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ABSTRACT 

 

 

 

MODELING CONFORMATIONAL HETEROGENEITY IN BIOMOLECULES 

 

 

 

Regulation of biocatalytic cascades is essential for biological processes but has yet to be 

exploited in real-world applications. Allostery is a prime example, where binding of an effector 

molecule alters function in a remote location of the same biomolecule. V-type allostery is 

especially fascinating, as the reaction rate can be either increased or decreased in response to 

effector binding. Determining how conformational changes affect the reaction rate is challenging 

due to the disparity of timescales between the underlying molecular processes. Experimental 

methods, such as X-ray crystallography, can help to capture large-scale conformational change. 

However, the resulting structures are not guaranteed to correspond to the biophysical state relevant 

to the research questions being addressed. Structural changes that occur during the chemical 

reaction are particularly elusive to this approach. To understand the connection between 

conformational change and catalytic consequence, a description of the reaction mechanism and 

relevant configurations is needed. Quantum mechanical (QM) methods can be used to propose 

enzyme reaction mechanisms by modeling femtosecond motions of forming and breaking bonds. 

Large-scale conformational changes take place over much longer timescales that cannot be 

simulated at the QM level, therefore requiring classical simulation techniques.  

This dissertation focuses on the challenges posed by conformational change in the field of 

computational biocatalysis. The first chapter examines the prevalence of conformational change 

in enzymes, its relationship to catalysis, and the difficulties it presents. The second chapter looks 

at the influence of active site structural features on reaction rates in the allosteric enzyme IGPS 



 iii 

using QM approaches and energy decomposition schemes. The third chapter covers the 

development of methods that use molecular dynamics (MD) simulations to analyze relevant 

structural states from simulation data and identify long-range communication pathways in 

biomolecules. The fourth chapter presents a Python code, enzyASM, that automates the generation 

of QM-based truncated active site models and discusses ongoing developments that will aid 

reproducibility and standardization in this field of research. The fifth and final chapter summarizes 

the implications of this Thesis work in computational biocatalysis and envisions how remaining 

challenges can be addressed to maximize potential to solve real-world problems.  
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CHAPTER 1. INTRODUCTION§ 

1.1 Background 

On evolutionary timescales, biological systems have developed enzymes to harness 

thermochemical processes in physiological conditions. Enzyme catalytic proficiency has 

motivated groundbreaking experimental and theoretical research to determine underlying design 

principles with atomic detail. The qualitative understanding of enzymes has expanded drastically 

from Emil Fischer’s 1894 seminal lock-and-key hypothesis that the shape complementary between 

a rigid active site (lock) and its native substrate (key) dictates molecular interactions and, 

consequently, activity.1 In 1958, Dan Koshland modified this model of enzyme-substrate 

mechanics by accounting for enzyme flexibility in his induced fit model.2 The scientific 

community was skeptical of the induced fit model at first.3 However, concomitant developments 

in macromolecular crystallography led to evidence of Koshland’s hypothesis by demonstrating 

conformational differences in substrate unbound (apo) and bound (holo) structures.4 Our 

understanding of the importance conformation has on biomolecular function has only grown from 

there. 

Protein motions governed by thermodynamical principles invoke the existence of 

energetically accessible, interconverting conformations, termed the conformational ensemble. 

Contemporary models of biological mechanisms elaborate on this intrinsic dynamism of proteins 

to incorporate critical contributions of the functionally relevant substates sampled in the 

ensemble.5–8 This framework has catapulted the field from a structure-function to an ensemble-

 
§This chapter is composed of selected content and reproduced with permission from Klem, H., McCullagh, M., & 
Paton, R. S. Modeling Catalysis in Allosteric Enzymes: Capturing Conformational Consequences. Topics in Catalysis 
(2022) 65:165–186. 
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function paradigm, and motivated techniques to probe the conformational ensemble such as room-

temperature (RT) and multi-state X-ray crystallography,9–11 nuclear magnetic resonance (NMR),12–

15 and cryogenic electron microscopy (cryoEM).16–19 Despite tremendous experimental advances, 

determining the relationship between the protein ensemble and function remains a challenge; one 

that is best tackled by combining experimental and theoretical approaches. 

Three classes of potentials are commonly employed in theoretical/computational studies of 

enzymes: quantum mechanics (QM) only, hybrid QM and molecular mechanics (MM), and fully 

MM calculations. QM potentials are typically used to study stationary points on the potential 

energy surface, while computationally less-expensive MM potentials can be used to explore 

enzyme structure and motions across different timescales, such as in molecular dynamics (MD) 

simulations. QM-only approaches (Section 1.4.1), notably the cluster approach, are now routinely 

used to study reactions using a reduced active site model consisting of up to 200-300 atoms. The 

protein environment is accounted for by a continuum dielectric model, assuming the surrounding 

can be approximated as a homogeneous polarizable medium with a constant dielectric.20 High 

levels of quantitative accuracy have been demonstrated with reduced active site models: for 

example, Himo and co-workers have successfully modeled competing enzymatic pathways 

leading to enantiomeric products (i.e., asymmetric biocatalysis), where energy differences on the 

order of 1-2 kcal/mol must be captured.21–23 Cluster models have similarly been used to study how 

enzyme active sites control regioselectivity, for example, in facilitating intrinsically disfavored 

epoxide-opening pathways.24 A related QM-only method, the theozyme approach, models a 

theoretical enzyme active site as a selection of functional groups directly involved in catalysis.25 

Houk and co-workers have used theozyme models to illustrate how side-chain motions are 
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minimized in the multistep serine esterase catalytic cycle26 and in the computational design of 

enzymes for abiological reactions.27 

To study enzymes where long-range interactions (e.g., electrostatic interactions in 

particular) play a fundamental role in the catalytic mechanism, the substrate and active site residues 

directly involved in the reaction can be described with QM, and the remaining protein and solvent 

can be modeled with classical (MM) force fields (Section 1.4.3). This QM/MM hybrid approach 

has yielded high quantitative accuracy of enzymatic reaction barriers. For example, Mulholland, 

Thiel, Werner, and co-workers have shown that systematic improvements to the QM level of 

theory, using LCCSD(T0),28 provide near-quantitative results for the activation enthalpies and free 

energies of the reactions catalyzed by chorismate mutase and para-hydroxybenzoate 

hydroxylase.29 MD simulations employing a QM/MM potential are more expensive than with 

classical force fields, although sampling times of nanoseconds are now attainable. While such 

timescales are insufficient to explore large and slow enzyme conformational changes, these may 

be addressed with classical simulations, as discussed in Section 1.5. As with the selection of a QM 

cluster model, the choice of QM/MM boundary and description of MM partial point charges at the 

boundary validation of the choices is often necessary to support conclusions.30 

Classical MD (MD applied to classical force fields) can be used to study whole enzyme 

mechanics on timescales ranging from the nanosecond-microseconds regime. There may be many 

thermally accessible conformations sampled by a protein, one or more of which that are essential 

to the catalytic mechanism. MD simulation provides one of the few ways to identify and quantify 

their involvement in atomistic detail. The ability of proteins to redistribute conformational 

populations to influence function in response to perturbations is a leading hypothesis in the fields 

of structural allostery31–33 and, more recently, in directed evolution.34–36 Classical MD is well 
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suited for sampling “local” conformational diversity in enzymes such as different torsional angles 

adopted by amino acid side- and main-chains. However, some conformational changes necessary 

to achieve a catalytically competent active site, such as dimer interface, loop and helix motions, 

occur on the millisecond timescale.37,38   

A single enzyme conformation taken from an X-ray crystal structure might be an excellent 

starting point for the computational study of enzyme catalysis. However, it is vital to consider the 

assumptions being made. Mainly, that the single conformation is catalytically relevant, and no 

other conformations are important for catalysis.39 The validity of these assumptions is difficult to 

test unless apriori knowledge or hypotheses regarding the catalytic mechanism exist. In Section 

1.3, I discuss myriad enzymatic reactions now known for which these simplifying assumptions do 

not hold, and in CHAPTER 2 I present an investigation of the influence active site conformational 

change has on elementary reaction steps. These systems illustrate the necessity for computational 

biocatalysis to incorporate rigorous analyses of conformational ensembles alongside high-

accuracy potentials to study reaction mechanisms. Improvements in conformational sampling 

techniques, accurate force field parameters, and quantum mechanical treatments have accelerated 

progress towards this goal. The explicit consideration of multiple enzyme conformations to support 

mechanistic conclusions and calculate barrier heights has now been used in multiple studies.38,40–

43  

1.2 Enzyme Catalysis: The Reaction Coordinate and Protein Dynamics 

A fundamental understanding of enzyme mechanics has long been the goal of many 

chemical and biological scientists. Accomplishing this goal requires answering how the enzyme 

performs its function. To begin formulating an answer to this question, a simple enzyme 

mechanism can be considered: 
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𝐸 + 𝑆 𝑘1⇌       𝑘−1 𝐸𝑆 𝑘2→  𝐸 + 𝑃,              (1.1) 

where E indicates the enzyme, S the free substrate, ES the enzyme-substrate complex, and P the 

product after its release from the enzyme. In the steady-state approximation, where the substrate 

concentration is saturating and therefore negligible, there are two kinetic parameters used to 

describe enzyme performance: the maximum rate of product formation, 𝑘𝑐𝑎𝑡 , and the Michaelis-

Menten constant, 𝐾𝑚. From Equation 1.1, the steady-state kinetic parameters are defined as 𝑘𝑐𝑎𝑡 =𝑘2 and 𝐾𝑚 = (𝑘2 + 𝑘−1) 𝑘1⁄ .  
However, a more realistic enzyme model to that presented above accounts for additional 

elementary mechanistic steps such as the following: 

𝐸 + 𝑆 𝑘1⇌       𝑘−1 𝐸𝑆 𝑘2→ 𝐸𝑋 𝑘3→  𝐸 + 𝑃,               (1.2) 

where EX is an intermediate state distinguished by a unique chemical species (i.e., involving a 

change in bonding relative to ES) or a kinetically significant conformation distinct from ES. With 

the expanded mechanistic scheme in Equation 1.2, the steady-state parameters are defined as 𝑘𝑐𝑎𝑡 = 𝑘2𝑘3 (𝑘2 + 𝑘3)⁄  and 𝐾𝑚 = (𝑘2 + 𝑘−1)𝑘3 (𝑘2 + 𝑘3)𝑘1⁄ . Although the expressions for 𝑘𝑐𝑎𝑡  

and 𝐾𝑚 differ between Equations 1.1 and 1.2, laboratory observations of steady-state kinetics 

cannot distinguish between these two mechanistic scenarios. If the goal is to determine an 

enzyme’s substrate specificity, then simplification to Equation 1.1 is sufficient. However, 

computational analysis of individual reaction steps (including all relevant reactants, intermediates, 

and products) provides the basis to understand the enzyme’s mechanism and the atomistic factors 

influencing rate and selectivity. Importantly, a measured 𝑘𝑐𝑎𝑡  often reflects several elementary rate 

constants in the overall mechanism. Although, for example, in Equation 1.2, if k2 >> k3, 
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simplification to 𝑘𝑐𝑎𝑡= k2 is justified. It is important to note that 𝑘𝑐𝑎𝑡  is not necessarily solely 

defined by “chemical” steps, such as with product inhibition mechanisms.  

One critical enzyme attribute missing from Equations 1.1 and 1.2 is conformational 

heterogeneity. Much of the focus of enzyme catalysis in the 21st century has been on the role of 

conformational changes involving both experimental and computational expertise.5,8,37,44,45 The 

free energy landscape, a multi-dimensional construction of the intermediate and transition states 

available to an enzyme before, during, and after catalysis, is particularly useful to conceptualize 

the relationship between the conformational ensemble and the chemical reaction coordinate 

(Figure 1.1).46  

 

Figure 1.1 Enzyme free energy landscape projected onto the reaction and conformational coordinates. Adapted with 
permission from.46 Copyright 2021 American Chemical Society. 

Equations 1.1 and 1.2 do not account for the possibility of interconverting conformers (e.g., 

of the free enzyme, E) that may possess different reactivities along parallel reaction pathways, as 

described by Hammes-Schiffer and co-workers.46 Consequently, quantitative agreement of 

computed reaction barriers with experiment may require explicit consideration of the enzyme’s 

conformational ensemble. In contrast to the weak coupling of the reaction and conformational 
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coordinates depicted in Figure 1.1, strong coupling can arise where even qualitative agreement 

with experiment requires consideration of the ensemble.37,38 Construction of the free energy 

landscape for large systems is a laborious, if not prohibitive, task. Such studies require 

computational methods in classical simulation techniques, while the breaking and forming of 

bonds requires ab initio (i.e., QM) calculations. As a result, a combination of distinct 

computational methodologies and expertise is often required. 

1.2.1 The enzymatic reaction coordinate  

Catalytic mechanisms are often illustrated by (Gibbs) energy profiles, characterized by 

relative free energies of intermediate and transition state (TS) structures that culminate in the 

transformation of reactant into product within the enzyme complex (ES and EP, respectively), as 

illustrated in Figure 1.2. Multiple factors can influence the quality of the Gibbs energy profile and 

its mechanistic interpretation.47 While computations can be used to provide evidence in favor of 

or against a particular reaction pathway, a reaction mechanism can never be conclusively proven, 

only experimentally corroborated.48 With much success, contemporary QM approaches have been 

used to describe chemical reactions by calculating observables, such as energy barriers, kinetic 

isotope effects, and product selectivities that can be validated with experiments.49  

In comparing the computed catalytic (Gibbs) energy with experiment, the concepts and 

language introduced by Kozuch and Shaik are both illuminating and influential.51 In contrast to 

using rate constants to define a catalytic cycle (the k-representation), computational studies 

generate state energies (the E-representation). The apparent activation barrier is then represented 

by the energetic span of the catalytic cycle, defined by the difference (∆𝐺‡) between the lowest 

energy, turnover determining intermediate (TDI), and the highest energy, turnover determining TS 
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(TDTS) (Figure 1.2). The value of ∆𝐺‡ can then be used to calculate a theoretical rate constant 

based on Eyring’s transition state theory equation: 𝑘𝑐𝑎𝑡 = 𝜅𝑘𝐵𝑇ℎ 𝑒𝑥𝑝 (−∆𝐺‡𝑅𝑇 ),        (1.3) 

where κ is the transmission coefficient, kB is Boltzmann’s constant, T is temperature, h is Planck’s 

constant, and R is the gas constant. It is common to set κ =1, but more advanced techniques have 

been developed to evaluate non-equilibrium effects and the contributions of recrossing and 

tunneling to enzymatic rate constants.52,53  

 

Figure 1.2 Example reaction coordinate, created with GoodVibes,50 for a multistep enzymatic chemical reaction 
showing several minima and transition structures proceeding from enzyme-substrate (ES) to enzyme-product complex 
(EP). Turnover determining intermediate (TDI), Int2, and transition state (TDTS), TS3, define the energetic span and 
apparent activation energy of the cycle, ∆G‡. 

In the case of enzyme models, computed activation barriers for catalytic cycles have 

reached impressive levels of accuracy. For example, by using relatively large QM regions 

optimized at the DFT (B3LYP-D3(BJ)/TZVP) level of theory and performing DLPNO-CCSD(T) 

single-point energy calculations, Neese and co-workers have demonstrated accuracies within 1 

kcal/mol of experimental enzyme-catalyzed barriers. Even without high-level coupled-cluster 

corrections, B3LYP-D3 provides qualitatively correct results.54 As cautioned by Kozuch and 
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Shaik, care must be taken when calculating ∆𝐺‡ to be used in Equation 1.3. In some situations, the 

internal energy can be a fair approximation for this value, but in other cases either additional 

methods or thermal and entropic corrections should be made. 

Computational studies of enzyme catalysis are routinely performed using 1) QM-only 

approaches, which include cluster models55 and theozyme25 approaches, and 2) mixed QM/MM 

studies. These approaches are surveyed in Section 1.4. More detailed technical summaries of these 

approaches can be found elsewhere, e.g., in reference.39 Herein, I focus on basic concepts to 

emphasize what information can be gained and how QM approaches can supplement a multiscale 

computational integration to model enzyme catalysis, particularly in the context of a 

conformational ensemble. 

1.2.2 The conformational coordinate  

Introductions to biochemistry emphasize that structure leads to function. However, this is 

an oversimplification, and there are many macromolecules where the interconversion between 

different structures influences overall biological function. Proteins are known to populate multiple 

metastable structures (the conformational ensemble) under typical physiological conditions.56 

Mounting evidence suggests that the ensemble nature of proteins is intricately tied to their 

function.57,58 From a statistical mechanics perspective, it is the probability and properties of the 

microscopic structural states that dictate the macroscopic properties of the protein. Consequently, 

the determination of the conformational ensemble, specifically the distribution of microscopic 

structural states, of enzymes is of utmost importance. One of the challenges in this field is the 

variety in timescales associated with motions, which ultimately dictates the most appropriate 

method used to study the underlying dynamics (Figure 1.3).   
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Figure 1.3 Methods for studying dynamic processes in proteins ranging from femtosecond to second timescales. 
Experimental and computational techniques are shown in blue and green, respectively. 

Experimental techniques used to probe protein ensembles include X-ray crystallography, 

nuclear magnetic resonance (NMR),58 small-angle X-ray scattering (SAXS), atomic force 

microscopy (AFM),59–61 and more recently, cryogenic electron microscopy (cryoEM).16–19 Each of 

these methods has its own set of advantages and disadvantages. X-ray crystallography, for 

example, typically determines a single structure that represents a minimum energy structure under 

crystallization conditions. Recent advances in the field include the advent of room temperature 

crystallography9 and recognition that a given crystal likely has multiple structures in the unit 

cell.10,62 Protein NMR is inherently an ensemble measurement that can be done under solution 

conditions. However, the measurement timescale of NMR dictates that the resulting values, for 

example, chemical shifts12 and dipolar couplings,13 are ensemble averages over multiple 

metastable states. NMR has successfully been coupled to SAXS,14,15 spectroscopic techniques, and 

molecular simulations63–65 to tie the average values to the microscopic ensemble. AFM can provide 
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structural trajectories of proteins but does not have atomic resolution. CryoEM stands out as one 

of the most promising approaches, with recent advances in image capturing hardware and software 

driving the resolution down to the atomic scale.16–19 CryoEM is, however, devoid of temporal 

information.  

Molecular modeling and in silico simulations can provide atomic-level protein ensemble 

data to complement experiment. A robust approach is to use all-atom force fields to model the 

protein and the solvent environment. MD simulations provide time-dependent trajectories of the 

system of interest. In the theoretical limit of infinite sampling and accurate force fields, these data 

would represent a complete atom-level picture of the protein ensemble. Practically, improvements 

to both force fields and sampling protocols continue to improve agreement between simulation 

and experiment, yet room for improvement still exists.66 Other than reparameterization of standard 

functional forms, new directions in force field development include polarizable67 and machine-

learned force fields.68 Regardless of the specific force field details, sufficient ensemble sampling 

is also an ongoing concern in the field.  

Typical timescales for conventional molecular-dynamics (cMD) on medium-sized proteins 

are in the tens of microseconds range. While this can adequately sample the conformational 

ensemble of small globular proteins near their native state, it is insufficient for large proteins and 

processes such as protein folding. Techniques to overcome this shortcoming include the 

development of specialized hardware69 or enhanced sampling techniques. The latter is a more 

approachable solution and includes techniques such as replica exchange,70,71 metadynamics,72 and 

adaptive sampling.73–75 A recent study of the conformational ensemble of an intrinsically 

disordered protein demonstrated that cMD was adequate to reproduce the NMR chemical shifts 
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(an ensemble property) but not the SAXS data (influenced by the distribution of molecular sizes). 

Enhanced sampling was shown to improve the agreement with SAXS data.76 

Characterizing the conformational ensemble is essential to fully understand the relationship 

between enzyme structure, dynamics, and the catalytic mechanism. Recently, consideration of the 

conformational ensemble has been pivotal in determining how the sampling of distinct 

conformations influences different catalytic properties in the directed evolution of various 

enzymes,34,35,77–79 and a direct correlation between reaction rate and active conformation 

population influenced by different allosteric ligands and enzyme mutations has been quantified.38  

1.3 Allosteric Regulation 

Allosteric enzymes exemplify the importance of conformational ensembles.2 Allostery is a 

biological phenomenon that occurs when a perturbation at a site distant from the primary active 

site modulates a protein’s function. As the simplest case, we can consider a two-state model (Figure 

1.4), characterized by an active and inactive conformation. Although a variety of perturbations 

may influence the free energy landscape, such as mutations in directed evolution, in the context of 

allostery we consider the binding of a small molecule distal from the enzyme’s primary active site 

as the perturbation. Upon binding the allosteric ligand, the energy landscape can reshape, and the 

resulting populations of inactive and active conformations are altered. This conformational shift 

phenomenon is often used in discussions of structural allostery but is not limited to such enzymes. 

The long-ranged coupling of sites in an allosteric system can be explained through short-

range interactions linking the distant sites.80 This mode of regulation has been referred to as the 

second secret of life, behind the central dogma that describes information transfer between DNA, 

RNA, and proteins.81 Biological systems harness allostery to respond to changes in their 

environment. This is recognized in various biological processes such as signal transduction,82,83 
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transcriptional regulation84,85 and metabolism.86 It has been proposed that any system can be 

allosterically regulated; it becomes a matter of how to probe the interactions that couple binding 

sites.83 In 2011, Huang and co-workers created the Allosteric Database (ASD) to provide a 

comprehensive collection of allosteric data.87 Presently, the ASD contains 1,949 allosteric proteins 

and 82,070 allosteric modulators.88,89 

 

Figure 1.4 A free energy profile projected onto a two-state conformational coordinate. The blue line and toy enzyme 
model illustrate a system without the allosteric effector bound. Orange corresponds to a system with the allosteric 
effector bound. The legend shows relative populations of the active and inactive states that result from different ligand 
states. 

1.3.1 Categorizing allostery 

 In allosteric regulation, the binding of an effector molecule alters an enzyme’s activity 

towards its natural substrate. This is illustrated by the thermodynamic cycle shown in Figure 1.5. 

In the absence of the allosteric effector, X, the basal substrate-binding dissociation/affinity constant 

Kia and rate constant kcat are observed. Enzyme allostery is classified by the process of activity 

alteration. In K-type allostery, the allosteric response to effector binding is a change in the affinity, 

Kia, for the substrate, A. This system is the most commonly studied, and an effective allosteric 

coupling constant, defined by the ratio of substrate binding affinity in the absence versus presence 
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of the effector Kix/Kix/a, or equivalently Kia/Kia/x as defined in Figure 1.5, has been developed to 

quantify the allosteric effect of a K-type system.81 There exist experimental and computational 

techniques to measure the allosteric coupling constant in a K-type system. In V-type allostery, 

binding of the effector causes a change in the catalytic activity, kcat. An allosteric coupling metric 

analogous to a K-type system could be based on kcat with and without the effector bound (kcat/kcat/x). 

Although there exist computational methods to measure kcat, as previously mentioned, this is 

widely unexplored in the context of allostery. 

 

Figure 1.5 Complete thermodynamic cycle of an allosteric enzyme, E. The top row represents the enzyme in the 
presence of only substrate, A. The bottom row represents the enzyme in the presence of the substrate and allosteric 
effector, X. Binding of X modifies the activity of E by either altering the binding affinity of E for A, as in K-type 
allostery, or influencing the rate-determining step, as in V-type allostery. Nomenclature from Ref.81 is used here for 
consistency. 

1.3.2 The ensemble model of allostery  

The so-called concerted Monod, Wyman and Changeux (MWC) model of allostery, 

established in 1965, states that most allosteric proteins are oligomers involving multiple identical 

protomers and thus have an axis of symmetry; the quaternary structures of such systems are altered 

by allosteric interactions; there exist at least two states that differ by the distribution and/or energy 
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of interactions at the protomer interface(s); these interactions alter the affinity of the binding site 

towards its corresponding ligand, and the effector is not chemically identical to the substrate.90 

These statements were developed from observations of known allosteric systems at that time, with 

hemoglobin serving as the hallmark allosteric system, given that an X-ray structure was established 

for this protein.91 It was observed that in apo-hemoglobin (absence of effector), there exists an 

equilibrium between two states, historically known as the constrained and relaxed states. The 

MWC model claims that effector binding shifts the equilibrium. In 1966, Koshland, Nemethy and 

Filmer (KNF) composed an alternative model.92 This model favors a “induced fit” mechanism, 

whereby the apo-protein binds the effector, which induces a conformational transition to the holo-

protein. The MWC and KNF model share a static view of allostery, dependent upon noticeable 

conformational differences in apo- and holo-structures. 

A dynamic model of allostery was proposed in 1984 by Cooper and Dryden, which argues 

that large-scale conformational changes are not a requisite for allosteric regulation.93 Instead, 

changes in thermodynamic fluctuations could mediate the coupling of binding sites. More recently, 

evidence has shown the importance of functional states unrelated to the so-called “tense” or 

“relaxed” states that belong to the MWC model.94 In this more dynamics-driven view of allostery, 

a protein exists as an ensemble of states, and binding of an effector results in a global redistribution 

of protein fluctuations and thus alters the relative entropy of the ensembles. This ensemble model 

of allostery is favored in the literature today.33,83,86,95,96 Allostery research, which traditionally 

emphasized static comparisons, is currently faced with the challenge of leveraging the ensemble 

nature of allostery.97 Although this challenge is now considered fundamental in the field of 

allostery, it applies to enzymes in a general way. More recently, enzymes engineered through 
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directed evolution have achieved higher catalytic efficiency by redistributing the energy 

landscape.35 

Restructuring of the energy landscape in response to allosteric ligand binding or a relevant 

mutation is expected to be the driving force that alters enzyme function, meaning multiple 

conformations and their populations are crucial to consider. Population shifts have been found to 

directly influence functional change in enzymes.38,93 The influence of the enzyme conformational 

ensemble on the chemical rate in V-type allosteric systems is particularly intriguing in this regard. 

Enzyme catalytic activity is typically compared against the background reaction rate in 

(aqueous) solution to investigate catalytic origins.98 Alternatively, one could compare the same 

reaction in enzymes with different activities. Such an approach is adopted to evaluate a V-type 

allosteric enzyme in Chapter 2. To evaluate the source of an allosteric effect in catalysis, one must 

consider the reaction with and without the allosteric effect. In many cases, this means considering 

the enzyme in the presence and absence of the allosteric ligand and comparing the relative energy 

barriers resulting from the two systems. From a computational perspective, this is an attractive 

comparison of relative rather than absolute barrier heights. This, in addition to the biological 

relevance of allostery, makes allosteric systems ideal to explore and evaluate computational 

approaches for modeling conformationally heterogenous enzymes. 

1.4 Quantum Mechanics for Enzyme Catalysis 

1.4.1 The cluster approach 

The quantum chemical cluster approach explicitly models the critical features of a 

biologically relevant active site using QM while typically accounting for the remainder of the 

protein with homogeneous dielectric continuum models.55 This approach has been pioneered in 

the study of biologically relevant metal centers by Siegbahn and Blomberg, with model sizes 
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around 60-70 atoms,99 and by Himo, who has used cluster models that can be much larger, even 

surpassing 300 atoms.20 For more focused reviews on the quantum chemical cluster approach, we 

urge the interested reader to explore several excellent reviews.20,55,100 The steps taken in building 

a quantum chemical cluster model are summarized below. 

Model Selection. Once a biological target has been chosen, a deep dive into the literature 

is worthwhile to explore what is known, unknown, and theorized about the system. Most cluster 

models are designed from crystal structure coordinates. There may be attributes of the crystal 

structure that do not align with the system desired to be modeled, such as residue mutations, and 

alternative substrates bound. In some cases, it may be necessary to manually alter the structure to 

match the intended system of study, which will require longer MD simulation to allow the structure 

to properly relax. The primary literature may describe artifacts in the crystallographic model and 

whether specific residues are essential for catalytic activity (e.g., through the experimental study 

of enzyme mutants). Depending on the research goal, multiple crystal structures, sometimes with 

different ligand states, are important to consider. Additionally, the protonation states of some 

residues, particularly Glu, Asp, and His may be important to consider. If this information is not 

already available, it may be necessary to consider all the possibilities.101 If crystallographic waters 

or ions are present in the active site, they may need to be explicitly included in the model as well.102 

It is typical to test various sizes of clusters, ranging from 100-300 atoms.20 Convergence studies 

suggest that QM-cluster models give reliable energetics when the model size is large enough.55,103–

107 Including additional residues beyond those immediately in contact with the substrate may be 

crucial to avoid unrealistic, extensive conformational reorganization of the active site following 

geometry optimization,108 however, it has been proposed that informed residue selection should 

take priority over a simple distance cutoff.109 
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Model Truncation. The cluster approach requires cuts or truncations to be made since only 

a subset of the protein’s atoms will be included. The most common approach is to residues at the 

alpha carbon by removing all peptide bond atoms and capping the alpha carbon with hydrogens. 

The methyl-capping approach is performed when the N-Cα and Cα-CO peptide bonds on either 

side of the R chain are cut. There may be situations where peptide bond atoms are involved in the 

reaction, such as forming H-bonds to the substrate. In such cases, residues will be cut at either the 

N-terminus (N’), N-Cα bond or C-terminus (C’), Cα-CO bond, and the truncated ends will need 

an additional hydrogen to achieve saturation (“hydrogen-capping”). During this step, important 

considerations include atoms that influence catalysis to ensure the atom caps are neither artificially 

influencing the mechanism nor significantly altering the electronic structure, such as changing 

atomic hybridization or cutting across a highly polar bond. A brief study on the effects of different 

truncation schemes is presented in CHAPTER 4. 

Coordinate Locking. In most cluster models, it is necessary to lock or freeze certain atoms 

to preserve the active site geometry, maintain sidechain rotamer states along the reaction 

coordinate, and limit the model from accessing geometries that would not be possible inside the 

protein environment. As the structure is not fully optimized, evaluating the full QM partition 

function, including vibrational effects to thermochemistry, is challenging. Therefore, potential 

energies, rather than Gibbs energies, are often reported. There are methods to approximate entropic 

effects, such as projecting out the frozen coordinates from the Hessian.110 The effects of coordinate 

locking have been explored in Ref.111, where the authors studied phosphotriesterase using a cluster 

model of 82 atoms. The authors found locking induced significant strain, altering some geometric 

parameters. However, these did not influence the conclusions regarding the reaction mechanism 

and only altered the calculated barrier by 2 kcal/mol. The authors also noted that in this particular 
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application, the truncation method resulted in a model that was too rigid. For example, a His 

residue in the cluster was modeled only as an imidazole ring, where one atom from the ring was 

locked, significantly hindering the motion of that group. However, the strain induced by coordinate 

locking is expected to subside with larger models. 

Freezing the alpha carbons of each truncated residue is a good choice. However, in some 

models, this might allow too many degrees of freedom resulting in inconsistent side-chain 

conformations along the pathway. Locking up to two hydrogens of the alpha carbon to restrict 

more degrees of freedom20 or not locking residues that directly interact with the substrate112 may 

be necessary. The more frozen atoms, the more rigid the model, which may influence energetics. 

Therefore, the coordinate locking scheme must be balanced, achieved through trial and error, 

between maintaining a reliable structure and allowing flexibility for energy minimization during 

geometry optimization. 

Model Chemistry. In common with contemporary QM studies of organic and inorganic 

reactivity, dispersion-corrected density functionals such as B3LYP-D3 or ωB97XD are now 

commonly used for geometry optimizations of cluster models. In many cases, dispersion effects 

are expected to influence cluster geometry, such that Grimme’s zero-damped (D3) and Becke-

Johnson damped (D3(BJ)) corrections are recommended with typical generalized gradient 

approximation (GGA) or hybrid-GGA density functionals such as B3LYP.113 While valence 

double-zeta basis sets are often suitable for geometry optimization, single-point energy corrections 

with solvent models and larger basis sets are generally employed to account for electrostatic effects 

and approach more accurate energies. A dielectric constant close to 4 (e.g. diethyl ether, for which 𝜀 = 4.24) is expected to mimic the relatively hydrophobic protein interior, although examples in 

the literature have evaluated cluster model energetics with multiple dielectrics to investigate their 
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sensitivity to this value.55,104 Significant changes in relative energies at different dielectric values 

may indicate that the cluster is too small, and more residues or active site water molecules should 

be included. 

1.4.2 QM/MM Approaches  

Standing as an alternative to the truncation schemes discussed above, hybrid QM/MM 

approaches enable a small portion of the enzyme, typically in the active site region, to be treated 

by QM, while the remaining larger part of the system is described by MM. Compared to QM 

cluster models, the QM/MM approach explicitly represents the steric effects (e.g., via mechanical 

embedding) of an inhomogeneous protein, alongside noncovalent interactions such as long-range 

electrostatics between the QM and MM subsystems (e.g., via electronic embedding). QM/MM 

methods are widely-used across organic and organometallic chemistry, and are particularly well-

established in the study of enzymatic reaction mechanisms.114–123 

The explicit inclusion of the extended protein environment can quantitatively impact 

relative energetics, or indeed, fundamentally alter a computed energy profile. For example, 

electrostatic effects contribute several additional kcal/mol in QM/MM studies of dioxygen binding 

energies in JMJD2A.124 Further, the role of protein reorganization along the reaction coordinate, 

which can be consequential, may also be captured and quantified.125 Readers are referred to 

detailed reviews on the status of QM/MM approaches in modeling enzymatic catalysis.115,122,126,127 

QM/MM models, which typically also include explicit solvent molecules as well as the enzyme 

and substrate, are much larger than those used in QM-only models. Geometry optimizations 

become more challenging for large system sizes and so may be performed with (partially) fixed 

surrounding atoms. Even so, more energy minima are possible with these larger models, and the 

importance of extensive configurational sampling becomes paramount.  
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For example, using energy minimization to generate potential QM/MM energy surfaces for 

an enzymatic reaction while starting from a single protein structure has been shown to produce 

severe errors in activation barrier heights and binding free energies. Averaging results over several 

protein configurations generated by long MD simulations has been recommended.115,128,129 The 

computational demands of QM/MM simulations can be influenced by choice of the QM region 

size and by using low-cost semi-empirical QM (SQM) schemes in place of more expensive DFT 

calculations. In the first respect, many of the chemical and physical considerations relevant to the 

choice of cluster models stand; the QM region should be evaluated for convergence,130–133 and 

attention to the region definition is also required.134–137 Although, compared to QM-only models, 

Warshel has demonstrated a relative lack of sensitivity to including more distal groups in the QM 

region.138 The use of SQM methods generally requires careful benchmarking or parameterization 

against more expensive QM results.139 Nevertheless, typical QM/MM simulations are run for 

timescales on the order of nanoseconds. Enhanced sampling techniques have been applied to 

compute the free energy profiles of reactions in QM regions, but, even in these cases, sampling of 

the rest of the protein is limited to the nanosecond timescale.140–142 While this may be sufficient to 

sample side-chain rotamer preferences, protein conformational changes required to reach a 

catalytically active state (e.g., involving loop and helix motions) routinely take place on timescales 

several orders of magnitude slower.143 Classical MD simulations over microsecond timescales, 

inaccessible while employing QM/MM potentials, have been necessary to observe binding site 

formation, for example, in bromodomains.144 

1.4.3 QM Approaches Using Multiple Conformations  

In contrast to using an X-ray structure as a starting point for QM studies, a short MD 

simulation can be used (500-1000 ps) to generate an initial geometry.145 This will relax the 
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structure towards a local minimum, potentially reducing crystalline artifacts. However, this 

approach is unlikely to help when the X-ray structure is sufficiently far from the catalytically 

relevant conformation(s). QM/MM approaches often incorporate multiple conformations as initial 

geometries for modeling, usually taken as a series of random or evenly spaced snapshots from an 

MD simulation. 

The question of how to combine the results from several QM or QM/MM models has been 

addressed by various approaches. An assortment of averaging techniques have been explained 

elsewhere;146 however, questions continue to be raised, such as what is required to converge 

multistate energy data103 and how to account for conformations with different reactivities.44,147,148 

Alternatively, the Boltzmann ensemble can be evaluated with a combination of extended MD and 

structural clustering, which is further outlines in Chapter 5. In such an approach, the average 

structures and populations can be used to generate and weight energy barriers resulting from either 

the QM-only or QM/MM calculations.  

1.5 Structural Clustering with Molecular Dynamics 

Structural clustering is a necessary and often overlooked component of describing the 

conformational ensemble of a protein. To illustrate the need for structural clustering, we consider 

a set, X, of N configurations of a protein system, X = {𝑥1, 𝑥2, … , 𝑥𝑁}, where 𝑥𝑖 is the ith 

configuration of the system. The expected value of an observable, M, can be computed as an 

average over this set, 〈𝑀〉 = ∑ 𝑀(𝑥⃗𝑖)𝑃𝑖𝑁𝑖 ∑ 𝑃𝑖𝑖       (1.4) 

where Pi denotes the probability of configuration i and is equivalent to 
1𝑁 in conventional MD 

sampling. The observable denotes any property of interest that depends on the conformation of the 

system, such as the electrostatic potential at the active site or the rate constant of a chemical 
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reaction. If N is small and M(𝑥𝑖) is cheap to compute, Equation 1.4 can be used directly to estimate 

the property of interest. When N gets large and/or M(𝑥𝑖) is expensive to compute, clustering 

approaches are employed to approximate Equation 1.4. Clustering is particularly necessary and 

challenging for MD descriptions of protein ensembles due to the sheer size of the data sets: it is 

not uncommon to have millions of protein configurations in a trajectory69 or combined 

trajectories.149 Given a clustering of a conformational ensemble into K < N clusters with well-

defined average (or mediod) structures, observable M can be estimated as 

〈𝑀〉 ≈ ∑ 𝑀(〈𝑥⃗〉𝑗)𝑃𝑗𝐾𝑗 ∑ 𝑃𝑗𝑗          (1.5) 

where 〈𝑥〉𝑗 is the average structure and Pj is the probability of cluster j. The accuracy of Equation 

1.5 depends on several factors, including the conformational heterogeneity of clusters and the 

sensitivity of the observable to conformational heterogeneity. 

The goal of structural clustering is to combine configurations into clusters that have similar 

values of the observable of interest. In the context of enzyme catalysis, the active site is an obvious 

focal point. Therefore, consideration of only active site residues for structural clustering may be 

sufficient. The results of clustering are a set of K macrostates, made from MD snapshots, or 

microstates, and their associated populations, {Pj}. There are numerous clustering methods 

employed in the field and, unfortunately, no consistent best choice. Most approaches, however, 

share a common protocol described by the following five steps: (1) choosing a coarse-grained 

description of the protein, (2) picking features to describe the coarse-grained protein, (3) 

dimensionality reduction of the features, (4) clustering in reduced dimensions and (5) analysis of 

the results. While this is a typical order of the steps, it is possible, for example, to cluster first and 

then perform dimensionality reduction (swapping steps 3 and 4). 
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Step 1: Choose a coarse‑grained description of the protein. Atomistic descriptions of a 

protein and its environment must be coarse-grained to make the conformational ensemble a 

tractable object. In a typical aaMD simulation of an averaged-sized protein there are ∼100K total 

atoms and thus 300,000 degrees of freedom. It is intractable to consider each degree of freedom of 

the system, even with millions of frames. Luckily, many of these degrees of freedom are of the 

solvent and thus only implicitly important in determining the protein conformational ensemble. 

Thus, a natural coarse-graining of the system is to ignore the solvent degrees of freedom and only 

analyze the atoms of the protein. Even this yields exceptionally high-dimensional data sets that are 

intractable to analyze. Additional coarse-graining of a protein is almost always performed. 

Common examples of coarse-grained protein descriptions are backbone atoms, Cα atoms, center-

of-mass (COM) of residues, and/or secondary structural elements. 

A good choice of the coarse-grained description of the protein depends on the application. 

For example, if one is interested in protein folding, the coarse-grained description should include 

all protein residues. Typical coarse-graining for this application includes all backbone atoms, only 

Cα atoms, or COM of residues. A depiction of this type of coarse-graining is given in the first two 

panels of 7. The top-left panel depicts the folded state of a small, fast-folding protein (Trp-cage) 

in a box of water. The protein is coarse-grained in the top-middle panel by only choosing the Cα 

atoms of each residue. The choice of all Cα atoms is tractable for this small protein but will become 

intractable for larger proteins. In the case of enzymes will well-defined active sites, it is natural to 

choose a more detailed description of the active site while ignoring protein residues far away from 

the active site.  

Step 2: Choosing features. With a coarse-grained mapping chosen, one must then choose 

features or coordinates to describe these coarse-grained structures. A good set of features can 
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discern between the important metastable conformations. For example, the features in a two-state 

protein folding problem must differentiate between folded and unfolded states. There are two 

natural choices for features: internal coordinates and positions. Each has its advantages and 

disadvantages that will be described below. There are also combinations of internal coordinates or 

positions called collective variables (CVs, e.g., helical content, RMSD of substructures, etc.) that 

we will not discuss in detail. Generally, these CVs have similar advantages and disadvantages to 

the internal coordinates or positions used to compute them. Internal coordinates of a 

macromolecule include distances (two-body terms), angles (three-body terms), dihedral angles 

(four-body terms), and higher-order terms. Within the context of all-atom simulations of proteins, 

most force fields only include up to four body terms, and thus it is uncommon to consider terms 

higher than four bodies. Internal coordinates have the advantage of being the natural coordinates 

of the Hamiltonian of the system: they are rotationally invariant and can uniquely describe each 

structure. The downside of these features is feature space size, and the mixing of features can limit 

the types of clustering algorithms that can be employed. The choice of all pairwise distances for 

the Trp-cage example is depicted using blue lines between Cα atoms in the top-right panel of 

Figure 1.7. With 20 residues (and thus Cα atoms) in the Trp-cage protein, there are 190 pairwise 

distances to consider. Particle positions are also a natural choice of features to cluster trajectory 

data of macromolecular systems. Advantages of these features include no significant over-

determination of the system, coordinates are directly output by simulation software, and 

coordinates can differentiate between all configurations observed. A significant limitation of 

particle positions is that they are defined in the lab frame and thus are not immediately rotationally 

invariant. This leads to equivalences in particle positions that make them challenging to deal 

with.150 
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Step 3: Dimensionality reduction. Despite an initial particle coarse-graining (Step 1), the 

remaining degrees of freedom after featurization are often too large to consider in full-dimensional 

space. Take, for example, the folding and unfolding of an alpha helix coarse-grained into 12 beads. 

If we choose all pairwise distances as our features (Step 2), there are 66 degrees of freedom to 

describe each simulation frame. To make any sense of these dimensions that are often coupled, 

dimensionality reduction is performed. The goal is to determine a small subset of degrees of 

freedom that retain the essential information of the full-dimensional space. 

 

Figure 1.7 Five-step schematic for structural clustering from all-atom molecular dynamics trajectories. Starting from 
the top left, the first step is to choose a particle coarse-grained mapping and apply it to an explicit solvent all-atom 
trajectory. From there, a set of features to describe the system, such as all pairwise distances, are chosen. A trajectory 
of these features is then passed through an unsupervised dimensionality reduction algorithm (e.g., principal component 
analysis) and projected onto reduced dimensions. A clustering algorithm is applied in reduced dimensionality space 
to classify each frame of the trajectory. Finally, the structural clusters are analyzed (bottom left). 

Multiple dimensionality reduction methods have been used on MD data. These methods 

differ based on what they define as important information. Principal component analysis (PCA), 

for example, determines the linearly independent coordinates that retain the most variance in the 
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data. It is not uncommon to see trajectory data projected onto the first two principal components 

with the largest variances. Time-lagged independent component analysis (tICA) determines the 

linear combination of coordinates that rank the timescale of collective motions.151 tICA is often 

coupled with Markov State Modeling (MSM) to determine rates of transitions between metastable 

states.152 Other dimensionality reduction methods have been employed, such as Sketch Map153 and 

UMAP,154 to achieve specific properties in the reduced space. The outcome of any dimensionality 

reduction technique will be a description of each trajectory frame in reduced dimensions. 

Step 4: Clustering algorithm. Clustering algorithms are typically applied following 

dimensionality reduction methods to assign each frame to a conformational state. A variety of 

clustering algorithms have been applied in this context. The types of algorithms can be broken 

down into two categories: hierarchical and non-hierarchical. Both types have been used though 

more recent efforts have focused on non-hierarchical clustering algorithms. 

Hierarchical clustering algorithms start with each frame in its own cluster and iteratively 

group similar frames together. This results in a dendrogram structure of the clustering. Different 

distances can be used to define similarity. Methods differ in how they join clusters together and 

the resulting distance used between clusters. Advantages of hierarchical methods include that the 

methods are fast, can be used to determine macroclusters and subclusters, and are easy to 

implement. The major disadvantage of hierarchical methods is that they are greedy: once clusters 

have been formed, they will not be broken apart to find a more global minimum. Examples of 

hierarchical methods include Ward, average linkage, and minimum linkage. 

Non-hierarchical clustering methods are most common for MD trajectory data. The most 

common example is k-means clustering and its variants. k-means determines the means and 

trajectory partitioning that minimize the summed distances between frames and associated means. 
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This method works well for well-separated spherical distributions of points. Other density-based 

fitting algorithms include Gaussian mixture modeling (GMM) and DBSCAN, both of which have 

been employed to trajectory data projected onto reduced dimensional space with reasonable 

success.155 These methods are not as greedy as hierarchical methods: frames can move from one 

cluster to another during the iterations until a (local) minimum in the algorithm metric is reached. 

A significant drawback to such methods is the computational cost and the difficulty in determining 

the appropriate number of clusters. 

No single best method works for all trajectory data. An often-overlooked aspect, however, 

is to consider the underlying assumptions of the clustering algorithm. GMMs, for example, work 

under the assumption that the probability of the density can be represented as a sum (mixture) of 

Gaussian functions. In a recent study of clustering algorithms, Westerlund and Delemotte showed 

that GMMs do not work well when the density in reduced dimensional space is non-Gaussian.155 

It is not immediately clear whether we should expect MD data to be Gaussian in these spaces and 

almost assuredly depends on the features chosen and dimensionality reduction technique 

employed. In CHAPTER 3, a GMM clustering algorithm is developed for direct use with particle 

position features, the probability density of which is approximately Gaussian.  

Analysis of Resulting Data. The result of a clustering algorithm is an assignment of each 

frame into a conformational state. With this information in hand, one can analyze different aspects 

of the clusters. The specific analysis employed will depend on the application. For example, one 

might build an MSM based on conformational clustering and determine the rates and associated 

structural mechanisms if one cares about folding rates. If one cares about catalysis, it is relevant 

to compute the relative reaction rate in each conformational state. The implicit assumption is that 

the value of a macroscopic property does not vary significantly within a given cluster.  
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1.6 Thesis Overview 

The subsequent chapters describe my scientific contributions that address challenges in 

modeling conformational heterogeneity in biomolecules. CHAPTER 2 presents a DFT 

investigation of the relationship between active site structural change and reaction pathway 

energetics in glutamine hydrolysis performed by the allosterically regulated glutamine 

amidotransferase (GAT) imidazole glycerol phosphate synthase (IGPS). This work is the first 

atomic-level description of the reaction mechanism in IGPS and provides fundamental insights 

into the influence of local and subtle geometric variations on stabilizing the rate limiting chemical 

step. CHAPTER 3 details the development and application of a biomolecular structural clustering 

procedure, shapeGMM. Specifically, the underlying framework of using particle positions as 

clustering features is explained and unified with a Gaussian Mixture Model fitting algorithm. In 

doing so, limitations of existing approaches are overcome, such as reliance on transforming the 

data into internal coordinates (e.g., dihedrals, pair-wise distances), which often over-determines 

the system and might not discriminate between functionally relevant states. My contributions to 

the field of biomolecular structural clustering address the challenge of quantifying and 

characterizing functionally relevant conformational substates with a broadly applicable and 

interpretable algorithm. In CHAPTER 4, a Python code, enzyASM, that aids automation and high-

throughput calculations is described. In CHAPTER 5 a computational workflow unifying concepts 

from CHAPTERS 2, 3 and 4 is proposed. These scientific contributions are placed in the grander 

perspective of what challenges remain in computational biocatalysis and critical next steps to 

harness the power of computational modeling in biocatalysis are outlined.   
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CHAPTER 2. THE CATALYTIC EFFECTS OF ACTIVE SITE 

CONFORMATIONAL CHANGE IN THE ALLOSTERIC ACTIVATION 

OF IMIDAZOLE GLYCEROL PHOSPHATE SYNTHASE 

2.1 Introduction 

Imidazole glycerol phosphate synthase (IGPS) is a glutamine amidotransferase (GAT) vital 

to purine and histidine biosynthetic pathways in bacteria, fungi, and plants, making it an attractive 

antimicrobial therapeutic target.1 IGPS from Thermotoga maritima is a heterodimer composed of 

the HisH and HisF subunits (HisFH) (Figure 2.1).2 HisH performs glutamine (L-Gln) hydrolysis 

to form glutamate (L-Glu) and ammonia using a catalytic triad of hCys84, hHis178, and hGlu180 

(h and f prefixes indicate if the residue belongs to HisH or HisF, respectively), characterizing it as 

a class-I GAT.3,4 The free ammonia is shuttled across the dimer interface to react with N1-(5'-

phosphoribosyl)-formimino-5-aminoimidazole-4 carboxamide ribonucleotide (PrFAR) in the HisF 

active site over 25 Å away to form imidazole glycerol phosphate (IGP) and 5'-(5-aminoimidazole-

4-carboxamide) ribonucleotide (AICAR).5 Binding of PrFAR to HisF elicits a V-type allosteric 

effect that enhances glutamine hydrolysis efficiency in HisH by approximately 4500-fold, 

primarily influencing the rate of glutamine turnover.2,6 

The hydrolysis reaction mechanism has not yet been studied at the atomic level in IGPS, 

to the best of our knowledge. However, similar well-studied enzymes, such as other class-I GATs 

and cysteine/serine proteases provide a useful theoretical foundation.3,4,7–13 These reactions are 

proposed to occur via two stages: acylation and deacylation. In the acylation stage, the nucleophilic 

hCys84 attacks glutamine to form a glutamyl thioester, first structurally observed in another class-

I GAT, carbamoyl phosphate synthetase,10 via a tetrahedral oxyanion intermediate. In the 
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deacylation stage, nucleophilic attack by a water molecule breaks down the covalent enzyme-

substrate intermediate thioester, to yield the glutamate product. The rate-limiting step is proposed 

to occur during acylation in IGPS,14 as well as related class-I GATs, carbamyl phosphate 

synthetase, and anthranilate synthase.3,11,15  

 

Figure 2.1. General IGPS scheme of the coupled L-Gln hydrolysis and PrFAR cyclization reactions performed in 
HisH. and HisF, respectively. The L-Gln and PrFAR binding sites are highlighted in yellow. 

IGPS serves as a paradigmatic allosteric enzyme for experimental and methodological 

developments.16–27 An abundance of dynamical information contribute to our understanding of the 

allosteric mechanism in IGPS at the molecular level. A sequence of residues (hPro49—hGly50—

hVal51—hGly52 in IGPS) comprise the oxyanion strand, a structural motif common to class-I 

GATs that positions a backbone amide hydrogen to stabilize the formation of an oxyanion 

throughout the reaction.28–32 Increased flexibility in the IGPS oxyanion strand upon PrFAR binding 

was observed in NMR experiments and molecular dynamics (MD) simulations, supporting its 

mechanistic involvement.25,33,34 An interfacial hydrogen bond between fPro10 and the backbone 

N–H of hVal51 is weakened in MD simulations with PrFAR,26,35 and explains the enhanced 
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flexibility of the oxyanion strand observed in NMR experiments.25,34 PrFAR also reduces the 

opening angle of the interface, which is expected to influence the hydrolysis reaction, although it 

is unclear if there is a direct effect on the reaction mechanism.6,19,33,36  

A leading hypothesis to explain the allosteric rate effect in IGPS is that PrFAR enables a 

conformational change in the hVal51 backbone that lowers the rate of glutamine hydrolysis via a 

catalytically competent oxyanion hole.14,35,37,38 Contrary to this hypothesis, the hVal51 amide C=O 

group points into the active site and the N–H away in all but one crystallographic conformations 

of IGPS in various ligand bound states.5,6,39–41 The anamolous conformation is observed in a 

recently deposited structure 7ac8, chains E and F with bound allosteric ligand and Gln substrate.14 

The catalytic hCys84 was mutated to alanine in this structure to disable glutamine turnover and 

capture IGPS in the presumably active conformation. Osuna and coworkers provide additional 

support for this hypothesis through MD simulations employing a biasing potential to sample the 

hVal51 dihedral flip transition. The energetic barrier of this process was estimated to be lower in 

simulations with PrFAR present (approx. 8 kcal/mol) compared to without PrFAR present (approx. 

22 kcal/mol).35 

Exploration of an alternative activation mechanism is warranted for a few reasons. 

Extensive (10 μs) unbiased MD simulations of IGPS only reproduced the hVal51 dihedral 

transition when neither Gln nor PrFAR were present, contrary to what was expected.24 The authors 

noted the novel IGPS conformation revealed in the 7ac8 crystallographic model could be an artifact 

of the loss of function hCys84Ala mutation rather than intrinsic to the allosteric mechanism. An 

alternative activation mechanism that has yet to be evaluated in IGPS involves repositioning of the 

oxyanion strand relative to the Gln substrate. This activation hypothesis has been proposed for 

another class-I GAT, aminodeoxychorismate synthase (ADCS) since the presence of two prolines 
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in its oxyanion strand (Pro51—Gly52—Pro53) inhibits Gly52 backbone rotation.42 All Gln bound 

IGPS structures show a hydrogen bond between the hGly52 N–H and Gln carbonyl; however, Gln 

is presumed to be too far from hCys84 to facilitate the nucleophilic attack. The increased oxyanion 

strand flexibility observed in the presence of PrFAR could facilitate the oxyanion strand 

reorganization necessary to stabilize the substrate after nucleophilic attack.   

Despite various X-ray structures, mutagenesis studies, kinetic experiments, and MD 

simulations, a connection between the allosteric effect and the glutamine hydrolysis mechanism 

remains hypothetical. This work targets two essential questions regarding IGPS activation: How 

do local structural aspects of the active site influence the reaction energetics? Is the hVal51 

backbone flip required for rate enhancement? To address these questions, we present a dispersion-

corrected Density Functional Theory (DFT) study on large (237 atoms) active site cluster models 

of IGPS in various active and inactive conformations. The multistep reaction leading to thioester 

formation and ammonia production is investigated and energy decomposition analyses are 

performed to evaluate the relationship between active site geometry and reaction stabilization. Our 

results are valuable for future endeavors in modeling the allosteric behavior of this prototypical 

system by providing clear insights into the atomistic changes required for rate enhancement. 

Although rigorous workflows have been devised to consider active site multi-state effects 

on catalysis,43–46 this work affords a simplified approach given the available crystallographic data 

and scope of knowledge from preceding investigations. In doing so, our application of the quantum 

chemical cluster approach47 to investigate an allosteric effect and compare the catalytic impact of 

active site conformational change traverses a challenge in the field, as recently noted by Himo and 

de Visser.48,49 

2.2 Results and Discussion 
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2.2.1 Active Site Models 

Positions of the active site residues and the Gln substrate are highly conserved in 

crystallographic models except for the HisFH dimer conformation composed of chains E and F 

from PDB 7ac8 (Figure 2.2). There are four distinct geometric differences observed in this 

conformation: 1) an interfacial residue, fGln123, interacts with the bound Gln as a result of subunit 

closure; 2) the hVal51 amide N–H points toward the substrate carbonyl; 3) the oxyanion strand is 

positioned above the catalytic thiol; and 4) the reactive carboxamide of Gln is preorganized for 

acylation.  

 

Figure 2.2. Overlap of HisH active-site geometries across multiple crystalized structures. 

Two truncated active site models were created from the 7ac814 crystallized unit of IGPS 

using atomic positions from chains E/F and chains C/D; the deposition authors refer to these 

complexes as active and inactive conformations, respectively. Residue hAla84 in chains F and D 

was reverted back to wild-type hCys84 with PyMol50 by selecting the backbone-dependent side 

chain rotamer with the least steric clash. We will refer to these truncated models as Active and 

Inactive. 
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The size and residue components of the QM model are important to consider, and informed 

decisions based on selection criteria remains an active area of development.50–55 Residues were 

selected based on interactions with the substrate, and relevance indicated in the literature.  The 

ligand interaction diagrams in Figure 2.3 illustrate how the C/D and E/F conformations yield 

different interactions with the glutamine substrate. Since the main objective of this work is to 

evaluate the catalytic impact of active site structural changes, we focused on building models 

suitable for direct comparison. Therefore, the same atoms were included in each model from the 

following residues: fGly121, fSer122, fGln123 and fAla124 from the HisF subunit, hGly50, 

hVal51, hGly52, hHis53, hCys84, hLeu85, hGln88, hGlu96, hVal140, hHis141, hThr142, hTyr143, 

hHis178 and hGlu180 from the HisH subunit, the Gln substrate in zwitterionic form and two 

conserved crystallographic waters. Here on all residues without a prefix are assumed to be from 

the HisH monomer since they are the model majority, but the HisF prefix will be kept for clarity. 

Amino acid side and main chains were truncated according to potential involvement in the 

elementary reaction steps and interactions with the substrate (see Table S1 and text for a detailed 

list of included atoms, truncation scheme, and geometry optimization constraints). Each model 

contains 237 atoms, an overall charge of –2 and 12 constrained carbon atoms (Figure 2.3). 

Geometry optimizations were performed with the range-separated, dispersion-corrected ωB97X-

D64 functional using the 6-31G*65 basis set for all C, H, and N atoms and the 6-31+G*66 basis set 

for S and O atoms. Stationary point electronic energies were further refined at the B3LYP-

D3(BJ)/6-311+G(2d,2p) level of theory and the default IEF–PCM implicit solvent method with 

internal parameters for diethyl ether (ε=4.24).67–72 Additional information is presented in the 

Computational Details section. 
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Figure 2.3. Interactions at the HisH active site in the inactive (left-top) and active (left-bottom) conformations and 
resulting QM cluster models (right). Asterisks indicate Cα atoms frozen during geometry optimizations. 

2.2.2 Acylation Reaction 

The thioester formation mechanism proposed in this work (Figure 2.4) begins from the 

enzyme-substrate (ES) complex with deprotonation of Cys84 by His178 to form the thiolate in 

Int1. The nucleophilic Cys84 attacks the substrate carbonyl forming a tetrahedral oxyanion 

intermediate (Int2). The His178 imidazolium transfers a proton to the substrate to form an 

ammonium in (Int3). Lastly, the tetrahedral intermediate collapses and the N–C bond breaks,  

forming the thioester acyl-intermediate and liberating ammonia (Int4). All optimized structures 

are shown in APPENDIX A.  
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Figure 2.4. Energy profiles of Active (black) and Inactive (red) IGPS active site geometries showing ΔE relative to 
each model’s enzyme substrate (ES) complex in kcal/mol. Zoomed in representations of the rate limiting steps 
corresponding to each model with TS bonds shown as dotted lines and distances in Å 

The electronic energy profiles of Active and Inactive models (Figure 2.4) illustrate how 

differences in active site geometry substantially influence the reaction. Deprotonation of Cys84 in 

Active has a barrier of 14.5 kcal/mol, significantly higher than the 3.2 kcal/mol required for 

Inactive. This difference is due to the positioning of the substrate. In the optimized Active-ES, the 

substrate is observed in a near-attack conformation, with the carbonyl carbon 3.56 Å from the 

Cys84 sulfur. The carboxamide NH2 group hydrogen bonds with the His178 Nε difference is due 

to the positioning of the substrate. In the optimized Active-ES, the substrate is observed in a near-

attack conformation, with the carbonyl carbon 3.56 Å from the Cys84 sulfur. The carboxamide 

NH2 group hydrogen bonds with the His178 Nε (2.01 Å). This interaction is disrupted in the 

Active-TS1 when the His178 Nε accepts the proton from Cys84. Alternatively, in Inactive the 

substrate is initially positioned farther away (3.84 Å), which allows Cys84 to hydrogen bond with 
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His178 (1.91 Å) in the Inactive-ES. This is not possible in Active because the proximity of fGln123 

confines the substrate. 

The rate of thioester formation in the Active geometry is determined by the collapse of the 

tetrahedral oxyanion intermediate, with a TS bond breaking distance of 2.08 Å (Active-TS4, 

Figure 2.4). This yields a computationally predicted barrier of ∆E‡=18.7 kcal/mol, which agrees 

well with the experimental rate of T. maritima (0.67 ± 0.02 s–1 at 298.15 K, corresponding to a 

barrier of around 17.7 kcal/mol).6 Isotope effects of the amide nitrogen on glutamine bound to a 

similar class-I GAT, carbamyl phosphate synthetase (CPS), support the release of ammonia as the 

rate-limiting step.11 Thioester formation was also found to be rate-limiting in cysteine esterase.57 

In the Inactive geometry, the formation of ammonium (Inactive-TS3, Figure 2.4) is highest 

in energy, yielding a barrier of ∆E‡=30.5 kcal/mol for thioester formation. This barrier is larger 

than experimental measurements (21.1 and 22.7 kcal/mol).6,58 Alternative mechanistic pathways 

were explored, such as concerted NH3 formation and tetrahedral collapse, but were not located. 

Another possibility is that more energetically favorable structural rearrangements occur along the 

reaction coordinate to enable catalysis. In support of this, the barrier for the Val51 backbone flip 

in the absence of PrFAR is estimated by steered MD to be approximately 22 kcal/mol,35 which 

aligns well with the experimental rate. Therefore, our current DFT results suggest that the 

enzymatic reaction rate in the absence of the allosteric effector is limited by the barrier for 

conformational interconversion rather than by the elementary bond-forming and breaking steps in 

the active site. 

The elementary step most affected by an active site structural change is the formation of 

the tetrahedral acyl-enzyme via TS2. This transformation requires 13.6 kcal/mol from Int1 in 

Active and nearly twice as much in Inactive (26.1 kcal/mol). This step demonstrates the importance 
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of IGPS active site geometry in stabilizing the incipient oxyanion. Although it has been proposed 

that the IGPS structure 3zr4 (structurally consistent with our Inactive model) is in a catalytically 

competent conformation with the Gly52 N–H completing the oxyanion hole, our data instead 

indicate that the energy associated with the Inactive geometry hinders thioester formation. 

There are multiple structural differences between Active and Inactive models. These 

include the Val51 backbone flip and fGln123 proximity, but also less apparent variations, such as 

the relative position of the oxyanion strand (APPENDIX A Figure A1). The capacity of Gly52 to 

serve as an H-bond donor along the reaction coordinate may depend on the subtle positioning of 

the oxyanion strand. Additionally, it is unclear from the energy profiles alone how proximity of 

fGln123 influences the reaction. We therefore pursued additional computational studies to 

deconvolute the energetic effects due to specific structural variations in the IGPS acylation 

reaction. 

2.2.3 Oxyanion Hole Contributions 

Two additional models, Inactive fGln123 and Inactive Val51, were manually constructed 

(see SI for construction details) to analyze separately how fGln123 proximity, the Val51 backbone 

conformation, and the position of the oxyanion strand influence TS stabilization in the Active 

model. This approach is reminiscent of theozyme modeling,60 where residues, or functional 

groups, are hypothetically arranged in a truncated active site to explore catalytic contributions of 

individual atomic interactions and predict optimal catalytic scaffolds. In our approach, the distinct 

models enable us to quantify the influence of each structural difference relative to the active model 

separately. The oxyanion hole contributions were evaluated in each TS by estimating the donor-

acceptor orbital interaction energies of the Leu85, Gly52 and Val51 𝜎∗ orbitals and the Gln Oε 
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lone pair electrons via Natural Bonding Orbital (NBO) analysis.59 Calculation details are found in 

the Computational Details section. 

As hypothesized, the Active oxyanion hole structure provides substantial stabilization 

(Figure 2.5A). Val51 is the predominant stabilizing component during oxyanion formation (TS2), 

with a favorable interaction energy of –14.7 kcal/mol. Contributions from Gly52 and Leu85 are 

much smaller (–4.0 kcal/mol and –2.6 kcal/mol, respectively). Surprisingly, when the oxyanion 

species breaks down in TS4, Val51 no longer interacts with the oxyanion. The N–H shifts direction 

to interact with the lone pair of electrons on the His178 Nε. To ensure the Active-TS4 geometry 

optimization was not unintentionally biased by the initial geometry input, the oxyanion strand 

fragment in the optimized TS4 structure was replaced with that from the optimized TS2 structure. 

The optimization converged to the same TS4 structure, suggesting this is the appropriate first-

order saddle point. 

Although the Val51 N–H points away from the active site in the Inactive model, the Val51 

Cα–H stabilizes TS2 by –5.9 kcal/mol and TS4 by –4.9 kcal/mol (Figure 2.5D). Leu85 contributes 

–4.3 kcal/mol in Inactive-TS2, which is slightly more than its contributions in Active-TS2 and 

Inactive fGln123-TS2 (Figure 2.5B), presumably to compensate for the weak interaction from 

Val51. However, during oxyanion breakdown in Inactive-TS4, the Gln:Oε–Leu85:H distance 

Inactive Val51 differs from Active only in the backbone dihedrals of Val51; the N–H points away 

from the active site, mimicking the inactive conformation, but the oxyanion strand position is 

consistent with Active. The Gly52 N–H contributes –10.8 kcal/mol in Inactive Val51-TS2, which 

is less than the contributions from Val51 in Active (–14.7 kcal/mol), but the difference in energy 

between TS2 and ES in Inactive Val51 is smaller (∆E‡=9.8 kcal/mol, vs. (∆E‡=14.5 kcal/mol in 

Active) (Figure 2.5C). This results from a higher energy Inactive Val51-ES relative to Active-ES 
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(∆E=5.3 kcal/mol), while the TS2 structures have approximately the same energy (∆E=0.7 

kcal/mol). The atom positions frozen during geometry optimizations are the same between Inactive 

Val51 and Active; therefore, their structure energies can be directly compared, unlike the other 

models. The Inactive Val51 oxyanion hole stabilizes TS4 more than in any other model (nearly 

twice that of Active-TS4). This is because a third lone pair of electrons is detected in the NBO 

analysis of this structure, whereas the other structures only have two electron lone pairs in TS4. 

Regardless, Inactive Val51-TS4 is 3.4 kcal/mol higher in energy than Active-TS4.  

 

Figure 2.5. Energetic contributions to oxyanion stabilization during oxyanion formation (TS1) and oxyanion collapse 
(TS3). Top quadrants A and B correspond to models with the Val51 N-H pointing into the active site: Active and 
Inactive fGln123. Bottom quadrants C and D correspond to models with the Val51 N-H directed outwards: Inactive 
Val51 and Inactive. 
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In the initial Inactive Val51 model, the Val51 φ dihedral matches that of the optimized 

Inactive-ES structure (–138°) by construction. During geometry optimizations, the dihedral adjusts 

to  –111° in Inactive Val51. This adjustment is consistent with the description of a third oxyanion 

strand conformation identified in MD simulations as an intermediate conformation of the Val51 

dihedral flip.35 The partial dihedral rotation introduces a weak interaction (less than 0.5 kcal/mol) 

between the Gln Oε lone pair electrons and the π* orbital of backbone Gly50 C=O. This type of 

n–π* interaction to stabilize an oxyanion tetrahedral intermediate has precedence in aspartic 

proteases61 and, therefore, could be a catalytically relevant state in IGPS. 

Although Gly52 does not contribute to oxyanion stabilization in the inactive conformation, 

as previously suggested, 41 repositioning of the oxyanion strand enables such stabilizing 

interactions, as shown in the Inactive Val51 model. In addition, the new crystallographic 

conformation of IGPS (7ac8 chains E/F) also results in a catalytically competent oxyanion hole 

geometry involving Val51. From the energetic perspective both the Active and Inactive Val51 

models are consistent with experimental kinetic data.  

2.2.4 Decomposition of fGln123 interaction energy 

The proximity of fGln123 to the HisH active site is another structural feature influenced by 

the binding of the allosteric effector, PrFAR. It is expected that fGln123 assists in recruiting and 

stabilizing the glutamine substrate, but it is unclear to what extent, if any, this proximity influences 

the chemical coordinate. The Inactive fGln123 oxyanion hole contributions (Figure 2.5B) are 

nearly identical to Active, with an average difference of less than 0.2 kcal/mol per residue in each 

TS (all numerical values are listed in Table S2). Therefore, the oxyanion hole energetics are not 

influenced by the proximity of fGln123.  



 55 

To further investigate the role of fGln123, the interaction energy between fGln123 and the 

HisH active site is calculated via the ALMO–EDA procedure for each QM model (Computational 

Methods). The total interaction energy (Total INT) in ES is much more favorable when fGln123 

is closer to the active site. Active- and Inactive Val51-ES have similar fGln123 interaction energies 

of –29.2 and –30.6 kcal/mol, which are much lower than the Inactive fGln123 and Inactive values 

(–5.4 and –13.1 kcal/mol, respectively) (Figure 2.6). The difference in fGln123 interaction energy 

between Inactive fGln123 and Inactive can be reasoned by the presence of a hydrogen bond 

between the sidechain NH2 group of fGln123 and the backbone carbonyl oxygen of Val140 

(APPENDIX A Figure A4) that is present in the Inactive model but absent in the Inactive 

fGln123model.  

 

Figure 2.6. Decomposition of interaction energy calculated with ALMO-EDA between fGln123 and the HisH active 
site in the optimized ES complex for each QM model. 

The interaction energy in Inactive Val51 becomes slightly less favorable in TS2, TS3, and 

TS4 because the Gly52 backbone shifts away from fGln123 to interact more strongly with the Gln 

Oε. The Inactive model also shows interaction energy changes between ES and TS2, TS3, and 

TS4, because the Gln substrate moves farther from fGln123 to react with Cys84. The Active and 

Inactive fGln123 models have minimal structural rearrangements along the reaction coordinate; 

therefore, the fGln123 interaction energy values are consistent across the evaluated structures. 
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2.3 Conclusions 

This work provides new insights into local active site structural changes that can yield 

energetics consistent with experimentally measured allosteric rate acceleration in IGPS. The 

hypothesized Val51 backbone flip leads to a more favorable reaction pathway via oxyanion hole 

stabilization, supporting the longstanding hypothesis to explain the observed allosteric effect. 

However, this work reveals that this is not the only plausible configuration to yield the expected 

catalytic effect, as the Gly52 N–H is also a capable oxyanion hole contributor.  

Oxyanion stabilization via Gly52 has been proposed previously,41 however, most studies 

to date have focused on the Val51 dihedral flip. When the Val51 backbone of the Active model is 

manually modified to mimic the Inactive structure the Gly52 N–H becomes a suitable oxyanion 

hole donor. These results show that multiple active site conformations are catalytically competent 

and reveal the positioning of the oxyanion strand is a definitive structural change required for 

proper oxyanion hole formation.  

Two other class-I GATs, pyridoxal 5’-phosphate (PLP, PDB: 2NV230) synthase and 

carbamoyl phosphate synthetase (CPS, PDB: 1C3O62), have been crystallized in their catalytic 

forms with the Gln substrate bound. Upon alignment of the Gln substrate reactive carboxamide, 

the oxyanion strand residue involved in the preformed oxyanion holes in PLP synthase and CPS is 

more structurally consistent with the IGPS Gly52 than Val51 in Active-ES. Alignment with 

Inactive Val51-ES shows an even closer alignment, providing evidence that this manually 

constructed geometry of the IGPS glutaminase active site is feasible. Lastly, glutaminase activation 

via oxyanion strand repositioning has been proposed for another class-I GAT, 

aminodeoxychorismate synthase (ADCS), which displays an allosteric response similar to IGPS.42  
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The truncated active-site approach uniquely allowed for the modification of distinct 

structural features. Such modifications would be inaccessible or much more challenging with 

alternative modeling approaches (e.g., QM/MM) that explicitly treat the protein environment. This 

approach is generalizable to other systems in efforts to probe the energetic influence of local 

structural aspects and highlights the unique applications available to theozyme and cluster 

modeling. 

2.4 Computational details 

Geometry optimizations were performed using Gaussian 16, Revision C.0163 with the 

range-separated, dispersion-corrected ωB97X-D64 functional using the 6-31G*65 basis set for all 

C, H, and N atoms and the 6-31+G*66 basis set for S and O atoms. The α-carbons of selected 

protein residues were frozen during optimizations to conserve the active site geometry in the 

absence of the greater protein environment. All geometries were inspected for structural distortions 

that could have occurred during optimization. Vibrational frequencies were computed to confirm 

the nature of minima (all real normal modes) and transition structures (a single imaginary normal 

mode). Stationary point electronic energies were further refined at the B3LYP-D3(BJ)/6-

311+G(2d,2p) level of theory and the default IEF–PCM implicit solvent method with internal 

parameters for diethyl ether (ε=4.24).67–72 This procedure is commonly applied in enzymatic QM 

cluster modeling.47,73,74 The GoodVibes software was used to generate electronic energy profiles.75 

The energetic span76 between the lowest energy intermediate and the highest energy transition 

structure (TS) was used to estimate the activation energy. Due to the necessary frozen constraints 

during geometry optimizations, the vibrational partition function is not considered reliable. 

Therefore, we focus on the electronic energy profile (i.e., rather than Gibbs energy) throughout. 
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This approximation is common in truncated enzyme modeling and has shown success in 

mechanistic investigations. 

The oxyanion hole strength in TS2, TS3, and TS4 of every model was assessed using the 

Natural Bond Orbital (NBO) analysis program (version 7.0.5)59. NBO analysis transforms the 

optimized atomic orbital basis set into a localized, ideal Lewis structure basis. Second-order 

perturbation theory analysis of the Fock matrix in the NBO basis is used to estimate the 

stabilization energy associated with electron delocalization from a filled donor NBO to an unfilled 

acceptor NBO. The default interaction energy minimum threshold of 0.05 kcal/mol was used. The 

oxyanion hole interaction energies were investigated between Gln Oε lone pair electrons and the 

σ* orbitals of the backbone N–H of Leu85, Gly52, and Val51. Additionally, the Val51 Cα–H was 

investigated in Inactive Val51 and Inactive. 

To better understand how fGln123 influences the pathway energetics, we evaluated the 

interaction energy between the fGln123 molecular fragment and the rest of the active site residues 

for the Active, Inactive fGln123, Inactive Val51 and Inactive models. Absolutely Localized 

Molecular Orbitals based Energy Decomposition Analysis (ALMO–EDA) implemented in Q–

Chem 5.4 was performed at the B3LYP-D3(BJ)/6-311+G(2d,2p) level of theory and CPCM with 

ε=4.24, to be consistent with the single-point energies used to produce the reaction profiles.77,78 

Within this framework, the interaction energy is defined as: 

∆EINT = ∆EFRZ + ∆EPOL + ∆ECT. 

EPOL and ECT refer to the polarization and charge transfer energy components, respectively. The 

EFRZ term combines the interaction energy contributions of the unrelaxed fragment densities, 

namely attractive dispersion (EDISP), repulsive Pauli (EPAULI) and permanent electrostatics (EELEC): 

∆EFRZ = ∆ EDISP + ∆EPAULI + ∆EELEC. 
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2.5 Associated Content  

Raw data of all calculations and the corresponding software keywords and versions, 

aligned xyz coordinates of all evaluated structures, and the energy profiles of the Active and 

Inactive models calculated with 1) ωB97X-D/6-31G*(C,H,N);6-31+G*(S,O) 2) ωB97X-

D/def2QZVPP and 3) B3LYP-D3(BJ)/6-311+G(2d,2p), are publicly available at 

https://github.com/hklem/IGPS_QM_cluster_models. Supporting information can be found in 

APPENDIX A: IGPS active site model components and protonation states; Construction of the 

Inactive Val52 and Inactive fGln123 models; NBO calculation details and data; ALMO-EDA 

calculation details and data; Absolute energies from geometry optimizations and single point 

corrections for all evaluated structures; Geometries and relevant atomic distances of each 

evaluated transition state; Structural comparison with PLP synthase and CPS. 

  

https://github.com/hklem/IGPS_QM_cluster_models
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CHAPTER 3: SIZE-AND-SHAPE SPACE GAUSSIAN MIXTURE MODELS 

FOR STRUCTURAL CLUSTERING OF MOLECULAR DYNAMICS 

TRAJECTORIES§ 

Determining the optimal number and identity of structural clusters from an ensemble of 

molecular configurations continues to be a challenge. Recent structural clustering methods have 

focused on the use of internal coordinates due to the innate rotational and translational invariance 

of these features. The vast number of possible internal coordinates necessitates a feature space 

supervision step to make clustering tractable but yields a protocol that can be system type specific. 

Particle positions offer an appealing alternative to internal coordinates but suffer from a lack of 

rotational and translational invariance, as well as a perceived insensitivity to regions of structural 

dissimilarity. Here, we present a method, denoted shapeGMM, that overcomes the shortcomings 

of particle positions using a weighted maximum likelihood alignment procedure. This alignment 

strategy is then built into an expectation maximization Gaussian mixture model (GMM) procedure 

to capture metastable states in the free-energy landscape. The resulting algorithm distinguishes 

between a variety of different structures, including those indistinguishable by root-mean-square 

displacement and pairwise distances, as demonstrated on several model systems. Shape-GMM 

results on an extensive simulation of the fast-folding HP35 Nle/Nle mutant protein support a four-

state folding/unfolding mechanism, which is consistent with previous experimental results and 

provides kinetic details comparable to previous state-of-the art clustering approaches, as measured 

 
§Reproduced with permission from Klem, H.; Hocky, G. M.; McCullagh, M. Size-and-Shape Space Gaussian Mixture 
Models for Structural Clustering of Molecular Dynamics Trajectories. J. Chem. Theory Comput. 2022, 18 (5), 3218–
3230. 
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by the VAMP-2 score. Currently, training of shape-GMMs is recommended for systems (or 

subsystems) that can be represented by ≲200 particles and ≲100k configurations to estimate high-

dimensional covariance matrices and balance computational expense. Once a shape-GMM is 

trained, it can be used to predict the cluster identities of millions of configurations. 

3.1 Introduction 

Structural clustering of molecular dynamics (MD) simulation data of macromolecules is 

often necessary to draw physical conclusions about molecular mechanisms from large amounts of 

simulation data. Consider, for example, the challenge of protein folding. At or near its folding 

temperature, a protein will populate both folded and unfolded states. Molecular simulations used 

to probe this process yield a trajectory of atomic positions that approximate the equilibrium 

conformational ensemble of the molecule. To study the mechanisms of folding and unfolding, it 

is useful to discretize the protein configurations that are observed within this trajectory. Which 

configurations are folded, which are unfolded? Are there multiple folded and/or unfolded states? 

Are there metastable states along the folding pathway(s)? 

To address these, and other similar questions, it is helpful to employ automated structural 

clustering methods on the trajectory data. In time-continuous simulations, kinetic clustering, such 

as spectral clustering of the transition matrix,1–3 can be employed (see refs4–6 for comparisons 

between kinetic and structural clustering). Alternatively, clustering solely on the basis of structural 

data (structural clustering) can be applied to either time-continuous or disjoint simulation data. 

Here, we focus on developing a robust structural clustering procedure that can be readily applied 

to a broad range of systems and depends on only a small number of user-specified, readily 

understandable, parameter choices. Structural clustering requires the choice of both a clustering 

algorithm and the features on which to perform the clustering. We start our discussion with the 
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choice of features, which can be separated into two categories: internal coordinates and particle 

positions. 

The internal coordinates of a macromolecule are an appealing choice of features because 

they are invariant to both translation and rotation. These coordinates include distances (two-body 

terms), angles (three-body terms), dihedral angles (four-body terms), and higher order terms not 

often considered for clustering purposes. The inclusion of even all two-body terms yields a feature 

space that drastically overdetermines the system and hinders the ability to cluster in this space. 

The possible solutions to the overdetermination problem include the use of a priori knowledge of 

the system to develop a hypothesis-driven selection of key internal coordinates, segmentation of 

the trajectory,7 combination of both kinetic and structural information,8 and unsupervised 

dimensionality reduction techniques. We note that applying dimensionality reduction to internal 

coordinates is nontrivial as projection errors can misconstrue data.9 Recent efforts, even methods 

that combine kinetic and structural information, have focused on choosing a subset of features, for 

example, the backbone dihedral angles of proteins, that are able to distinguish between perceived 

important structural states of the macromolecule of interest.10,11 This supervision step, however, 

yields a protocol that is specific to the system/problem of interest. Thus, it remains a challenge to 

use internal coordinates in a general structural clustering workflow. 

Particle positions offer an appealing alternative choice of features because they do not 

drastically overdetermine a system. A major limitation of particle positions is that they are defined 

in the lab-frame and thus are not invariant to translation and rotation.11 Previously, structural 

alignment based on root-mean-square displacement (RMSD) has been used to overcome rotational 

and translational invariance, and subsequent RMSD between structures has been used as a distance 

metric in clustering algorithms.4,12 This has led to the conclusion that particle positions have a 
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second disadvantage: RMSD between structures is a poor estimate of similarity for systems in 

which there is regional heterogeneity in particle fluctuations.4,12 Below, we will demonstrate that 

this conclusion is due to the assumption, implicit in RMSD alignment, that particles vary in 

independent, equivalent, and spherical distributions. 

Numerous clustering algorithms have been applied to structural data from MD simulations, 

but the connection between the resulting clusters and the underlying assumptions of the algorithm 

are often obscure. Recent efforts have focused on the use of nonhierarchical algorithms applied to 

a reduced dimensional subspace of the original features. These algorithms include k-means,13–15 

Gaussian mixture models (GMMs),16 and density-based clustering schemes.17–20 Unsupervised 

dimensionality reduction has been achieved using principal component analysis, time-lagged 

independent component analysis, sketch map,21 UMAP,22 or a variety of other methods.6 The 

combination of internal coordinates (e.g. distances, angles, and/or dihedrals) and dimensionality 

reduction schemes makes it challenging to predict the expected form of the distribution in these 

spaces. This has led to the popularity of density-based clustering schemes. The downside of these 

schemes are twofold: first, there is a perception that they can only be applied in fairly low-

dimensional spaces, and, second, there is no strong theoretical connection between the clustering 

algorithm and the physics governing the resulting conformational clusters. 

In this paper, we present shape-GMM, a method to cluster macromolecule trajectory data 

directly using particle positions. Previous shortcomings of RMSD clustering are overcome using 

a more general Mahalanobis distance and a weighted maximum likelihood (ML) alignment 

procedure.23 The shapeGMM algorithm incorporates this rigorous alignment strategy into an 

expectation maximization (EM) GMM procedure. The GMM approach is conceptually appealing 

because it resembles a second-order approximation to the expected probability density of particle 
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positions. The ability of shape-GMM to correctly cluster molecular structures is first assessed 

using a set of elastic network model (ENM) systems with known “ground truths”. Subsequently, 

the real-world applicability of this method is demonstrated on a challenging, well-studied protein 

folding system, and the results are shown to be consistent with previous experimental and 

theoretical studies. Combined, this work establishes shape-GMM as an appealing clustering 

approach applicable to a broad range of macromolecular structures. 

3.2 Theory and Methods 

3.2.1 Molecular size and shape  

We consider a MD simulation of a macromolecule in solution. From a single frame, the 

macromolecule is represented by N atoms considered important (e.g., all proteins, all heavy atoms, 

just Cα atoms, etc.) or an N particle coarse-grained mapping (e.g., the centers of mass of each 

protein residue). These features are a point in ℝ3 encoded by a matrix, x, of order N × 3. The 

Hamiltonian for any system considered here is independent of the lab-frame, and so the features 

of interest, [𝒙𝑖], are the orbits of all possible rigid-body transformations of 𝒙𝑖. This is written as 

an equivalence class [𝒙𝑖] = {𝒙𝑖𝑹𝑖 + 𝟏𝑁𝜉𝑖𝑇: 𝜉𝑖 ∈ ℝ3, 𝑹𝑖 ∈ SΟ(3)},           (3.1)  

where 𝜉𝑖  is a translation in ℝ3, 𝑹𝑖  is a rotation ℝ3→ℝ3, and 𝟏𝑁 is the N × 1 vector of ones. The 

features, [𝒙𝑖], exist as a point in size-and-shape space.24 Size-and-shape space has dimensions 3N 

– 6 and is defined as S∑ = ℝ3𝑁 /G3𝑁 , where G = ℝ3 × SΟ(3) is the group of all rigid-body 

transformations for each frame with elements g = (𝜉, 𝑹).  
For a trajectory consisting of M frames or M molecular configurations, the set of recorded 

points {𝒙1, … , 𝒙𝑀} is effectively regarded as a set of orbits  {[𝒙1],… , [𝒙𝑀]} = {gi−1𝒙𝑖: gi ∈ G}.       (3.2)  
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The group G is said to act freely, or GM acts component-wise, one group element per frame.  

3.2.2 Gaussian distribution of positions  

If we consider the macromolecule to be in a single free-energy minimum, the approximate 

second-order approximation to the probability density is Gaussian in ℝ3𝑁. The normalized 

multivariate Gaussian distribution is given as 

𝑁(𝒙𝑖|𝝁, Σ) = exp[−12(g𝑖−1𝒙𝑖−𝝁)𝑇𝚺−1(g𝑖−1𝒙𝑖−𝝁)]√(2𝜋)(3𝑁)det 𝚺 ,                (3.3)  

where μ and Σ are the mean and covariance (3N × 3N), respectively, and the multiplication inside 

the exponent requires a flattening of the (g𝑖−1𝒙𝑖 − 𝝁) matrix. The estimation of well-defined 

average and covariance matrices from an MD trajectory requires determining the appropriate set 

of rigid body transformations, (g1, … , g𝑀), for which we define a ML procedure. 

3.2.3 ML Alignment. The following ML alignment is adapted from Theobald and Wuttke25 in 

two ways. First, we generalize the allowed form of the covariance and, second, we do not enforce 

an inverse γ distribution of the eigenvalues of the covariance because we expect sufficient 

sampling of this matrix from the MD trajectory. The log likelihood of a trajectory alignment is 

given as ln(𝐿) = ∑ ln (𝑁(𝒙𝑖|𝝁, 𝚺))𝑀𝑖=1 .            (3.4) 

There are two distinct components for the parameters in a single trajectory ML alignment:  

1. the alignment parameters or group elements (g1, … , g𝑀) and  

2. the mean configuration, μ, and the covariance matrix Σ.  

The translation alignment parameters are easily resolved by removing the center of 

geometry from each configuration. Methods to determine optimal rotation matrices have only been 

identified for covariances of the form 𝚺 ∝ 𝑰3𝑁26,27 or  𝚺 = 𝚺𝑁⨂𝑰3,23,28 where ⊗ is a Kronecker 
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product and 𝚺𝑁 is a N × N covariance matrix. We note that a covariance of the form 𝚺 ∝ 𝑰3𝑁 

assumes that particles oscillate in uncoupled, identical, spherical distributions. Here, we will 

employ the forms 𝚺 = 𝚺𝑁⨂𝑰3(“weighted”) and 𝚺 ∝ 𝑰3𝑁 (“uniform”).  

The problem of finding the parameter values that maximize the likelihood can be solved 

by iterating between two steps until the log likelihood (Equation 3.4) has converged within some 

threshold. 

1. Given g1, … , g𝑀, estimate μ, Σ by 𝒙𝑖 = g𝑖−1𝒙𝑖             (3.5) 𝝁̂ = ∑ 𝒙𝑖𝑀𝑀𝑖=1              (3.6) 

𝚺̂𝑁 = ∑ (𝒙𝑖−𝝁̂)(𝒙𝑖−𝝁̂)𝑇3(𝑀−1)𝑀𝑖=1             (3.7) 

For the submodel in which 𝚺 = 𝜎2𝑰3𝑁, it suffices to take 𝜎̂2 = 𝑇𝑟 (Σ̂𝑁) 𝑁⁄ . 

2.  Given 𝝁̂, 𝚺̂ and an appropriate inverse 𝑾 = 𝚺−1, estimate the alignments g1, … , g𝑀 by minimizing the Mahalanobis distance  ‖g𝑖−1𝒙𝑖 − 𝝁̂‖2 = Tr ((g𝑖−1𝒙𝑖 − 𝝁)𝑇𝑾(g𝑖−1𝒙𝑖 − 𝝁))        (3.8) 

with respect to g𝑖.  
The second step is the generalized Procrustes problem, which can be solved either by using 

the singular value decomposition23,25,26,28 or by quaternion methods.27,29,30 For the case that 𝚺 ∝𝑰3𝑁 (“uniform”), Equation 3.8 simplifies to the mean-square displacement. Thus, our uniform 

covariance model is equivalent to an RMSD alignment and distance metric.  

If 𝚺𝑁 is unrestricted, the estimate 𝚺̂𝑁 has rank N − 1 and kernel 1. In that case, W is the 

spectral inverse which also has kernel 1. 

3.2.4 GMM for size-and-shape features  
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In a nonharmonic force field description of a globular macromolecule, multiple metastable 

configurations will be encountered. It is natural to consider the probability density in this feature 

space as a mixture of K multivariate Gaussians31  𝑃(𝒙𝑖) = ∑ 𝜙𝑗𝑁(𝒙𝑖|𝝁𝑗 , 𝚺𝑗)𝐾𝑗=1 ,     ( 3.9) 

where 𝜙𝑗 is the weight (∑ 𝜙𝑗 = 1𝐾𝑗=1 ), 𝝁𝑗 is the mean, and 𝚺𝑗 is the covariance of the jth Gaussian 

probability density. Equation 3.9 will be a good approximation for the probability density near 

local minima, the preferentially sampled configurations in conventional MD. This approximation 

will fail near transition states although adaptations to this formulation have been developed to 

account for this.16  

Equation 3.9 is known as a GMM, and the goal of determining the optimal {𝜙̂𝑗 }, {𝝁̂𝑗}, and {𝚺̂𝑗} that fit observations has been achieved previously with algorithms including EM with a ML 

criterion or Bayesian approaches including variational inference or sampling techniques (e.g., 

Markov chain Monte Carlo32 or Gibbs sampling33). Any of these approaches can be applied to the 

trajectory features, {[𝒙𝑖]}, but care must be taken to correctly account for the feature equivalences.  

GMM: Expectation Maximization. Within the EM framework, for a fixed number of 

Gaussians, K, the following steps are taken.34 Note that in this work two choices are available for 

step 3, depending on the approximation to the form of Σ chosen, as described in the previous 

section.  

1. Provide initial guesses for {𝜙̂𝑗  }, {𝝁̂𝑗}, and {𝚺̂𝑗}.  
2. Expectation: estimate the posterior distribution for the latent variable of mixture 

components, 𝑍𝑖 ∈ {1,… , 𝐾} 
𝛾𝑍𝑖(𝑗) = 𝜙̂𝑗𝑁(𝑥𝑖|𝜇̂𝑗,Σ̂𝑗)∑ 𝜙̂𝑗𝑁(𝑥𝑖|𝜇̂𝑗,Σ̂𝑗)𝐾𝑗=1          (3.10) 
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3. Maximization: update {𝜙̂𝑗 }, {𝝁̂𝑗}, and {𝚺̂𝑗}.  
𝜙̂𝑗 = ∑ 𝛾𝑍𝑖(𝑗)𝑀𝑖=1𝑀       (3.11) 

𝝁̂𝑗 = ∑ 𝛾𝑍𝑖(𝑗)g𝑖,𝑗−1𝒙𝑖𝑀𝑖=1∑ 𝛾𝑍𝑖(𝑗)𝑀𝑖=1          (3.12) 

𝚺̂𝑗 = { 
 ∑ 𝛾𝑍𝑖(𝑗)〈𝜎̂2〉𝑖𝑀𝑖=1∑ 𝛾𝑍𝑖(𝑗)𝑀𝑖=1 𝑰3𝑁        uniform∑ 𝛾𝑍𝑖(𝑗)〈𝚺𝑁〉𝑖𝑀𝑖=1∑ 𝛾𝑍𝑖(𝑗)𝑀𝑖=1 ⊗ 𝑰3     weighted                                (3.13) 

4. Iterate steps 2–3 until the log likelihood converges within some threshold. Log 

likelihood is defined as ln(𝐿) = ∑ ln(∑ 𝜙̂𝑗𝑁(𝒙𝑖|𝝁̂𝑗 , 𝚺̂𝑗)𝐾𝑗=1 )𝑀𝑖=1 .           (3.14) 

Shape-GMM Procedure. Shape-GMM adapts the EM algorithm for size-and-shape space 

by including trajectory alignments in both the expectation and maximization steps:  

1. In the expectation step, the distribution 𝑁(𝒙𝑖|𝝁̂𝑗 , 𝚺̂𝑗) is determined for each frame after 

alignment (either uniform or weighted) to the respective average. This requires K 

noniterative trajectory alignments.  

2. In the maximization step, the means and covariances are updated using the ML 

alignment described in Section 3.2.3. This requires K iterative trajectory alignments.  

Model Initialization. The EM procedure must be initialized by providing guesses for {𝜙̂𝑗}, {𝝁̂𝑗}, and {𝚺̂𝑗}. This can be achieved in a variety of ways including dividing the trajectory into K 

parts, using a k-means algorithm, or randomly selecting initial frames as averages and assigning 

frames to their nearest (measured by RMSD) cluster center. All of these procedures are 

implemented in our code, but we use the random frame initialization for all examples unless 

explicitly stated otherwise. 
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Assigning Frames to Clusters. Within the context of clustering from a GMM, a frame (or 

data point) is assigned to the cluster in which it has the largest likelihood. This is no different in 

size-and-shape space. 

Determining the Number of Clusters. The number of clusters, K, must be specified in 

order to perform shapeGMM. The best choice of K will be system-specific and is a challenge to 

determine for any clustering method. Here, we use the elbow method coupled with cross-validation 

(CV). The elbow method is a heuristic approach to identify a significant change in slope in the log 

likelihood (in the case of GMMs) as a function of number of clusters. CV is a method of applying 

the trained model on a validation (nontrained) data set. This is done as a function of number of 

clusters, and an elbow in this curve is used to pick the number of clusters. Examples of these plots 

are given for systems in the Results and Discussion section and Supporting Information.  

For CV, we use a simple scheme to break up the data into a training set and a validation 

set. The training set is randomly (uniformly) chosen from the entire data set, and the remaining 

data are used for validation. The number of frames chosen for training is system-specific (but at 

least 1000 for all systems studied here) and is given in the Results and Discussion section for each 

system. 

Implementation. The current implementation of shape-GMM is written in Python with 

acceleration/parallelization using the Numba package.35 The shape-GMM package is written to 

mimic the interface of the Scikit-learn Gaussian mixture package.36 The package can be easily 

installed using pip (pip install shapeGMM). All codes as well as examples of the full analyses 

performed below are available from https://github.com/mccullaghlab/GMM-Positions. 

3.3 Results and Discussion 

https://github.com/mccullaghlab/GMM-Positions
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We explore the shape-GMM clustering method using a variety of examples. The first 

example we consider is a set of ENMs designed to probe the ability of both uniform and weighted 

covariance versions of shape-GMM to distinguish between structures for a known clustering. 

Subsequently, we examine the performance on one toy and one real example of models where 

molecular topology is free to change, to demonstrate the ability of weighted shape-GMM to 

estimate the number and identity of configurational clusters in the data. Full descriptions of MD 

procedures for each system are provided in Section 3.5. 

3.3.1 Elastic network models  

In order to rigorously compare and contrast clustering protocols, we create amalgamated 

trajectories of various ENMs. The force constants and topologies of the ENMs are chosen such 

that each ENM will populate a single conformation. Specifically, we consider a variety of ENM 

models with topologies motivated by the protein secondary structure elements. To further mimic 

the nature of the combined protein structural elements, we utilize an anisotropic network model 

(ANM). The Hamiltonian for our ANM model is given as 𝐻(𝑥) = ∑ 𝑘𝑖𝑗(|𝑟𝑖𝑗| − |𝑟𝑖𝑗0|)2𝑖,𝑗>𝑖                       (3.15) 

where |𝑟𝑖𝑗| = |𝑥𝑖 − 𝑥𝑗| is the distance between particles i and j, |𝑟𝑖𝑗0| is the distance between 

particles i and j in the reference geometry, and the force constants:  

𝑘𝑖𝑗 = {100                                            𝑗 = 𝑖 + 120                                     |𝑟𝑖𝑗0| = 1.71 Å10 𝑒−||𝑟⃗𝑖𝑗0 |−1.71|                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒      (3.16) 

where 𝑘𝑖𝑗  has units of kcal·mol−1
·Å−2. The strongest force constant is reserved for primary 

sequence bonds; “hydrogen bonds” are given the second strongest force constant and are set at a 

separation distance of 1.7 Å; and all remaining pairwise interactions are given an exponentially 

decaying distance-dependent force constant. A variety of topologies and system sizes of these 
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types of ANMs are used in the subsequent subsections. Examples of the types of topologies are 

depicted in Figure 3.1A. We note that because shape-GMM relies only on positions, it applies to 

these coarse-grained models without modification, whereas many state-of-the art clustering 

methods designed for protein data either require temporal information or are applied on backbone 

dihedral angles, and hence we cannot compare to them here. 

 

Figure 3.1. Clustering of an amalgamated trajectory of five ANMs of a 12-bead system. A) Schematic of the five 
topologies considered, including left-handed helix, right-handed helix, β-sheet-like, PUBS, and linear. B) Log 
likelihood per frame as a function of number of clusters for uniform shape-GMM and weighted shape-GMM. Each 
model has two corresponding curves: the log likelihood per frame of the training set and the log likelihood per frame 
from the CV set. Error bars are the standard deviation of sampling 10 different training sets for each model. Shaded 
regions denote the 90% confidence interval. 

Clustering of Five ANMs Using Shape-GMM. To rigorously assess the ability of uniform 

and weighted shapeGMM to cluster molecular-like configurations, we have constructed a set of 

five ANMs, each with 12 particles depicted in Figure 3.1A. These five structures are motivated by 

protein secondary structural elements: a left-handed helix, a right-handed helix, a β-sheet-like 

structure with a four-bead hairpin, a partially unfolded β-sheet (PUBS) with both a structured 

LinearLeft-helix Right-helix Beta Sheet PUBSA

B
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region and an unstructured region, and a linear chain that might represent an unfolded or an 

unstructured region of a protein. Equal-length simulations (10k frames each) of each model were 

run, and a single trajectory was created by concatenation. Clusterings can be compared to the 

ground truth (denoted by which ANM simulation the frame comes from) using correctly clustered 

frame pairs to avoid cluster index invariance. 

Shape-GMM is able to correctly identify five clusters in the amalgamated trajectory of the 

five ANMs depicted in Figure 3.1A. To demonstrate this, we trained both uniform and weighted 

shape-GMMs for the number of clusters varying from two to eight on 2000 randomly selected 

frames; this process was repeated on five different training sets to demonstrate repeatability (and 

to estimate error), and the CV set was the remaining 48k frames for each set. The results for 

uniform and weighted shape-GMM are comparable, so we will only discuss the uniform results 

for clarity. The resulting log likelihood per frame of the uniform shape-GMM is plotted as a 

function of the number of clusters as the blue (training) and orange (CV) curves in Figure 3.1B. 

The log likelihoods of both the training set and the CV set rapidly increase from two to five clusters 

at which point the values plateau. The plateau in the log likelihood at five clusters indicates that 

increasing the number of clusters does not improve the fit of the model to the data. Additionally, 

a lack of measurable deviation between the training set and the CV set indicates no over- or 

underfitting of the model. Thus, uniform shape-GMM on this data suggests choosing five clusters. 

Both uniform and weighted five cluster shape-GMMs yield 100% agreement with the ground truth 

on the cluster assignments. 

Clustering of Five ANMs Using Internal Coordinates. Internal coordinates can be used 

to cluster these same five ANM structures, but an accurate clustering requires a combination of 

pairwise distances and backbone dihedrals. Internal coordinates do not comprise a vector space 
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and thus the distributions in these spaces will not be strictly Gaussian. Thus, we employ a density-

based clustering algorithm, CLoNe, that has been recently applied to MD data.20 CLoNe has a 

single free parameter, denoted pdc, that dictates the maximum distance to consider grouping points 

together. Altering this parameter can change the number and identity of clusters in the data. For 

all feature spaces investigated, we scanned this parameter and chose a value that optimized the 

clustering overlap with the ground truth.  

CLoNe on pairwise positions or backbone dihedrals is insufficient to adequately cluster the 

five amalgamated ANM trajectories. In both cases, CLoNe predicts four major clusters (some 

frames are assigned as noise). CLoNe on all pairwise distances (pdc = 6; 66 total distances) 

unsurprisingly groups the two helix structures into one cluster, as pairwise distances take on the 

same values in the two clusters. This yields a clustering overlap with the ground truth of 91.3%. 

CLoNe on backbone dihedrals (pdc = 5.7; 18 values encoded by sin and cos of the nine dihedrals) 

divides the linear structure into two clusters due to the ability of each dihedral to take on a wide 

array of values. The resulting overlap with ground truth is 88.6%. CLoNe on a feature space 

composed of backbone dihedrals and pairwise distances (pdc = 4.1; 84 total features) predicts the 

proper five clusters and yields an overlap with ground truth of 99.9%. 

While CLoNe on the combination of internal coordinates is able to properly cluster the five 

ANM models, this agreement requires two significant supervision steps. First is the choice of 

specific internal coordinates. It is common to choose one or the other of these coordinates, but 

there are some cases in which both are important. This could be a situation like the combined 

dissociation of tertiary and secondary structural elements during protein unfolding. The second 

supervision step is the choice of the pdc parameter. Here, we chose a pdc parameter that yielded 

an improved agreement with ground truth. Clearly, this is not feasible in all situations. 
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Uniform Versus Weighted Alignment in ShapeGMM. Uniform shape-GMM is unable to 

distinguish between subtle structural differences in systems with enhanced flexibility throughout 

the different regions of the molecule. This is because uniform shape-GMM relies on a RMSD-

based alignment that assumes that particles fluctuate independently in equivalent, spherical 

distributions. To demonstrate this failing, we look at two partially unfolded β-sheet ANM models, 

named PUBS 1 and PUBS 2, and depicted in the insets in Figure 3.2. The only difference between 

the two structures is that two beads in the four-bead loop region of PUBS 1 are moved into the 

“hydrogen-bonding” distance in PUBS 2. The size of the “unfolded” region is varied from zero to 

eight beads in each system to assess the impact of changing the size of the highly varying region. 

Simulations of each of these were performed independently, and an amalgamated trajectory was 

created with 5000 frames from each simulation. 

Uniform shape-GMM is unable to distinguish the two partially unfolded β-sheet structures 

when the unfolded region becomes comparable in size to the folded region. To quantify this, we 

performed uniform shape-GMM on the combined trajectories of PUBS 1 and PUBS 2 for varying 

sizes of the unfolded region (quantified by n in Figure 3.2). The number of clusters was fixed at 

two, and the model was initiated with the correct clustering (to avoid convergence to local 

maxima). The fraction of correctly clustered pairs of frames from the output clustering was then 

calculated as a function of unfolded region size (Figure 3.2). The uniform shape-GMM curve 

(blue) correctly clusters almost all frame pairs for unfolded region sizes from 0 to 3 beads. For 3 

< n < 7, the uniform shapeGMM overlap with the ground truth clustering rapidly decays to only 

getting 50% of the frame pairs correct, the minimum possible given that each frame must be 

clustered into one of the two clusters. Thus, uniform shape-GMM is unable to distinguish between 

configurations PUBS 1 and PUBS 2 for the unfolded regions of five or more beads, situations in 
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which the folded region and unfolded region are comparable in size. This result is consistent with 

previous findings based on pairwise RMSD clustering. 

 

Figure 3.2. Clustering of two ANMs with varying length of an unfolded region. Fraction of correctly clustered pairs 
of frames as a function of the size of the unfolded region for uniform shape-GMM and weighted shape-GMM. Shaded 
regions denote the 90% confidence interval obtained by clustering with 10 different training sets. Representations of 
the two topologies of ANMs used in the clustering are provided as insets. 

Weighted shape-GMM can distinguish between the two partially unfolded β-sheet 

structures for all unfolded regions sampled. Again, this is quantified by the clustering overlap with 

the ground truth as a function of unfolded region size in Figure 3.2B. The weighted shape-GMM 

curve, depicted in orange, demonstrates a fraction of correctly clustered frame pairs near 1.0 for 

all sampled unfolded region sizes. This result demonstrates that the covariance in the weighted 

model is a better match to the actual covariance from the PUBS 1 and PUBS 2 ANMs than the 

uniform covariance. Additionally, this result indicates that the shape-GMM procedure can 

correctly capture a subtly different behavior in heterogeneously fluctuating molecules such as the 

ones depicted here. This result exhibits how weighted shape-GMM overcomes a previous 

challenge that limited the applications of particle positions as features for clustering. 

(    )
n
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(    )
n

PUBS 2



 83 

3.3.2 Beaded helix transitions  

To assess the ability of the shape-GMM to cluster a nonharmonic system, we consider a 

12-bead helix system with harmonic bonds along the backbone and Lennard-Jones (LJ) attractions 

between every fifth bead described in ref37. Depending on the strength of attraction between every 

i, i + 4 bead (or nearly equivalently, the temperature), this model can be trapped in its starting helix 

or make transitions between the left- and right-handed helices. A schematic of this process is 

depicted in the inset of Figure 3.3B. We choose an attractive strength of ε = 6kBT, in which case 

the helices are stabilized but some rare transitions can occur. We performed both uniform and 

weighted shape-GMM on a 10k frame trajectory to assess the ability of these models to cluster the 

data. 

 

Figure. 3.3. Clustering of a 12-bead helix transition trajectory. A) Log likelihood as a function of number of clusters 
for uniform shapeGMM (U-SGMM) and weighted-shape-GMM (W-SGMM). Error bars denote standard deviation 
and shaded regions denote the 90% confidence interval obtained from clustering using five different training sets. B) 
Clustering results for three clusters from W-SGMM on 2D free-energy surface of weighted Mahalanobis distance 
from two cluster centers (inset: schematic of the potential energy diagram). 

Both uniform and weighted shape-GMM support the choice of three clusters to represent 

the simulation data. A plot of the log likelihood per frame as a function of number of clusters is 

depicted in Figure 3.3A for both uniform and weighted models. In this scan, five randomly selected 
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training sets of 1000 frames are chosen. Uniform and weighted shape-GMMs are fit with the 

training set and then cross-validated on the remaining 9000 frames. Both uniform and weighted 

models have a significant change in slope at three clusters for both the training and CV curves. 

Additionally, the CV curve for weighted shape-GMM (red) starts to deviate significantly from the 

training curve (green) as the number of clusters is increased above three. This behavior indicates 

an overfitting of the weighted shapeGMM above three clusters. The overfitting behavior is less 

significant for the uniform shape-GMM but is still present, and, as seen in the previous section, a 

weighted shape-GMM is able to differentiate between heterogeneously fluctuating systems more 

readily than a uniform shape-GMM. 

Weighted shape-GMM identifies three states corresponding to the left-handed helix, right-

handed helix, and an intermediate configuration between the two. To demonstrate this, we plot the 

free energy of the simulation as a function of the Mahalanobis distance (Equation 3.8) from clusters 

1 and 2 as a contour plot in Figure 3.3B. There are two distinct stable states in this 2D free-energy 

surface, each of which is centered around a small separation from either cluster 1 or cluster 2. 

These are the left- and right-handed helices. Cluster identities from the three-cluster model of 

weighted shape-GMM are indicated by three colors of points on the same plot. The cluster labeling 

does a good job distinguishing fully folded (yellow and teal) from partly folded (purple) 

configurations as well as distinguishing the left- and right-handed helical configurations picked 

out by the centers of two clusters. This result is encouraging because it demonstrates that shape-

GMM is able to identify not only quasi-harmonic metastable states but also separate out and 

classify together intermediate structures. 
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3.3.3 Application to HP35  

HP35, the C-terminal subdomain of villin, has been the focus of numerous experimental 

and theoretical studies of protein folding due to its ability to autonomously fold.38,39 The 35-residue 

chicken villin headpiece protein contains three helices, with helix 1 composed of residues 4−10, 

helix 2 of residues 15−19, and helix 3 of residues 23−32. Wild-type HP35 has a folding rate of 

(4.3 ± 0.6 μs)−1,40 which was further observed in atomistic MD simulations with an implicit 

solvent.41 Mutations were sought to enhance the folding rate42 and ultimately yielded a fast-folding 

double mutant referred to as Nle/Nle (Nle—norleucine) with a measured folding rate of (0.73 ± 

0.05 μs)−1 at 300 K.43 The ∼305 μs all-atom, explicit solvent, MD simulation of the HP35 Nle/Nle 

mutant from D. E. Shaw Research has been extensively studied and serves as a benchmark system 

for structural clustering.7,9,17,44–51 Here, we use this simulation at 360 K to compare and contrast 

between uniform and weighted shape-GMM, compare weighted shape-GMM clusterings to 

previous results, and, finally, propose the structural folding mechanism most consistent with the 

weighted shape-GMM results. 

Uniform Versus Weighted Shape-GMM for HP35. We hypothesize that uniform and 

weighted shape-GMM will give consistent clustering results for well-folded states but inconsistent 

results for partially and completely unfolded states. This hypothesis is consistent with the cluster 

results from the ANMs in Section 3.1.3. To test this hypothesis, we trained six-state uniform and 

weighted shape-GMMs on ∼61k frames of the HP35 trajectory. For reference, a reasonable 

training set size should include at least 25k frames to sample one of the observed 61 

folding/unfolding events within the ∼1.5M frame trajectory44. A six-state model was chosen due 

to literature precedence and simplicity of comparison (results from a scan of cluster sizes are 

discussed in Section 3.3.2). Backbone atoms (C, CA, and N from residues 2 through 34, C from 
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residue 1, and N from residue 35) are selected for the feature set to remain consistent with previous 

backbone dihedral value clustering methods.7,48 For each covariance approximation, 20 models 

with different randomly chosen starting conditions were trained, and the model with the largest 

log likelihood was used for subsequent analysis. 

 Uniform and weighted six-state shape-GMMs show consistency in separating the folded 

from unfolded states of HP35. To support this claim, we combine the clustering overlap between 

the two models, as assessed by a matching wheel (Figure 3.4A), and the stability of dihedral 

distributions of the residues in each cluster represented in ramacolor plots17 (Figure 3.4B for 

uniform and Figure 3.4C for weighted). The backbone dihedral to color array mapping can be 

found in Figure S2. Starting with the weighted shape-GMM six-state ramacolor plot (Figure 3.4C), 

we observe that states I and II have bright coloration for all residues, indicating well-defined 

dihedral distributions in these states. State IV has the majority of residues in well-defined dihedral 

states, with the C-terminus starting to display some dihedral disorder, as evidenced by the muted 

color for residues 30−34. The remaining weighted shape-GMM states (III, V, and VI) have over 

half of the residues with muted ramacolor distributions indicating that these states are relatively 

disordered. Thus, we conclude that weighted shape-GMM states I, II, and IV are folded states and 

III, V, and VI are unfolded. The matching wheel indicates that the weighted shape-GMM folded 

states (I, II, and IV) are predominantly matched with the states 1, 2, 4, and 6 from uniform shape-

GMM. The ramacolor plot for uniform shapeGMM indicates that states 1, 2, 4, and 6 are all fairly 

structured in their dihedral distributions and that the remaining clusters (3 and 5) are disordered. 

Thus, we conclude that both the uniform and weighted shape-GMM are able to separate folded 

from unfolded states. 
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 Weighted shape-GMM separates the states by distinct regions of instability corresponding 

to the secondary structure elements in HP35. Considering the most unstable uniform states 3 and 

5, indicated by muted colors across nearly all residues, there are no obvious differences between 

these two states indicated in Figure 3.4B. In contrast, the unstable weighted states III, V, and VI 

have clear structural differences (Figure 3.4C). The dihedral distributions of residues within the 

weighted state III closely resemble either uniform states 3 and 5, where all three helices show 

instability, but there is stability in turn 2 and in some subsequent residues. Alternatively, weighted 

state VI is entirely unstable but gets divided up evenly to define uniform states 3 and 5. Weighted 

state V has stability in helix 3 and helix 2 and is composed of frames that make uniform states 3, 

4, and 5. Finally, weighted state IV is a very stable state besides the C-terminal end, which 

compares reasonably well with the uniform state 4 besides the weighted state showing more 

stability in the N-terminal helix. Altogether, these results confirm that weighted shape-GMM 

improves structural discrimination when it comes to flexibility in particular regions, whether it is 

a single residue or secondary structures. Therefore, for identifying the states in challenging 

biomolecular processes such as protein folding, a weighted shape-GMM is preferred. 

 The six-state weighted shape-GMM trained on backbone atoms captures several structural 

distinctions between unfolded, intermediate, and native states previously suggested by the 

backbone dihedral clustering schemes for 6- and 12state models.7,9,17,48 For example, the ramacolor 

plot for this model in Figure 3.4C illustrates that states I and II differ in the conformation of Asp3. 

The helical conformation of Asp3 has previously been shown to distinguish between the native 

and intermediate states in the 6- and 12-cluster models.17,48 That weighted shape-GMM predicts 

the native state to be larger in population than the intermediate state is inconsistent with some 

previous results17 but consistent with other recent results.7 A native-like state that is structurally 
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similar to the native state, but differing mainly in the dynamics due to an unlocked and partially 

unfolded helix 3, has been identified previously and is in line with state IV from weighted 

shapeGMM.45,48,52–54 Alternatively, state V indicates the opposite trend: the N-terminus and helix 

1 are highly fluctuating, and there is more stability from residue 17 leading into helix 3, with a 

slight increase in positional variance again at the C-terminus. This indicates that state V has an 

unfolded helix 1 but partial folding of helices 2 and 3. These structural attributes have also been 

discussed in previous models and used to define unfolded states in more detailed 12-state models.17 

The ability of our weighted shape-GMM to capture these features in a six-state model supports the 

high capacity for structural discrimination and the model’s prioritization of these states as distinct. 

 

Figure 3.4. Uniform and weighted shape-GMM of six-state clustering results on HP35 Nle/Nle mutant. A) Matching 
wheel for cluster trajectories of uniform (top, 1−6) and weighted (bottom, I−VI). B) Ramacolor plot of uniform shape-
GMM and C) weighted shape-GMM. Percentages correspond to cluster populations. 

HP35 Folding: An Intuitive Four-State Model. Weighted shape-GMM results on HP35 

are most consistent with a four-state model. A 10-fold CV scheme using a ∼25k frame training set 

applied to a scan of cluster sizes shows a significant % change in the slope of the log likelihood at 

a cluster size of 4 (see Figure S1), which suggests that four clusters is an appropriate choice given 

the structural data used to fit the model. A cluster size of 8 could also be considered with this 

reasoning; however, the deviation of log likelihood between the training and prediction data is an 
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indication of model overfitting. It is possible that with this large cluster size, the training data size 

must be increased to build a model with representation in the training data for eight states to be 

sufficiently clustered. 

The four-state weighted shape-GMM is composed of a native state, near-native state, 

intermediate state, and an unfolded state. The most populated cluster (53.41%) is characterized as 

the native state, N, with completely folded helices and the αL-Asp3 conformation (Figure 3.5). The 

native-like state, N′, that resembles N, but differs in the partial unfolding of helix 3, is the least 

populated (13.95%). In contrast to the previous six-state model, a near-native intermediate state 

with completely folded helices and an αR-Asp3 is not prioritized as a distinct state with a cluster 

size of 4. This model still identifies an intermediate state, I (17.46%) with an unfolded helix 1, and 

partial folding in helices 2 and 3, and a broadly disordered unfolded state, U (15.17%). 

 

Figure 3.5. Ramacolor plot for the HP35 weighted shape-GMM four-state model prior to dynamical coring. 
Percentages correspond to the native (N), intermediate (I), unfolded (U) and near-native (N′) state populations. 

A Markov state model (MSM) with a lag time of 2 ns, built from the four-state shape-

GMM results using PyEMMA,55 yields three dynamically distinct processes. The trajectory of 
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cluster identities was first fed through a dynamic coring procedure with a minimum window of 2 

ns (10 frames).51 This changed only 3.8% of frames, suggesting that the results from weighted 

shape-GMM were already dynamically stable. The four-state model yields a passing 

Chapman−Kolmogorov test (see Figure S3). Three implied timescales are observed, having values 

of 348, 40.9, and 19.1 ns. The processes associated with these three timescales are population shifts 

from states I and U to states N and N′, between states I and U, and between states N and N′, 

respectively. Additional results from this model are depicted in the network diagram presented in 

Figure 3.6. 

Figure 3.6. Variation in the backbone atomic displacement for each state in the four-state weighted shape-GMM 
results for HP35. Regions corresponding to helix 1, helix 2, and helix 3 are colored forest green, cyan, and yellow, 
respectively. Error bars represent the standard deviation of the values estimated from dividing the trajectory into 10 
equal-sized continuous segments. Enlarged points represent the Cα atoms of each residue. Top: GMM centers in thick 
tube representation, with 100 random frames from each cluster in thin tube representation. State lifetimes are shown 
in each structural figure, with MFPTs between the connected states. 

The folding mechanism of HP35 (Nle/Nle mutant) proceeds from the unfolded state, U, 

through an intermediate state, I, and near-native state, N′, to the native state, N. The mean first 

passage time (MFPT) to go from U to I is 80 ns, and this process is characterized by a partial 

structuring of the C-terminal end of helix 3 (residues 29−34). Subsequent folding of helices 1 and 

2 (I to N′) is the rate-limiting step, requiring 210 ns. Once the N-terminal helix has formed, the 

final step is to completely fold the C-terminal helix, taking 0.12 μs. Previous models proposed a 
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native-like state that serves as a kinetic trap, only accessible through N;47 however, our model 

shows that N′ is en route to N, which is consistent with experimental evidence.52 The unfolding 

mechanism is similar to folding but in reverse. In both cases, the transition states are observed 

between the N′ and I states, as quantified by the committors. 

The structural characteristics of the intermediate state support a mechanism that primarily 

folds helix 3 and 2 before helix 1. The order of helix formation during HP35 folding has been 

heavily debated, both experimentally and theoretically, with some evidence that the order is highly 

influenced by both physical and methodological factors, such as temperature, or the force field 

used.48,50,52,56–58 A recent MSM of Nle/Nle HP35, built from a 57-state model, found that over 90% 

of all pathways formed helix 3 before helices 2 and 1.51 The most preferred pathway appeared to 

fold in the order of helix 3, then 2, and lastly 1, which agrees well with our much more reduced 

model. Additionally, recent studies show evidence of Nle/Nle folding beginning with stabilization 

in the middle of helix 3 at residue 28, to the helix 3 N-terminus at residue 22, rather than a fully 

folded helix 3,50,56 which aligns well with our results that show that even in the unfolded state the 

N-terminus of helix 3 has the lowest variance in the backbone atom positions (Figure 3.6). In going 

from U to I, the backbone atom variances decrease significantly for the residues in helices 3 and 

2. Interestingly, residues 20−29 in the intermediate state appear fairly stable in that the variance is 

nearly the same for each backbone atom, yet the unchanging value is still high (∼20 Å2). While 

these residues exist in stable conformations (also indicated in Figure 3.5), they may need to 

accommodate for the large fluctuations coming from the unfolded helix 1 and loop 1. This indicates 

that even though these regions are folded, their stability can be influenced by the rest of the protein. 

Furthermore, this information is a direct result of weighted shape-GMM, as the covariance is 

iteratively evaluated and used to optimally define each cluster. 
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A MSM based on our weighted shape-GMM 4-state discretization represents a respectable 

balance between structural resolution and kinetic detail. The mechanism of folding aligns well 

with previous models, even those based on much larger MSMs, and captures subtle but relevant 

state differences, such as the increased C-terminal variance in the native-like state. It is important 

to reiterate that this model was fit on ∼4% of the total trajectory data; therefore, not all folding 

events were represented during training. It is becoming more evident that although HP35 is a small 

protein, the folding mechanism is complex and likely to result from multiple pathways with 

possible kinetic traps and misfolded states. If the goal was to model an ensemble of folding 

pathways, which have been suggested for this system, then we propose: (1) using a larger training 

size to invite more representations for potential pathways, such that larger cluster sizes (e.g., 8) 

can be chosen without overfitting and (2) exploring additional features, such as side-chain center 

of mass, as it has been proposed that for HP35 the secondary structures form first, primarily in the 

unfolded basin, and then longer scale sidechain ordering must occur to achieve native contacts.46,59 

As a measure of MSM validation, VAMP-2 scores for various HP35 discretizations, with and 

without dynamical coring, are provided in Table S1 of the Supporting Information. The VAMP-2 

scores of 4-state, 6-state, and 12-state shapeGMM results compare favorably with a well-informed 

12-state model, following the most probable path clustering protocol designed by Nagel et al.,51 

especially when the clusterings are further refined using dynamical coring. This supports the 

viability of this structure-based method in yielding kinetically relevant information, even though 

the procedure is void of explicit dynamic information. 

3.4 Practical considerations for shapeGMM  

ShapeGMM is an appealing approach to structural clustering but is not without its 

limitations. There are three major points to consider when using this method: (1) difficulty in 
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convergence to global maxima, (2) estimating high-dimensional objects, and (3) the computational 

expense of fitting the models. The first of these limitations is true for any EM procedure. This 

concern can be alleviated by performing each maximization numerous times with different model 

initialization parameters and selecting the model with the highest resulting log likelihood, as 

suggested by others.60 While there may be additional improvements that can be done to ensure 

global maxima convergence, we believe that the other two limitations are more specific to the 

application of shape-GMM to MD data and are discussed in more detail in the following 

subsections. 

Clustering Convergence and Estimating N × N Covariances. The most challenging 

component of estimating a weighted shape-GMM are the multiple, high-dimensional, covariance 

matrices. To estimate a weighted shape-GMM for K clusters on a trajectory with N atoms, one 

must estimate K N × N covariance matrices. The minimum criteria is to make each matrix full 

rank, which requires N + 1 independent data points for each matrix. Shape-GMM is aided in this 

endeavor by two aspects of the model. First, there are three independent measures of the N × N 

covariance in each frame. Second, each frame can contribute to the covariance matrix of each 

cluster as indicated in Equation 3.13. The weight of each frame is determined by the posterior 

distribution (Equation 3.10) and can be vanishingly small. Practically speaking, one must have 

multiple (>10) independent samples of each covariance to have any confidence in their estimates. 

Thus, a reasonable estimate is 𝛼 (𝑁+1)3  frames with α > 10 for a training set. The quality of the 

estimate of the covariance will be dictated by α, and the value needed to perform clustering will 

depend on the system being clustered. The PUBS 1 and PUBS 2 ANM models with n = 8 provide 

a challenging system to cluster because the difference in the two structures is heavily dependent 

on the difference in covariances. Thus, we investigate the convergence of weighted shape-GMM 
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on this data as a function of the training set size (Figure 3.7). We consider training sets of sizes 

varying from 100 to 2000 frames, with each training set picked randomly from the total of 10k 

frames. Each training set size was sampled 10 times, and the resulting models were used to predict 

clustering on the full 10k frame trajectory. The resulting clustering overlap with the ground truth 

and log likelihood per frame are depicted in Figure 3.7. For training sets of size <300 frames, we 

see that the clustering overlap with ground truth is low (≈50%) but that this overlap rapidly 

increases from training set sizes 300 to 700. From there, there is some oscillation of the average 

value, but overlaps are all near or above 90%. The log likelihood per frame of the entire clustering 

shows a similar but more steady increase and plateauing behavior. We note that the clustering 

overlap for models trained on even >1000 frames still shows significant deviation between 50 and 

100% overlap with ground truth, as indicated by the shaded region. This indicates the importance 

of the particular training set chosen, especially for relatively small training sets. Therefore, it is 

recommended to fit shape-GMM on various training sets and use the model with the highest log 

likelihood on the entire data set. 

As N gets larger, sampling of the covariance matrices will become more challenging. It has 

previously been estimated that RMSD-based clustering will start to fail for greater than 200 

particles.61 This analysis utilized both a standard RMSD measure as well as a weighted RMSD 

measure, but this weighted measure still equates to a diagonal covariance matrix, not the weighted 

form of the covariance we describe in this paper. Thus, it remains an open question as to the limit 

of N for our weighted shape-GMM clustering. All systems studied in this paper fall under the 200-

particle threshold given for RMSD. 
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Figure 3.7. Clustering convergence for weighted shape-GMM on the PUBS 1 and PUBS 2 ANMs. The average 
clustering overlap with ground truth and log likelihood per frame are plotted as a function of the training set. Each 
training set was chosen randomly from the 10k total frames. This procedure was repeated 10 times to compute the 
average and 90% confidence interval (shaded region). 

Computational Expense of shapeGMM. Computational expense of weighted shape-GMM 

scales linearly with the number of clusters. This can be observed in both plots depicted in Figure 

3.8. We focus on the orange curve with a training set of 25k frames in Figure 3.8A, as this is the 

same training set size used for our cluster scan. We observe that for two clusters, a weighted shape-

GMM takes approximately 10 min to optimize. For 14 clusters, it takes approximately 150 min to 

optimize. The large variance in optimization time, as indicated by 90% confidence intervals 

surrounding the solid lines, is a natural aspect of the EM procedure for GMMs. The time it takes 

to find a maximum in log likelihood depends dramatically on the starting conditions. Regardless, 

the trend in the average time as a function of number of clusters is clearly linear, as one would 

expect for a serial implementation of the EM GMM procedure. 

Computational expense scales linearly with the number of frames in the training set. The 

four different lines in Figure 3.8A indicate different training set sizes. We start with 12.6k frames 

and then increase by multiples of 2 to include ∼25k, 50k, and 75k frames. The slopes of the best 
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fit lines are 5.1, 10.4, 19.7, and 30.0 CPU min/cluster, respectively. These scale by the same 

multiplicative factor as the number of frames, thus indicating that the procedure scales linearly 

with the number of frames. 

 

Figure 3.8. CPU time for weighted shape-GMM optimization for HP35. A) CPU time to optimize a single weighted 
shape-GMM on 34 atoms as a function of number of clusters for different training set sizes. B) CPU time to optimize 
a single weighted shape-GMM on ∼13k frames as a function of number of clusters for different number of atoms in 
the feature space. 

Computational expense scales quadratically with the number of atoms, beyond an initial 

sub quadratic region. The CPU time as a function of number of clusters is plotted for four different 

feature space sizes in Figure 3.8B. All of these were done with 12.6k frames in the training set. 

The behavior of different feature space sizes is not as clear as that of the training set size. The 

slopes of the best fit lines are 5.1 CPU min/cluster for 34 atoms, 5.3 CPU min/cluster for 68 atoms, 

9.1 CPU min/ cluster for 102 atoms, and 21.8 CPU min/cluster for 136 atoms. The ratio of the 

slopes of the smallest feature space size (34 atoms) to that of the largest feature space size (136 

atoms) is approximately 4, comparable to the ratio of the feature space sizes themselves. The two 

medium-sized feature spaces behave sub linearly compared to the smallest feature space size. 

Comparing the slopes of the CPU times of 68 and 136 atoms, we observe a quadratic relationship 

between time and feature space size. We expect CPU time to scale as N2 due to the two dominant 

processes being the calculations of covariances. 
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It is possible to train weighted shape-GMMs with 100s of atoms on 10s of thousands of 

frames within a few hours. The computational time is compounded by the recommendation to run 

multiple iterations to increase the chances of converging to a global maximum, as well as the 

potential need to scan the number of clusters. That said, each of these runs is completely 

independent and thus can be run simultaneously on separate processors. Additionally, the 

clustering algorithm requires very few user parameters: feature space size, training set size, and 

number of clusters. This is in stark contrast to many other clustering protocols. 

3.5 Conclusions and Outlook 

A GMM on particle positions is a conceptually appealing approach to model the high-dimensional 

probability density of macromolecules. The difficulty in doing so has been to account for the ability 

of the molecule to freely rotate and translate in a way that properly accounts for particle−particle 

correlation. Here, we present the ML alignment and GMM procedures necessary to determine the 

optimal parameters for a given mixture size. This procedure can be used to discretize 

conformational space in a way that theoretically matches the intuition of molecules hopping 

between harmonic free-energy minima. 

Two shape-GMMs are presented: uniform, a model in which the particle covariance of 

each mixture is presumed to be proportional to the identity matrix, and weighted, a model in which 

the particle covariance of each mixture is presumed to have the form  𝚺 = 𝚺𝑁⨂𝑰3. Both uniform 

and weighted models are able to distinguish between five structurally distinct ENMs. 

Weighted shape-GMM is able to distinguish between distinct structures for species with 

heterogeneous particle variation. This finding disproves a previously held belief that particle 

positions cannot distinguish between these types of structures and demonstrates an achievement 

of shape-GMM that will greatly benefit the field. 
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Weighted shape-GMM also provides globally distinct clusters for the folding/unfolding of 

HP35 from an all-atom MD trajectory. The identified clusters corroborate some previously 

identified features of the conformational ensemble of HP35 but are distinct in the global picture of 

the folding pathway. Specifically, a four-state model is the most consistent with our data and 

predicts that the native state comprises >50% of the entire trajectory and follows a C-terminal 

unfolding and then N-terminal unfolding pathway. 

Weighted shape-GMM can also be used to compare clusterings from other, potentially 

faster procedures. The log likelihood of a particular clustering can be readily computed and 

compared between clusterings. The clustering with the largest log likelihood represents the best 

partitioning of the data under the given GMM. 

The generality of our approach is strengthened by the ease of access and application. The 

package can be easily installed from PyPI (pip install shapeGMM) or directly from github 

(https://github.com/mccullaghlab/GMM-Positions). The code interface is designed to mimic the 

Scikit-learn Gaussian mixture package with object initialization, fitting (albeit with uniform and 

weighted versions), and prediction routines. 

The shape-GMM algorithm is more computationally demanding than some other clustering 

procedures. While linear scaling is observed as a function of number of clusters and training set 

size, quadratic scaling is observed for feature space size. This will limit the system sizes that 

weighted shapeGMM can be readily applied to. We note, however, that there are some distinct 

advantages, other than conceptual ones, of the algorithm: few parameters are needed for clustering, 

and the method can be directly applied to any type of molecular system. Looking forward, we 

expect a GPU implementation of the algorithm to greatly improve the applicability for larger 

system sizes or data sets. 

https://github.com/mccullaghlab/GMM-Positions
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3.6 Simulation Details 

3.6.1 ENM simulations 

ENMs were simulated in the LAMMPS package.62 Harmonic bonds were placed between 

each bead. Langevin dynamics simulations were performed at 300 K in the NVT ensemble with a 

damping coefficient of 10 fs−1. An integration timestep of 2 fs was used. Simulations were run for 

10 million steps, with frames written every 100 steps. 

3.6.2 Beaded helix simulations 

A12-beadmodel designed to have two equi-energetic ground states as left- and right-

handed helices37 was simulated in LAMMPS.62 Eleven harmonic bonds between beads having rest 

length of 1.0 and spring constant of 100 form a polymer backbone. LJ interactions between every 

i, i + 4 pair of beads with ε = 6.0 and σ = 1.5 and a cutoff length of 3.0 give rise to the helical 

shape. All nonbonded i, i + 2 and farther also have a repulsive WCA interaction with ε = 3.0 and 

σ = 3.0 added to prevent overlap, with ε for i, i + 2 reduced by 50%. Simulations at temperature 

1.0 were performed using “fix nvt” using a simulation timestep of 0.005 and a thermostat timestep 

of 0.5. A folding/unfolding trajectory of length 50,000,000 steps was generated and analyzed as 

above. Here, all parameters are in reduced (LJ) units. 

3.6.3 HP35 Simulation 

A 305 μs all-atom simulation of Nle/Nle HP35 at 360 K from Piana et al.58 was analyzed. 

The simulation was performed using the Amber ff99SB*-ILDN force field and TIP3P explicit 

water model. Protein configurations were saved every 200 ps, resulting in ∼1.5M frames. 

3.7 Associated Content 

The Supporting Information is available free of charge at 

https://pubs.acs.org/doi/10.1021/acs.jctc.1c01290. Log likelihood of weighted shape-GMM (S-

https://pubs.acs.org/doi/10.1021/acs.jctc.1c01290
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GMM) as a function of number of clusters; RGB values corresponding to phi−psi angle pairs used 

to assign a unique color value to a dihedral conformation; Chapman−Kolmogorov test for four-

state MSM resulting from weighted shape-GMM clustering on HP35; and scores for a variety of 

clusterings of the HP35 trajectory. 
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CHAPTER 4. AUTOMATED ENZYME QM-MODEL GENERATION 

WITH PYTHON WORKFLOWS 

4.1 Introduction 

Greater understanding of enzymatic mechanisms aids the discovery of new targets for 

biologics, the development of biocatalytic transformations, and de novo enzyme design. Methods 

using quantum mechanical (QM) potentials, such as Density Functional Theory (DFT), have 

enabled complex multistep enzymatic mechanisms to be studied, often in quantitative detail. 

Nevertheless, there are two fundamental areas of improvement in this field that limit widespread 

application and predictive power, especially in the absence of experimental data. The first regards 

the standardization and reproducibility of multi-scale methods applied in computational 

biocatalysis.  The second pertains to the differences between computational modeling and 

experimental observables; the former provides a microscopic description, while the latter is 

inherently macroscopic.  

Computational biocatalysis demonstrates significant barriers to reproducibility, as made 

evident in a recent study that shows simply reporting QM model set-up is not sufficient for 

reproducibility.1 Even default algorithm parameters must be reported as differences across 

software and versions can quantitatively alter results. The growing list of seemingly minor 

procedural details required for reproducibility compounds the issue further by increasing the 

chances of misreporting at the time of publication and introducing modeling inconsistencies or 

errors into the investigation. As noted by the National Academies of Sciences, Engineering, and 

Medicine in a 2019 consensus report, Reproducibility and Replicability in Science, computational 

workflows are exceedingly valuable to facilitate reproducibility.  
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I have established an open-source, MIT licensed, Python code called enzyASM that takes 

fundamental steps towards improving reproducibility and aiding high-throughput investigation in 

QM-based enzyme modeling. To the best of my knowledge, enzyASM is the first publicly 

available module that automates truncated enzyme active site model (ASM) generation. The 

current functionalities are rooted in the fundamental aspects of developing an input structure for 

QM geometry optimization and described in more detail in Section 4.2.1. Expansion of the 

enzyASM module and its integration with existing toolkits to facilitate a broad range of 

applications is discussed in Section 4.2.2. The code is freely available via the GitHub repository 

(https://github.com/hklem/enzyASM), that also contains a Jupyter notebook tutorial example that 

generates an initial Gaussian input file for geometry optimization from the PDB structure 3zr42 of 

IGPS. 

4.2 The enzyASM Framework 

The only non-native dependency of the enzyASM code is the RDKit package, a widely 

used open-source cheminformatics software written in C++.3 RDKit enables efficient processing 

and manipulation of atomic- and residue-level properties and attributes that come from Protein 

Data Bank4 (PDB) data. Open Babel,5 another common, open-source chemistry toolbox, is not 

required, however, in examples is used to generate protonated structures. The Open Babel 

protonate function is particularly useful because it will protonate structures according to a specified 

pH. The last not-required, but highly recommended package to use in conjunction with enzyASM 

is the Automated Quantum Mechanical Environment (AQME).1 AQME has various modules that 

facilitate automation and reproducibility in QM workflows. Although it was originally developed 

with small molecule applications in mind, collaborations are ongoing to supplement 

https://github.com/hklem/enzyASM
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macromolecular support. Integration of enzyASM with AQME requires Python version 3.6 or 

newer. 

 

Figure 4.1 Process of enzyASM to generate truncated active site models. Images shown are direct snapshots from the 

PyMOL visualization script available in the enzyASM GitHub. Code snippets are taken from the Jupyter notebook 

example, also on the enzyASM GitHub. 

Code initialization. The starting point in the enzyASM framework can vary depending on 

its application. In the most rudimentary scenario, it begins with the 4-letter PDB code assigned to 

the system of interest. Given this, enzyASM will download the “.pdb” file directly from the Protein 

Data Bank server and parse it for relevant information such as if hydrogen atoms or ligands are 

present and number of amino acid residues (Figure 4.1). In other applications, the user may opt to 

supply a prepared “.pdb” file, for example one generated during MD simulation. Other than the 

PDB code or “.pdb” file, the user is only required to define a catalytic center and cutoff distance.  

Active site reduction. The catalytic center describes the core of the ASM, and its definition 

can impact the quality of the generated model. The reacting substrate is often a reasonable choice 

unless it has not been crystallized in a catalytically competent pose. In that case, it may be farther 

than expected from the residues that are functionally relevant. The user is cautioned to select an 

appropriate input structure to avoid such concerns. Once the catalytic center is defined, the active 

site region is selected via an ad hoc distance cutoff (Figure 4.1). All residues, including water 
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molecules, with at least one atom within a user-defined distance from an atom of the catalytic 

center are kept in active site model. This requires the calculation of pairwise-atomic distances 

between catalytic center atoms and all other atoms, which can become costly. This calculation is 

expedited by performing an initial approximate reduction of atoms, in which distances are 

measured only from the catalytic center centroid. The distance cutoff is buffered by taking the 

maximum distance between the catalytic center centroid and its atoms, in doing so it is ensured 

that all residues that would fall within the distance cutoff are maintained. Once the first pass is 

complete, the function runs a second time, during which the distances are measured from all 

catalytic center atoms. In the case of the 3zr4 IGPS structure (used in the example provided in the 

enzyASM GitHub repository), with the catalytic center defined by the 10 heavy atoms of the Gln 

ligand, this two-stage approach requires 95,012 less distance measurements.   

Truncation and capping schemes. For modeling via the QM-cluster approach, different 

truncation schemes can, and should be considered. To highlight the influence different truncation 

schemes can have, I will model the hPhe177—hHis178—hPro179—hGlu180—hLys181 

(FHPEK) strand in the IGPS active site (Figure 4.2). Gas-phase geometry optimizations were 

performed at the ωB97XD/6-31+G(d) level of theory, and all Cα atoms and capping hydrogens 

were frozen. Truncating each residue in FHPEK at the Cα position (methyl capping) removes an 

interaction between the Glu180 sidechain atom, O2, and its amide backbone that is maintained in 

the hydrogen capping and mixed capping examples. As a result, Glu180 has more freedom and 

forms a stronger hydrogen bond between its O2 and the His178 δH (1.9 Å) versus the hydrogen 

capping (2.9 Å) and mixed schemes (3.2 Å). These structural differences do not alter any 

conclusions from CHAPTER 2 because the study focused on how structural differences between 

active site geometries altered the reaction energetics, and the interaction between Glu180 and 
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His178 was not distinctly different in those evaluated models. This exception, however, would not 

apply to investigations that aim to study the detailed reaction mechanism resulting from a single 

model. In such situations, the influence of different truncation schemes should be examined. The 

enzyASM code facilitates this by providing the functionality to generate multiple models in 

accordance with different truncation schemes (Figure 4.1).  

 

Figure 4.2. Truncation schemes applied to peptide FHPEK from the IGPS HisH subunit. a) Hydrogen capping: the 

terminal ends are cut, and a single hydrogen is added to each end. b) Mixed capping: the peptide backbone atoms are 

removed from the terminal residues and the Cα are capped, creating methyl groups, His and Glu are hydrogen capped 

at the N- and C-termini, respectively. c) Methyl capping: all peptide backbone atoms are removed from each residue 

and the alpha carbons methyl capped. d) Optimized geometries of each truncation scheme. The translucent red 

structure is the methyl capping scheme, the translucent blue is the mixed capping scheme, and the solid atom-colored 

model is the hydrogen capping scheme. The table shows O1 and O2 distances from the His δH resulting from different 

truncation schemes. 
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4.3 Ongoing Developments 

Validation of multiscale enzyme modeling is nontrivial due to a lack in rigorous guidelines 

for best practices. Accuracy of results depends critically on QM-region design aspects, such as 

which atoms to include and what geometrical configuration(s) to evaluate. A variety of residue 

selection schemes exist; however, their general advantages, limitations and applicability are vastly 

underexplored. The enzyASM code will be extended to accommodate QM-region selection 

schemes other than the ad hoc distance cutoff. Furthermore, additional integration with AQME 

will continue to be developed.  

QM region validation. Chemical intuition and prior studies are often used to define the 

QM region; however, schematic approaches are increasingly popular because they can be 

implemented in automated workflows that avoid bias. A distance-based scheme, although 

straightforward and easy to implement, often results in very large QM regions (500–1000 atoms) 

to converge important properties like partial charges.6 Charge shift analysis (CSA) was developed 

as an atom-economical approach that selects residues based on the magnitude of per-residue partial 

charge redistribution in the presence versus absence of the substrate.7 CSA still requires large 

(~1000 atoms) single-point calculations (no geometry optimization) at the outset to inform the 

economized QM region. Fukui shift analysis (FSA) was developed as a more efficient alternative.8 

The condensed Fukui function is a well-established conceptual DFT reactivity descriptor that 

summarizes local reactivity change in response to adding or removing an electron.9,10 In FSA, the 

condensed Fukui functions are first calculated for the minimal, chemically essential components. 

Then, these values are recomputed as surrounding residues are added one at a time in systematic, 

parallelizable single-point calculations. The root-sum-squared (RSS) difference from the minimal 

model is used to measure the impact of each added residue. enzyASM will be developed to 
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automate the generation of models following a variety of selection schemes, and calculation of 

subsequent quantities of interest ranging from geometric (e.g., hydrogen bond distances, dihedral 

angles) to energetic/electronic descriptors (e.g., activation and reaction energies, pKa gradients, 

charges, Fukui indices, bond dipoles, electrostatic field). The results will be corroborated by 

experimental data when available and compared with previous models published in the literature. 

The broad scope of QoI used for assessment will provide valuable insight into the sensitivity and 

robustness of criteria to QM-model design aspects.  

Integration with existing workflows. Currently, the AQME QPREP module is incorporated 

in the enzyASM Jupyter notebook example to automate the generation of QM input files. AQME 

was developed for small-molecule applications, therefore calculation details common in enzyme 

modeling (e.g., boundary conditions and system constraints) are not accounted for. Upcoming 

versions will of AQME and enzyASM will accommodate additional AQME modules such as 

CSEARCH, to perform conformational searching, and QCORR to assess and record output 

calculation data and metadata (Figure 4.3).  

 

Figure 4.3 AQME modules that will be used in automating enzyASM. 

Conformationally heterogenous active site modeling. The field of enzymology has 

recently evolved from structure-function to an ensemble-function paradigm due to state-of-the-art 

applications of molecular dynamics simulations and experiments, room-temperature (RT) and 

multi-state X-ray crystallography,11–13 and cryogenic electron microscopy (cryoEM)14–17 that 
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probe the conformational ensemble.  From a statistical mechanics perspective, experimentally 

measured catalytic properties are macroscopic observables averaged over an ensemble of 

accessible microscopic states. However, computational predictions are often based on either a 

single value from a static structure or averaged-values from snapshots in short molecular dynamics 

(MD) trajectories.18 Alternatively, the combination of extensive MD sampling and subsequent 

structural clustering has been proposed to identify and quantify relevant states required to compute 

accurate properties of population weighted QM enzyme models.19 This approach is supported by 

recent advances in biomolecule clustering algorithms20 (CHAPTER 3) and discussed in more 

detail in CHAPTER 5. 

The small-molecule computational community routinely performs conformational 

sampling with semiempirical QM (SQM) methods like GFN2-xTB, a density functional tight 

binding potential parametrized for all biologically relevant elements.21 GFN2-xTB optimized 

protein structures provide similar, and in some cases better, results than force fields specialized for 

protein simulation.22 The Conformer-Rotamer Ensemble Sampling Tool (CREST), implemented 

by the free quantum chemistry package xTB,23,24 can be used with GFN2-xTB to efficiently 

explore low-energy conformational space. CREST employs the iMTD-GC algorithm to perform 

iterative Metadynamics simulations to explore conformational space by adding bias potentials to 

the structure and final structure sorting via a genetic-crossing procedure.24 CREST has been 

successfully applied to the prototypical enzyme catechol O-methyltransferase to identify lower 

energy transition state geometries.23  

The application of the CREST-xTB framework in a conformational sampling workflow for 

enzyme models may yield active site configurations that enable more realistic, ensemble-informed 

modeling, and result in a generalizable procedure for the automated workflow. Although this 
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approach does not provide information regarding conformational transition timescales, the 

configurations can be used to inform biasing potentials for enhanced sampling MD to provide such 

information, supplementing an active area of research.25 Furthermore, this approach may be 

particularly promising for predictive-structure applications.26 For example, AlphaFold2 structures 

are averaged over ligand-free and ligand-bound states and found to structurally distort the active 

site to some extent,27 necessitating model flexibility to accommodate for the structural 

uncertainties. There is concern that the SQM conformational sampling approach might not yield 

realistic configurations in the absence of the greater protein environment. Although I expect proper 

parameter tuning to resolve such issues, this would not be seen as a failure. A contingency plan 

will use these configurations to inform de novo design principles, inspired by the concept of 

theozyme modeling, to address questions like what is an optimal arrangement of residues to favor 

pathway A over pathway B?  
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CHAPTER 5. THE FUTURE OF COMPUTATIONAL BIOCATALYSIS§ 

“Science will never be a finished book. Any development over time reveals more and deeper 

difficulties.” –Albert Einstein 

 

The dynamic interconversion of enzyme conformations between active and inactive states, 

often involves length- and timescales inaccessible to QM treatments. This presents an ongoing 

challenge for the development of computational models of enzymes with conformationally distinct 

catalytic states. The previous chapters lay important groundwork that motivates solutions to these 

current challenges. The DFT model of the glutamine hydrolysis reaction performed by IGPS 

revealed there are multiple structural solutions to lowering the activation energy barrier 

(CHAPTER 2). The accessibility of active site conformations has not been studied in depth; it is 

unknown if a single, or multiple structures contribute to the macroscopic behavior by existing as 

interconverting points along the complex, multidimensional potential energy surface of IGPS. As 

science is a never-ending effort, extension of the QM-based IGPS research to incorporate the 

structural clustering developments of CHAPTER 3 are discussed in this chapter.  Lastly, a broadly 

applicable, rigorous workflow that combines MD, structural clustering, and QM is described as a 

solution that could facilitate computational biocatalysis in the 21st.  

5.1 Continued Work 

In CHAPTER 3, The shapeGMM clustering approach that was demonstrated to yield 

physically meaningful states along the protein folding process of HP35 has applicability to a broad 

range of biomolecules, including globular proteins. Ongoing efforts in the McCullagh research 

 
§This chapter is composed of selected content and reproduced with permission from Klem, H., McCullagh, M., & 

Paton, R. S. Modeling Catalysis in Allosteric Enzymes: Capturing Conformational Consequences. Topics in Catalysis 

(2022) 65:165–186. 
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group aim to evaluate the allosteric mechanism in the benchmark K-type allosteric enzyme liver 

pyruvate kinase (L-PYK) via  shapeGMM clustering and a Hessian based allosteric pathway 

analysis we developed earlier in my graduate work.1 IGPS is another viable system to illustrate the 

versatility of shapeGMM. Evaluation of the conformational space of the glutamine hydrolysis 

active site in the various IGPS substrate states can further elucidate the relationship between 

structure and catalytic function, and potentially validate conformational changes proposed by the 

minimal QM models designed in CHAPTER 2.  

Preliminary Results. Extensive all atom conventional MD data of IGPS in its four substrate 

states were graciously provided by Yao and Hamelberg at Georgia State University. The original 

simulation data used for analysis in their allosteric pathways study2 contains 10 μs trajectories of 

each complex with a frame rate of 1 ps, totaling 40 μs of simulation. To expedite the transfer 

process, the simulation data was reduced to contain only heavy backbone atoms every 5 ps, 

resulting in approximately 200 GB of data (as opposed to 3.5 TB of the original data). All 

simulation details can be found in their research publication.2 The simulations reproduce only some 

structural aspects of the proposed active conformation in PDB 7ac83 chains E/F. Probability 

distributions of the backbone dihedrals ψ of hGly50, φ and ψ of hVal51 were measured to identify 

oxyanion strand structural differences between the substrate state. Interestingly, the hVal51 

dihedral flip associated with the presumed active conformation is observed only in the simulation 

with neither Gln nor PrFAR bound (Apo). The Gln-bound, PrFAR-bound, and Ternary (both Gln- 

and PrFAR-bound) simulations were found to stabilize the presumed inactive hVal51 φ angle. The 

Apo and PrFAR-bound states were found to sample multiple hVal51 ψ dihedral states in a region 

(–50° to +50°) distinct from the angles identified in crystallographic structures (approx. +80° for 

the active and approx. +120° for the inactive conformation). All simulations sampled the inactive 
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hVal51 ψ dihedral and none precisely sampled the active dihedral value. The angle between 

residues hGly52, hW123 and fF120 is used to define the extent of interfacial opening. A hinge 

breathing motion has been previously connected to allosteric activation in IGPS, resulting in a 

reduced angle and increased frequency.3–6 Although the extent of interfacial closure observed in 

7ac8 chains E/F is not achieved in any simulation, the smallest angle is sampled most in the Ternary 

simulation, and the largest in Apo, following a trend consistent with previous studies.  

Under the assumption that the relationship between structure and glutamine hydrolysis 

function can be adequately captured by local conformational changes in the glutaminase active 

site, the heavy backbone atoms of all residues used in the QM models presented in CHAPTER 2 

are selected as features for clustering. This selection results in 60 atoms. With a frame rate of 5 ps, 

the trajectories from each IGPS simulation yield a combined 8 million frames. To make trajectory 

processing more efficient, every 5 frames were used for analysis. With all four simulations this 

results in an input data set of size (1,600,000 x 60 x 3) that contains backbone atom positions of 

active site residues every 10 ps. The trajectories were amalgamated in the following order: Apo, 

Gln-bound, PrFAR-bound, and Ternary.  

To inform an appropriate number of clusters, the log likelihood per frame of weighted 

shapeGMM (wSGMM) trained as a function of cluster size was evaluated. An improved code of 

shapeGMM (available to pip install as shapeGMMTorch) that speeds up the singular value 

decomposition calculation was used for this work. Cluster sizes of 2, 4, 6, 8, 10, 15, 20, and 25 

were investigated. Each wSGMM was trained on 40,000 frames and cross-validated on the 

remaining data. Results from five training-test splits are shown in Figure 5.1. The heuristic elbow 

method is not highly informative with these results, as there is not a single obvious reduction in 

the gain of log likelihood with increasing cluster size (as was the case in the beaded helix transition 
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example in CHAPTER 3, Figure 3.3.). This is not surprising, as it can be expected that 

identification of an optimal cluster size increases in difficulty with increasing simulation length 

and feature size, as was the case in the HP35 cluster scan (APPENDIX B. Figure B1). 

Nevertheless, the change in log likelihood decreases as a function of cluster size, particularly at a 

size of 6 and 10, although a selection of 10 might be misleading due to sizes 11, 12, 13 and 14 not 

being explicitly evaluated. Another important aspect of this IGPS cluster scan is the deviation 

between the training and cross-validation data, signifying model over-fitting. The extent of over-

fitting is likely exacerbated by the ratio of train to validation data (1:40), however, a larger training 

size increases the calculation time significantly. Alternatively, modification of the input features 

may yield clearer results. 

 

Figure 5.1.  Log likelihood of weighted shapeGMM (wSGMM) as a function of number of clusters for the 

amalgamated IGPS substrate state trajectories. Each wSGMM was trained on 40,000 frames (blue solid) in a 5-fold 

cross validation scheme using the remainder of frames for validation (orange dashed). The shaded region indicated 

the 90% confidence interval.    

A 6-state wSGMM was trained on 160,000 frames for further analysis, and the remaining 

frames were predicted from the resulting model. The state classification of each frame in trajectory 

order provides a simple overview of the differences between IGPS simulations (Figure 5.2). For 

example, in roughly the first half of the Apo trajectory, States 1, 2, 3, and 5 are sampled, while 
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States 4 and 6 are sampled only in the second half, and States 1, 2, 3 and 5 again near the end of 

the Apo simulation. While the first three states and State 5 are sampled in all trajectories (though 

to different extents) States 4 and 6 appear primarily in the Apo and PrFAR-bound simulations.  

 

Figure 5.2. State discretization of the 6-state wSGMM across amalgamated trajectory frames of IGPS simulations. 

The interfacial HisF residue fGln123 and HisH oxyanion strand residues hGly50, hVal51 

and hGly52 contribute to the classification of distinct states. Figure 5.3 displays the variance in 

position of each residue backbone atom according to the state it is ascribed. This graph is similar 

to Figure 3.6 of the 4-state HP35 wSGMM results in CHAPTER 2. The difference is that no 

estimate of sampling error has been performed yet. Although in the case of HP35 the standard 

deviation in the cluster feature variance was minimal (displayed error bars were 10 standard 

deviations from averages), the difference in variance that separated different states was larger (y-

axis values ranged from near 0 to 70 Å2). The range in IGPS active site residue backbone position 

variance is much smaller (near 0 to 1.2 Å2). Sampling error may have a larger impact on 

conclusions drawn from these results, although another trend observed in the HP35 data is that 

features with lower variance had smaller deviations across different trajectory samples.  

The current single-sampled results indicate the backbone in fGln123 varies more than any 

other active site residue in every state, and that it fluctuates most in State 1, and least in State 3. 

All three oxyanion strand residues fluctuate most in State 4, and least in State 1. State 5 is 
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distinguished by higher variations in the backbone atomic displacements primarily of hVal51 and 

hGly52, but interestingly not hGly50 of the oxyanion strand. The backbone O atom of hVal51 in 

State 5 shows the largest spike in variance and is the outstanding feature of that state. The variance 

of features in shapeGMM, although useful to classify feature differences between and within 

states, it alone is not particularly informative on what those structural distinctions are.    

 

Figure 5.3. Variation in the backbone atomic displacement for each state in the 6-state wSGMM results for IGPS 

simulations. Enlarged points represent the Cα atoms of each residue. Atoms belonging to the same residue are 

connected by a line, whereas no line connects two different residues, even if they are neighbors in the IGPS sequence. 

To gain a structural perspective on the changes that distinguish each state, ramacolor plots 

of each independent simulation are shown in Figure 5.4. The interfacial fGln123 residue is 

expected to represent differences in the extent of interfacial opening, which is shown in these 

simulations to adopt a more closed conformation in all ligand bound simulations. The variety in 

the fGln123 backbone atom position variance ascribed to each of the 6 states in Figure 5.3 is 

presumably due to differences in the proximity of fGln123 to the HisH active site. The consistent 

green ramacolor assigned to fGln123 across all states in each simulation confirms that its backbone 

dihedral is not distinguishing between the states.  

Alternatively, the oxyanion strand residues are expected to sample dihedral conformations 

differently in the simulations. It should be noted that certain atoms necessary for a complete φ 

dihedral description were not included as features for clustering. For example, the backbone C 
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atom of hPro49 required to determine the φ dihedral of hGly50, was not included as a feature. This 

may have an impact on the clustering conclusions, especially since the hGly50 φ dihedral has been 

previously proposed as a collective variable to describe active to inactive conformational changes 

in IGPS, in combination with the hVal51 φ dihedral.7  Nevertheless, there are some commonalities 

in the averaged hGly50 (φ,ψ) angles of certain states.  

In particular, hGly50 dihedrals are distinctly different in State 4 of each simulation. The 

probability distributions of the hGly50 ψ dihedral reported by Yao and Hamelberg show two states 

at approximately 160° and 300° are significantly sampled in the Apo simulation. The value of 300° 

is consistent with the ramacolor difference of State 4 which is primarily and similarly populated 

by frames of the Apo and PrFAR-bound trajectories (apprx. 14% each). The 300° hGly50 ψ 

dihedral was not observed in the probability distributions of the PrFAR simulation, however. This 

indicates another feature contributes to State 4 besides the hGly50 backbone atoms. Figure 5.3 

suggests the oxyanion strand residues collectively distinguish State 4 from the other states. 

Qualitatively, the ramacolors associated with residues hGly50 and hGly52 are consistent between 

the Apo and PrFAR-bound simulations, however hVal51 has a distinctly different ramacolor in the 

Apo State 4, compared to all other simulations, again indicating that additional structural factors 

are contributing to the classification of State 4. One possibility is that State 4 is defined by 

differences in the relative positioning of the oxyanion strand residues.  

State 4 is visited particularly later in the trajectories of Apo and PrFAR-bound, as observed 

in Figure 5.3. It appears that States 4 and 5 are visited within the same time in PrFAR-bound 

simulations, whereas there is an obvious absence of State 5 in the Apo simulations around the same 

time State 4 is populated. The differences in the State 5 populations between Apo (11.39%) and 

PrFAR-bound (19.61%) reveal there is a possible population shift to State 5 in the presence of 
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PrFAR. This same behavior is also found in State 6, with an even larger deviation in population. 

Alternatively, States 1 and 3 are more populated in Apo than in the PrFAR-bound simulation. State 

1 stands out in Figure 5.4 due to the high variance in the fGln123 backbone atom positions, 

therefore it is expected that State 1 is distinguished by the dimer interface.   

 

Figure 5.4. Ramacolor plots for the IGPS 6-state wSGMM divided into their corresponding simulations. The state 

populations are simulation-specific, and do not correspond to the overall state populations listed in Figure 5.3. Each 

simulation trajectory contains 400,000 frames with a frame step corresponding to 10 ps. State 6 is very minimally 

populated (<1,600 frames) in the Gln-bound simulation and not populated at all in the Ternary simulation. 

The presented analyses are by no means complete; however, the preliminary results show 

promise in the application of shapeGMM to characterize active site structural change. The 
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similarities in how State 4 is sampled in Apo and PrFAR-bound simulations, in addition to the 

observed differences in the hVal51 dihedral pair are interesting and require a more comprehensive 

investigation of structural differences, such as comparison of the average structures that define 

each state. These commonalities in the Apo and PrFAR-bound simulations identifies in the 

shapeGMM cluster and reported by Yao and Hamelberg2 are surprising and will be investigated 

further in future analyses. One of the more impactful outcomes of this preliminary clustering work 

is the emphasis on the oxyanion strand residues hGly50, hVal51 and hGly52 and the interfacial 

residue fGln123, that all have evidence of involvement in the allosteric activation of IGPS.  The 

notable differences in the ramacolors of hGly52 across states, as well as distinctions of hGly52 

atom variations between each state may have important implications consistent with conclusions 

drawn from the IGPS QM models in CHAPTER 2; namely that hGly52 can competently form the 

oxyanion hole in the absence of a hVal51 dihedral flip, but only if the oxyanion strand is optimally 

repositioned. Future directions include substructure matching of the constructed Inactive Val51 

model of CHAPTER 2 to states identified from shapeGMM clustering. The feature selection may 

also be modified to fully describe the atoms involved in the hGly50 φ.  

5.2 Conclusions 

A recurring theme in this Dissertation is that evaluation of conformational states is essential 

to model protein function, whether that is a folding process of a small protein like HP35, or the 

reaction of an allosterically regulated enzyme like IGPS. In general, biological activity is 

influenced by the populations and interconversions of conformational states and, specifically in 

the case of biocatalysis, the intrinsic reactivity (i.e., activation barrier) of these states. As discussed 

in Section 1.2, a combination of multi-scale computational methods is well-suited for this 

challenge. Therefore, a multistep computational workflow can be envisaged for rigorous modeling 
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of catalysis in enzymes with multiple functionally relevant conformational states such as IGPS 

(Figure 4.5). First, explicitly solvated aaMD simulation of the four different substrate states (E, 

E+X, E+X, E+X+S) is required. Statistically meaningful sampling of the dynamic equilibrium 

between inactive and active IGPS states is nontrivial and will undoubtedly require extensive 

simulation lengths and/or enhanced sampling techniques. Second, structural clustering of 

trajectories is performed to yield geometric representations of each state, along with populations. 

Third, multistep reaction Gibbs energy profiles for glutamine hydrolysis are generated for each 

conformational cluster from MD. Fourth, individual kcat values are weighted according to the 

conformational populations determined from clustering to predict overall turnover frequency 

according to Equation 1.5 in Section 1.5. 

 

Figure 5.5 A stepwise workflow combining MD simulation, conformational clustering, and QM calculations to 

estimate the macroscopic catalytic turnover number. The first step is to simulate the system with explicit solvent all-

atom MD. Next, structural clustering of the trajectory yields populations, Pj and cluster average structure coordinates, 〈𝑥⃗〉𝑗. These coordinates are used to generate models for QM calculations of barrier heights of each cluster, ∆𝐺𝑗‡. The 

macroscopically observed turnover frequency, kobs can be calculated as an expected value of kcat,j averaged over the 

conformational ensemble. 



 128 

5.3 Final Remarks 

The combination of MD sampling of the protein conformational ensemble and QM 

modeling of the enzymatic reaction provides a practical framework for modeling enzymatic 

mechanisms. Catalytically inactive X-ray structures, long timescales associated with protein 

motions, and conformational landscapes influenced by allosteric ligands present challenges for 

QM-only approaches that require the intervention of protein sampling. In this final chapter, I 

emphasize that a bridge between MD simulations and QM cluster models comes in the form of 

conformational clustering and analysis since this generates a tractable number of states that could 

then be used in QM cluster models. The enzyASM code discussed in CHAPTER 4 supplements 

this workflow by automating QM model generation, which may become tedious in scenarios with 

many conformational states to evaluate. This integrated approach is also suitable for use with 

QM/MM generated barriers, and future developments of enzyASM aim to accommodate for the 

various QM-involved modeling strategies. The choice of approach to calculate the reaction barriers 

may be based on user preference as well as attributes of the system of study. As the combination 

of MD sampling, conformational clustering, and subsequent energy barrier calculations are 

increasingly pursued, computational chemists will be able to access new mechanistic information 

about complex biological systems, such as allosteric and directed evolved enzymes. Although the 

computational framework is discussed here in the context of a V-type allosteric enzyme, IGPS, it 

can also be applied more generally to study the enzyme conformational ensemble and its 

importance for enzyme catalysis. While this approach is computationally demanding, advances in 

GPU hardware, enhanced sampling strategies, QM approaches, and calculation automation makes 

this tractable for numerous enzymes. 
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APPENDIX A. THE CATALYTIC EFFECTS OF ACTIVE SITE 

CONFORMATIONAL CHANGE IN THE ALLOSTERIC ACTIVATION 

OF IMIDAZOLE GLYCEROL PHOSPHATE SYNTHASE SUPPORTING 

INFORMATION 

A.1 IGPS active site model components and protonation states 

Table A1. IGPS active site models from PDB 7ac8 chains C/D (Inactive model) and E/F (Active model) 

 

Components of HisF residues 121,122 and 124 were included to expand the main chain 

around fGln123 and allow the terminal C-alpha atoms of this molecular fragment to be frozen. 

This is done to give the fGln123 residue slight flexibility in geometry optimizations. The same 

reasoning applies to the oxyanion strand molecular fragment, where only the terminal C-alpha 
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atoms are frozen.  Atoms were constrained using the “–1” optimization flag syntax in Gaussian. 

This enforces the gradient of these atoms to be 0 during the optimization updates. 

The initial protonation states are assumed since hydrogen atoms are not resolved in the X-

ray crystal structure. The His178 Nδ protonation state is supported given the position relative to 

Glu180 in numerous IGPS crystal structures and the expected general acid/base behavior of 

histidine in enzyme mechanisms involving cysteine catalytic triads.1 The protonation state of 

Cys84 is interesting to consider, because it is not necessarily required to reform in the catalytic 

cycle. Therefore, it is possible Cys84 protonation is obviated during multiple turnover events. A 

hybrid QM/MM study of a cysteine protease acylation mechanism found the ionic state of the Cys–

His dyad (Cys–, HisH+) to be more stable in the free enzyme, whereas binding of the substrate 

shifted the equilibrium such that the neutral dyad became more stable.2  

Glu180 hydrogen bonds with His178 in all structures and remains in the carboxylate form 

for the results discussed here. Int1 geometries with a Glu180 carboxylic acid were evaluated and 

the difference in protonation was not found to alter any mechanistic conclusions. Furthermore, 

site-directed mutagenesis experiments support a mechanism where Glu180 serves a structural role 

to position His178, as opposed to directly effecting catalysis.3 

A.2 Construction of the Inactive Val52 and Inactive fGln123 models 

To probe the individual structural differences between Active and Inactive, two additional 

models, Inactive fGln123 and Inactive Val51, were constructed using the active geometry as the 

foundation. To construct Inactive Val51, the Active model was altered by manually flipping the 

Val51 amide such that the N–H is directed away from the binding site (Figure A2, top), mimicking 

this aspect of the Inactive conformation. Inactive fGln123 was built by aligning the coordinates of 

the Cys84 S and reactive Gln C, N, and Oε atoms of the optimized Active- and Inactive-TS3 
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structures. This was done to acquire the position of fGln123 in Inactive relative to the reactive 

center. After alignment, the atomic coordinates corresponding to the molecular fragment 

containing fGln123 in Active are replaced with the corresponding Inactive coordinates (Figure A2, 

bottom). 

 

Figure A1. Geometric comparisons of the oxyanion strand and fGln123 position between Active and Inactive models. 
For clarity, transparent residues and the Gln substrate coordinates are only shown for Active. Coordinates from each 
model are taken from their optimized ES structures. 
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6.08 Å
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Glu96

Tyr143
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Figure A2. Geometric comparisons of Active and the Inactive Val51 constructed model (top) and the Inactive fGln123 
constructed model (bottom). For clarity, transparent residues and the Gln substrate coordinates are only shown for 
Active. Coordinates from each model are taken from their optimized ES structures. 
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A.3 NBO calculation details and data 

The ES, TS2, TS3 and TS4 stationary points were optimized in Inactive fGln123 and 

Inactive Val51. Energy barriers were calculated for each TS relative to the ES structure of the 

corresponding model. The stabilizing oxyanion hole strength was evaluated in each TS by 

estimating the hydrogen bond interaction energy of Leu85, Gly52 and Val51 with the Gln Oε lone 

pair electrons via Natural Bonding Orbital (NBO) analysis version 7.0.5.4  
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Figure A3. Left: Oxyanion hole contributions of TS2, TS3 and TS4. Right: TS3 oxyanion hole hydrogen bond 
distances for A) Active, B) Inactive fGln123, C) Inactive Val51, and D) Inactive models with barriers relative to each 
corresponding ES.  
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Table A2. Interactions between oxyanion hole components and Gln Oε le pair electrons. A value of 0 arises if there 
is either no interaction or the strength of that interaction is below the calculation cutoff (0.05 kcal/mol). “n/a” indicates 
the corresponding lone pair electrons were not detected in the structure. 
 

Model  TS  Residue  Orbital  

Interaction 
with LP 1 
(kcal/mol) 

Interaction 
with LP 2 
(kcal/mol) 

Interaction 
with LP 3 
(kcal/mol) Total  

Active TS1 Val51 BD*( 1) N 22- C 23 4.25 10.49 n/a 14.74 

Active TS1 Gly52 BD*( 1) N 29- H224 3.80 0.24 n/a 4.04 

Active TS1 Leu85 BD*( 1) N 39- H154 2.63 0 n/a 2.63 

Active TS2 Val51 BD*( 1) N 98- H232 7.19 11.31 4.31 22.81 

Active TS2 Gly52 BD*( 1) N105- H228 3.43 1.49 3.13 8.05 

Active TS2 Leu85 BD*( 1) N 5- H 53 7.71 0 8.70 16.41 

Active TS3 Val51 BD*( 1) N202- H236 0 0 n/a 0 

Active TS3 Gly52 BD*( 1) N203- H232 3.88 5.84 n/a 9.72 

Active TS3 Leu85 BD*( 1) N 44- H 68 5.09 4.21 n/a 9.30 

Inactive fGln123 TS1 Val51 BD*( 1) N118- H152 4.79 10.64 n/a 15.43 

Inactive fGln123 TS1 Gly52 BD*( 1) N119- H148 2.74 0.30 n/a 3.04 

Inactive fGln123 TS1 Leu85 BD*( 1) N190- H205 2.51 0 n/a 2.51 

Inactive fGln123 TS2 Val51 BD*( 1) N161- H195 7.02 11.62 4.83 23.47 

Inactive fGln123 TS2 Gly52 BD*( 1) N162- H191 3.56 1.46 3.15 8.17 

Inactive fGln123 TS2 Leu85 BD*( 1) N 5- H 29 7.09 0 7.96 15.05 

Inactive fGln123 TS3 Val51 BD*( 1) N166- H200 0.06 0.05 n/a 0.11 

Inactive fGln123 TS3 Gly52 BD*( 1) N167- H196 3.70 5.44 n/a 9.14 

Inactive fGln123 TS3 Leu85 BD*( 1) N 8- H 32 4.89 4.17 n/a 9.06 

Inactive Val51  TS1 Gly50 BD*( 2) C232- O233 0.10 0.07 n/a 0.17 

Inactive Val51  TS1 Val51 BD*( 1) C 44- H 64 0 0 n/a 0 

Inactive Val51  TS1 Gly52 BD*( 1) N 41- H 65 9.16 1.66 n/a 10.82 

Inactive Val51 TS1 Leu85 BD*( 1) N 69- H 84 4.49 0.48 n/a 4.97 

Inactive Val51 TS2 Gly50 BD*( 2) C232- O233 0.23 0.11 n/a 0.34 

Inactive Val51 TS2 Val51 BD*( 1) C212- H140 0 0 0 0 

Inactive Val51 TS2 Gly52 BD*( 1) N117- H141 7.31 4.97 9.82 22.1 

Inactive Val51 TS2 Leu85 BD*( 1) N 5- H 30 7.20 2.34 9.63 19.17 

Inactive Val51 TS3 Gly50 BD*( 2) C232- O233 0.15 0.09 0 0.24 

Inactive Val51 TS3 Val51 BD*( 1) C205- H225 0 0 0 0 

Inactive Val51 TS3 Gly52 BD*( 1) N202- H226 7.71 3.36 11.09 22.16 

Inactive Val51 TS3 Leu85 BD*( 1) N 44- H 68 6.76 0 8.37 15.13 

Inactive TS1 Val51 BD*( 1) C 23- H167 5.86 0.15 n/a 6.01 

Inactive TS1 Gly52 BD*( 1) N 29- H175 0.08 0.34 n/a 0.42 

Inactive TS1 Leu85 BD*( 1) N 39- H156 3.72 0.53 n/a 4.25 

Inactive TS2 Val51 BD*( 1) C 23- H167 5.49 0.24 0.92 6.65 

Inactive TS2 Gly52 BD*( 1) N 29- H175 0 0.21 0.33 0.54 

Inactive TS2 Leu85 BD*( 1) N 39- H156 2.88 0.81 4.11 7.80 

Inactive TS3 Val51 BD*( 1) C 23- H167 4.92 0.74 n/a 5.66 

Inactive TS3 Gly52 BD*( 1) N 29- H175 0 0.43 n/a 0.43 

Inactive TS3 Leu85 BD*( 1) N 39- H156 0 0 n/a 0 
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A.4 ALMO-EDA calculation details and data 

 

Figure A4. Distances from the frozen Cys84 Cα atom to the frozen fGly121 and fAla124 Cα atoms in A) Active, B) 
Inactive and C) Inactive fGln123. These distances cannot change during geometry optimizations.  

 

Figure A5. Differences of fGln123 interactions in the ES structure of each active site model that effect the fGln123 
total interaction energy. Any atom that is not transparent is within 3 Å of an atom in the fGln123 molecular fragment, 
and it labeled. 
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The hydrogen bond to Val140 is not present in crystal structures (fGln123:N—hVal140:O 

distance of 5.3 Å in 7ac8 chains C/D) because of a change in the fGln123 rotamer state during 

geometry optimization. The optimized rotamer state in the Inactive model is structurally feasible 

due to the open dimer interface in the inactive conformation crystal structure, however it cannot 

be ruled out that it may be a consequence of the truncated model used here. In the Inactive model, 

fGln123 forms a single hydrogen bond (1.85 Å) with its NH2 group and the backbone carbonyl 

oxygen of Val140. In contrast, fGln123 in the Inactive fGln123 model does not form hydrogen 

bonds with other active site residues in any of the optimized structures. The presence of this 

hydrogen bond is likely the reason why the fGln123 interaction energy is more favorable in the 

Inactive model than the Inactive fGln123 construct, as opposed to the difference in oxyanion strand 

conformation. The models with fGln123 in close proximity (Active and Inactive Val51) are highly 

consistent across all interaction energy terms, indicating the conformation of the oxyanion strand 

(and subsequently the orientation of the oxyanion hole) does not effect interactions with fGln123. 

The absence of that hydrogen bond in the Inactive fGln123 construct results from differences in 

the relative positioning of fGln123, which was based on the Active model rather than the Inactive 

model. 
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Table S3. fGln123 interaction energies for ES structures measured with ALMO-EDA. 

 

 
 
 
 
 
 

Component Active Inactive 

Val51 

Inactive 

fGln123 

Inactive 

ES  

∆ELEC -88.37 -89.54 -11.11 -35.39 
∆SOLV 16.34 15.17 5.64 12.85 
∆PAULI 92.68 94.75 5.91 23.19 
∆DISP -31.94 -33.94 -4.89 -8.56 
∆POL -4.78 -4.36 -0.16 -1.67 
∆CT -13.08 -12.73 -0.73 -3.47 
∆Total INT -29.15 -30.64 -5.35 -13.05 
TS2  

∆ELEC -86.6 -73 -9.9 -31 
∆SOLV 15.1 14.9 5.1 11.3 
∆PAULI 91.4 77.1 4.9 20.7 
∆DISP -31.6 -31.7 -4.6 -8 
∆POL -4.5 -3 -0.1 -1.2 
∆CT -12.8 -9.6 -0.7 -3 
∆Total INT -29 -25.3 -5.3 -11.2 
TS3  

∆ELEC -86.3 -72.1 -9.5 -30.3 
∆SOLV 15.3 14.7 4.5 10.8 
∆PAULI 90.6 75.8 5.6 20.5 
∆DISP -31.4 -31.8 -4.7 -7.9 
∆POL -4.4 -2.9 -0.1 -1.2 
∆CT -12.6 -9.6 -0.7 -3 
∆Total INT -28.8 -25.8 -5 -11.1 
TS4  

∆ELEC -87.2 -76.4 -9.3 -31.9 
∆SOLV 15.3 14.5 4.3 11.3 
∆PAULI 92.1 81 5.7 21.5 
∆DISP -32.2 -33.5 -4.9 -7.5 
∆POL -4.5 -3 -0.2 -1.5 
∆CT -12.7 -10.1 -0.7 -3.2 
∆Total INT -29.1 -27.5 -5.1 -11.4 
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A.5 Absolute energies from geometry optimizations and single point 

corrections for all evaluated structures 

Table S4. Electronic energies at the geometry optimization, ωB97X-D/6-31G*(C,H,N);6-31+G*(S,O), and single 
point correction, B3LYP-D3(BJ)/6-311+G(2d,2p), levels of theory of each model evaluated. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

Absolutely Localized Molecular Orbitals based Energy Decomposition Analysis (ALMO–

EDA) implemented in Q–Chem 5.4 was performed at the B3LYP-D3(BJ)/6-311+G(2d,2p) level 

of theory and CPCM with ε=4.24, to be consistent with the single-point energies used to produce 

Model Structure 

Geometry 

Optimization 

(kcal/mol) 

Single Point 

Correction 

(kcal/mol) 

Relative to 

ES 

Structure 

(kcal/mol) 

Inactive 

ES -3580983.85 -3583478.03 0.00 

TS1 -3580981.35 -3583474.89 3.17 

Int1 -3580988.24 -3583480.54 -2.87 

TS2 -3580960.65 -3583454.82 23.22 

Int2 -3580961.90 -3583452.32 25.35 

TS3 -3580956.26 -3583447.30 30.51 

Int3 -3580961.90 -3583453.57 24.58 

TS4 -3580955.00 -3583451.06 26.60 

Int4 -3580959.39 -3583456.71 21.28 

Active 

ES -3581009.57 -3583496.22 0.00 

TS1 -3580993.26 -3583481.79 14.52 

Int1 -3581008.31 -3583495.59 0.88 

TS2 -3580993.89 -3583481.79 14.49 

Int2 -3581002.67 -3583484.93 11.42 

TS3 -3580995.77 -3583479.28 16.70 

Int3 -3580997.65 -3583482.42 13.75 

TS4 -3580989.50 -3583477.40 18.67 

Int4 -3581003.30 -3583491.20 4.81 

Inactive 

fGln123 

ES -3580977.58 -3583472.39 0.00 

TS2 -3580963.79 -3583459.21 12.56 

TS3 -3580962.53 -3583454.20 17.64 

TS4 -3580957.51 -3583454.20 17.76 

Inactive 

Val51 

ES -3581001.97 -3583490.92 0.00 

TS2 -3580991.34 -3583481.10 9.82 

TS3 -3580988.46 -3583474.45 16.47 

TS4 -3580977.34 -3583474.03 16.89 
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the reaction profiles.5,6 Within this framework, the interaction energy is defined as ∆EINT = ∆EFRZ 

+ ∆EPOL + ∆ECT. EPOL and ECT refer to the polarization and charge transfer energy components, 

respectively. The EFRZ term combines the interaction energy contributions of the unrelaxed 

fragment densities, namely attractive dispersion (EDISP), repulsive Pauli (EPAULI) and permanent 

electrostatics (EELEC):     ∆EFRZ = ∆ EDISP + ∆EPAULI + ∆EELEC. 

A.6 Geometries and relevant atomic distances of each evaluated transition 

state 

 

Figure A6. Optimized geometries of TS1. 
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Figure A7. Optimized geometries of TS2. 

 

Figure A8. Optimized geometries of TS3. 
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Figure A9. Optimized geometries of TS4. 
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A.7 Structural comparison with PLP synthase and CPS 

 

Figure A6. Optimized IGPS geometries of Active-ES (left) and Inactive Val51-ES (right) models aligned to 
crystallographic models of PLP synthase (PDB: 2NV2,7 transparent) and CPS (PDB: 1C3O,8 transparent) via Gln 
substrate carboxamide atoms. The preformed oxyanion holes from PLP and CPS are more structurally consistent with 
the IGPS Gly52 than with Val51, especially in the manually constructed Inactive Val51 model. Interestingly, the 
backbone dihedral of Gly47 in PLP synthase rotates upon dimer complexation and Gln binding, similar to what is 
proposed for Val51 in IGPS upon PrFAR binding. The H atoms of PLP synthase Gly47 and CPS Gly241 were added 
with the PyMol add_h function since they are not resolved in the crystal structures. Hydrogen bond distances are 
shown in Å and are in parentheses for the non-optimized structures. 
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APPENDIX B. SIZE-AND-SHAPE SPACE GAUSSIAN MIXTURE 

MODELS FOR STRUCTURAL CLUSTERING OF MOLECULAR 

DYNAMICS TRAJECTORIES SUPPORTING INFORMATION§ 

 

Figure B1: Log likelihood of weighted shape-GMM (S-GMM) as a function of number of clusters for HP35 trained 

on approximately 25K frames (blue line) in a 10-fold cross validation (orange dashed) scheme. The shaded region 

indicates the 90% confidence interval. The features are C, CA and N backbone atoms of residues 2-34, the C atom of 

residue 1 and N atom of residue 35 (101 atoms total). The log likelihood value from a uniform 6-state shape-GMM is 

shown as a green x marker. The red circle marker indicates the log likelihood that results from the HP35 discretization 

of Nagel et al. clustering procedure resulting in 12-states.1  

 

Figure B2: RGB values corresponding to phi-psi angle pairs used to assignment a unique color value to a dihedral 

conformation. The major dihedral states are indicated with more vibrant colors: red, green, and blue correspond 

respectively to β-strand, αR-helical, and αL-helical dihedral character. The code used to produce this mapping can be 

found at https://github.com/moldyn/ramacolor.1,2 

 
§ Reproduced with permission from Klem, H.; Hocky, G. M.; McCullagh, M. Size-and-Shape Space Gaussian Mixture 

Models for Structural Clustering of Molecular Dynamics Trajectories. J. Chem. Theory Comput. 2022, 18 (5), 3218–
3230. 
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Figure B3: Chapman-Kolmogorov test for 4-state MSM resulting from weighted shape-GMM clustering on HP35. 

Computed using PyEMMA software.3  

  



 148 

Table B1: Scores for a variety of clusterings of the HP35 trajectory. VAMP-2 scores were computed after 

construction of MSMs using a 10-fold cross validation on five trajectory segments using PyEMMA.3 These were 

computed using either the first four (k = 4) or the first 10 (k = 10) eigenvalues of the transition matrix. Log 

likelihoods of a weighted shape-GMM (wSGMM) model were also computed on 10 randomly selected trajectory 

segments. A dynamic coring (here denoted dCore) procedure was applied to each clustering.1 Error as estimated by 

10-fold trajectory chunking are reported in parentheses.  

 

Clustering Model VAMP-2 Score 

(K=4) 

VAMP-2 Score 

(K=10) 

SGMM Log Likelihood 

Per Frame 

wSGMM 4-state 3.3(2) n.a. 372.4(1) 

wSGMM 4-state (dCore) 3.87(3) n.a. 372.0(1) 

wSGMM 6-state 3.4(1) n.a. 379.5(1) 

wSGMM 6-state (dCore) 3.89(1) n.a. 378.6(1) 

uSGMM 6-state 2.9(1) n.a. 368.0(1) 

uSGMM 6-state (dCore) 3.93(1) n.a. 367.66(9) 

wSGMM 12-state 3.7(1) 7.2(6) 388.4(1) 

wSGMM 12-state (dCore)* 3.91(1) 9.39(5) 383.16(9) 

Stock 12-state (dCore) 3.91(1) 9.30(4) 364.2(3) 

Stock 12-state (state specific 

dCore)* 

3.93(1) 9.46(3) 363.9(2) 

*Dynamic coring of wSGMM 12-state yielded a 10-state model. 
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