74  

However, there is a theoretical idea which agrees with the MMRT model. This includes the fact 

that if heat capacity was the source of temperature dependence, then thermophilic enzymes should 

have less negative values of ΔCp‡ and vice versa for psychrophilic enzymes. We should see less 

negative values of ΔCp‡ in thermophilic enzymes because of the immense amount of hydrophobic 

packing and reliance on ionic bonding, there should be only a few accessible vibrational modes 

due to the rigidity of the protein strucuture at the ground state and so small differences in ΔCp‡
. 

From chapter 3 the linearity of the plotted kcat values in response to temperature, and small ΔCp‡ 

values are in agreement with this idea but correlation does not necessarily imply causality. 



161 

 

  

The work we performed in chapter 4 was preliminary work for studying the vibrational modes in 

ssGDH using X-ray crystallography in tandem with Terahertz radiation experiments.Terahertz 

radiation is the wavelength of electromagnetic radiation which ranges from 3000 - 30 µm. The 

significance of this wavelength range is that it occupies a niche known as the “terahertz gap” 299. 

This is a wavelength range is where microwaves and infrared waves overlap, and it is referred to 

as a gap because the technology for generating this wavelength is still relatively new299.  

We have already emphasised the importance of motion in protein function, but the motions of the 

lowest frequency modes in a protein are supposed to have a strong influence on the functionality 

of proteins104. These low frequency modes are also hypothesised as being the determinants of the 

value of ΔCp‡ in the heat capacity model87. The frequencies of the lowest energy modes in 

proteins have the same frequency range as terahertz radiation (3000-30μm). The high frequency 

vibrational modes within a protein are typically, much easier to resolve for a collection of reasons: 

Firstly, the wavelength ranges that correspond to high frequency modes are within the mid infra-

red range, where modern day instrumentation has no problem reaching. The other advantage of 

probing high frequency modes is that only a few atoms within a protein will be in this excited 

state. Therefore, the bands that correspond to these few atoms are easy to identify and assign. 

Conversely, low frequency modes are much more widely distributed regions of protein at 

wavelengths that are hard produce. 

These low frequency modes are hypothesised to form a cluster of atoms that operate as one body 

in a quantum mechanical effect known as “macroscopic quantum coherence (MQC)”. MQC 

occurs when multiple collections of electrons which are connected in macroscopic space by long 

range order, are of the same energy oscillating within the same frequency region300. Usually, these 

macroscopic coherence events are rapidly destroyed by the environment and so they are rarely 

captured301.  

The most simple example of MQC is the phase transition of a Bose gas, when cooled to extremely 

low temperatures (close to 0K) form a Bose-Einstein condensate302. Herein, due to the minimum 

energy, the atoms in the system form one homogenous body by falling into the same quantum 
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state. In 1968 Herbert Fröhlich theorised that coherence events could happen in biological 

substances with longitudinal electric modes. Included in these biological molecules were proteins 

and the theoretical homogenisation of their domains were termed “Fröhlich condensates”.303 It was 

only until a recent study104 that stimulated these low frequency vibrational modes in lysozyme, 

capturing the atoms  in a condensed state by performing X-ray crystallography in tandem. When 

comparing the electron density maps between terhertz radiated and non-terahertz radiated (F0.4THz 

– Foff ) they observed new electron peaks corresponding to well-ordered electrons. Since then, a 

more recent study has also managed recapture these coherence events in trypsin304 wherein they 

show that atoms in functionally important residues are clustered together upon terahertz 

irradiation.  We would like to repeat these experiments using ssGDH.as the model protein, 

considering it has been highly characterised80, 219, 244 with particular attention to its vibrational 

states. 

SsGDH has ideal characteristics to be studied using Terahertz radiation; being a large thermophilic 

protein with a high amount of hydrophobic packing means there could be an increase in low 

frequency vibrational modes in the protein due to the highly ordered and restrictive range of 

motions associated with the increase in structure. If there are more low frequency vibrational 

modes, the effects  should be more pronounced and easier to observe.  

The reasoning to why the structures of the protein in its apo form219 and with NADP, xylose and 

glucose bound were insufficient, is because of the sensitivity of the structures of these vibrational 

modes. As we mentioned in our introduction, the main destabilising effects on an enzyme’s 3D 

structure, originate from the presence of polar residues in a hydrophobic region of protein. 

Therefore, the T41A version of the protein is dynamically an inaccurate representation of the wild 

type protein. The improvement to nativity (by preserving the Thr41 residue), was important 

because mutations in proteins can alter the delicate balance of vibrational modes in the protein, 

especially those coupled to the active site. Although this work has not managed to show ssGDH in 

complex with a sugar as well as NADPH4, this work provides a stepping stone to producing 

structures in their psuedo-reactive conformations. This work provides a bridge to future work by 

attaining a set of crystallisation conditions and methods, which may be able to produce the 



163 

 

  

structure of a ternary complex in future work. Once we have these pseudo-reactive ssGDH crystals 

we can probe the vibrational modes of the protein at a structure more closely resembling ground 

state, pre-reaction. This might then inform us on where the regions of lowest vibrational energy 

are originating from in the protein. 

Once we have the structural information pertaining to the locations of lowest vibrational modes, 

we could then perform a mutagenesis campaign on the regions of dynamical interest. The 

mutations should be minute and aim to preserve the secondary structure of the protein while 

disrupting the balance of its dynamic networks. Once we have proteins which have mutations in 

their low energy regions, we should first repeat the work in this chapter with the mutant proteins in 

tandem with terahertz radiation analysis. If we have successfully managed to perturb the 

vibrational modes of the protein without destroying its catalysis, then we can investigate the 

temperature dependence of catalysis using the kinetic experiments we used in chapter3. If there are 

differences in temperature dependence, then we can be almost certain that it is in fact the 

difference in energy between the lowest energy modes in the ground state and transition state that 

determines catalysis. 

The computational work in Chapter 5 could be improved upon as a more thorough sampling 

technique such as, Gaussian accelerated molecular dynamics (GaMD)305 could have been more 

appropriate. The simulations in chapter 5 were 200ns in length, which is generally considered to 

be a suitable amount of time for the analysis of small dynamic changes in the protein199. However, 

the grand aims of the project became to try a novel strategy of identifying cryptic pockets in 

enzyme drug targets. Cryptic pockets only usually reveal themselves in timescales longer than 

those seen in the time lengths that were accessible to us using conventional MD. However, this is 

not to say it’s impossible to witness cryptic pockets using conventional sampling techniques, as 

Bowman et al.306 have demonstrated cryptic pockets opening in β-lactamsase enzymes using 

conventional MD. We did not have the computational power or timescale required to perform a 

long conventional MD run and so GaMD could have circumvented this problem. GaMD smooths 

the free energy landscape by rounding the bottoms of free energy wells by adding a harmonic 

boost potential305. This enables the system to escape getting trapped in only a handful 
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conformations and allows a full conformational range to be explored, as if the time scales were 

much larger (in the physiological range). Therefore, using GaMD in tandem with our analysis 

could visually reveal cryptic pockets by following the pathways of motion from the active site, 

using the SPM. 

This thesis hopefully serves as a source of inspiration for taking unconventional approaches to 

scientific studies. The real joy that comes from working as a scientist is the freedom it gives a 

person to pursue their own interests while getting paid to do so!  
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