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Abstract
Antibiotic resistant infections greatly increase infectious disease mortality by rendering
common drug therapies ineffective. Beta-lactamases mediate resistance to beta-lactam antibiotics,
the most commonly prescribed class of antibiotics. Elucidating the mechanisms responsible for
drug resistance in beta-lactamases aids in developing future antibiotics. Residues allosteric to the
binding site are functionally important in conferring drug resistance and, therefore, predicting
change in activity from mutations requires the study of all residues instead of just those in the
binding-pocket.
To identify functionally important residues beyond the drug-binding site, we developed a
pairwise measure of residue association in a beta-lactamase, CTX-M9, using molecular dynamics
simulations. This method ranked residues across the beta-lactamase based on the association of
their movement with drug binding-pocket movement. Experimental testing of mutations revealed
that high ranking allosteric residues were functionally important to CTX-M9.
Large-scale molecular dynamics simulations provide a computationally intensive but
powerful approach to predict mutations that specifically enhance activity. Using these, we
identified mutations that increase CTX-M9’s resistance by simulating point mutations and ranking
the mutation based on a measure of drug hydrolysis favorability in the binding site. A subset of
the top-ranking mutations demonstrated increased drug resistance and kinetic activity. Subsequent
machine learning analysis revealed that these allosteric mutations resulted in specific changes to
side chains in the binding-pocket.
Simulations also enable detailed physical chemistry and statistical learning-based
approaches to probe the conformational changes controlling beta-lactamase catalysis and drug
resistance. Through these simulations, we characterized a conformational transition responsible
for controlling catalytic activity in another beta-lactamase, KPC-2, and identified residues that
were responsible for this transition. Mutations to these residues alter this simulated transition in a
manner that highly correlates with experimentally measured kcat kinetic values, thus providing
another tool to prospectively study the effect of allosteric mutations on drug resistance.
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Chapter 1. Introduction: Antibiotic Resistance and Beta-lactamases
1.1 Foreword: Preparing for Future Bacterial Resistance
A majority of important advances in medicine from transplantation to cancer treatments
rely on the ability to control infection [1–3]. Increasing resistance to current antibiotic therapies
challenges the future utility of these advances [4–6]. Smarter drug design that specifically
considers possible subsequent resistance can potentially avoid a future with incurable infections.
In this dissertation, I identify and predict how future resistance may arise in a chief mediator of
antibiotic resistance, beta-lactamases, and offer methods that could complement future drug
design. This introduction is an overview of beta-lactamase-meditated resistance and a review of
the challenges and opportunities in understanding causes of resistance in these enzymes.

1.2 Beta-lactam Antibiotics: A Foundation of Medicine
The discovery of penicillin in 1928 by Alexander Fleming and the first mass production of
the antibiotic in 1943 marked a new era for medicine [7–9]. For the first time, clinicians had a safe
and consistent means to treat bacterial infections, which served as the foundation for numerous
future medical discoveries. Penicillin was the first of a class known as beta-lactam antibiotics. The
name for “beta-lactam” antibiotics is a result of a core beta-lactam ring in their chemical structure
(Figure 1.1). The beta-lactam ring is critical to the function of the drug [10]. Since penicillin, over
31 beta-lactam antibiotics have been developed with coverage of both gram positive and gram
negative infections [11–13]. These drugs are the primary treatment in a wide range of infections
such as meningitis, pneumonia, and strep throat [13,14]. As a result, beta-lactams are the most
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frequently prescribed antibiotics and rank as one of the most commonly prescribed of all drugs
[15]. In 2016, over 54 million prescriptions for amoxicillin, a penicillin, were written in the United
States making this antibiotic alone the 12th most prescribed drug [16]. Therefore, the total number
of prescriptions for this entire group is likely much higher.
The effectiveness of beta-lactam antibiotics is due to their core beta-lactam ring.
Specifically, the beta-lactam is sterically similar to D-ala-D-ala peptidoglycan building blocks and
acylates the active site of penicillin binding proteins (PBPs) [17,18]. PBPs aid bacteria in several
functions related to cell wall synthesis and maintenance [19]. Once acylated by a beta-lactam these
enzymes deacylate very slowly (8 × 10−6 s-1 for PBP2x) [20] and are therefore functionally
inhibited [20]. PBP inhibition halts the synthesis and maintenance of peptidoglycan while
breakdown continues. This results in the bacteria succumbing to osmotic stress and lysis, which
allows the immune system to clear the infection [17,18].

1.3 Beta-lactamases Resist Beta-lactam Antibiotics
The arrival of beta-lactam clinical resistance soon followed the widespread clinical use of
beta-lactams. By 1949 (six years after its first widespread use), half of all Staphylococcus pyogenes
isolates were no longer susceptible to penicillin in U.K. hospitals [21]. By the 1950s, resistance
was common and basic penicillin was no longer effective in broad clinical use [8]. The rise in betalactam resistance was a result of extreme selective pressure exerted by the use of these agents.
Since then, resistance has continued to rise. Currently, deaths from antibiotic resistance exceed
23,000 in the United States with an overall incidence of over 2 million cases annually [22]. 70,000
global deaths occur annually, and it is predicted that by 2050 this number could increase to 10
million exceeding the 8.2 million that currently die annually from cancer [23].
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There are several mechanisms of bacterial resistance to antibiotics. The focus of this work
is on beta-lactamases which confer resistance by hydrolyzing beta-lactam antibiotics and render
them ineffective. The success of beta-lactamases is a result of their simplicity and low evolutionary
fitness penalty. First, resistance can be conferred with a single domain protein and thus, a single
gene on a plasmid [24]. This allows for these enzymes to spread rapidly between bacterial species
through the horizontal transfer of genetic material. Furthermore, beta-lactamases have a small
fitness penalty as compared to other forms of beta-lactam resistance which involve: (i) modifying
or replacing essential bacterial proteins, (ii) requiring ATP or (iii) modifying membrane
permeability [25–27]. As a result, resistance through beta-lactamases can be acquired rapidly, but
is rarely lost in the absence of antibiotics [28,29].
Since their arrival, the number of identified clinical beta-lactamases has quickly grown. In
2010, there were over 860 types of beta-lactamases [30]. Functionally, each beta-lactamase carries
resistance to a subset of all beta-lactam antibiotics, known as its antibiotic spectrum. Currently, all
beta-lactams are susceptible to at least one beta-lactamase, making no one drug effective against
all resistance, which increases the urgency of understanding these enzymes [31].

1.4 Overview of Beta-lactam Groups Used in this Work
To combat increasing resistance to beta-lactamases, new types of beta-lactam antibiotics
were developed resulting in several groups of beta-lactams. Currently, there are 6 classes of betalactams [32]. Each group is targeted to different types of bacteria and is susceptible to different
families of beta-lactamases. Typically, these groups differ by the type of ring that is fused to the
beta-lactam and by modifications of chemical R groups to those rings (Figure 1.1).
The three types of beta-lactams studied in this work are penicillins, cephalosporins, and
carbapenems. Penicillins were the first generation of beta-lactam antibiotics (Figure 1.1A).

11

Generally, there is a high level of resistance to these beta-lactam antibiotics [12]. The second group
cephalosporins, were first developed in the 1950’s and 1960’s (Figure 1.1B). This subgroup of
antibiotics is further classified into generations based on their effectiveness against gram positive
versus gram-negative bacteria. Later generations of cephalosporins, such as fourth generation, tend
to be very effective against most beta-lactamases [13,33]. The third group carbapenems represent
“last-resort” beta-lactams (Figure 1.1C). These antibiotics are used in hospitals for infections that
carry resistance to all other beta-lactams antibiotics including penicillins and cephalosporins [11].
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A.

Penicillin

B.

Cephalosporin

Penicillin
Cefotaxime

Ampicillin

C.

Carbapenem

Imipenem

Cepahlosporin C
Meropenem

Figure 1.1 Chemical structures of common beta-lactam antibiotics
Example of beta-lactam antibiotics belonging to the classes penicillin (CID: 54607813, 6249
) (A), cephalosporin (CID: 5742673, 65536) (B), and carbapenem (CID: 104838, 441130) (C).
The core beta-lactam is shown in red. Most beta-lactams within each class have matching fused
rings. Members are differentiated by the type of R group added to these fused rings [34].
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1.5 Class A: Serine-mediated Beta-lactamases
Beta-lactamases are classified by their structural similarity and mechanism. These enzymes
exist in four classes named alphabetically from A to D. Three of the classes, A, C, and D, are serine
mediated and thought to have descended from PBP’s [35]. The remainder of this dissertation
focuses on class A beta-lactamases.
Class A beta-lactamases undergo a three-step reaction in their breakdown of beta-lactams.
Schematically, the process would begin with the binding of the enzyme and substrate, which
involves the entrance and positioning of the drug in the binding-pocket in conformations favorable
to the acylation of the drug by the enzyme at the catalytic serine. This acylation then produces an
acyl-enzyme. Finally, the hydrolysis of the serine-drug bond causes release of the hydrolyzed drug
and return of the enzyme to the apo form (Figure 1.2) [27,36,37].
The deacylation of the acyl-enzyme (E-S) defines the resistance profile of a majority of
Class A beta-lactamases and is an important process to understand. Most beta-lactamases form an
acyl-enzyme with any beta-lactam drug. Therefore, beta-lactamase spectrum is marked by the
drugs that the enzyme can deacylate at a rate that confers resistance. The process of deacylation
occurs by the attack of water on the carbonyl moiety of the beta-lactam ring. This results in a highenergy tetrahedral deacylation intermediate, which leads to the hydrolysis of the bond between the
drug and serine resulting in the release of the hydrolyzed beta-lactam and return of the enzyme to
the apo form [27,37,38] (Figure 1.2).
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Enzyme + Drug

Acylenzyme

Deacylation
Intermediate

Enzyme + Product

Figure 1.2 Reaction for class A beta-lactamases
Class A Beta-lactamases progress through a three-state reaction. Initially, the beta-lactam drug
enters in the binding-pocket (A). This is followed by an attack by the catalytic serine resulting in
the acyl-enzyme (B). Most beta-lactam and class A beta-lactamase combinations arrive at this
state. The energetic favorability of the short-lived deacylation intermediate (C) determines
antibiotic spectrum. This activation energy is lowered by the formation of an oxyanion hole (red)
and results in a hydrolyzed product and release (D). Residues are labeled by position with
conserved residues shown with their amino acid. Ser70 is broken into two sections of the chemical
diagram for clarity on the reaction.
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Because of the high energy of the deacylation transition state, the acyl-enzyme intermediate
requires specific interactions to support deacylation. One critical interaction is the formation of the
oxyanion hole. This hole is formed when backbone amides in the binding-pocket (residue 70 and
237) hydrogen bond with the beta-lactam carbonyl oxygen moiety. The result is a structure that
supports an increasingly negative charge on the carbonyl oxygen and thus permits a nucleophilic
attack on the beta-lactam carbonyl carbon [38–41]. In the tetrahedral intermediate, the oxyanion
is subsequently supported by these bonds making this higher energy transition more favorable
(Figure 1.2).
Along with the residues that support the oxyanion hole, it is theorized that additional side
chains also coordinate the deacylation step (Figure 1.3). Specifically, Glu166 serves to coordinate
with the hydrolytic water. This is supported by structural and kinetic studies that indicate that the
Glu166Ala mutation prevents deacylation [42–44]. Additionally, it is thought that Ser130 plays a
critical role in drug positioning by interacting with the carboxyl group on the adjoining ring to the
beta-lactam ring or the amide on the beta-lactam ring [44,45]. These interactions permit
deacylation and therefore determine the spectrum of the beta-lactamase [27,35,44,46]. This results
in the energetic favorability of these conformations defining drug spectrum.
Within the class A family, enzymes can be sub-classified by drug spectrum. Members of
this class have been organized into groups 2be, 2br, 2ber, and 2f through an antibiotic-spectrumbased classification scheme [30,47]. In general, the “2b” groups confer resistance to penicillins
and some early generations of cephalosporins. Group “2be” consists of extended spectrum betalactamases (ESBL) [30,47]. ESBL’s arose in the 1980s. They confer resistance to all oral betalactams resulting in inpatient treatment with intravenous antibiotics and poorer outcomes. More
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recently discovered is group “2f”, which consists of serine-based enzymes and confer resistance
to penicillins, cephalosporins, and carbapenems [30,47]. Members of this class of beta-lactamases
are commonly detected in gram-negative bacteria such as Klebsiella pneumoniae, Escherichia coli,
and Pseudomonas aeruginosa, which makes these infections extremely difficult to treat [48].
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Glu166

Ser130
Catalytic
H2O
Ser70

Drug

(Thr)237
Figure 1.3 Binding-pocket residues that support deacylation
Rendering of binding-pocket residues that support deacylation. Ser70 and residue 237 hydrogen
bond to carbonyl oxygen on the drug and support oxyanion hole formation. Glu166 coordinates
with the deacylating water. Ser130 interacts with the amide on the ring adjacent to the beta-lactam
ring (open in this state) and the carbonyl or carboxyl group on the drug. This rendering is of KPC2, a member of the KPC family (Section 1.6), with meropenem; some atoms on meropenem are
hidden for clarity. Conserved residues are noted by their amino acids while non-conserved residues
show the KPC-2 amino acid in parentheses.
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1.6 CTX-M and KPC-2 Beta-lactamase Families
CTX-M and KPC are two of the most concerning Class A beta-lactamase families. As a
result, we chose to focus on these specific families. Currently, the CTX-M family is the most
prevalent ESBL in both healthcare and nosocomial settings worldwide; making its presence nearly
ubiquitous [49,50]. Furthermore, they have been found in numerous members of the family
Enterobacteriaceae and confer resistance to several types of clinical infections. The only betalactams effective against these enzymes are carbapenems or beta-lactam inhibitor combinations
[51]. Furthermore, these treatments are restricted by their limited pharmacokinetic effectiveness
at certain infection sites and their susceptibility to mediators of resistance often carried along with
CTX-M [51]. This makes treatment of infections with these enzymes extremely challenging.
[49,52].
Until the early 1990’s, ESBLs were generally regarded as the most concerning threat to
healthcare. This has changed with the widespread arrival of carbapenem beta-lactamases and, for
the United States, the KPC carbapenemases. KPC (specifically KPC-1) was first reported in a
health-care setting in 1996 in a patient in North Carolina who had demonstrated resistance to all
beta-lactams [53]. By the early 2000’s, it had spread beyond isolated cases to outbreaks in New
York City hospitals [54]. According to Centers for Disease Control and Prevention Data, this
family has spread to all 50 states and is regularly observed in health care settings [55]. As a result,
the KPC family poses a serious healthcare challenge in hospitals. Often bloodstream infections
carrying KPC leave clinicians with very few treatment choices resulting in mortality rates as high
as 50% [56,57].
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1.7 Approaches to Understanding Beta-Lactamase Resistance
Antibiotics specifically designed to avoid beta-lactamase resistance could prolong drug
efficacy and potentially evade future resistance. However, predicting mutations that change
function and subsequently resistance is challenging in beta-lactamases [58]. Often, mutations
beyond the binding-pocket can alter the resistance and kinetics of beta-lactamases [59–63]. As a
result, allosteric mutations need to be considered when predicting mutations that alter resistance
(Figure 1.4). Typical approaches, especially structural, informatics, and directed evolution, have
some success but have faced challenges in predicting mutations that might affect function.
Approaches that model physical changes from allosteric mutations to the binding-pocket could
augment existing methods.
A common approach to understand allosteric mutations in enzymes involves experimental
structural characterization of mutants. This method is successful with binding-pocket mutations
and has characterized the effect of some beta-lactamase mutations [64–66] but can be difficult to
apply to beta-lactamases due to subtle changes from allosteric mutations. Typically, through these
analyses, such as crystallography, changes from allosteric mutations to the pocket are visualized
by comparing wild-type and mutant structures. This allows for development of a potential
mechanism to explain the effect of mutations. This mechanism can further serve as a model to
predict other important mutations [67–69]. However, these methods work best with mutations that
grossly affect structure or demonstrate a clear pattern in the location of mutations. In betalactamases, the mutations that affect function come from small changes that do not grossly alter
the structure [24,70] and are diffusely located throughout the enzyme (Figure 1.4). This makes
such gross structural approaches in beta-lactamase mutation prediction less useful for
understanding subtler allosteric mutations.
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Informatics based analytical approaches can often predict these subtle mutations, but the
evolutionary history of beta-lactamases complicates such approaches. Most beta-lactamase
families entered healthcare from pre-existing environmental enzymes that were suited to
breakdown clinical antibiotics. Unlike other enzymes which co-evolved with their current
substrates [71–73], clinical beta-lactamases gradually evolved to hydrolyze antibiotics in their
environmental niche and then were recently and suddenly selected to hydrolyze a novel clinical
beta-lactam [74,75]. This means that the development of a family’s current beta-lactam class
spectrum may be coincidental since there was little co-evolution with synthetic clinical betalactams [76–78]. Furthermore, it means that beta-lactam families demonstrate close intrafamily
similarity but large interfamily differences in spectrum and sequence. Specifically between
families of class A beta-lactamases, there are often sequence dissimilarities close to 50% [78]. For
instance, a genetic study of CTX-M suggests that they transferred into healthcare pathogens from
the gastrointestinal saprophyte Kluyvera and are phylogenetically different (diverging well over
200-300 million years ago) from previously identified beta-lactamases including ESBLs such as
TEM-1 [76,79] .
The resulting sequence pattern and diverse evolutionary history of beta-lactamases
complicates informatics-based methods. These approaches leverage the inherent patterns in the
evolution of an enzyme by analyzing changes across sequences at residues sites based on residueto-residue contacts, enzyme function, or structural mapping [80–82]. Beta-lactamase families
demonstrate wide differences in many informatics based measures and characterization of these
features in past studies found that patterns related to evolutionary history more than spectrum
[24,70]. While challenging, these analyses have suggested mutations that might affect spectrum
and function. These findings are typically mutations near the more conserved binding-pocket, an

21

area where variability might be more closely linked to spectrum. The evolutionary diversity makes
identifying allosteric mutations that contribute to changes in spectrum as compared to other
evolutionary noise much more challenging.
Due to the difficulty of developing sequence based models to predict resistance, some
researchers have employed directed evolution-based approaches to identify adaptive allosteric
mutations that alter spectrum but these studies require extensive prior knowledge of the
evolutionary landscape and mutagenic potential of an enzyme. This form of protein engineering
involves an iterative process of random mutagenesis followed by an increasingly stringent
selection step. For beta-lactamases, this selection step would involve selecting mutants which
increase resistance to an antibiotic. This approach is a Darwinian incremental random exploration
of mutations and has the benefit of functionally validating any predicted mutation. Past work
demonstrates successful directed evolutionary approaches applied to class A and class D (another
serine mediated class) beta-lactamases that resulted in an altered antibiotic spectrum, but this
method does face challenges in predicting and characterizing the effect of allosteric mutations on
function [83,84]. Often directed evolution targets particular regions in the enzyme being studied.
This makes a general purpose “off the shelf” method using directed evolution for mutation
prediction more difficult [83,84]. Furthermore, class A beta-lactamase mutations demonstrate sign
epistasis where, alone, a mutation lowers resistance but increases resistance when paired with
another. As a result, this causes uneven sampling of the mutational space in incremental directed
evolution as mutational sets which do not demonstrate sign epistasis have a much higher
probability of forming in later iterations than those that do demonstrate it [85].
Modeling the direct effect of a mutation on the chemistry of the binding-pocket can
augment existing approaches to understand functions and mechanisms that support beta-lactamase
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function. First, studies have noted that beta-lactamases share overall structural and functional
similarities of the binding-pocket environment even if they globally differ in sequence [70].
Therefore, studying differences in the physical chemistry of the bonding pockets between betalactamases with very different sequences and spectrum could identify interactions responsible for
spectrum. Second, such a method inherently provides detailed information as to how a mutation
affects the pocket. If sequence-based and evolutionary approaches identify a mutation that might
affect spectrum, follow up biochemical studies would be needed to understand how that mutation
alters chemical function. With a modeling approach, the same approach that discovered the
mutation would include this information. One specific modeling approach to accomplish this
involves the use of molecular dynamics simulations.
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Figure 1.4 Identified allosteric mutations in the CTX family that affect function
Illustration of allosteric mutations that alter enzyme activity mapped onto CTX-M9’s crystal
structure (PDB 2P74), a CTX-M enzyme [37,59–63]. The binding-pocket is identified by the drug
in sticks (red). Allosteric mutations demonstrate no clear structurally related pattern to aid
prediction.
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1.8 Molecular Dynamics Approaches to Beta-Lactamases
Molecular dynamics offers a means to relate changes in conformations in the bindingpocket to changes in spectrum and function. This approach models aspects of binding-pocket
chemistry allowing for the characterization of interactions in the binding-pocket across betalactamase families and the screening of mutations that potentially affect spectrum and function.
Molecular dynamics offer insight into the motion of atoms and therefore, molecules and proteins,
as a function of time. They permit the study of the movement of enzymes beyond often nonbiologically relevant conformations provided by crystal structures [86]. Molecular dynamic
simulations model the forces exerted across atoms. These forces are obtained from defined force
field equations deduced from atom type and molecular structure. Bonded interactions are modeled
using spring potentials tuned for length and bond strength. Coulomb’s law is often used for noncontact interactions [87]. These forces are then converted into acceleration and velocity using
Newton’s laws, which ultimately allows for the structure-based animation of protein
conformations [87]. As a result, molecular dynamics simulations provide a unique spatial and
temporal resolution that allows for the study of interactions that were previously impossible to
observe [87]. These simulations have been very useful in studying enzymes. Specific to serinebased enzymes, past works have used these simulations to understand aspects of enzyme bindingpockets and the effect of allosteric mutations [88–91].
To date, this approach has been underutilized in studying the beta-lactam spectrum of betalactamases. Past work applying molecular dynamics simulations to beta-lactamases has focused
on docking and binding, which often occur irrespective of antibiotic spectrum in these enzymes.
These studies have attempted to describe conformational changes in the binding-pocket in relation
to the ligand [64,89]. The work that has been performed on identifying potential allosteric effects
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identified cryptic allosteric binding sites that could be potential drug targets. This demonstrates
that molecular dynamics can identify allosteric effects in these enzymes [89,92,93]. Here, I aim to
use molecular dynamics to study the binding-pocket conformations related to the acyl-enzyme
state. These simulations provide a conduit to study the drug-enzyme interaction in the bindingpocket prior to the critical deacylation step. Additionally, they offer a method to measure potential
effects of allosteric mutations on this chemistry. I specifically am interested in findings that are
general enough to be applied across families.

1.9 Goals of this Dissertation
Class A beta-lactamases have large sequence diversity, but chemical and structural
similarity in the binding-pocket. This has made traditional mutational approaches to understand
the beta-lactam spectrum of these enzymes very challenging. The goals of this dissertation are to
characterize residues and interactions that alter beta-lactam spectrum in two clinically important
beta-lactamases and, in the process, develop approaches which can be further applied to other betalactamase systems. These approaches leverage the chemical similarity of the binding-pocket
between beta-lactamases with different spectrums and dissimilar sequences to identify mutations
and interactions that drive differences in function and drug spectrum. I present three works that
apply molecular dynamics-based predictive study of mutations that potentially affect function,
which are then experimentally verified. One challenge of molecular dynamic simulations is that
identifying these interactions often involves finding patterns in noisy high dimensional data [94].
Therefore, much of this work offers new methods to find relationships in these simulations, which
can translate to other beta-lactamase and potentially enzyme systems.
I begin by identifying residues that are essential for the function of CTX-M9, a member of
the CTX-M family (Chapter 2). Next, I identify residues that modulate activity based on predicted
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changes to binding-pocket interactions in CTX-M9 (Chapter 3) and translate these chemical
findings to a different beta-lactamase family, KPC, with KPC-2 (Chapter 4). Finally, in the
discussion and future directions, I close with the proposal of new techniques that would refine
these approaches in the field.
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Chapter 2. Excess Positional Mutual Information Predicts both Local
and Allosteric Mutations Affecting Beta-lactamase Drug Resistance
2.1 Chapter Foreword
Enzymes function as catalysts by assuming active site conformations that reduce the free
energy barrier for a chemical reaction either by enforcing specific substrate geometry or by
creating a specialized local environment [95,96]. Allostery affects enzyme activity through the
communication of positional fluctuations at a site distant from the active site to alter the
conformations of the active site [97–99]. In this chapter, we have predicted and verified, using
molecular dynamics simulations, allosteric residues that alter CTX-M9’s function. Often allosteric
effects do not occur through a simple series of interactions from that site to the pocket but more
through a diffuse set of interactions [98]. Therefore, we employ a mutual information based
method which focuses on the existence and strength of association regardless of how that
communication is conveyed. The result helps identify allosteric residues on CTX-M9 and serves
as a potential tool for the study of other beta-lactamases. Our work was published in Bioinformatics
in July 2016 with me as first-author [62]. The text and figures have been adapted for this chapter
with permission by and in accordance to the author rights stated by Oxford Journals. It is for noncommercial use.

2.2 Introduction
Although the key catalytic residues in CTX-M enzymes are well known, we wish to
understand the basis for modulation of activity and ligand specificity in these enzymes. Even
though comprehensive mutagenesis of CTX-M has not yet been experimentally feasible, reports
of individual mutations show that single point mutations can alter drug spectrum and catalytic
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activity [100–104]. Such point mutants have been identified in clinical isolates of bacteria
[60,61,105,106] as well as laboratory mutagenesis experiments [100–104].
A comprehensive experimental understanding of how mutations affect beta-lactamase
drug resistance has been hindered by the combinatorial magnitude of the problem. Even for point
mutations on CTX-M enzymes alone, rigorous quantitation of how mutants affect activity against
a large panel of drugs is extremely resource-intensive, entailing the screening of ~5000 mutants
(260 residues x 19 amino acid changes) against multiple antibiotics. Therefore, we wish to identify
residues that may contribute to activity and specificity but are not absolutely essential to function.
Prediction of such residues can guide a more targeted set of mutagenesis experiments. In designing
such an approach, we wish to consider all residues in the protein, not simply those in direct contact
with the drug or previously identified via serendipitous mutations.
We have chosen to predict residues modulating antibiotic resistance in CTX-M enzymes
based on analysis of molecular dynamics (MD) simulations. We hypothesize that the
conformational dynamics of the enzyme and its substrate will yield insight into catalytic activity
even though we do not consider catalysis explicitly in classical molecular dynamics simulations,
unlike reactive methods [107–109]. Classical MD simulations have been previously used to predict
or explain mutations in a number of enzyme systems [110–112].
To predict individual residues to mutate, we seek to identify the influence of individual
atoms on catalytic activity rather than overall conformational substates of the enzyme. Molecular
dynamics simulations provide a means to quantify this “influence” by measuring positional
relatedness between protein atoms and a bound drug, based on the hypothesis that the conformation
and orientation of the drug and its environment are related to catalytic activity. We sample
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conformations from molecular dynamics simulations, which estimate a Boltzmann-weighted
ensemble.
Positional mutual information provides a robust nonlinear metric to quantify relatedness of
positional displacement in molecular dynamics simulations [113,114]. Normalized covariance
matrices have also been used for such measurements [115,116], but such approaches are restricted
by a linear correlation approximation [117,118], which is less desirable for detecting subtle yet
important motions. Mutual information quantifies how much knowledge of the probability
distribution of positional displacement for one atom i affects the distribution for another atom j
and thus provides a much more general means of detecting relatedness.
Although positional mutual information has been used to analyze large-scale movements
in a manner analogous to principal components analysis [118,119], here we desire a more focused
approach. To predict residues important to catalytic activity, we score by mutual information to
drug conformation. This is corrected for bulk protein movement, yielding excess mutual
information
𝐼(𝑖, 𝑑𝑟𝑢𝑔) − 𝐼(𝑖, 𝑝𝑟𝑜𝑡𝑒𝑖𝑛_𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑),

(1)

where I(i,j) denotes the mutual information between residues i and j [114]. Such a metric
encapsulates the precise question “how related is movement of atom i to the drug conformation”.
This metric is designed to identify functionally important residues that meet this criterion; it is of
course not designed to detect residues that might not be motionally correlated with the drug but
still important to catalysis.
Simulations and analysis were performed on the CTX-M9 beta-lactamase in complex with
one of two antibiotics: cefotaxime and meropenem (Figure 2.1). CTX-M enzymes hydrolyze
antibiotics by way of an acyl-enzyme intermediate where the antibiotic is covalently bound to the
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enzyme [120]. CTX-M9 is able to efficiently hydrolyze cefotaxime, whereas it only forms the acyl
intermediate for meropenem without completing hydrolysis [120]. The conformational dynamics
of this intermediate may thus yield insight into the residues important
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Figure 2.1 Structures of CTX-M9:drug complexes.
The overlaid structures of CTX-M9 acylated to meropenem (brown) and cefotaxime (violet) are
rendered in panel (a) with a close-up of the drug-binding-pocket in panel (b). Protein is rendered
in cartoon form and drug in sticks. These structures were used for molecular dynamics simulations
that served as the basis for positional mutual information calculations.
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for hydrolytic specificity in these enzymes. The positional mutual information matrices for both
CTX-M9:meropenem and CTX-M9:cefotaxime complexes yield important insight regarding the
organization of these enzymes. We then score residues that may affect catalytic activity of CTXM9 using excess mutual information. These predictions yield a set of residues that have previously
been identified as affecting catalytic activity and a set of novel, previously untested predictions.
To validate our predictions, we tested the top-scoring residues for CTX-M9:meropenem and CTXM9:cefotaxime via alanine mutagenesis, a common means to assess the effect of ablating a residue
side chain. Six of these eight mutants had a >2-fold decrease in cefotaxime resistance while only
one of the four lowest scoring residues for CTX-M9:meropenem and CTX-M9:cefotaxime
similarly decreased resistance.

2.3 Methods
2.3.1 Molecular dynamics simulations
We obtained the apo crystal structure of CTX-M9 from the Protein Data Bank (PDB Code
2P74) [37]. The acylated meropenem structure was generated by least-squares RMSD fitting of
the acyl-meropenem intermediate of SHV-1 (PDB Code 2ZD8) [121] with missing atoms added
via rigid-body fitting. The acylated CTX-M9:cefotaxime structure was generated via least squares
rigid-body alignment of all common atoms on the beta lactam ring of meropenem and cefotaxime
on a Thr71Ser CTX-M9 mutant. Meropenem and cefotaxime were parameterized using the Amber
Antechamber program with AM1-BCC partial charges [122]. All simulations were run using
Gromacs 4.5 with the AMBER99SB-ILDN force field and TIP3P explicit water [123–125] in a
periodic octahedral box with a minimum periodic image separation of 2 nm. The solvent consisted
of approximately 24,000 water molecules and 150 mM NaCl. Simulations were run with a 2 fs
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time step and hydrogen bonds were constrained using LINCS [126]. The temperature was
maintained at 37 C using a velocity-rescaling thermostat [127] and the pressure was maintained at
1 bar with a coupling constant of 10 ps. Short-range nonbonded and electrostatic interactions were
truncated at 1.2 nm, and long-range electrostatics were treated with Particle Mesh Ewald [128].
CTX-M9:meropenem simulations were then run using the Folding@Home platform, and CTXM9:cefotaxime simulations were run on a Cray XC30 or on NVidia GPGPUs. 200 independent
simulations were run of CTX-M9:meropenem complexes; 22 of these were randomly selected for
subsampled analysis, totaling 2460 ns with a median simulation length of 106 ns. The first 46 ns
of each simulation were discarded and the remaining aggregate 2150 ns used for analysis. Three
longer independent simulations CTX-M9:cefotaxime complexes were analyzed; two simulations
had lengths of 954 ns and one of 289 ns, after truncation, totaling 2197 ns. Snapshots were recorded
every 50 ps.

2.3.2 Mutual information analysis of CTX-M9 dynamics
We calculated displacements for all atoms of the CTX-M9:drug complex after rigid-body
alignment of the binding-pocket to the starting structure of each respective simulation. For this
purpose, the binding-pocket was defined as residues having at least one non-hydrogen atom within
1 nm of the acylated drug carbonyl in >90% of simulation snapshots and where the root-meansquared positional fluctuation of the backbone atoms was < 7 Å. Alignment using the bindingpocket as a reference was chosen to minimize artifactual drug motion from alignment error; a
comparison where alignment was performed on the whole protein and yields similar results. These
displacements di (t) where 𝑖 is the index of each atom and t is the time from the initial alignment
structure were then used to calculate mutual information and symmetric uncertainty in a fashion
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similar to that which we have reported previously [114]. Mutual information 𝐼(𝑖, 𝑗) was calculated
between two atoms 𝑖, 𝑗 using
𝐼(𝑖, 𝑗) = 𝐻(𝑖) − 𝐻(𝑖|𝑗) =
𝑃 (𝑥,𝑦)

𝑖,𝑗
− ∑𝑖,𝑗 𝑃𝑖,𝑗 (𝑥, 𝑦) 𝑙𝑜𝑔 𝑃 (𝑥)𝑃
𝑖

𝑗 (𝑦)

(2)
(3)

The probability density function 𝑃𝑖 (𝑥) and 𝑃𝑗 (𝑥) were estimated using 2-D histograms of
𝑑𝑖 (𝑡) and 𝑑𝑗 (𝑡) with 32 bins at even intervals min(𝑑𝑖 (𝑡),∀𝑡) to max(𝑑𝑖 (𝑡),∀𝑡) and min(𝑑𝑗 (𝑡),∀𝑡)
to max(𝑑𝑗 (𝑡),∀𝑡).
Mutual information values were then normalized using symmetric uncertainty, which
represents the relatedness of a pair of atoms independent of the motion undergone by each atom
𝐼(𝑖,𝑗)

𝑆(𝑖, 𝑗) = 𝐼(𝑖,𝑖)+𝐼(𝑗,𝑗)

(4)

Excess mutual information was calculated for each atom using
̅̅̅̅̅̅̅̅
𝐸(𝑖) = 𝑆(𝑖,
𝑘) − ̅̅̅̅̅̅̅
𝑆(𝑖, 𝑙)

(5)

where k are atoms in the beta-lactam ring of the drug (C6, C7, C8, N10, and O9 for cefotaxime
and C5, C6, C7, N4, and O71 for meropenem) and l are all atoms not in the binding-pocket defined
as above.

2.3.3 Sequence retrieval and processing
CTX-M family nucleotide sequences were retrieved using published accession numbers
[49]. These sequences were then translated and individually aligned to a protein sequence of CTXM9 (ACR66304.1) using TBLASTN [74,129]. Resulting sequences were aligned using MUSCLE
[130]. From this alignment, a consensus sequence was generated for all residues identical across
the CTX-M9 family to identify conserved residues.
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2.3.4 Creation and resistance measurements of mutants
We performed site-directed alanine mutagenesis on selected residues in CTX-M9 [131].
Mutants were tested for cefotaxime resistance using a Kirby-Bauer antibiotic disc assay [132].
Bacteria were grown to an optical density of 0.1 and then evenly spread on Mueller Hinton agar
plates with a cefotaxime antibiotic disc placed in the center. The diameter of clearance was
measured after 12-16 hours of incubation. Resistance was measured as fold-change in apparent
inhibitory concentration, calculated as the squared diameter of clearance for CTX wild-type
divided by the square of the diameter of the mutant.

2.4 Results
We used positional mutual information to analyze the conformational dynamics of CTXM9 with a bound antibiotic, either cefotaxime or meropenem, based on molecular dynamics
simulations. Multiple microsecond-length simulations were used to obtain good statistical
sampling of positional motions of the enzyme-drug complex. Mutual information provides a
nonlinear analogue to measuring correlated motions. This approach identifies pairs and networks
of atoms that are dynamically related and thus statistically interact either directly or indirectly.
When applied to the active site of an enzyme, it thus enables a unified analysis of short-range and
long-range interactions that may influence catalysis and in this case drug resistance. Furthermore,
by measuring the excess mutual information of protein atoms to the drug compared to the rest of
the protein, we identified residues that may influence the dynamics of the bound beta lactam ring
and potentially subsequent drug hydrolysis.
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2.4.1 Pairwise symmetric uncertainty to analyze positional relationships in CTX-M9
To quantify pairwise relationships between all pairs of atoms in the CTX-M9:drug
complex, we calculated a positional symmetric uncertainty matrix based on molecular dynamics
simulation trajectories. Symmetric uncertainty was used as a normalized information-theoretic
metric of positional relatedness (calculated by dividing mutual information by the sum of
entropies, see Methods for details). For cefotaxime, this yields a 3977x3977 matrix. Because the
size of this matrix is N2 in the number of atoms, we selected the top 0.25% of interactions (5%
squared) for analysis or the top 19,771 pairs. Similarly, symmetric uncertainty analysis of CTXM9:meropenem yielded a 3992x3992 matrix where the top 19,920 pairs comprise the top 0.25%
of interactions.
At a coarse level, the resulting symmetric uncertainty matrices show, as expected, strong
relationships between directly interacting atoms as well as stabilization of secondary structure
elements. Thresholded matrices for CTX-M9:cefotaxime and CTX-M9:meropenem complexes are
plotted in Figure 2.2 and Figure 2.3, and the top-scoring interactions are rendered as dotted lines
on the protein structure in Figure 2.2A and Figure 2.3A. This analysis yields statistically coupled
yet spatially distant atom pairs as well as a number of strong interactions from directly contacting
atoms, as discussed below. The strong near-diagonal band reflects the expected high symmetric
uncertainty for atoms that are directly connected by bonded interactions; in addition, salt bridges
and Van der Waals contacts between sequence-distant but spatially proximate atoms also resulted
in pairs with high symmetric uncertainty. Secondary structural elements are typically strongly
connected, except when such structures are so strongly stabilized that they are immobile over the
multi-microsecond timescales sampled and thus have near-zero positional entropy. Also present
in the high-scoring pairs are interactions between nearby secondary structural elements. For
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example, in the CTX-M9:cefotaxime simulations, a number of high-scoring pairs were measured
between the alpha helix containing residues Ala28-Ser40 (Fig. 2A, atom indices 45-243) and the
helix containing residues Arg276-Ala287 (atom indices 3752-3953).
One striking finding is the lack of strong relationships between the bound drug and the
major catalytic residues and similarly between the drug-binding-pocket and the rest of the enzyme
in both sets of simulations. The highest-scoring drug-protein symmetric uncertainty value occurs
below our 99.75% statistical cutoff, and such linkages remain sparse even at much lower cutoffs
(Figure 2.2D and Figure 2.3D). This suggests that the drug and catalytic geometry are relatively
isolated from conformational fluctuations of the rest of the protein. Such a finding makes sense in
light of theories of catalytic preorganization in enzymes, which can be interpreted to state that
optimal catalytic efficiency results from minimal fluctuations of the catalytic residues [133,134].
This is well supported by crystallographic studies of CTX-M9 alone and in complex with different
transition-state analogues; in one such series of structures, key catalytic residues such as Ser130,
Lys73, Glu166, and Ser237 shift only an average of 0.1 Å over a set of substrate analogues
spanning the catalytic cycle [120]. Despite this relative isolation, symmetric uncertainty analysis
of CTX-M9:cefotaxime yielded one potentially important network involving Asn104, Arg276, and
Asn170. This network is connected by linkages at the 99.5th percentile, below our statistical cutoff,
but stronger than any other networks of spatially distant residues. Although none of these residues
is directly involved in catalysis, previous work has suggested they have a strong role in function.
Asn170 is believed to be involved in establishing the hydrogen bond network [135] with the
catalytic water molecule while Asn104 directly interacts with acylamide side chain of cefotaxime
[136]. None of these interactions met the pre-defined threshold for significance in our analysis,
but they constitute intriguing candidates for further testing.
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Figure 2.2 Pairwise positional symmetric uncertainty in CTX-M9:cefotaxime complexes.
Symmetric uncertainty (normalized mutual information) is used to quantify the degree to which
atom motions are associated. Rendered in panel (a) are the top 0.25% of symmetric uncertainty
pairs shown as brown lines on the CTX-M9:cefotaxime structure. Panel (b) shows a contour plot
of the atom-atom symmetric uncertainty matrix contoured at 0.1% intervals from the 99.5th to
100th percentiles. While numerous connections are identified between secondary structural
elements, the drug has few high-ranking interactions with protein atoms, indicating a relative
isolation of drug motion from protein motion. This is illustrated in the inset rendering in panel (c)
and the portion of the symmetric uncertainty matrix corresponding to drug interactions in panel
(d) that shows only self-interactions scoring above 99.5%.
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Figure 2.3 Pairwise positional symmetric uncertainty in CTX-M9:meropenem complexes.
The top 0.25% of symmetric uncertainty pairs are rendered as brown lines on the protein structure
in panel (a), with the matrix contoured at 0.1% intervals at 99.5% and above in panel (b) and insets
showing drug interactions in panels (c) and (d). Similar to CTX-M9:cefotaxime, CTXM9:meropenem simulations showed few interactions between the drug and enzyme or the drugbinding-pocket and the rest of the enzyme.
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2.4.2 Excess mutual information identifies residues linked to drug motion
While symmetric uncertainty enables a global analysis of statistical interaction networks
in the protein-drug complex, a more targeted statistical metric is desired to identify residues
associated with particular motions of the bound drug. Excess mutual information quantifies drugprotein positional coupling in a fashion corrected for protein motions and capable of robustly
identifying even weak but physically significant coupling. Excess mutual information measures
the symmetric uncertainty between a protein atom and the beta-lactam ring but corrects for bulk
protein motion by subtracting the average symmetric uncertainty to the rest of the protein (see
Methods for details). The top 5% of protein atoms as scored via excess mutual information to the
beta-lactam ring were then selected for both CTX-M9:cefotaxime and CTX-M9:meropenem
(Table 2.1 and Figure 2.4).
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Table 2.1 Top-scoring residues via positional excess mutual information
Rank
CTXCTXM9:cefotaxime M9:meropenem
1
T235*C
T235*C
2
N132*
G236C†
3
T71*C†
T216
4
Y264C
T71*C†
C
5
N245*
R276*†
6
D246*C
S130C†
C†
7
N104*
A219*C†
8
Y234*
D246*C
C
9
I221
Y234*
†
10
N106
Y73*C†
11
R222
M68C
12
Y73*C†
N132*
13
D233C
A218*
C
14
Y105*
C69C
†
15
V103*
S237*†
†
16
S220
N214*
17
A219*C†
L119
18
Y60
N245*C
19
A218*
A125
20
A263
N104*C†
21
Q128*C
E166†
C
22
D131*
T133
C
23
V262
V103*†
24
L225
Y105*C
25
N214*
G217
26
V46C
T215C
C
27
L33
L127C
28
S237*†
Q128*C
29
A231
L102C
30
R276*†
D131*C
C
31
S72
P167
32
E110C
*-Shared between CTX-M9:cefotaxime and CTX-M9:meropenem
C- Conserved residue
†-residue mutated experimentally; altered drug resistance observed
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Figure 2.4 Residues linked to drug motion identified by excess positional mutual information.
Residues corresponding to the top 5% of protein atoms scored by excess mutual information to the
beta-lactam ring are rendered as sticks on the CTX-M9:cefotaxime structure in panel (a) and the
CTX-M9:meropenem structure in panel (b). These residues constitute our predictions for sites
where mutation will affect catalytic activity and drug resistance. The drug is shown in red, residues
identified in both enzyme:drug complexes in orange, and residues identified in only one
enzyme:drug complex in yellow.
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These top-scoring atoms yield a prediction of functionally important residues for beta-lactam
hydrolysis for CTX-M9. The top 5% of atoms scored by excess mutual information in CTXM9:cefotaxime simulations covered 35 residues, 31 after removing “singleton” residues with only
one atom selected (of 265 residues total).
Of these, 9 have previously been tested via mutagenesis experiments, and in all 9 mutations
were confirmed to reduce catalytic activity, as assessed by a decrease in both kcat and minimum
inhibitory concentration of drug to impede bacterial growth [74,100,101,103,130,136]. In addition,
17 of the 31 residues are sequence-identical across the CTX-M family using the family definition
provided in [49]. Of the 10 top-scoring residues, 7 are sequence-identical across CTX-M9, and 3
have been previously tested and confirmed via experimental mutagenesis. This degree of sequence
conservation further, although indirectly, supports a functional role for the residues thus identified.
Residues predicted by excess mutual information include amino acids both in the drug-bindingpocket and distant from it (allosteric mutations). This second category (including Leu33, Val45,
Ala245, Ala263, and Tyr264) is particularly interesting, as they are more difficult to identify via
conventional methods. Previous experimental mutagenesis has shown that allosteric mutations can
affect hydrolysis of cephalosporins via beta-lactamase enzymes [101], and the prediction of novel
allosteric mutations is a major goal of this work. Recent work based on evolutionary conservation
has proposed distance to the active site as a means to score functional importance of enzymes
[137]. In our data, excess mutual information scores showed correlation values of (0.27 and 0.56)
with distance to the catalytic residues, explaining 7.6% and 31% of the variance in MI respectively,
demonstrating that for this system excess mutual information contains information other than
purely distance. In addition, high-scoring residues ranked moderately in positional mobility (top-
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scoring residues in CTX-M9:cefotaxime simulations have root-mean-squared fluctuation of 1.4 to
1.9 Å compared to an overall range of 0.53 to 7.72 Å and median 1.6 Å.
Corresponding analysis of the CTX-M9:meropenem complex yielded a number of residues
in common with CTX-M9:cefotaxime (Figure 2.4). The top 5% of atoms scored via excess mutual
information mapped to 37 residues, 32 after singleton removal. Of these 32 residues, 17 were in
common with CTX-M9:cefotaxime, and the remaining 15 diverged. Although it is tempting to
analyze differential scoring between the CTX-M9:meropenem simulations and the CTXM9:cefotaxime simulations as relating to the capacity of CTX-M9 to hydrolyze cefotaxime but not
meropenem, we wish to remain conservative in this respect as the simulation sampling scheme
differed slightly between CTX-M9:cefotaxime (fewer, longer simulations) and CTXM9:meropenem (more simulations of 100-200ns in length), and we cannot exclude a sampling
bias in accounting for the different residues identified. Common residues included several involved
in catalysis either directly or indirectly such as Ser237, Arg276 [102,120]. Top-scoring residues
from CTX-M9:meropenem (but not CTX-M9:cefotaxime) included Ser130 and Glu166, two
residues closely tied to catalytic function (Glu166 is believed by many to be the general base for
cephalosporin hydrolysis in CTX-M enzymes) [120,135,138]. The identification of these residues
suggests that although CTX-M9 cannot fully hydrolyze meropenem, catalytic residues still interact
with the drug in a coordinated manner.

2.4.3 Mutation at top-scoring sites decreases drug resistance
As an experimental test of our scoring method, we mutated each of the 5 top-scoring
residues via excess mutual information singly to alanine. We used antibiotic resistance of
transformed bacteria expressing each enzyme as a metric of enzymatic function. As a control, we
also mutated the four lowest-scoring residues and four residues that scored closest to zero excess
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mutual information (relationship to drug motion equal to the average across the protein). Of the
top-scoring residues, 6/8 had a greater than two-fold reduction in cefotaxime antibiotic resistance
(Figure 2.5), with all mutants showing some reduction in resistance. Four of the most affected topscoring residues were located near the drug-binding-pocket while two were more distant from it,
suggesting that excess mutual information can indeed identify both nearby and allosteric residues
affecting function. Only one of the four lowest-scoring residues displayed a >2-fold reduction in
cefotaxime antibiotic resistance (Figure 2.6C). Similarly, of the four mutants scoring near zero
(background correlation only), none showed a >2-fold decrease in drug resistance (Figure 2.6C).
These results demonstrate that excess mutual information can robustly identify (p < 0.05 via
Fisher’s exact test or p < 0.01 via two-tailed Kolmogorv-Smirnov test) residues likely to be
involved in enzyme function and consequent drug resistance.
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Figure 2.5 Mutation of top-ranking residues via positional mutual information greatly
decreases cefotaxime drug resistance.
The five highest-scoring residues for cefotaxime (orange) and meropenem (yellow with residues
in both sets as red) were selected for alanine mutagenesis. These were located both inside and
distant from the drug pocket (a). Six of the eight mutants displayed a >2-fold drop in resistance.
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Figure 2.6 Mutation of lowest-scoring residues leaves cefotaxime drug resistance largely
unaffected.
As rendered in panel (a), the lowest-scoring residues and (b) the residues with closest to
background mutual information in cefotaxime simulations (orange) and meropenem simulations
(yellow) were located outside the drug-binding-pocket. As plotted in panel (c), none of nearbackground mutants (yellow) and one of the lowest scoring mutants (orange) showed a >2-fold
decrease in drug resistance.
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2.5 Chapter Discussion
We have developed an excess mutual information metric to predict residues important for
drug hydrolysis in the CTX-M9 beta-lactamase enzyme based on molecular dynamics simulations.
We initially developed excess positional mutual information to score protein residues on the
influenza hemagglutinin glycoprotein that influence low-affinity binding of sialoglycans [114].
Here, we show how excess mutual information can be used in a much more sensitive and targeted
fashion, detecting motions of an enzyme that are weakly but significantly coupled to dynamics of
a bound substrate, and prospectively predicting and testing mutants that affect enzyme function.
This marks a substantial expansion on the scope of problems for which excess mutual information
can predict mutational effects: from initial work on relatively “floppy” low-affinity ligand binding,
it was not obvious that mutual information would successfully predict sites of mutation in a
relatively rigid beta-lactamase enzyme. Although positional mutual information has been used
very productively to identify conformational substates of a protein, use of excess mutual
information allows a much more targeted measurement of how individual residues are related to
ligand motion in a manner that is robust even in the presence of weak coupling. As we have shown,
excess mutual information identifies residues where mutation alters kcat even though these residues
are not strongly related to ligand or binding-pocket motions in the full N2 symmetric uncertainty
matrix.
Our primary goal in developing excess mutual information is to obtain a metric that can
predict both binding-pocket mutations and allosteric ones in a single integrated analysis. Since
many structure-based approaches concentrate on the ligand-binding-pocket, our prediction of both
proximate and distant residues demonstrates the power of such an approach. Another motivation
for the use of positional excess mutual information is that it provides an empirical measurement
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of positional relatedness that can be complementary to mutational analysis [114] yet leverages
state-of-the-art classical molecular dynamics force fields for both force calculation and sampling
of statistical ensembles of conformations. In contrast to methods that compute energy-based
coupling of protein residues, analyses of molecular dynamics trajectories naturally incorporate
entropic terms and yield a free-energy-based coupling of protein residue motions.
Our analysis identified several previously untested mutations predicted to alter the catalytic
activity and drug resistance conferred by CTX-M9. We tested a set of these prospective predictions
utilizing bacterial drug resistance as a measure of enzyme function, comparing to low-scoring
mutations. The predicted high-scoring mutations had a much greater effect on enzyme function
than mid-scoring or low-scoring controls (6/8 showing a >2-fold drop in resistance vs. 1/8 in the
aggregate control groups; p < 0.01 via KS test). Furthermore, these mutations that alter drug
resistance are located both within and outside the drug-binding-pocket, with high-scoring
mutations as far as 24 Å away, meeting our design criteria of a single global analysis to identify
both local and allosteric mutants. The ability to anticipate altered drug-resistance of new variants
is of great utility for clinical surveillance of CTX-M beta-lactamase s as well as drug development
efforts.
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Chapter 3. Predicting allosteric mutants that increase activity of a
major antibiotic resistance enzyme
3.1 Chapter Foreword
As discussed in Chapter 2, allosteric residues affect beta-lactamase function. These sites
are hard to predict using traditional structural techniques as they can affect important
conformations not well sampled with crystallography. We have used molecular dynamics
simulations to predict allosteric mutants increasing CTX-M9 drug resistance and experimentally
tested top mutants using multiple antibiotics. Purified enzymes show an increase in catalytic rate
and efficiency, while mutant crystal structures show no detectable changes from wild-type CTXM9. We hypothesize that increased drug resistance results from changes in the conformational
ensemble of an acyl-intermediate in hydrolysis. Machine-learning analyses on the three top
mutants identify changes to the binding-pocket conformational ensemble by which these allosteric
mutations transmit their effect. These findings show how molecular simulation can predict how
allosteric mutations alter active-site conformational equilibria to increase catalytic rates and thus
resistance against common clinically used antibiotics. Furthermore, this offers a screening
approach that could be transferred to understand other beta-lactamases.
The work described here was published in Chemical Science with the co-first authors
Malgorzata Latałło, M.Sc., and George Cortina [63]. Ms. Latałło performed much of the wet lab
work and analysis especially kinetics and crystallization. I performed some experiments and the
simulation work and conformational analysis. The text has been modified for non-commercial use
in accordance to the author re-use permissions.
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3.2 Chapter Introduction
Here we are concerned with new point mutations that increase the drug resistance of CTXM beta-lactamases. Such point mutations have been observed clinically, and a number have been
characterized mechanistically [100,139–143]. However, the landscape of mutations affecting drug
resistance remains incompletely characterized due to the large combinatorial space involved, and
the mechanism for increased resistance by allosteric CTX-M mutants remains largely unknown.
CTX-M is also an attractive system to study allosteric mutations because of the strong structural
similarity across many class A beta-lactamases despite large differences in sequence, substrate
profiles, and catalytic rates.
Antibiotic resistance by class A beta-lactamases proceeds via a two-step kinetic mechanism
involving an acyl intermediate:
𝑘𝑎𝑐

𝐸 + 𝑆 ↔ 𝐸𝑆 →

𝑘𝑑𝑎𝑐

𝐸𝐼 →

𝐸𝑃 ↔ 𝐸 + 𝑃

where E denotes enzyme, S the drug substrate, EI the acyl intermediate, and P the hydrolyzed drug
product. Previous studies have shown that either the acylation rate (kac) or the deacylation rate
(kdac) can be rate limiting depending on the enzyme variant or the drug substrate [144,145]. Due
to this variation and the low 38% sequence identity between CTX-M9 and the better-studied TEM
proteins, including a number of residues of functional significance [146], mechanistic studies of
CTX-M proteins in particular are of clinical importance. Because CTX-M enzymes have been
shown to arrest at the acyl intermediate (EI) in the hydrolysis of meropenem, we hypothesized that
the conformational dynamics of the acyl-enzyme complex would be predictive of the hydrolysis
of cephalosporin and carbapenem antibiotics.
Many approaches have been taken towards computational understanding of beta-lactamase
function. Here, we desire to understand mutational changes that affect a chemically narrow but
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clinically important substrate spectrum. We therefore undertook classical molecular dynamics
simulation of the acyl-enzyme:drug covalent complex to predict how mutations, including those
distant from the active site, would affect conformational dynamics of the drug and subsequent
catalytic activity in the deacylation step of hydrolysis. Our focus on the acyl intermediate thus
differs from other approaches to beta-lactamase function that have treated the apo and ligandbound states [92,147]. We simulated 125 different point mutants of the CTX-M9 beta-lactamase,
running >1000 simulations per mutant in order to improve estimation of these conformational
changes. Measuring kcat changes experimentally for this many randomly selected mutants is a
substantial but feasible task; the main reasons to perform molecular simulation are to enable
screening for an arbitrary specified set of mutants (not just point mutants) and to facilitate detailed
explanation of how allosteric mutations might affect function.
Although it would be unexpected for a single point mutation to confer substantial
meropenem hydrolytic capability onto a CTX-M enzyme, we simulated CTX-M9 in complex with
meropenem as a demanding test of mutations increasing drug resistance. Mutants were scored by
the probability of forming hydrogen bonds believed to stabilize the deacylation transition state
(Figure 3.1), and 5 high-scoring mutants as well as 4 lower-scoring ones were expressed in bacteria
and tested for cefotaxime and meropenem resistance. We selected three such mutants with
substantially increased resistance for further mechanistic and structural testing. All three of these
mutations were at allosteric sites: T165W on a loop near the active site and S281A and L48A > 20
Å away on the other side of the enzyme.

53

3.3 Methods
3.3.1 Constructs
A pET-9a plasmid containing blaCTX-M9 was the kind gift of Robert Bonomo (Bethel et
al., 2011). The following point mutants were constructed, were sequence-confirmed and
transformed into bacterial strains as specified below: L48A; A140K; T165W; T158E; A219H;
S220R; and N271D, and S281A.

3.3.2 Molecular dynamics simulations
CTX-M9 and mutant enzymes were simulated in acyl-enzyme complexes with
meropenem; wild-type enzyme and 3 top-scoring mutants were also simulated in complex with
cefotaxime. Starting structures were constructed by least-squares fitting of a meropenem-SHV-1
acyl-enzyme structure [121] onto the CTX-M9 apo crystal structure of CTX-M9 (PDB codes
2P74) [37] . Each protein was placed in an octahedral box with 2 nm minimum periodic separation
and solvated with TIP3P water and 150 mM NaCl. Simulations were run using Gromacs 4.5 [123]
with the AMBER99SB-ILDN force field [125]. Parameters for meropenem and cefotaxime were
determined using the AMBER Antechamber program using AM1-BCC partial charges [122,148].
Partial charges were obtained using Ser70 covalently bound to meropenem or cefotaxime
respectively. Bonded and vdW parameters were used from AMBER99SB-ILDN where available
and from GAFF [149] where not. Hydrogen bonds were constrained using LINCS, and short-range
interactions were truncated at 1.2 nm. Long-range electrostatics were treated with Particle Mesh
Ewald [128]. Simulations were run at 310K and 1 bar pressure using a velocity-rescaling
thermostat [127] and the Berendsen barostat [150].
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Simulations were run on two architectures: 200 simulations of CTX-M9:meropenem and
50 simulations of each of the 125 mutants tested were run on the Folding@Home platform.
Additionally, 1000 simulations for each of the 125 point mutants of CTX-M9:meropenem were
run using the Google Exacycle platform. Aggregate simulation averaged 5.75 microseconds per
mutant for the Folding@Home simulations and 5.24 microseconds per mutant for the Exacycle
simulations. Oxyanion hole scoring of mutants on these two datasets was not significantly different
and is compared in Figure S2. Convergence analysis is provided in Figure S3; approximately 25
simulations averaging 57 ns each were required for a converged ranking of mutants. Three
simulations of wild-type CTX-M9 in complex with cefotaxime were also run, totalling 2.5
microseconds, as well as 20 simulations of each of the CTX-M9 wild-type and the L48A, T165W,
and S281A mutants of >80 ns each. Simulation snapshots were saved every 50 ps for analysis.
Simulations were scored by the probability of forming hydrogen bonds that would stabilize
an oxyanion in the deacylation transition state (the “oxyanion hole”). Distances between the
carbonyl oxygen on the acylated beta-lactam antibiotic and each of two hydrogen bond donors
(backbone amide hydrogens on residues 237 and 70) were measured using 3 Å as a distance cutoff
for hydrogen bond formation. All point mutant simulations were scored by the fraction of
simulation snapshots satisfying both these hydrogen bonding criteria. Simulations were performed
to create two independent data sets; scoring of these data sets was highly concordant, particularly
for top mutants. Furthermore, simulations of cefotaxime acyl-enzymes ranked the three top
experimental mutations in the same order as the meropenem acyl-enzyme simulations. CTX-M9
wild-type simulation snapshots never satisfied both hydrogen bonding criteria simultaneously in
complex with meropenem, whereas separate simulations with cefotaxime satisfied the criteria in
>90% of snapshots. Separate simulations of the carbapenemase KPC-2 in complex with
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meropenem also frequently satisfied the hydrogen bonding criteria, leading us to conclude that
these criteria may be a good predictor of deacylation activity.
Positional mutual information was calculated for simulations of CTX-M9 and the L48A,
T165W, and S281A mutants in complex with meropenem and with cefotaxime in a manner similar
to that described previously [62] except that here each simulation snapshot was rigid-body aligned
to the CTX-M9 crystal structure using binding-pocket atoms, where the binding-pocket was
defined as all residues having at least one non-hydrogen atom within 1 nm of the drug in >90% of
wild-type simulation snapshots. The aligned distance of each binding-pocket atom to its reference
position in the crystal structure was measured, and the probability density function was estimated
by binning distances across all snapshots of a given mutant using a 1.5 Å bin width (top-10
rankings were identical for bin widths from 1.1 to 3.5 Å). Mutual information was calculated
between the position of each binding-pocket atom and the corresponding protein sequence being
simulated. The top 10 atoms were selected using this criterion and used to train a decision tree
classifier using a Gini impurity criterion and “best split” strategy. Classification accuracy was
tested using 10-fold cross-validation on the training set and separately on a randomly selected test
set consisting of 20% of the original data set.

3.3.3 Drug resistance assays
Phenotypic testing was performed using MG1655 Omp C-/F- E. coli (gift of Linus
Sandegren) transformed with each blaCTX-M9 mutant plasmid as indicated. Antibiotic
susceptibility was tested using the Kirby-Bauer disc diffusion method [132,151,152]. Discs
containing the following amounts of antibiotics were purchased from BD Medical (Franklin Lakes,
New Jersey): meropenem (10 μg), cefotaxime (30 μg), ceftriaxome (30 μg), cefepime (30 μg),
cefuroxime (30 μg), ceftazidime (30 μg), and fold-change measurements were calculated using
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wild-type CTX-M9 tested with each batch as an internal control. Bacteria were grown to an
OD600 of 0.1 in liquid broth and then evenly spread on Miller-Huntington agar plates, and the size
of the inhibition zone was measured after 14-16 h of incubation at 37°C. Resistance was assessed
as fold change of inhibitory concentration, calculated as the square diameter of clearance of wildtype CTX-M9 over square of the diameter of the mutant. Four samples were tested for each mutantdrug combination. Bacterial growth rates were determined by optical density (OD600)
measurements every 30 minutes at 37°C with continuous shaking at 220 rpm in LB liquid broth.

3.3.4 Additional methods
Details of enzyme purification, measurement of hydrolysis kinetics, thermostability assays,
simulation preparation, and crystallization, X-ray diffraction, and refinement are given in
Appendix A.

3.4 Results
We simulated 125 point mutants of the CTX-M9 beta-lactamase in complex with
meropenem, using residues from the structurally similar but highly drug-resistant enzyme KPC-2
as a source of mutational diversity. Mutants were scored by probability of forming two key
hydrogen bonds that stabilize the deacylation transition state. Nine of ten top-scoring mutants were
identical whether hydrogen-bond length or both length and angle were used as scoring criteria.
Five high-scoring mutants and several comparators were expressed in E. coli and tested for
increased resistance to cefotaxime and meropenem compared to wild-type CTX-M9. The three
top-scoring mutants identified by this procedure were then purified and characterized via
crystallography, thermal stability, and steady-state kinetics to understand the mechanism of
allosteric modulation of drug resistance by these mutants.
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3.4.1 Prediction and testing of mutants
Point mutants of CTX-M9 at every site differing from KPC-2 were generated
computationally and simulated in an acyl-enzyme complex with meropenem using classical
molecular dynamics. The probability of forming hydrogen bonds that stabilize the nascent
oxyanion in the deacylation transition state was calculated over these simulations, averaging 5.75
microseconds in total for each of the 125 mutants (minimum of 5.3 µs per mutant), and used to
score the mutants. A set of 5 high-scoring mutants and an arbitrary selection of mid-scoring
mutants were expressed in E. coli and tested for cefotaxime and meropenem resistance using disc
diffusion assays. Results of these tests are shown in Figure 3.1 and Table 3.1. As discussed below,
strongly increased hydrogen bond probability is hypothesized to be a predictor of increased
resistance but not necessarily in a linear fashion. Three allosteric mutants, L48A, T165W, and
S281A, scored particularly well in these tests and were selected for further characterization. Since
two of these were alanine mutants, we compared fold-increase in cefotaxime resistance to a set of
13 allosteric CTX-M9 alanine mutants that we tested under identical conditions and reported
previously [62]; this comparator group showed a 0.38- to 1.05-fold gain in cefotaxime resistance,
so the 1.5- to 3.3-fold gain seen in our three mutants is substantially greater than expected due to
chance.
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Mutation Oxyanion Fold increase Fold increase
hole
cefotaxime
meropenem
score
resistance
resistance
T165W
0.58
2.62 ± 0.19
1.09 ± 0.12
A140K
0.55
0.96 ± 0.04
1.03 ± 0.03
S266A
0.51
0.62 ± 0.04
1.07 ± 0.01
S281A
0.48
1.57 ± 0.19
1.37 ± 0.02
L48A
0.48
3.34 ± 0.03
1.12 ± 0.02
N271D
0.46
1.00 ± 0.04
1.02 ± 0.02
S220R
0.45
1.16 ± 0.08
0.95 ± 0.02
P167L
0.44
H112Y
0.42
N106S
0.40
Q254T
0.33
T71S
0.31
T202P
0.30
A219H
0.30
0.78 ± 0.04
0.97 ± 0.01
K137L
0.26
T168E
0.24
D277A
0.21
G158T
0.20
1.16 ± 0.04
1.09 ± 0.12
Table 3.1 Top CTX-M9 mutants from simulations with drug resistance measured using discdiffusion assays.
Oxyanion hole scores were computed from simulations of meropenem acyl-enzymes, and the top
five predictions are emphasized with gray highlighting. The fold-increase in cefotaxime and
meropenem resistance compared to wild-type was calculated from antibiotic disc assays. Values
are reported as median fold increase in inhibitory concentration +/- inter-quartile range. The three
highest-resistance mutants showed no impairment in growth .
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Figure 3.1 CTX-M9 mutants increasing beta-lactam hydrolysis.
The seven top-scoring point mutants from molecular dynamics simulations and two moderatescoring mutants were transformed into E. coli, and drug resistance was assayed using disc diffusion
tests at 37 C. These top mutations, rendered in magenta on the CTX-M9 structure [120], are
located primarily outside the drug-binding-pocket (catalytic serine in orange). Of the five topscoring mutants from simulation, three (in spheres) showed a substantial increase in cefotaxime
resistance and a moderate increase in meropenem resistance.
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3.4.2 Broad drug-resistance and bacterial growth rates of high-scoring mutants.
The three top-scoring mutants via experimental gain in cefotaxime resistance were tested
against a range of cephalosporin drugs via disc-diffusion assays and showed increased resistance
against all of them compared to wild-type CTX-M9 (Figure 3.2). None of these enzymes retarded
growth of transformed bacteria compared to wild-type CTX-M9, thus arguing against a fitness
penalty for these mutations in the absence of drug. Thermostability assays on purified enzymes
showed a 1.5 °C melting temperature stabilization in both the apo and meropenem-acyl forms of
CTX-M9 T165W and a mild destabilization (0.5 – 1.5 °C) of the CTX-M9 L48A and S281A
mutants (Table 2). Although these shifts were relatively small in magnitude, they were precisely
reproducible across three independent experiments per enzyme and are thus considered notable.
Based on these data, T165W in particular does not display the stability-function tradeoff that has
been previously found in some beta-lactamase mutants [120,153,154].
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Fold increase in resistance

4
3.5
3
2.5
2
1.5
1
0.5
0

Cefotaxime Cefuroxime Ceftriaxone Cefepime Ceftazidime
L48A T165W S281A

Figure 3.2 Top-scoring mutants increase drug resistance broadly against cephalosporin
antibiotics.
Drug resistance to five cephalosporins was measured via Kirby-Bauer disc assays for three topscoring mutants from initial testing and compared to CTX-M9 wild type. As described in the
methods, the fold-increase in inhibitory drug concentration was calculated from disc diffusion
assays; values plotted are the median of four independent assays. Wild-type CTX-M9 does not
confer resistance to ceftazidime in culture according to clinical lab criteria, although the clinical
efficacy of this drug for such infections has been debated [155]. Error bars show inter-quartile
ranges. Chemical structures for the drugs used are given in Figure S5.
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Apo
enzyme

CTX-M9 L48A
T165W
S281A
48.0
± 47.5
± 49.5
± 47.0
±
0.5 C
0.5 C
0.5 C
0.5 C

Acylenzy 45.0
± 43.5
± 46.5
± 43.5
±
me
0.5 C
0.5 C
0.5 C
0.5 C
Table 3.2 Melting temperatures of apo- and acyl-enzyme conjugates of CTX-M9 and top
mutants.
Melting temperatures were determined in increments of 0.5 C. All enzymes showed a 3-4 C
destabilization in the acyl-enzyme state (measured by pre-incubating enzyme with meropenem);
T165W shows a reproducible 1.5-2 C stabilization compared to the other enzymes, while L48A
and S281A show a very mild but consistent destabilization of 1-1.5 C. Thermal melting curves
are given in Figure S6. Uncertainties were limited to 0.5 C by the precision of the instrument
used; agreement between multiple experimental replicas was exact to within this limit.
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3.4.3 Steady-state enzyme kinetics
Catalytic parameters of all three top-scoring mutants were determined by measuring the
hydrolysis of the cephalosporin antibiotic nitrocefin by purified enzymes and fitting initial
velocities according to Michaelis-Menten kinetics. At 28 °C, the S281A mutant displayed the
highest nitrocefin kcat, followed by T165W and L48A, with all showing a >two-fold increased kcat
over the wild-type enzyme and a >33% increase in catalytic efficiency (Figure 3.3, Table 3.3).
Nitrocefin undergoes a shift in visible absorbance upon hydrolysis; these measurements under
steady-state conditions yield an aggregate kcat for hydrolysis. These results confirm the phenotypic
drug-resistance assays and show that the increased resistance derives from either an increase in kac
or kdac but are insufficient alone to specify which rate constants are altered. Pre-steady-state
kinetics of nitrocefin hydrolysis by CTX-M9 suggest that acylation is not rate-limiting. This is
consistent with the finding that beta-lactam drugs such as carbapenems that CTX-M9 is unable to
hydrolyze are nonetheless readily acylated, although testing nitrocefin was necessary because
other beta-lactamases have demonstrated different rate-limiting steps on different classes of
substrates. Additionally, E. coli expression levels show that the increase in drug resistance cannot
be explained by increased expression of high-scoring CTX-M9 mutants, while preserved or
increased KM argue against increased binding of ligand, suggesting that kcat changes are primarily
responsible for the increased resistance.
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Figure 3.3 Steady-state reaction kinetics show an increased hydrolysis rate of top mutants.
Initial velocities for nitrocefin hydrolysis at 28 C are plotted as a function of substrate
concentration with Michaelis-Menten fits overlaid. Experiments were performed at 0.2 nM
enzyme, and at least two biological replicas per enzyme were used for fitting. Fit parameters are
listed in Table 3 and show a substantial increase in kcat as well as kcat/KM for all three mutants.
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Enzyme
CTXM9

KM
8.9µM (8.8-10.6 µM)

kcat
70
(69-78 s-1)

L48A

12µM
(11.5-13.9 µM)

156
s-1 12
µM-1
s-1
(151-165 s-1)
(11.7-13.3 µM-1 s-1)

T165W

5.7
(5.4-6.0 µM)

µM 136
s-1 23
µM-1
s-1
(134-140 s-1)
(22.8-24.9 µM-1 s-1)

S281A

14
(12.2-15.8 µM)

µM 243
s-1 17
µM-1
s-1
-1
-1 -1
(236-253 s )
(15.7-19.4 µM s )

s

-1

kcat/KM
7.8
µM-1
s-1
(7.4-7.8 µM-1 s-1)

Table 3.3. Steady-state reaction parameters for CTX-M9 and top mutants.
KM and kcat were determined via nonlinear Michaelis-Menten fits to steady-state initial velocity
data. As predicted from simulations, kcat increased substantially in these mutants. This gain did not
come at a cost in catalytic efficiency, as kcat/KM also increased. 95% confidence intervals were
calculated via jackknife methods.
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3.4.4 Structures of CTX-M9 mutants
To rule out a structural change in the low-free-energy conformations of these mutants, we
crystallized all three mutants and performed X-ray diffraction studies. The S281A mutant only
diffracted to 6 Å and was not refined, but the structures of CTX-M9 L48A and T165W were solved
to 1.73 and 1.8 Å resolution and were indistinguishable from the wild-type enzyme with RMSD
of 0.3 Å (Figure 3.4). Structures have been deposited as PDB codes 5KMT and 5KMU. Ligand
soaks of these crystals with cefoxitin as previously reported [120] yielded low occupancy, but
based on the close similarity of catalytic side chain structure in the apo and acyl-enzyme forms of
CTX-M9, we expect the low-free-energy conformation to be similar in any trapped acyl-enzyme
state. We expect this because a structural difference associated with a more catalytically active
mutant would manifest as an acyl-enzyme intermediate more closely resembling the deacylation
transition state. Since these two structures are already quite similar for wild-type CTX-M9, we
conclude such differences would be quite small, and indeed our simulations of the acyl-enzyme
complexes also do not show large structural differences.
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Figure 3.4 Crystal structures of L48A and T165W mutants show no substantial changes from
wild-type apo enzyme.
Wild-type CTX-M9 (blue) is rendered overlaid with the L48A (purple) and T165W (green)
mutants. Crystal structures of these two mutants show no substantial change in the apo form in the
active site region (panel a) or globally (panel b). All-atom RMSD values are 0.3 Å respectively
between each of the mutants and wild-type CTX-M9.
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3.4.5 Simulations yield a hypothesis for allosteric effects
Based on our experimental data, we predict that the three mutant enzymes display
differences in the population distribution of the acyl-enzyme conformational ensemble rather than
large shifts in the lowest-free-energy structure. To localize potential differences and predict how
distant mutations may affect enzyme-drug interactions, we calculated root-mean-square
fluctuation (RMSF) for all non-hydrogen atoms in simulations of each mutant acyl-enzyme with
meropenem and compared them to the wild-type acyl-enzyme simulations. Residues showing the
highest percent magnitude difference from wild-type are shown and visualized on the enzyme
structure in Figure 3.5. For CTX-M9 L48A and T165W, we observed a substantial increase in
conformational flexibility of the loop in the region 103-105 that has been shown important in
substrate binding and hydrolysis for a number of class A beta-lactamases [65,156–158]. No such
increase was observed in S281A. All three mutants showed an increase in flexibility of N170, an
active-site residue thought to be involved in positioning the catalytic water for hydrolysis [135].
In addition, R276, a residue at the edge of the binding-pocket that can interact with the free
carboxylate of meropenem or cefotaxime [102,146], increased in flexibility, as did the 221-225
helix in the S281A simulations, although the significance of this last region for enzyme-drug
interactions is unclear. There was also an increase in the flexibility of other omega loop residues
in the T165W and L48A simulations with meropenem. These findings from simulation lead us to
speculate that some combination of V103-Y105 loop interactions and N170 interactions with the
drug might be related to the increased drug resistance of the mutant enzymes.
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Figure 3.5 Residues of mutant enzymes showing increased flexibility compared to wild-type
in simulations with meropenem.
Each CTX-M9 mutant is rendered with residues colored from blue to red in order of increasing
percent difference RMSF compared to the corresponding residue in simulations of wild-type CTXM9. This yields a visual interpretation of which residues show increased conformational
flexibility, which is quantitated as a set of per-residue RMSF plots in panels d-f.
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We also used simulations to directly predict how our top-scoring allosteric mutations
S281A, L48A, and T165W alter the conformational ensemble of the substrate-binding-pocket to
effect a change in drug resistance. We employed a machine-learning technique called max-mutual
information feature selection [159] on each of the meropenem and cefotaxime acyl-enzyme
datasets as follows. In each snapshot from molecular dynamics simulations of wild-type and topscoring mutant acyl-enzymes, we calculated the mutual information, a nonlinear statistical metric
of relatedness, between the position of each binding-pocket atom and sequence of the enzyme.
Averaged over the entire mutant dataset, this yields an information-theoretic score for which atoms
in the binding-pocket are most positionally responsive to the mutations under study. For the
meropenem acyl-enzyme dataset, top-scoring atoms by this criterion are from residues 234, 166,
and 104 (Figure 3.6). As a further validation, we trained a decision tree machine-learning classifier
(Figure 3.7). Using only the top 10 binding-pocket atoms, we predict the mutation that corresponds
to a given binding-pocket conformation with 95.8% accuracy via 10-fold cross-validation (and
99.4% accuracy using the full binding-pocket). Simulations of these mutations in acyl-enzyme
complex with cefotaxime identify these residues as well as residue 105 as top-scoring. We thus
predict that the S281A, L48A, and T165W mutant enzymes alter the acyl-enzyme conformational
ensemble and thus the catalytic rate by changing the positions of residues 104, 166, and 234 in this
ensemble, although not in the apoenzyme crystal structures. Of these residues, glutamate 166 is
involved in coordinating catalytic water molecules in hydrolysis [120], asparagine 104 has been
implicated in substrate positioning in the acyl-intermediate form of other beta-lactamases
[136,141], and lysine 234 is highly conserved and thought to interact with the cephalosporin C3
carboxylate moiety [135].
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Although all these active-site residues and the allosteric sites 48 and 165 are ≥ 99%
conserved within the CTX-M family, approximately 25% of CTX-M sequences contain the S281A
mutation. Using a multiple sequence alignment of 500 beta-lactamases most closely related to
CTX-M9, residues 281 and 105 showed a strong sequence co-variation, quantified as
phylogenetically corrected sequence mutual information [160]. We also analyzed residue-residue
dynamic relationships via positional mutual information (as opposed to residue-mutant
relationships). Four simulation datasets were examined per mutation site: wild-type meropenem
acyl-enzyme, wild-type cefotaxime acyl-enzyme, mutant meropenem acyl-enzyme, and mutant
cefotaxime acyl-enzyme. Residue K234 ranked in the top 5 binding-pocket residues linked to
residue 48 in 3 of 4 datasets. E166 was most closely linked to residue 165 in all simulation datasets
(although this can be explained by proximity), and 104 scored in the top 5 once. K234 again scored
in the top 5 binding-pocket residues linked to residue 281 for 3 of 4 datasets. No other bindingpocket residue was similarly enriched in linkage from more than one allosteric site.
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Figure 3.6 Top binding-pocket residues predicted to transmit allosteric mutations.
The top three binding-pocket residues that change position with allosteric mutations affecting
cephalosporin resistance are rendered in cyan sticks, visualized using the crystal structure of CTXM9 in the acyl intermediate form with cefoxitin [120] (rendered in tan). Dotted lines show key
interactions between the ligand and N104 and K234; E166 is believed to interact via a catalytic
water molecule.

73

Figure 3.7 Binding-pocket atoms that shift position with allosteric mutations.
Rendered is a decision tree trained on top-scoring binding-pocket atoms that uses the aligned
distance in each simulation snapshot of each atom from a reference CTX-M9 wild-type crystal
structure in complex with cefoxitin (PDB ID 1YMX) [120] to classify the mutant being simulated.
Since this procedure is performed on binding-pocket atoms only, it identifies the binding-pocket
atoms most reflective of allosterically induced conformational changes. Binary decision trees were
trained on acylenzyme simulations in complex with meropenem using the 10 top-scoring atoms
and (1) unrestricted tree size, (2) tree size restricted to 7 leaf nodes (panel a), and (3) tree size
restricted to 4 leaf nodes (panel b). These trees achieve a 10-fold cross-validation accuracy of 86.8
and test set classification accuracy of 86.9% for the 4-node tree, 89.3% cross-validation and 89.2%
test set accuracy for the 7-node tree, and a cross-validation accuracy of 95.6% and a test set
classification accuracy of 91% for the unrestricted tree. An unrestricted tree trained on all bindingpocket atoms (not just the top 10) achieved a cross-validation accuracy of 98.9% and a test-set
accuracy of 97.9%. An additional decision tree trained on acylenzyme simulations in complex with
cefotaxime is rendered in panel c. This had a cross-validation accuracy of 85.7% and test-set
accuracy 85.5% when restricted to a maximum of 7 leaf nodes and 93.0% and 86% respectively
when unrestricted in size but limited only to the top 10 binding-pocket atoms.
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3.5 Chapter Discussion
Allosteric mutants that increase the activity of an already competent beta-lactamase
represent a challenging prediction target, and successful prediction often yields moderate rate
enhancement in these cases, in contrast to the larger gains when successfully engineering new
substrate activity. Our results demonstrate that simulations of acyl-enzyme conformational
dynamics can prospectively identify new allosteric mutations and that the mechanism of such
mutations is consistent with a change to the acyl-enzyme intermediate or the deacylation transition
state. Clearly, simulations of these conformational dynamics—the classical dynamics in the acylenzyme state—neglect much of the hydrolysis process and thus cannot by themselves be expected
to capture mutations that affect ligand binding, the acylation transition state, or the reactive
chemistry directly. Those steps have been the subject of other simulation studies [38,155,161–
167], and it is hoped that a combined multimodal approach may yield a more comprehensive
understanding of mutations affecting CTX beta-lactamase function. Our results are striking in that
they show how acyl-enzyme conformational dynamics can identify allosteric mutations that do not
substantially alter minimum-free-energy structures (of the apo enzyme and, we speculate, other
intermediates) yet increase catalytic rates and resistance to clinically used antibiotics several-fold.
As might be expected, the allosteric mutations thus identified do not lie in the thermostable or rigid
core of the molecule—in our tests, mutations there are more likely decrease rather than enhance
function. The oxyanion hole stabilization metric used to score mutants is believed necessary but
not sufficient for hydrolysis and is likely noisy due to simulation sampling. It thus is not expected
to be a linear predictor of kcat but nonetheless demonstrates good predictive ability in identifying
mutants with increased resistance (3/5 top-scoring mutants have increased resistance).
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If we classify the conformation ensemble of the acyl-enzyme state as an equilibrium between
microstates that would stabilize an oxyanion (OXY) and microstates that would not (NON), our
simulation dataset samples the OXY->NON conversion rate much better than the NON->OXY
conversion rate. We ascribe the predictiveness of oxyanion hole scores computed using
meropenem acyl-enzyme simulations for cephalosporin resistance to a correlation between OXY>NON conversion rates across mutants for these drugs. Additionally, since meropenem acylenzyme simulations display somewhat faster OXY->NON rates, these simulations provide
statistically better-converged estimators of the oxyanion hole scores. We also believe that
undersampling of the slow NON->OXY conversion rate also likely explains why our simulation
dataset is not predictive of meropenem resistance.
This modulation of activity without substantially changing dominant conformation raises
the question of whether our high-scoring mutations alter the free energy of the deacylation
transition state and thus control the rate-limiting step for beta-lactam hydrolysis by CTX-M9.
Classical molecular dynamics calculations that do not explicitly treat reactivity will not capture
this directly. However, the scoring method we use here to assess hydrogen bonds that would
stabilize an oxyanion in the deacylation transition state does succeed in predicting (either
mechanistically or serendipitously) a set of mutants that increase catalytic activity. We therefore
hypothesize that the predicted mutations either decrease the free energy of the deacylation
transition state ensemble, likely via oxyanion stabilization, or alter the free energy of the acyl
intermediate conformational ensemble with an overall effect of reducing the G‡ for deacylation.
The kinetic data support an increase in kcat and, although they do not specifically prove an increase
in kdac, are consistent with this hypothesis.
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Point mutations that increases resistance to clinically used drugs at no apparent fitness
cost—identical growth rates and for at least one mutant improved thermal stability—raise the
question of why these mutants have not fixed in the bacterial population. We hypothesize that
these indicate that the primary selection factor for CTX-M9 beta-lactamase fitness in the wild must
not be cephalosporin hydrolysis (or likely any clinically used beta-lactam) but some nonpharmacological toxin. This would not be surprising given that beta-lactamases likely arose as
defences against microbial toxins. However, even circumstantial evidence that these and not
pharmacological therapy dominate selection raises interesting implications for the further
evolution of drug resistance. Such evidence implies that selection results from the interplay of
microbial chemo-ecology and human intervention rather than a scenario where diversity was
generated by microbial interactions and current selection is primarily driven by human factors
[168–170].

3.6 Chapter Conclusion
Allosteric mutations that enhance kcat raise an important mechanistic question of how the
allosteric change is manifested in the binding-pocket. General theories of allostery include
analyses of spatial transmission paths or modulation of protein conformational ensembles [171].
Here, we show allosteric mutations that enhance kcat without substantially altering the active-site
conformation in apoenzyme crystal structures. Machine-learning analyses can query how the
conformational ensemble of the binding-pocket is altered by these mutations in simulations and
thus predict how distant changes may manifest in the binding-pocket. Our results suggest a
particular subset of residues involved in substrate positioning or coordinating catalytic water
change in their conformational distribution with allosteric mutations that increase kcat. These
findings will help guide future analyses of CTX-M9 substrate specificity and provide a
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generalizable method for identifying specific binding-pocket residues with altered conformational
ensembles in allosteric mutants.
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Chapter 4. A Conformational Intermediate that Controls KPC-2
Catalysis and Beta-lactam Drug Resistance
4.1 Foreword
In Chapter 3, the success of the prediction of mutations which enhance the function of
CTX-M9 is likely the result of measuring alterations to an off-pathway conformational transition.
In this Chapter, we characterize a similar conformational transition that controls KPC-2's ability
to hydrolyze carbapenem antibiotics. Because the conformational dynamics of KPC-2 are complex
and sensitive to allosteric changes, we develop an information-theoretic approach to identify key
determinants of this change. We measure unbiased estimators of the reaction coordinate between
catalytically permissive and non-permissive states, perform information-theoretic feature selection
and, using restrained molecular dynamics simulations, validate the protein conformational changes
predicted to control catalytically permissive geometry. We identify two binding-pocket residues
that control the conformational transitions between catalytically active and inactive forms of KPC2. Mutations to one of these residues, Trp105, lower the stability of the catalytically permissive
state in simulations and have reduced experimental kcat values that show a strong linear correlation
with the simulated catalytically permissive state lifetimes.

4.2 Chapter Introduction
Here, we seek to understand the conformational determinants of catalytic permissivity in
the KPC-2 acyl-enzyme intermediate. This involves integrating two pieces of data: structural and
chemical studies suggest that an oxyanion hole is required for efficient deacylation
[27,35,41,46,172] while kinetic studies show the existence of an equilibrium between on-pathway
and off-pathway structural forms of the acyl-enzyme intermediate [38,46,173–178] (Figure 4.1a,
Figure 4.1b). Our prior work and that of others [27,38,63] suggests that these two may be linked:
79

in studying the related enzyme CTX-M9, we found kinetic evidence of an off-pathway
intermediate, while molecular dynamics simulations also showed an equilibrium between
conformations forming an oxyanion hole and those that did not. We showed that allosteric
mutations that stabilized the oxyanion hole demonstrated increased catalytic activity in CTX-M9.
We therefore hypothesize that these conformational transitions relate to the kinetic relationship
between catalytically permissive acyl-enzyme states and catalytically nonpermissive ones for both
CTX-M9 and, critically, KPC-2. We therefore seek to understand the conformational transitions
between oxyanion-hole states of KPC-2 and non-oxyanion-hole states, identify what features of
the protein potentiate such changes, and to use this information to understand mutations that
increase or decrease drug-resistance of this clinically important enzyme.
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Figure 4.1 Hydrolysis of beta-lactam drugs by KPC-2 involves an off-pathway intermediate
that correlates with conformational changes in the acyl intermediate state.
(A) Reaction diagram for beta-lactam hydrolysis by KPC-2 with off-pathway intermediate
demonstrated for CTX-M9 and hypothesized for KPC-2. (B) Rendering of hydrogen bonds
stabilizing an oxyanion hole in the KPC-2 acyl-enzyme (left) and alternate conformational state
that does not stabilize an oxyanion hole (right). (C) Kinetic clustering of KPC-2 simulations shows
a subnetwork of oxyanion-hole conformations, a subnetwork of non-oxyanion-hole
conformations, and a flux pathway between these that retains an oxyanion-hole hydrogen bonding
pattern until relatively late. (D) One-dimensional free-energy schema showing that the transition
state for conversion between oxyanion-hole and non-oxyanion-hole conformations occurs before
hydrogen bonds are actually lost, as confirmed by subsequent committor analysis.
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Understanding transitions in and out of the oxyanion hole and identifying related protein
conformational features requires a robust set of order parameters for the free-energy landscape
involved. Our initial results indicated that formation of the oxyanion hole state itself, while
catalytically required, was not a sufficient determinant of kinetic stability. We therefore employed
committor analysis as a means to identify members of the transition state ensemble between
catalytically permissive and nonpermissive conformations and to yield an unbiased estimate of the
order parameter [179–181]. Using this analysis, we identify critical changes in the drug-bindingpocket that precede and control transitions out of the catalytically permissive state. We
demonstrate in molecular dynamics simulations that reversing these transitions drives formation
or dissolution of the oxyanion hole. Finally, we validate our predictions by showing that the
simulated oxyanion hole lifetimes of mutants at these sites correlates with experimentally
measured kcat values for these mutants.

4.3 Methods
4.3.1 Molecular dynamics simulations
Simulations of the KPC-2:meropenem acyl-enzyme were performed using structures and
parameters we have previously reported [63]. Briefly, an initial structure with the beta-lactam
carbonyl in an oxyanion hole was constructed by least-squares fitting of a SFC-1:meropenem acylenzyme structure (PDB code 4EV4) onto the KPC-2 apo crystal of KPC-2 (PDB code 2OV5) with
the carbonyl beta-lactam hydrogen-bonded to backbone amide protons of Ser70 and Thr237
[38,41]. The protein was placed in an octahedral box with 2 nm minimum periodic separation and
solvated with TIP3P water and 150 mM NaCl. This starting state was energy-minimized and
equilibrated as previously described prior to production simulations [63]. Simulations were run
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using Gromacs 5.1 [123] and AMBER99SB-ILDN protein parameters [125,182]. Meropenem
parameters were determined as previously reported [63]. Hydrogen bonds were constrained using
LINCS and short-range interactions were truncated at 1.2nm. Long-range electrostatics were
treated using Particle Mesh Ewald [128]. Simulations were run with temperature maintained at
310K using a velocity-rescaling thermostat [127] and pressure at 1 bar using a Berendsen barostat.
An initial set of 20 simulations each at least 480 ns in length were run from this starting
conformation with starting velocities randomly assigned from a Maxwell distribution. Further
simulation datasets used in committor analysis and prediction of mutants are described below.

4.3.2 Kinetic map construction
Conformational states of KPC-2:meropenem were determined via an initial fine structurebased clustering of simulation snapshots taken at 50-ps intervals followed by kinetically driven
secondary clustering. A single round of k-centers clustering on RMSD of the drug-binding-pocket
(see Supplementary Information in Appendix B) to a cutoff of 1 Å RMSD was followed by 10
rounds of k-medoids optimization to yield 2402 fine clusters with RMSD of 0.6 Å from each
cluster medoid averaged over the dataset. Kinetically driven clustering was then performed using
Robust Peron Cluster-Cluster analysis [183] on the connectivity graph obtained by mapping the
original simulation trajectories onto the fine clustering to yield 50 conformational states. The
resulting map was visualized as a directed graph with edge weights between nodes i and j
proportional to the probability of an i-j transition in the simulation trajectories. This map was then
analyzed for transitions from oxyanion-hole conformational states to non-oxyanion-hole
conformational states using a 3.3-Å cutoff definition of a hydrogen bond. Additional details are
given in Appendix B.
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4.3.3 Committor analysis
Because two metastable free-energy basins were observed in the original set of simulation
trajectories, commitment probability [181] between the two was calculated to yield a robust
reaction coordinate. The catalytically permissive (EI) basin was defined as hydrogen-bonds
according to the Wernet Nilsson criteria [184] between: the backbone amides of Thr237 and Ser70
and the beta-lactam carbonyl oxygen, the side chain of Asn132 and meropenem 6α-1Rhydroxyethyl, and the side chains of Glu166 and Asn170. The catalytically nonpermissive (EI*)
basin was defined as a loss of the oxyanion hole hydrogen bonds and a distance greater than 1 nm
between Glu166 ɣO and Asn170 αC or Asn170 ɣC and Glu166 αC. We compute a number of
unbiased molecular dynamics trajectories starting from some point X in conformation space and
calculate the number of simulations nEI that reach basin EI before basin EI* and the number of
simulations nEI* that reach basin EI* before basin EI. The commitment probability PX = nEI / (nEI
+ nEI*) is thus a robust reaction coordinate that depends only on the structural definition of the
metastable basins and does not require prior knowledge of any collective variables or order
parameters. We performed this analysis on 20 conformational snapshots resampled from an
unbiased molecular dynamics simulation trajectory that started in EI and ended in EI* to classify
the conformational transition and obtain a member of the transition state ensemble similar to an
approach used previously for other complex biomolecular reactions [179]. Between 20 and 80
unbiased simulations were used per starting point with a minimum length of 50 ns per simulation.
Committor value uncertainties were estimated via bootstrap resampling.
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4.3.4 Identification of protein conformational transitions that control catalytic permissivity
Since beta-lactam drug reorientation occurred relatively late in the transition between
catalytically permissive and nonpermissive states, we performed information-theoretic feature
selection to determine which protein conformational transitions control catalytic permissivity. In
addition to the 20 conformations for which committor values were calculated directly, we imputed
committor values for related snapshots via agglomerative clustering, yielding 35,651
conformational snapshots fully committed to EI and 4,448 snapshots fully committed to EI*. These
two datasets were reweighted to yield a balanced dataset, and minimum-redundancy, maximumrelevance feature selection [159] was then applied to identify the 10 protein-protein interatomic
distances that best differentiated EI and EI* states (see Appendix B for details on clustering and
feature selection).
To test the effect of these top 10 distances on determining rather than just reporting on
catalytic permissivity, we selected KPC-2:meropenem conformations that were strongly
committed to either EI or EI* and asked whether biasing the EI-starting conformations to the top10 distances found in EI* conformations would change overall commitment and vice versa. To
test this, we ran an additional set of 20 committor-analysis trajectories with a Hamiltonian bias on
the top 10 distances using a minimal-biasing potential formulation [185]. These simulations were
run until commitment to either EI or EI* to estimate committor values under biasing and compare
with unbiased committor values.

4.3.5 Testing of KPC-2 point mutants
A series of Trp105 point mutants were generated, simulated, and the EI state lifetime
compared to experimentally measured kcat values as follows: each point mutant structure was
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generated via Modeller [186] using a KPC-2:meropenem conformational snapshot in the EI state
as a template. Energy minimization and equilibration were performed identically to the KPC2:meropenem wild-type enzyme with the exception that position restraints were applied to each
atom in the mutant residue 105 that had a matching atom in the wild-type structure, bringing the
mutant residue 105 into alignment with the wild-type Trp105. 20 simulations were run per mutant,
each until EI* state commitment or > 100 ns. EI state lifetime for each mutant was estimated by
calculating the average probability of satisfying criteria for state EI across all simulations and
fitting a double-exponential decay to these data after applying a Gaussian filter to correct for fast
time-scale fluctuations. The aggregate decay constant, τ = A1τ1 + A2τ2, where A is amplitude and
τ is the decay constant, was then compared to experimental kcat values previously reported[64].

4.4 Results and Discussion
4.4.1 Kinetic map of KPC-2 conformational transitions
We constructed an initial kinetic map of conformational transitions of KPC-2 by starting
20 independent simulation trajectories of the KPC-2:meropenem acyl-enzyme from the
catalytically permissive, oxyanion hole state. 11 of these assumed a non-permissive state with loss
of the oxyanion hole within 500 ns of simulation. We then used these simulations to construct a
kinetic map of the conformational transitions associated with loss of the oxyanion hole in KPC-2.
This map (Figure 4.1c), generated by fine structural clustering and then analysis of the resulting
kinetic network (see Methods), surprisingly showed that loss of the oxyanion hole occurred quite
late in the transition from permissive to nonpermissive states. Both oxyanion-hole and nonoxyanion-hole conformations formed kinetic subnetworks with substantial exchange among
conformational clusters, but the pathway from oxyanion-to-non-oxyanion conformations included
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a large number of oxyanion-hole conformations that demonstrated unidirectional flow towards the
non-oxyanion-hole state within our initial sampling. This finding suggests that the hydrogen bonds
supporting an oxyanion hole are alone insufficient to define a metastable free-energy basin for
catalytically permissive conformations of KPC-2. We therefore developed a more robust set of
criteria to capture this metastable basin as outlined below.

4.4.2 An unbiased reaction coordinate for KPC-2 conformational transitions
We employed committor analysis to develop a more robust reaction coordinate for
conformational transitions of the KPC-2 acyl-enzyme between catalytically permissive and
nonpermissive states. Briefly, committor analysis relies on running a large number of molecular
dynamics trajectories starting from the same point in conformation space; given a set of metastable
basins {A, B, …}, the committor value of that starting point in phase space is defined as (ai,bi,...),
where ai is the fraction of trajectories that reach state A before any other defined basin. This
provides a reaction coordinate for an arbitrarily complex free-energy landscape that depends only
on the definitions of the metastable basins. Based on prior analysis of KPC-2 [38,41,187], we
defined the catalytically permissive basin as conformations fulfilling the following criteria:
hydrogen bonds between: (1) the backbone amides of Thr237 and Ser70 and the beta-lactam
carbonyl oxygen that form the oxyanion hole, (2) the side chain of Asn132 and meropenem 6α1R-hydroxyethyl, and (3) the side chains of Glu166 and Asn170. We defined the nonpermissive
basin as conformations showing 1) a loss of the oxyanion hole and (2) distance greater than 1 nm
between Glu166 ɣO and Asn170 αC or Asn170 ɣC and Glu166 αC (Figure 4.2a, 4.2b). We then
ran “shooting” trajectories from starting conformations resampled from an unbiased permissiveto-nonpermissive molecular dynamics trajectory of the KPC-2 acyl-enzyme (Figure 4.2c) and
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applied committor analysis in order to better understand the free-energy landscape of this
transition.
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Figure 4.2 Metastable basins of catalytically permissive and nonpermissive state in KPC-2
Rendered in (A) and (B) are the intramolecular distances (dashed lines) used to classify metastable
basins for catalytically permissive (EI) and catalytically nonpermissive (EI*) states. The EI basin
was defined as hydrogen bonds between the displayed atom pairs (yellow dashes). The EI* basin
was defined as a lack of oxyanion hole and a distance > 8Å between 166 CD and 170 CG (orange
dashes). Rendered in (C) is a projection of relative free energy onto a 2D plane defined by PCA of
all pairwise heavy-atom distances within the binding-pocket. A representative trajectory between
EI and EI* is plotted in black.
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4.4.3 Analysis of the transition state controlling catalytic permissivity
Committor analysis showed two strongly-committed regions with a relatively broad region
of moderate commitment between them (Figure 3a). This is consistent with the probability density
projection from our initial simulations rendered in Figure 2c, which suggests a relative “plateau”
of the free-energy surface between the two large metastable basins, although both the estimated
free-energy surface and the committor values suggest that this intermediate region is far from
uniform. As expected from the kinetic map analysis, the member of the transition state ensemble
identified via committor analysis still showed the hydrogen bonding pattern that defines an
oxyanion hole, confirming that loss of the oxyanion hole occurs after commitment to
nonpermissivity in our simulations. Structural comparison of the catalytically permissive basin
(EI) and the catalytically nonpermissive basin (EI*) showed movements in the SDN motif loop
and the loop containing Trp105 away from the drug (Figure 3b). The member of the transition
state ensemble was via gross analysis structurally intermediate between EI and EI*. Quantitative
analysis and computational testing of the key protein conformational features controlling the EI to
EI* transition of KPC-2 follows.
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Figure 4.3 Committor values yield a reaction coordinate for catalytic permissivity and
member of the transition-state ensemble
(A) Rendering of committor values through the transition region between EI and EI*, identifying
a member of the transition state ensemble at 50% commitment. Shaded areas indicate bootstrapped
95% confidence intervals (B) Rendering of the transition state ensemble member and two
structures that were EI-committed and EI*-committed (drug not shown). Protein conformational
changes from EI to EI* include alterations in the loop containing W105 and the SDN loop. These
residues then interact differently with the substrate, and the binding-pocket size increases (Figure
4.4b).
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4.4.4 Protein conformational changes controlling catalytic permissivity
Because the KPC-2 transition between catalytically permissive and nonpermissive states is
relatively complex, we used information-theoretic feature selection to identify a set of key protein
conformational changes that control catalytic permissivity. We applied mRMR feature selection
(see Methods) to rank independent interatomic distances that best differentiate conformations in
the EI basin from those in the EI* basin (see Methods). We selected the top ten distances (Figure
4a; Table 4.1) and set up the following test to evaluate their effect. If biasing these distances
towards EI-committed values reverses commitment to the EI* state and biasing these distances
towards EI*-committed values reverses commitment to the EI state, then they can be considered
to control catalytically permissive versus nonpermissive conformations. As shown in Figures 4c
and 4d, rerunning committor calculations with these biases applied indeed reversed commitment,
and since none of the distances involved either the drug or residues used to assess commitment,
we conclude that these interatomic distances indeed control oxyanion hole stability and catalytic
permissivity.
Since all of the key distances controlling catalytic permissivity increased between EI and
EI* states, we hypothesized that some of the conformational changes involved in loss of catalytic
permissivity might also affect the binding-pocket size. Indeed, the solvent-accessible surface area
of the binding-pocket significantly increased from catalytically permissive states to nonpermissive
states (Figure 4.4b), and the free-energy plateau region showed intermediate values. We thus
conclude that loss of catalytic permissivity involves relaxation of the binding-pocket structure in
ways that permits the beta-lactam substrate to lose proper orientation for hydrolysis.
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Figure 4.4 Identification and validation of conformational changes between permissive and
non-permissive states.
(A) Molecular rendering of key distances that change between EI and EI* states identified by
information-theoretic feature selection. (B) Solvent accessible surface area for the ligand-bindingpocket plotted for conformations in the EI permissive state, the EI* nonpermissive state, and states
on the free-energy plateau between. Pocket surface area increases significantly from EI to EI*
conformations (p<.0001 via 2-sample Kolmogorov-Smirnov test). (C,D) Biases on key distances
control commitment to EI vs. EI* states. Control of catalytic permissivity by these key distances
was validated by selecting starting conformations on either side of the free-energy barrier between
EI and EI* and then running MD simulations biased towards the opposite state via restraints on
the identified distances. In each case, the applied bias significantly altered commitment compared
to an unbiased set of trajectories. Error bars in all plots indicate 95% confidence intervals
calculated via bootstrap.

93

Mean
EIMI Score (relevance
committed
portion of mRMR)
distance (nm)
TRP 105 CE2 - CYS 238 N
.545
1.14
SER 130 N - LYS 234 CE
.090
.50
TRP 105 CG - CYS 238 SG .541
1.26
SER 130 OG - GLY 236 C
.500
.712
TRP 105 CD2 - CYS 238 SG .539
1.33
CYS 69 CA - SER 130 CA
.527
1.012
TRP 105 CD2 - CYS 238 N
.536
1.12
CYS 69 C - SER 130 CA
.521
.88
TRP 105 CG - CYS 238 N
.540
1.07
CYS 69 CA - SER 130 N
.520
1.14
Atom pair

Mean
EI*committed
distance (nm)
1.34
.53
1.46
.854
1.54
1.17
1.32
1.03
1.26
1.30

Table 4.1 Top 10 protein-protein atomic distances that distinguish catalytically permissive
and nonpermissive states.
Distances were chosen based on iterative mRMR, which balances the MI score against redundancy
with previously selected distances. Average distance values are listed for all conformations with
>80% imputed commitment to EI or EI* states respectively.
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4.4.5 Testing mutants of key residues controlling permissivity
More specifically, all ten distances controlling the KPC-2 acyl-enzyme conformational
change involved either Ser130 or Trp105. Ser130 hydrogen-bonds with the meropenem
thiazolidine ring, while Trp105 extensively contacts the ring in catalytically permissive
conformations (Figure 4.5). To test the importance of these residues and their interactions with the
rest of the binding-pocket in controlling carbapenem hydrolysis by KPC-2, we simulated wildtype KPC-2 and four Trp105 mutants that had been characterized experimentally: W105F,
W105N, W105V, and W105L [64]. Since occupancy of the catalytically permissive state should
correlate with kcat, we measured the time-autocorrelation function of the catalytically permissive
state in our simulations and compared it with the imipenem kcat values measured experimentally
(Figure 4.6). We observe a Pearson correlation coefficient of 0.95 between calculated EI-state
lifetimes and experimental kcat values, suggesting that the EI-to-EI* forward rates vary between
mutants more than the reverse rates, and thus the EI-state lifetime controls the equilibrium constant
between these two states. The strong linear correlation with kcat values further suggests that Trp105
may indeed control transitions between catalytically permissive and nonpermissive states and
thence kcat values and carbapenem drug resistance.

95

Figure 4.5 Trp105 and Ser130 interact with the meropenem thiazolidine ring in the
catalytically permissive state but not the nonpermissive state
(A) In catalytically permissive conformations, Trp105 (cyan) interacts with the thiazolidine ring
(orange) through Van der Waals interactions while Ser130 (violet) hydrogen bonds with the amide
(fuscia) on the ring and carboxylic group on the thiazolidine ring. These interactions are quantified
for both sets of conformations in (B). In catalytically nonpermissive conformations (C,D) both
hydrogen bonding between Ser130 and the drug and Van der Waals contacts between Trp105 and
the drug are lost.
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Figure 4.6 Trp105 mutants with reduced kcat values show corresponding reduced lifetime in
the catalytically permissive acyl intermediate state.
(A) Probability of remaining in catalytically permissive state calculated from simulations of
Trp105 mutants. (B) Lifetime of catalytically permissive state (EI) in each set of mutant
simulations is plotted against the corresponding imipenem kcat value. Dashed lines indicate fits
(double-exponential for lifetimes, linear for lifetime-kcat relationships). The Pearson correlation
coefficient is 0.95.
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4.5 Chapter Conclusions
The acyl-enzyme intermediate of KPC-2 is critically important in differentiating this
carbapenemase from less-resistant beta-lactamases. Prior work has suggested that the
conformational equilibria of this acyl-enzyme state may determine kcat, but a detailed molecular
explanation for this has thus far been lacking. Here, we have used classical molecular dynamics
simulations of the acyl-enzyme intermediate and committor analysis to analyze slow
conformational changes between a catalytically poised substate of the acyl-enzyme intermediate
and one that lacks key features for catalysis. The changes we identify to the ligand-binding-pocket,
specifically interactions of Ser130 and Trp105, appear critical in positioning the carbapenem drug
for hydrolysis. Knowledge of these key conformational changes will now permit better prediction
of drug-resistance mutants of KPC-2 and potentially other highly resistant beta-lactamases. It also
provides a starting point for the computational evaluation of new small-molecule inhibitors for this
beta-lactamase that is the most common cause of carbapenem-resistant infections in the United
States.
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Chapter 5. Dissertation Discussion and Future Directions
5.1 Dissertation Discussion
In this work, I have presented three approaches to understanding residues and interactions
that control beta-lactamase function and subsequently antibiotic resistance. In this section, I will
discuss the impact and relevance of some of our observations and approaches.

5.1.1 Significance of prediction of allosteric residues which affect function
The most direct application from our work for predicting future antibiotic resistance
involves the two developed approaches that identify functionally important residues or mutations.
The first method (Chapter 2) measures the strength of the association of a residue to the pocket.
The second (Chapter 3 and Chapter 4) predicts the effect of a specific mutation on beta-lactamase
function. In the future, these two prediction techniques could guide wet lab experiments or aid
drug design that attempts to avoid future resistance.
Our first developed approach maps the strength of the association of every residue site back
to the enzyme binding-pocket and lends itself to potential clinical applications that need rapid
analysis of newly discovered mutations. We have shown that this approach applied to CTX-M9
identifies residue sites that, when mutated, have large effects on function along with residue sites
that have little or no effect on function (Chapter 2). One benefit of this approach is that the resulting
data contains a pairwise measure of association between all residues. This is useful for applications
that require pre-computed data such as those that might rapidly query the potential functional
importance of several residues. With the rise of rapid bench top and bedside genetic sequencing,
one could envision a scenario where this approach aids a clinical team that has identified a novel
mutation in a beta-lactamase carried in an infection. With these infections, clinicians usually need
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to act quickly and cultures and resistance testing takes at least 24 hours [188]. Therefore, this tool
could provide a preliminary assessment during this time as to whether the resistance of this new
beta-lactamase may be altered from wild-type in this infection. A mutation at a residue with a low
association to the pocket could indicate that current treatment protocols could be effective. There
are limitations to this application. First, a mutation to a highly associated residue could indicate
either a potential decrease or increase of resistance and, therefore, is less useful. Second, such an
approach, would not consider other mechanisms of resistance within an infection.
Our second developed mutation prediction approach models the effects of a specific
mutation which could improve drug development by identifying high-yield mutations to test for
resistance which could aid drug development. This approach carries higher computational costs as
molecular dynamic simulations are performed for each queried mutation instead of wild-type
simulations as done in our first approach. The benefit of this increased cost is that this provides
clearer information as to the effect of a mutation. Furthermore, computational power is rapidly
increasing making this approach more feasible in the future [189]. The application of the prediction
of specific mutations on beta-lactamase resistance and spectrum could greatly aid drug
development. The likelihood of resistance to a new beta-lactam antibiotic affects its potential
economic success and clinical usefulness. Therefore, a tool that can predict resistance
computationally could integrate into a pre-synthesis drug development pipeline aiding in the
decision to synthesize and further test a compound. This would speed this process and produce
candidate compounds with a higher likelihood of commercial and clinical success.

5.1.2 Insights from protein-wide mapping of allosteric networks
In our pairwise characterization of the motional associations of residues in CTX-M9
(Chapter 2), we developed an “allosteric network”, which simplifies complex multidimensional
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simulation data in order to provide an overview of the dynamic relationships across an enzyme. In
our work, this network provides a description of how different regions of a beta-lactamase may
interact and insight into the machinery that supports its function. A key strength in the development
of this network is the use of mutual information and its identification of associations regardless of
the means of communication. In practice, analyzing molecular dynamics simulations for allosteric
interactions is difficult because the signals are noisy and multidimensional [94]. Mutual
information simplifies this through the measure of linear and non-linear associations. Comparisons
since our analysis have found that mutual information on molecular dynamics simulations captures
more biologically relevant interactions than linear based methods such as correlation [94].
Furthermore, mutual information identifies associations between two residues regardless of how
the interaction transmits. Therefore, it captures interactions between residues communicated by
direct and diffuse mechanisms.

5.2 Future Directions
In this dissertation, we have developed methods to characterize determinants of betalactamase activity. These methods offer several possibilities for further work in understanding
antibiotic resistance. Here, I propose three potential directions:
(1) Refining predictions of mutant effects on function
(2) Characterizing novel beta-lactamase inhibitor resistance in KPC
(3) Characterizing closely linked residue sub-networks

5.2.1 Refining predictions of mutant effects on function
In this dissertation, we developed an approach for predicting the functional effects of
mutations to beta-lactamases using two complementary methods. The first method (see Chapter 3)
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involved large-scale prediction of allosteric point mutations on enzyme function in a noncarbapenemase, CTX-M9, using an intra-pocket distance metric. The second method (see Chapter
4) employed a more sophisticated conformational approach to predict the effect of mutations on
kcat in a carbapenemase, KPC-2. However, this method focused on only one binding-pocket residue
and allosteric residues have been shown to affect these enzymes (see Introduction). It would,
therefore, be valuable to, first, expand the predictions of kcat from modulation of off-pathway
exchange kinetics to include allosteric locations in KPC-2 and, second, to apply the improved
kinetic prediction method from Chapter 4 to CTX-M9 to identify mutations that might grant
carbapenemase activity.

2.5.1a Predicting effects of allosteric mutations on KPC-2 function
Initial work predicting the effect of mutations on kcat in KPC-2 (Chapter 4) measured how
binding-pocket mutations altered a conformational transition. While the methods successfully
predicted the change in activity, there was a direct Van-der-Waals interaction between the mutated
residue, Trp105, and meropenem (Figure 4.5). From studies of variants of KPC, it is clear that
allosteric mutations can also affect KPC kcat values [59–63]. Therefore, I now wish to use this
transition-based method to predict the effects of mutations to residues that have no direct
interaction with the drug. A successful implementation of this expanded approach would allow me
to characterize allosteric residues that support carbapenemase activity which would aid in
understanding how KPC-2 provides resistance to carbapenems.
A first step to achieving this goal would involve predicting the effects of second shell
mutations on function. Second shell residues are defined as residues which have no direct
interactions with the drug but do interact with binding-pocket residues [190]. Second shell residues
offer an intermediate step in expanding this method to allosteric mutations as these residues are
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one interaction removed from direct interaction with the ligand. Furthermore, the effect of
mutations to many of these residues in KPC-2 has been studied and kinetically characterized,
providing existing kcat values for comparison [66]. A more ambitious subsequent step would
involve predicting the effects of allosteric mutations beyond the second shell. This approach would
first utilize allosteric KPC mutations that have already been kinetically characterized [191].
Resulting alterations to this transition would then be compared to reported kcat kinetics.
Next, I would perform novel mutation prediction in a manner similar to the mutant
screening simulations employed in Chapter 3 but with the oxyanion hole metric replaced by
measuring how mutations affect the lifetime of the catalytically competent state. While
computationally expensive and requiring subsequent experimental construction and verification of
novel mutations, screening for novel mutations that would affect carbapenemase activity in KPC2 would yield a better understanding of the mechanisms of this enzyme and how it might mutate
in the future. I hypothesize that mutations which decrease catalytically favorable state stability
would have similar reductions in kcat.
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2.5.1b Granting carbapenemase function to CTX-M9
Another future direction would be understanding the determinants of spectrum in different
classes of beta-lactams. This would provide a tool for predicting how a beta-lactamase may acquire
full resistance to a previously effective class such as carbapenems. Specifically, identifying
mutations that would confer carbapenemase activity to CTX-M9 offers the most useful first step
since it could aid further drug development of carbapenems and other beta-lactam antibiotics.
An initial goal with the work in CTX-M9 (Chapter 3) was to identify allosteric residues
which might grant carbapenemase activity to CTX-M9. However, the initial distance-based metric
failed to do so in meropenem simulations, suggesting that other properties of the active site, beyond
those considered, affected spectrum. Subsequent work with KPC-2 (Chapter 4) resulted in a better
approach to predict mutations that alter resistance by observing a mutation’s effect on an offpathway conformational transition. Based on our work and characterization of CTX-M9 with
meropenem, the acyl-enzyme of CTX-M9:meropenem may undergo a similar conformational
transition like KPC-2 but with a highly favorable off-pathway intermediate and highly unfavorable
on-pathway intermediate. Therefore, I propose that mutations which alter CTX-M9:meropenem’s
conformational transition to make on-pathway conformations more favorable may grant
carbapenemase function to this non-carbapenemase.
Before screening this possible pathway, one must ensure that catalytically favorable
conformations in KPC-2 according to existing criteria are rare in CTX-M9 simulations. CTX-M9’s
and KPC-2’s binding-pocket residues closely match each other (Figure 5.1). This means that the
definitions developed to identify catalytically favorable states for KPC-2 with meropenem could
apply to CTX-M9. If these definitions are accurate, defined favorable conformations seen in KPC2:meropenem simulations should be rare in CTX-M9:meropenem simulations, as CTX-M9 is
unable to hydrolyze and release meropenem [27]. To confirm this, CTX-M9:meropenem
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simulations of wild-type and mutants with high oxyanion hole favorability would be started in a
conformation meeting this favorable definition. If the catalytically favorable state’s lifetime
matches that of KPC-2:meropenem, this would indicate that a different definition is needed to
describe specific conformations favorable for carbapenemase activity.
To narrow this definition, conformational co-clustering of CTX-M9 and KPC-2 pockets
could identify conformations specific to KPC-2:meropenem and therefore, potentially ones
responsible for carbapenemase activity. Specifically, clusters that contain conformations exclusive
to KPC-2 that match prior definitions for catalytic favorability would designate conformations
aiding carbapenemase activity (Figure 5.2A).
Once the definition of catalytically favorable conformations for carbapenemase activity
has been established, CTX-M9 can be screened for mutations that increase the favorability of this
conformation. From Chapter 2, CTX-M9 mutant work suggests that major changes to
carbapenemase activity likely require multiple mutations. Therefore, a multiple mutation screening
approach would need to be developed. These approaches are very difficult because the
combinatorial space of possible mutations is extremely large. Genetic algorithms offer a potential
multiple mutation approach for CTX-M9. These algorithms have been successfully used in fields
to design solutions where all possible solutions cannot be fully constructed and compared
[192,193]. These algorithms employ a greedy approach where the algorithm evaluates a series of
candidates and selects the best result (the definition of “best” varies by problem). This is an
iterative process where the remaining candidates are evaluated with that selected change and the
best result taken; each iteration adds one additional change.
For CTX-M9, a genetic algorithm would build a multi-mutant. It would begin with an
initial screen of all possible point mutants; likely using swap point mutants with KPC as before.
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There are two potential measures to assess a “best performing mutation.” The first would evaluate
simulations for conformations which meet the catalytically favorable definition or, if none meet it,
have the closest root-mean squared distance to this conformation. The second would to start these
simulations in this catalytically favorable state and measure the lifetime of the state (see Chapter
4), then select the mutation with the highest persistence time in this state. In a subsequent round,
double mutants would be evaluated where all mutants have the best performing mutant of the
previous round and one additional point mutation (Figure 5.2B). This would continue until either
of these two evaluations meet a certain tolerance to KPC-2 simulations (Figure 5.2B).
A genetic algorithm does carry potential complications with CTX-M9. Mutations in these
enzymes often demonstrate sign epistasis [85]. Therefore, there could exist a mutational set that
grants carbapenemase activity with n mutations but performs poorly with n-1 mutations. A
canonical genetic algorithm would never arrive at this solution because the algorithm would never
select the nth-1 set needed at the nth round. Therefore, this algorithm could be augmented with a
Monte Carlo approach where the “best” mutation is selected with some probability related to its
performance in the previous round. This introduces a degree of randomness that would avoid
assuming that all mutations would be additive. Ultimately, this approach could be easily automated
and permits sampling of a multi-mutational space to grant CTX-M9 carbapenemase activity.
In addition to a genetic algorithm, chimeric approaches offer alternative experimental
approaches to identifying multiple mutations which might change spectrum. These approaches
replace sections of the target beta-lactamase, CTX-M9, with the corresponding section from the
beta-lactamase of desired spectrum, such as KPC-2. For CTX-M9, I would replace key catalytic
loops around the pocket such as the omega loop. These mutants would then be tested for activity
and, if carbapenemase activity is identified, amino acids would be randomly reverted back and
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these mutants tested or refined with directed evolution. This approach has been employed in other
beta-lactamases to successfully aid directed evolution [84,194]. The downside of this approach is
that such structural replacement in the protein could eliminate all drug activity through changes to
pocket structure or stability producing an un-evolvable mutant.
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Figure 5.1 Comparison of KPC-2 and CTX-M9 binding-pocket
Crystal structure comparison of KPC-2 (PDB 2OV5) and CTX-M9 (PDB 2P74) demonstrates that
major catalytic residues are conserved [37,41]. Structures suggest that catalytically favorable
conformational definitions for KPC-2 could quickly translate to CTX-M9. It would be expected
that such a conformation would be short lived in CTX-M9:meropenem.
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Conformational
co-clustering results of KPC:meropenem and CTX:meropenem
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3. Conformations
meeting previous
catalytically favorable
de nition

1. Conformations
exculsive to each
enzyme

Co-clustering

CTX-M9
(non-carbapenemase activity )

B.

2. Shared conformations unrelated to carbapenemase catalytic
activity

4. Conformations unique
to KPC-2 that o er
potentially a more
speci c de nition

Initial simulation of all
point mutations

Mutation

Subsequent simulation
of top mutations with
n-1 possible point
mutations
Selection of
mutation with
most favorable
mutation based
on criteria

1st Iteration

Selection of
mutation with
most favorable
mutation based
on criteria

2nd Iteration

Subsequent simulation of top mutations
with n-1 possible
point mutations
Top multiple
mutation candidate

3rd Iteration

Figure 5.2 Diagram of co-clustering and genetic algorithms
(A) Simulations are performed of both KPC-2 and CTX-M9. Pocket conformations are then coclustered using a clustering algorithm (such as K-centers). Single clusters will consist of
populations with similar structural conformations. Of these, there will be individual clusters that
heavily weight one enzyme versus the other indicating unique conformations to that enzyme. New
states unique to KPC-2 and satisfying, prior catalytic definitions likely represent potentially more
specific conformations conducive to carbapenemase activity compared to CTX-M9 (4).
(B) Simple example of a genetic algorithm for screening four possible mutations. The algorithm
runs a series of simulations and then selects the top mutation. It then runs a series of double mutants
simulations with this mutation and the remaining set. Each iteration reduces the possible mutations
to test and develops a multi-mutant. In reality, this could employ cut-off criteria to stop iterations
before all mutations are tested (not shown). Additionally, the criteria used would identify mutants
that are showing favorable carbapenemase conformations, as discussed in the text.
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5.2.2 Characterizing novel beta-lactamase inhibitor resistance in KPC
New inhibitors offer a strategy in treating KPC-2 carrying infections but often lose efficacy
due to novel mutations which grant KPC-2 resistance to these inhibitors [58]. It is not understood
how these mutations grant resistance to these inhibitors. In Chapter 4, we characterized an offpathway conformational transition in the acyl enzyme state of KPC-2. One hypothesis is that betalactamase inhibitors function by increasing the favorability of similar off-pathway conformations.
Therefore, the methods developed to study off-pathway transitions with KPC:meropenem are well
suited to characterized KPC-2’s interaction with an inhibitor and understand how novel mutations
avoid inhibition. Understanding this interaction would aid in the design of future inhibitors.
Avibactam is the first beta-lactamase inhibitor effective against KPC [195,196]. It works
by lowering the minimum inhibitory concentration of a co-delivered normally susceptible betalactam [44]. Avibactam is thought to preserve beta-lactam periplasmic concentrations by
preventing the hydrolysis of susceptible drugs through competitive competition for the betalactamase’s binding-pocket [58]. Resistance to avibactam has arisen in KPC mutant enzymes.
Currently, most mutations appear in the binding-pocket and second shell, but the combinations of
mutations that confer resistance vary [58,197,198]. As a result, there is great interest in
understanding how KPC-2 evades this new inhibitor.
Current research suggests that resistant variants of KPC hydrolyze avibactam in ways that
are similar to KPC-2 with meropenem (Figure 5.3) and that wild-type KPC with avibactam
demonstrates conformations similar to off-pathway conformations with meropenem. Therefore,
methods and findings from our study of KPC-2 and meropenem would likely translate to this
system and could be used to understand how KPC-2 gains resistance to this inhibitor. Despite its
interaction with KPC-2, avibactam is a non-beta-lactam beta-lactamase inhibitor with a bridged
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diazabicyclooctane chemical structure (Figure 5.3) [58]. Chemically, avibactam and KPC-2 form
stable acyl-enzymes, suggesting that acylation of KPC-2 occurs faster than deacylation [199]. The
deacylation step has been measured with a koff of 1.4 x 10-4 s-1 with a deacylation half time of 82
minutes [200]. This means that KPC-2:avibactam largely exists in the acyl-enzyme form (Figure
5.3). KPC-2’s co-crystalized structure with avibactam matches binding-pocket off-pathway
conformations of KPC-2:meropenem (RMSD .9Å) and demonstrates a large displacement of
Trp105 as compared to the catalytically permissive states of KPC-2 and the KPC-2 crystal
structure (Figure 5.4). Based on this information, I hypothesize that KPC-2 and avibactam likely
undergo a conformational off-pathway transition in the acyl-enzyme state that is conformationally
similar to that with meropenem. As a future direction, I would identify catalytically favorable
states in the pocket with avibactam as compared to KPC wild-type and then predict the effect of
these mutations and others on potential avibactam activity.
Characterization of the conformational differences between KPC and avibactam-resistant
KPC variants provides critical insight into how KPC increases its hydrolytic rate of avibactam to
gain resistance. Molecular dynamics simulations offer a means to identify these differences.
Specifically, simulations of both types of KPC with avibactam would undergo conformational
clustering of the binding-pocket to identify conformations unique to the mutants. This approach is
similar to the approach proposed for KPC-2 and CTX-M9 (Figure 5.2A). Clusters unique to
avibactam resistant mutants likely represent conformations that promote catalytic activity. I can
use our past understanding of catalytic conformations in KPC-2 to further refine these. The
conformations unique to resistant mutants could provide useful information about the pocket
interactions that support hydrolysis of avibactam and guide future drug development.
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Next, these conformations could serve as the basis to predict other mutations which could
grant similar avibactam resistance. As with the Trp105 mutants in Chapter 4, other KPC2:avibactam mutants could be started in these catalytically favorable conformations and the
stability of these interactions measured as a surrogate for avibactam activity. Mutants that
stabilized this conformation more than wild-type might confer resistance and are candidates for
experimental testing. If multiple mutations are required, the previously discussed genetic algorithm
approach could be employed. A successful prediction of mutations that cause avibactam resistance
would aid in characterizing the avibactam resistance landscape and highlight potential future
mutations that could confer resistance.
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Figure 5.3 Postulated avibactam hydrolysis reaction
Avibactam binds (A) and forms an acyl-enzyme (B) with KPC-2 similar to meropenem (Figure
1.2). In mutants that confer resistance to avibactam, it is also thought to undergo a similar form of
hydrolysis (C). At this time, the transition state following the acyl-enzyme has not been
characterized (B/C).
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Figure 5.4 KPC-2 off-pathway conformations demonstrate similar binding-pocket
conformations to avibactam crystal structure
KPC-2 off-pathway conformations from molecular dynamic simulations (yellow) (PDB 2P74)
demonstrate similar binding-pocket conformations to the avibactam crystal structure (violet)
(PDB 4ZBE) [41,199]. This conformation is most notable by the displacement of Trp105 as
compared to catalytically favorable conformations (green).
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5.2.3 Characterizing closely linked residue sub-networks
I can extend approaches in Chapter 2 to identify functionally related groups of residues
beyond the pocket in beta-lactamases which could aid in identifying multiple mutations that
support enzyme stability or allow for comparison between diverse beta-lactamase families. In this
chapter, we developed a method to measure the dynamic atom-to-atom associations across a betalactamase. Atoms which have greater association have a higher score in this network. This
structure is analogous to graphs. Therefore, algorithms developed from graph theory are highly
applicable especially community or cluster identification algorithms [201,202]. Community or
cluster algorithms identify highly connected components within a network. In beta-lactamases,
each identified cluster, especially those associated with pocket mutations, could represent a group
of residues which interact and function together [201–203]. An identified cluster provides
information about a possible group of residues that support function or stability or insight about
the residue-interaction patterns of the beta-lactamase which could serve as means to compare
families of different spectrums.
A common algorithm to identify clusters in biological networks uses hierarchical clustering
[204,205]. In this approach, all associations are converted into a distance metric where high
association is represented as a small distance and low association represented as a large distance.
One can then perform a hierarchical clustering to group residues based on this distance matrix
[206]. The resulting dendrogram encodes clusters at various strengths of association. From this
dendrogram, one can then choose an association cut-off to select clusters. There are advanced
approaches such as weighted correlation network analysis which employ a branch variable height
cut-off that considers the underlying network and dendrogram structure [203]. Such approaches
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have been used in imaging and gene-coexpression networks and may more accurately identify
clusters [203,207,208].
Identified clusters offer potential residues that may need to be co-mutated along with an
initial targeted residue to maintain protein function. Our methods in simulation-based mutation
prediction focus on the effect of an allosteric mutation on the pocket. These predictions do not take
into account the effect of these mutations on stability or other aspects of the protein. As a result,
created point mutations could result in a non-functional protein due to changes in the stability of
the enzyme. In this case, co-mutating a targeted residue’s cluster could potentially rescue function
by restoring a group of residue interactions necessary for stability.
Clusters also provide a measure of differences in dynamic interactions between betalactamases of drug spectrums. Beta-lactamases from different families have diverse sequences and
spectrums but demonstrate similar pocket structure and residues [24]. It is not understood whether
these structurally similar but evolutionarily distinct enzymes have similar dynamic interactions
across the protein and how these change with alterations to drug spectrum. Comparing clusters
between families of different spectrums provides information on changes in residue interactions
within the enzyme as it relates to function. Specifically, this would be done by performing
simulations of different types of beta-lactamases from different families and calculating the
clusters for each beta-lactamase. The difference in clusters could then be quantified by identifying
the intersecting and different members of each homologous cluster. Clusters that are shared within
members of a family but not between members of different families could identify spectrum related
interactions. These interactions could further be studied by mapping the allosteric network to the
enzyme structure or creating experimental mutants for resistance testing and structural study.
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Identifying these unique clusters offers potential regions of the enzyme to further investigate in
order to understand how dynamics corresponds to drug spectrum.
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Chapter 6. Conclusion
Understanding mutations and interactions in beta-lactamases which govern
function and spectrum is important for the development of future drugs and other strategies
to avoid resistance. However, this is challenging due to the influence of allosteric
interactions on function. Through three studies, we have identified allosteric residues and
biochemical interactions which alter the function of key clinical beta-lactamases.
Specifically, in this work, we have mapped allosteric networks that support function,
identified resistance enhancing allosteric mutations, and identified a key conformational
transition that offers a novel potential target against beta-lactamase resistance. The
approaches used have the potential to be adapted to other beta-lactamases to further
characterize resistance. In the future, they could increase our understanding of novel
mutations and speed response to new resistance in both clinical and pharmacological
settings.

118

Appendix A. Supplementary Methods for Chapter 3
Enzyme kinetics.
Chemicals used are as follows: kanamycin and chloramphenicol were purchased from
Fisher Scientific. Nitrocefin was purchased from EMD Millipore (Billerica, MA) and Biovision
(Milpitas, CA.) and dissolved in DMSO to form a 10 mM stock solution; any additional dilutions
were performed in potassium phosphate saline buffer (pH 7.4). Meropenem sodium carbonate was
purchased from LKT laboratories (St. Paul, MN) and used without further purification.
For all kinetic and structural studies, bla-CTX-M9 mutants were transformed into the
E.coli expression strain BL21-CodonPlus (DE3)-RIPL (gift of Zygmunt Derewenda). Singlecolony stocks were used to inoculate 50 mL LB medium containing 30 mg/mL kanamycin and 34
mg/mL chloramphenicol for overnight growth at 37 °C. 4 ml of each resulting mixture was used
to inoculate 2x 500ml TB (Terrific Broth) media containing 30 mg/mL kanamycin and 34 mg/mL
chloramphenicol for growth at 37 °C, 220 rpm until OD600 measurements reached 1.4. Expression
was induced with 0.1 mM isopropyl-b-D-thiogalactopyranoside, and cells were further grown
overnight at 18 °C, 220 rpm.
Bacterial cultures were pelleted by centrifugation at 4000 rcf for 20 minutes, the pellets
were resuspended in 200 mL ice-cold Sucrose-Tris buffer (pH 9.0) and shaken for 20 minutes at 4
°C. The mixture was centrifuged for 12 minutes at 10500 rcf, 4 °C. Periplasmic protein was then
isolated as follows: cell pellets were resuspended in 200 mL 10 mM Tris/HCl pH 9.0, shaken for
20 minutes at 4 °C, centrifuged for 12 minutes at 10500 rcf, 4 °C, and the supernatant containing
periplasm was transferred to a fresh tube. Periplasmic protein was precipitated with ammonium
sulfate and resuspended in TEAA buffer (pH 7.4). After overnight dialysis, protein purified via
anion exchange chromatography (HiTrap Q FF, GE Healthcare, Sweden), followed by size
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exclusion chromatography (Superdex 75 10/300 GL, GE Healthcare, Sweden). Eluted protein was
dialyzed in 100mM PBS buffer pH 7.4 at 4 °C. The protein concentration was estimated using
both 260/280 nm absorbance ratios and BCA assays. Enzymatic purity was assessed by SDSPAGE.
Steady-state hydrolysis kinetics were measured as follows: nitrocefin was mixed with
CTX-M9 enzyme or the indicated mutant in 10mM PBS, pH 7.4 to a final concentration of 0.2 nM
enzyme and 2-200 µM nitrocefin as indicated. Nitrocefin hydrolysis was measured using
absorbance at 486 nm at 15 s intervals using a Spectramax reader (Molecular Devices, Sunnyvale,
CA). Initial velocities were determined by linear fits to the first portion of each reaction, and KM
and kcat values were determined by nonlinear fits of initial velocities as a function of substrate
concentration. A change in absorbance at 486-490 nm indicates formation of the acyl intermediate
or any later stage in nitrocefin hydrolysis and thus reports on [EI] + [EP] + [P]. Fits of initial
velocity data to estimate KM and kcat incorporated data from at least two biological replicas per
mutant per concentration.
Thermostability assays.
Protein melting temperatures were measured using a SYPRO orange thermostability assay
(Life Technologies, Carlsbad, CA). Dye fluorescence was monitored continuously in a real time
PCR machine (Bio-Rad, Hercules, CA). All measurements were carried out in 10 mM phosphate
buffer saline (pH 7.4) with 40 µM protein for apo enzyme. The meropenem adduct with CTX-M9
was formed by mixing an enzyme to a final solution of 40 µM with 200 µM meropenem (aqueous
stock solution). Enzyme-adduct mixture was incubated on ice for 10 minutes prior to measurement.
All measurement runs were performed in 0.5°C increments from 20°C to 90°C. Melting

120

temperatures were determined as the greatest magnitude of the derivative of the observed
fluorescence.
Structural studies.
Crystals of CTX-M enzymes mutants were grown by vapor diffusion using sitting drops at
21 °C over buffer. CTX-M9-T165W was crystallized by mixing an equilibration mixture of 0.7 M
potassium phosphate, 18% PEG 3350, pH of 8.2 1µl with 1µl of enzyme at 5 mg/mL in 10 mM
sodium phosphate pH 7.5 Crystals were harvested after 7 days. CTX-M9 L48A was crystallized
by mixing 1.2 M potassium phosphate pH 8.2 1µl with 1µl of enzyme at 20 mg/ml in 10 mM
sodium phosphate pH 7.5. Crystals were harvested after 30 days. CTX-M9 S281A was crystallized
by mixing 0.6 M sodium phosphate buffer, 20% PEG 3350, pH 8.4 with 1µl of enzyme (24 mg/mL
in 10 mM sodium phosphate pH 7.5). Crystals were harvested after 90 days and diffracted to 6 Å.
Crystals were flash frozen in liquid nitrogen prior to data collection.
Data were collected at beamlines 22-ID (T165W) and 22-BM (L48A) at the Advanced
Photon Source at 100 K. Reflections were indexed, integrated and scaled using X-ray Detector
Software (XDS) for T165W and the HKL software package for L48A, followed by further
processing with CCP4 [209]. Structures were solved by molecular replacement using Phaser [210]
with chain A of the native CTX-M9 crystal as the starting model (PDB ID: 1YLJ). Rebuilding was
performed in Coot [211] followed by refinement with isotropic B-factors using Refmac. Water,
PEG, chloride and phosphate molecules were added manually by examination of the Fo-Fc and
2Fo-Fc electron density maps.
Simulation preparation and equilibration.
The acylated meropenem and cefotaxime structures of CTX-M9 wild-type were generated
using rigid-body fitting as previously described4 using the native CTX-M9 crystal structure 1YLJ

121

[120] as a starting model. Point mutations were modeled using MODELLER’s automodel [212]
method. Histidine tautomer choices were determined automatically by the GROMACS [123]
pdb2gmx utility; active-site protonation states were determined using PROPKA [213], with the
remainder automatically determined by GROMACS pdb2gmx. The protein was placed in an
octahedral box with a minimum of 2nm separation between periodic images and energy-minimized
for 500 steps of steepest-descent minimization in vacuum. The protein was then solvated with
TIP3P water and 150 mM NaCl; deacylating waters were not placed manually but spontaneously
took the appropriate position during simulation. After solvation, another 500 steps of energy
minimization were performed followed by 50,000 steps of NVT equilibration with 2 fs timesteps
prior to production simulation with identical settings but in an NPT ensemble using the velocityrescaling thermostat [127] and Berendsen barostat. Velocities were randomly sampled at start from
a Maxwell distribution. Pressure coupling was performed at 1 bar with a 10 ps relaxation constant
and a compressibility of 10-4 bar-1. Temperature coupling was performed at 37 ºC with a time
constant of 10 ps. A direct-space cutoff of 1.2 nm was used for both van der Waals and electrostatic
interactions, and long-range electrostatics were treated using Particle Mesh Ewald [128] with a
grid spacing of 0.15 nm. Hydrogen bonds were constrained using LINCS [126].

Sequence analyses.
CTX-M family enzyme sequences were retrieved using previously curated accession
numbers12. A second, broader sequence alignment was generated using the 500 sequences most
closely related to CTX-M9 using a PHMMER search13, discarding one that had a >50% length
mismatch. Amino acid multiple sequence alignments were generated using MUSCLE14.
Phylogenetically corrected sequence mutual information (MI_p) was computed using the APC
correction detailed previously15.
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Rigidity analyses.
The KINARI software [214] was used to predict rigid clusters based on the crystal
structures of wild-type CTX-M9 (2P74), L48A (5KMT), and T165W (5KMU) at 11 evenly-spaced
cutoffs for hydrogen bonds and hydrophobic interactions, determined based on the highest and
lowest interaction energies calculated by KINARI in the wild-type crystal structure. Each atomatom interaction was assigned a rigidity score consisting of the number of rigid clusters in which
the pair co-existed across all 11 cut-off levels. Residue-residue scores were computed as the sum
of all component atom-atom rigidity scores, and the per-row maximum of resulting matrix was
calculated to yield residues most strongly participating in rigid-body interactions for each crystal
structure. A complementary analysis was performed using MSU ProFlex [215] : 11 evenly spaced
energy cutoffs were again used, and the most stringent cutoff before breakup of the large rigid core
was selected. To test the effect of side-chain interactions on the stability of this core, each non-Ala
residue in CTX-M9 was computationally mutated to alanine using MODELLER [212], rigid
cluster analysis was performed on the resulting set of mutant structures, and each residue was
scored based on similarity between the predicted rigid cluster for its alanine point mutant and the
wild-type structure.

Appendix B. Supplementary Methods for Chapter 4
Atoms and distances used for structural clustering.
Structural clustering was performed on the bound drug, binding-pocket residues, and other
key substrate-interacting residues defined as follows: binding-pocket residues were defined as
those with a heavy atom within 5Å of the beta-lactam drug core for more than 10% of snapshots
in the initial 20x500ns simulation dataset. The additional substrate-interacting residues used were
His219, Arg220, His 274, Lys234, and Glu276 [41,58,65,66]. Structural clustering for kinetic map

123

construction was performed using rigid-body alignment in Cartesian space. Imputation of
committor values and feature selection was performed using all heavy-atom:heavy-atom pair
distances among these residues.

Kinetic map analysis.
A kinetic map of the oxyanion-hole to non-oxyanion conformational transition was
constructed by structurally and kinetically clustering the eight initial molecular dynamics
trajectories that visited both states. Each trajectory x can then be expressed as a sequence of
clusters rather than a sequence of conformations. Using an interval of 50 ps, we constructed a
directed graph between clusters where Wij, the edge weight between nodes i and j, is calculated as
follows:
𝑊𝑖𝑗 = 𝐶𝑜𝑢𝑛𝑡(𝑥(𝑛) = 𝑖, 𝑥(𝑛 + 1) = 𝑗) / 𝐶𝑜𝑢𝑛𝑡(𝑥(𝑛)), ∀𝑥, ∀𝑛
for each trajectory x and time point n. This process of kinetic clustering and graph construction is
similar to the construction of a Markov State Model, but because we simply analyze observed
transitions rather than propagating the transition matrix in time, the sampling requirements are
much less stringent. All 50 kinetic clusters (nodes in the graph) partitioned cleanly between
oxyanion-hole and non-oxyanion-hole conformations (>95% non-oxyanion-hole or >90%
oxyanion-hole). For visualization, all non-singleton oxyanion-hole nodes of the graph were plotted
as well as all non-oxyanion-hole nodes connected to an oxyanion-hole node; the full graph is also
given in Figure S2. One singleton node that contained oxyanion hole conformations but was
connected only to a non-oxyanion-hole node; this node is shown only in Figure S2.

Visualization of KPC-2 conformational space.
The set of all pairwise distances defined above comprises 18,915 distances; singular value
decomposition was employed to obtain an orthonormal basis set, and principal component analysis
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was used to select a 148-dimensional projection that captured >99% of the variability between
structural snapshots. Snapshots meeting the criteria for the EI or EI* states were completely
separable by a hyperplane in the original 18,915-dimensional distance space determined via a
support vector machine, suggesting that a reduced-dimension space should be able to capture
differences between these states. A two-dimensional projection onto the largest principal
components was used for visualization purposes only.
Imputation of committor values.
Because determining a committor value for a structural snapshot requires running 20-80
unbiased molecular dynamics simulations for >50 ns each, we determined values in this manner
for 20 structural snapshots. In order to select conformational features associated with the transition
between catalytically permissive and nonpermissive states, a larger dataset was desired. We thus
imputed committor values for related structural snapshots as follows. K-centers clustering was
performed in the 148-dimensional space described above space to yield 30,000 clusters that were
then refined with three iterations of k-medoids clustering [216]. These fine clusters were grouped
using hierarchical agglomerative clustering using a complete linkage criterion; this was
thresholded to the minimum number of clusters that maintained separation between all 20
snapshots that had different “known” committor values. This yielded 27,486 clusters. ”Known”
committor values were then assigned to all snapshots sharing the same cluster; all clusters not
containing a “known” committor value remained undetermined. This yielded 35,651 snapshots
committed to EI and 4,448 snapshots committed to EI*. The EI* snapshots were upsampled via
data duplication to yield a balanced dataset for feature selection.
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Feature selection.
Greedy minimum-redundancy, maximum-relevance feature selection [159] was performed
to identify the independent protein-protein distances in the ligand-binding-pocket most associated
with the transition from catalytically permissive to nonpermissive states as follows. Structural
snapshots labeled with imputed committor values of >80% EI or >80% EI* were assigned to those
two classes CEI and CEI*, and the set of features used was {d}, the set of all distance pairs between
non-hydrogen atoms in the KPC-2 binding-pocket. The mRMR statistic was calculated as:
𝑚𝑅𝑀𝑅𝑖 = 𝐼(𝑑𝑖 ; 𝐶) − ∑ 𝐼(𝑑𝑖 ; 𝑑𝑗 )
𝑗

where I(di; C) is the distance-pair:class mutual information and I(di; dj) is the distancepair:distance-pair mutual information summed over all selected distances. Histograms for mutual
information were calculated with a fixed bin width of 0.5 Å. A greedy algorithm first proposed by
Peng[159] was used to select the top 10 distance pairs that maximize this statistic.

Biased simulations.
Biased simulations were performed using a modified version of Gromacs implementing the
minimal-biasing potential formulation [185]. A coupling constant (α) and update step (τ) of 10 and
20ps respectively were used.
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