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Abstract 
One of the greatest challenges facing modern medicine and the global public health today is 

antimicrobial drug resistance (AMR). This “silent pandemic,” as coined by the world health 

organization (WHO), is steadily increasing with an estimated 4.95 million mortalities 

attributed to AMR in 2019, 1.27 million of which were directly linked to AMR. Some of the 

contributors to AMR include self-prescription, drug overuse, sub-optimal drug prescriptions 

by health workers, and inaccessibility to drugs, especially in remote areas, which leads to 

poor adherence. The situation is aggravated by the upsurge of new zoonotic infections like 

the coronavirus disease 2019, which present unique challenges and take the bulk of resources 

hence stunting the fight against AMR.  

Quite alarming still is our current antimicrobial arsenal, which hasn’t had any novel 

antimicrobial drug discovery/addition, of a new class, since the 1980s. This puts a burden on 

the existing broad-spectrum antimicrobial drugs which are already struggling against multi-

drug resistant strains like multi-drug resistant tuberculosis (MDR-TB) and extensively drug-

resistant tuberculosis (XDR-TB). Besides the search for new antimicrobial agents, the other 

avenue for addressing AMR is studying drug resistance mechanisms, especially single 

nucleotide polymorphisms (SNPs), that change drug target characteristics. With the 

advancement of computational power and data storage resources, computational approaches 

can be applied in mutational studies to provide insight into the drug resistance mechanisms 

with an aim to inform future drug design and development. 

Therefore, in the first part of this thesis, we employ integrative in silico approaches, including 

3D structure modeling, molecular dynamic (MD) simulations, comparative essential 

dynamics (ED), and protein network analysis approaches i.e., dynamic residue network 

(DRN) analysis to decipher drug resistance mechanisms in tuberculosis (TB). This involved 

an investigation of the drug resistance mutations in the catalase-peroxidase (KatG) and 
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pyrazinamidase (MtPncA) enzymes which are responsible for activation of TB first-line 

drugs; Isoniazid (INH) and Pyrazinamide (PZA), respectively. In the case of KatG, eleven 

high confidence (HC) KatG mutations associated with a high prevalence of phenotypic INH 

resistance were identified and their 3D structures modeled before subjecting them to MD 

simulations. Global analysis showed an unstable KatG structure and active site environment 

in the mutants compared to the wildtype. Active site dynamics in the mutants compromised 

cofactor (heme) interactions resulting in less bonds/interactions compared to the wildtype. 

Given the importance of the heme, reduced interactions affect enzyme function. Trajectory 

analysis also showed asymmetric protomer behavior both in the wildtype and mutant 

systems. DRN analysis identified the KatG dimerization domain and C-terminal domain as 

functionally important and influential in the enzyme function as per betweenness centrality 

and eigenvector centrality distribution. 

In the case of the MtPncA enzyme, our main focus was on understanding the MtPncA 

binding ability of Nicotinamide (an analogue of PZA) in comparison to PZA, especially in 

the presence of 82 resistance conferring MtPncA mutations. Like in KatG, the mutant 

structures were modeled and subjected to MD simulations and analysis. Interestingly, more 

MtPncA mutants favored NAM interactions compared to PZA i.e., 34 MtPncA mutants 

steadily coordinated NAM compared to 21 in the case of PZA. Trajectory and ligand 

interaction analysis showed how increased active site lid loop dynamics affect the NAM 

binding, especially in the systems with the active site mutations i.e., H51Y, W68R, C72R, 

L82R, K96N, L159N, and L159R. This led to fewer protein-ligand interactions and 

eventually ligand ejection. Network analysis further identified the protein core, metal binding 

site (MBS), and substrate binding site as the most important regions of the enzyme. 

Furthermore, the degree of centrality analysis showed how specific MtPncA mutations i.e., 
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C14H, F17D, and T412P, interrupt intra-protein communication from the MtPncA core to the 

MBS, affecting enzyme activity.  

The analysis of KatG and MtPncA enzyme mutations not only identified the effects of 

mutations on enzyme behaviour and communication, but also established a framework of 

computational approaches that can be used for mutational studies in any protein. 

Besides AMR, the continued encroachment of wildlife habitats due to population growth has 

exposed humans to wildlife pathogens leading to zoonotic diseases, a recent example being 

coronavirus disease 2019 (COVID-19). In the second part of the thesis, the established 

computational approaches in Part 1, were employed to investigate the changes in inter-protein 

interactions and communication patterns between the severe acute respiratory coronavirus 2 

(SARS-CoV-2) with the human host receptor protein (ACE2: angiotensin-converting enzyme 

2) consequent to mutations in the SARS-CoV-2 receptor binding domain (RBD). Here, the 

focus was on RBD mutations of the Omicron sub-lineages. We identified four Omicron-sub 

lineages with RBD mutations i.e., BA.1, BA.2, BA.3 and BA.4. Each sub-lineage mutations 

were modeled into RBD structure in complex with the hACE2. MD analysis of the RBD-

hACE2 complex highlighted how the RBD mutations change the conformational flexibility 

of both the RBD and hACE2 compared to the wildtype (WT). Furthermore, DRN analysis 

identified novel allosteric paths composed of residues with high betweenness and eigenvector 

centralities linking the RBD to the hACE2 in both the wildtype and mutant systems. 

Interestingly, these paths were modified with the progression of Omicron sub-lineages, 

highlighting how the virus evolution affects protein interaction. 

Lastly, the effect of mutations on S RBD and hACE2 interaction was investigated from the 

hACE2 perspective by focusing on mutations in the hACE2 protein. Here, naturally occurring 

hACE2 polymorphisms in African populations i.e., S19P, K26R, M82I, K341R, N546D, and 
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D597Q, were identified and their effects on RBD-hACE2 interactions investigated in 

presence of the Omicron BA.4/5 RBD mutations. The hACE2 polymorphisms subtly affected 

the complex dynamics; however, RBD-hACE2 interaction analysis showed that hACE2 

mutations effect the complex formation and interaction. Here, the K26R mutation favored 

RBD-hACE2 interactions, whereas S19P resulted in fewer inter-protein interactions than the 

reference system. The M82I mutation resulted in a higher RBD-hACE2 binding energy 

compared to the wildtype meaning that the mutation might not favor RBD binding to the 

hACE2. On the other hand, K341R had the most RBD-hACE2 interactions suggesting that it 

probably favors RBD binding to the hACE2. N546D and D597Q had diminutive differences 

to the reference system. Interestingly, the network of high betweenness centrality residues 

linking the two proteins, as seen in the previous paragraph, were maintained/modified in 

presence of hACE2 mutations. HACE2 mutations also changed the enzyme network patterns 

resulting in a concentration of high eigenvector centrality residues around the zinc-binding 

and active site region, ultimately influencing the enzyme functionality. 

Altogether, the thesis highlights fundamental structural and network changes consequent to 

mutations both in TB and COVID-19 proteins of interest using in silico approaches. These 

approaches not only provide a new context on impact of mutations in TB and COVID target 

proteins, but also presents a framework that be implemented in other protein mutation 

studies.  
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List of Amino Acids 

Single Letter Code Three Letter Code Amino Acid 
A Ala Alanine 
C Cys Cysteine 
D Asp Aspartic acid 
E Glu Glutamic acid 
F Phe Phenylalanine 
G Gly Glycine 
H His Histidine 
I Ile Isoleucine 
K Lys Lysine 
L Leu Leucine 
M Met Methionine  
N Asn Asparagine 
P Pro Proline 
Q Gln Glutamine 
R Arg Arginine 
S Ser Serine 
T Thr Threonine 
V Val Valine 
W Trp Tryptophan 
Y Tyr Tyrosine 
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Thesis Overview 

The research presented in this thesis is divided into two main parts, I and II. Part I of the 

thesis encompasses chapters 2 and 3, while Part II is made up of chapters 4 and 5. Chapter 1 

is the introductory chapter and it includes an introduction to infectious diseases, the global 

prevalence and management of infectious diseases, the missense mutations in infectious 

diseases and current research on missense mutation studies in infectious diseases. The chapter 

also highlights the gaps in the research before addressing the aims and objectives of the 

thesis. Furthermore, chapter 1 explains in detail the in silico approaches used throughout the 

thesis.  

Part I of the thesis presents the effects of TB drug resistance missense mutations in two 

separate chapters i.e., chapter 2 and chapter 3. The work in chapter 2 is a continuation of my 

mini thesis for the one year MSc degree in Bioinformatics and Computational Biology [1]. 

The research in chapter 2 describes the effects of isoniazid drug resistant mutations on the 

dynamics and network patterns of the dimeric KatG protein. In this chapter, we employ 

integrative bioinformatics approaches including molecular dynamic (MD) simulations, 

comparative essential dynamics (ED) and dynamic residue network (DRN) analysis to 

characterize the effects of the high confidence mutations. 

Chapter 3 employs both MD simulations and DRN analysis to study the effect of 82 

Pyrazinamide (PZA) drug resistance mutations in the Pyrazinamidase (MtPncA) protein with 

respect to Nicotinamide (NAM). Furthermore, the MtPncA-NAM complex behaviour in the 

presence of mutations was compared to that of the MtPncA-PZA to identify differences in 

drug affinity and binding in a bid to inform future drug design. 

Part II of the thesis focuses on the identification of the effects of naturally occurring 

mutations in the severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) receptor 
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binding domain (RBD) (chapter 4) and human angiotensin converting enzyme 2 (hACE2) 

(chapter 5) on the RBD-hACE2 inter-protein interactions. Chapter 4 characterizes the 

behaviour and implications of the progressive Omicron sub-lineage mutations in the SARS-

CoV-2 spike (S) protein RBD on the RBD-hACE2 behaviour in comparison to the reference 

system (Wuhan sequence). Here, the Omicron RBD mutations are investigated in complex 

with the human receptor, hACE2, using MD simulations and trajectory analysis tools 

including DRN analysis to identify changes in communication patterns within the proteins. 

For each analysis, the mutant systems are compared to the reference structure. 

Chapter 5 is complimentary to Chapter 4 and focuses on the BA.4/5 Omicron RBD and its 

interaction with the different naturally occurring polymorphisms of the hACE2. In this 

chapter we still employ MD simulations and DRN analysis to describe the effects of hACE2 

polymorphisms on SARS-CoV-2 Spike protein binding and interaction. 

Finally, the last sections present the wholesome summary of the research results, concluding 

remarks, limitations and the possible future work.  
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CHAPTER 1  

Introduction 

1.1 Infectious Diseases 

Communicable/infectious diseases are an ensemble of infections with pathogenic aetiology 

ranging from viruses to bacteria, parasites and fungi [2, 3] that affect both human and animal 

hosts. These kinds of infections can be transmitted between humans, animals and from 

animals to humans, where they are classified as zoonotic diseases [4]. According to the world 

health organization (WHO), infectious diseases impose the most burden on population health 

and growth. One such example is tuberculosis (TB) which is responsible for approximately 

10 million cases globally per year and at least 1.4 million deaths as of 2021 which is an 

increase from 1.3 million in 2020 [5]. The recent increase in the global TB burden is partly 

due to the outbreak of another infectious disease, coronavirus disease-2019 (COVID-19), in 

2019. The infectious disease, COVID-19, is caused by severe acute respiratory coronavirus 2 

(SARS-CoV-2) [6, 7] and it has recorded the highest prevalence and mortality annually, 

followed by TB, human immuno-deficiency virus (HIV) and malaria with approximately six 

million [8], 1.4 million [5], 680,000 [9] and 620,000 [10] mortalities as of 2021, respectively. 

The global pandemic, COVID-19, as was declared by the WHO [11], has also caused 

significant health, economic, financial and social burden since its outbreak in 2019 [12–14].  

The aerosol transmission of some of these infectious diseases like TB presents a great 

challenge concerning both disease containment and management [15–18]. Besides the 

irrepressible spread, the development of drug resistant strains i.e., multidrug resistant TB 

(MDR-TB), extensively resistant TB (XDR-TB) [19–21] due to drug selective pressure [22–
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24], especially to the most effective drugs presents another hurdle in infectious disease 

management i.e., TB. 

In the case of COVID-19, the SARS-CoV-2 RNA (ribonucleic acid) virus is prone to myriad 

evolutionary mutations evidenced through the emergence of a number of SARS-CoV-2 

variants including, Alpha, Delta, Beta, Gamma and Omicron variants. These variants have 

shown to either increase viral transmission and/or infectivity with the rise of host immunity 

[25–28]. 

1.2 Timeline of Major Infectious Disease Outbreaks 

Over time, the human race has encountered a number of infectious disease outbreaks 

including the smallpox (as early as 10,000 BCE), the Spanish flue (1918), influenza (1957), 

polio (1955), HIV (1960s), hepatitis C (1967), severe acute respiratory syndrome; SARS 

(2002), H1N1 (2009), Middle East respiratory syndrome; MERS (2012), zika virus (2016), 

Ebola (2014 and 2018) and most recently, SARS-CoV-2 (2019) [29–35] (Figure 1.1). 

Smallpox on its own was responsible for an estimated 300 million mortalities in the 20th 

century [36–38] and as of 2021, HIV-AIDs is cumulatively responsible for over 40 million 

deaths and counting [39] while the death toll by COVID-19 pandemic has eclipsed 6 million 

as of January 2023 [40]. 

Notwithstanding the mortalities, the intermittent outbreaks of infectious diseases has 

coincided with novel advancement of medical infrastructure directed towards management 

and prevention of future infections. For example, the first successful vaccine produced was 

the smallpox vaccine, by Edward Jenner, in 1796 which led to the eradication of smallpox 

[41]. The eradication of smallpox entailed a collaborative effort involving the development 

and widespread distribution of the smallpox vaccine, along with a coordinated effort identify 

and isolate infected individuals. The last known natural case of smallpox occurred in Somalia 
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in 1977, and the WHO declared smallpox eradicated in 1980, which goes to show the power 

of vaccines and international collaboration in elimination of infectious diseases. Like 

smallpox, Poliomyelitis, a viral infection caused by an enterovirus which affects the nervous 

system [42] was previously eradicated through mass campaigns, the Global Polio Eradication 

Initiative (GPEI), and vaccine administration. As of May 2022, the wild polio virus (WPV) 2 

and 3 have been globally eradicated with a few sporadic cases of WPV 1 in Afghanistan, 

Pakistan and Malawi [43] in 2020 to 2022. Quite recently however, we have seen an 

emergence of circulating vaccine-derived poliovirus (cVDPV) in the USA, UK, and Israel 

[44, 45]. The cVDPV causes poliomyelitis through prolonged circulation in under immunized 

populations allowing for reversion to virulent form [46]. The re-emergence of poliomyelitis is 

mainly attributed to logistical difficulties in reaching remote and conflict-affected areas, 

vaccine hesitancy, and emerging vaccine-derived polioviruses. 

The advancement in technology has ushered in new diagnostic techniques like the 

polymerase chain reaction (PCR) cartridges to detect both susceptible and resistant TB strains 

using the GeneXpert technology [47] and advancement in the messenger ribonucleic acid 

(mRNA) vaccines development [48, 49] as seen in the case of COVID-19. However, as 

observed from the re-emergence of previously eradicated infections, mass campaigns and 

continued public sensitization about the importance of vaccinations and preventive therapy in 

general is equally important. 

In spite of the advancement in medicines and technologies, mutations rendering infectious 

pathogens unsusceptible to antimicrobials (AMR) present the greatest challenges to public 

health. In addition, more novel infectious diseases are predicted in future based on the 

increased human interaction with wildlife through both the extensive encroachment of 

wildlife habitats and demand for game meat [50–53]. Either way, an urgent intervention is 

required.
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Figure 1. 1: Timeline of major infectious disease outbreaks [29–35]. Outbreaks that achieved pandemic status are shown in red. 
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1.3 Emergence of New Infectious Diseases  

Besides the existent infectious diseases i.e., TB, HIV-AIDs, Hepatitis etc, the last two 

decades have witnessed an accelerated emergence and re-emergence of a plethora infectious 

pathogens, Figure 1.1, mainly of animal origin, which have had significant effect on the 

public health.  

These outbreaks are mainly a circumstance of anthropogenic factors resulting from 

population growth, urbanization and agricultural expansion which have increased both the 

human encroachment on wildlife habitats and inter-species interaction [54]. Consequently, 

the wildlife pathogens have evolved to new hosts, domesticated animals and humans, through 

zoonosis. While anthropogenic factors have undoubtedly played a role in the increased 

incidence of infectious disease outbreaks, improved detection and surveillance mechanisms 

have also contributed to the higher number of reported cases unlike in the past where 

outbreaks might have gone undetected or misidentified. 

Besides the anthropogenic influence on infectious disease outbreaks, climate change has been 

documented to aggravate human pathogenic infections [55, 56]. Researchers have identified a 

strong relationship between climate variables and the growth, mortality rate, reproduction, 

and distribution of disease vectors [57]. Climate change affects disease transmission through 

the impact on the vehicle or vector and the pathogen [58]. The changes in climate can 

increase the transmission cycles of certain vectors and result in the establishment of new 

diseases or increase prevalence of existent diseases [59]. The life cycles and transmission of 

most infectious agents are linked with climate, and the reported negative or uncertain 

responses of infectious diseases to climate change have been growing [60]. While the specific 

percentage of diseases aggravated by climate change is not mentioned, the evidence suggests 
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that climate change has a significant impact on the transmission and emergence of infectious 

diseases. 

Furthermore, the advancement in global connectivity through fast and cheap travel has 

facilitated fast and global spread of the infectious agents from the spill over areas [54]. A 

recent example is the SARS-CoV-2 virus first identified in the Wuhan city of China in 2019, 

which has spread across the globe through air travel, attaining pandemic status [11, 61, 62].  

Consequent to the unprecedented global spread, the human hosts have afforded SARS-CoV-2 

ground for progressive evolution though a myriad of mutations in the various viral proteins, 

leading to the emergence of new variants. These SARS-CoV-2 variants i.e., Alpha, Beta, 

Delta, Gamma and Omicron, accommodate mutations (single nucleotide polymorphisms: 

SNPs, deletions and insertions) in key SARS-CoV-2 protein facilitating higher 

transmissibility, infectivity and antibody/vaccine escape properties compared to the 

Wuhan/reference strain. At present (August 2023), there isn’t a well-established standard 

cure for COVID-19, however, there are treatments with antivirals (nirmatrelvir and ritonavir, 

remdesivir and molnupiravir) and neutralizing monoclonal antibodies (sotrovimab) that are 

used in the management of COVID-19 symptoms and prevention serious illness. 

Furthermore, significant advances have been made in vaccine production and characterization 

of viral mutations [63–68] 

1.4 Mutations in Infectious Diseases 

A mutation constitutes a change in the nucleotide sequence of the genome of an organism, 

whose effects can range from being benign to modifying the behaviour of an organism and in 

some cases deleterious [69]. This change in genetic constitution through mutations ensures 

the survival and progressive evolution of organisms in the context of natural selection. 

Notably, not all the mutations are beneficial as the process is sometimes a trade-off in a bid to 
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strike a balance between survival of the environmental conditions and maintaining efficient 

functionality [70]. In fact, in a constant environment, mutation rate would be minimal.  

In the case of infectious diseases causing organisms like Mtb, mutations are known to occur 

in the proteins mostly targeted by or interacting with anti-microbial compounds like the Mtb 

catalase peroxidase (KatG) enzyme involved in the activation of the first-line anti-tubercular 

drug isoniazid and the DNA-dependent RNA polymerase β-subunit which is targeted by 

rifampicin [71, 72]. Evidently, some of these mutations (mostly SNPs) change the drug 

interaction profiles with the target proteins rendering them insensitive. 

The RNA viruses like the SARS-CoV-2 are prone to mutations even with the presence of the 

proof reading mechanisms of the RNA-dependant RNA-polymerase [73]. The SARS-CoV-2 

characteristically has a myriad of mutations in key proteins involved in viral replication and 

attachment to the host i.e., the Main protease (Mpro) [74–76] and Spike (S) protein [77–81]. 

The effects of such protein mutations are myriad, and they represent a primary area of 

investigation. Some mutational effects on protein behaviour include modifying the protein-

substrate interaction profile, causing local structural perturbations, changing the protein 

secondary structure which in turn affects protein folding and stability and so much more [82–

84]. Interestingly, a large number of drug-resistance mutations in the target proteins occur 

away from the active/drug binding site implying an allosteric mechanism of action [85–87]. 

In Mtb KatG, mutations occurring in C-terminal domain [88] away from the active site are 

associated with high level isoniazid resistance while in SARS-CoV-2, mutations in S protein 

domains other than the receptor binding domain (RBD) have been implicated in affecting 

viral binding to the host [89, 90]. 
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1.4.1 Allosteric Effects of Mutations 

Allostery is a fundamental concept in the life sciences that describes how biomolecules 

regulate each other in a remote action-at-a-distance mode. It involves the transmission of 

information between distinct sites of proteins, leading to conformational changes that affect 

protein function [91]. The allosteric effect of resistance mutations is multifaceted and 

involves different mechanism of action like; mutation of critical positions in the protein 

sequence which results in disruption of protein function [85, 86], shifting the conformational 

of the protein hence affecting its activity and drug binding [92], redistribution of the 

propagation pathways in the protein structure, or through the elimination or establishment of 

sites for allosteric posttranslational modification [93].  

Given the complex signaling mechanisms involved in allosteric modulation, investigation of 

allosteric effects and mechanisms of action of mutations is challenging compared to 

orthosteric mutations [94]. Tastan Bishop and colleagues in [86] discuss deciphering 

mechanism of resistance mutations through combinatory investigation of allosteric and 

orthosteric mutations using Statistically Guided Network Analysis approach (SGNA) [95]. In 

[96], Tan and colleagues use a structure-based statistical mechanical model of allostery to 

discern the allosteric signaling path ways in the SARS-CoV-2 S protein. Additionally, 

various new tools have been developed to not only predict the effect of allosteric mutations 

but also the allosteric effects of ligand binding [97–99]. 

1.5 Drug Resistance in Infectious Diseases 

Antimicrobial drug resistance is the significant decrease or complete loss of susceptibility of 

pathogens to a given drug or therapy [100, 101]. Various microorganisms have this inherent 

ability to adapt to an ever-evolving environment to survive, a process termed “natural 

selection” by Charles Darwin.  
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Globally, at least 1.2 million deaths directly resulted from drug resistance in 2019, with at 

least 4.5 million deaths associated with AMR [100]. In the case of TB, drug resistance can be 

classified into isoniazid (INH)-resistant TB, Rifampicin-resistant TB, MDR-TB (resistant to 

both INH and Rifampicin), pre-XDR-TB (resistant to INH, Rifampicin and second-line 

fluoroquinolones) and XDR-TB (resistant to rifampicin, fluoroquinolones and other priority 

drugs like bedaquiline and linezolid) [5, 102]. Approximately 132,222 and 25,681 diagnosed 

TB cases in 2021, were of MDR/Rifampicin resistant-TB and XDR-TB, respectively [5]. 

Furthermore, the number of TB case notifications and people enrolled onto MDR-TB 

treatment declined by 18% and 15%, respectively between 2019 and 2020 [5, 102]. These 

numbers are expected to decrease further from 2022 onwards due to the impact of the 

COVID-19 outbreak. 

On the other hand, antiretroviral drug resistance in human immune-deficiency virus (HIV), a 

common TB comorbidity, has also increased, where at least 50% of infants diagnosed with 

HIV have the non-nucleoside reverse-transcriptase inhibitors (NNRTI) resistant strain of the 

virus in sub-Saharan Africa [101, 103]. 

AMR is a consequence of genetic changes in drug target proteins over time, through drug 

resistance mutations [100, 104]. Some of the key drivers of antimicrobial resistance include 

over-prescription of antibiotics, inaccessibility to quality drugs, and poor resistance 

surveillance systems, especially in low-income countries [103, 105]. Additionally, the misuse 

of antimicrobials in veterinary medicine and animal husbandry also contributes to the 

development of AMR especially in zoonotic pathogens, which can then be transmitted to 

humans. These multiple factors collectively contribute to the growing challenge of AMR, 

compromising our ability to treat infectious diseases effectively and posing a significant 

threat to global public health. 
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Low income and developing countries face the greatest impact of AMR on the account of 

insufficient resources [106–108]. Therefore, a concise understanding of the drug resistance 

mechanisms at a molecular level is essential to inform future drug design in infectious 

diseases.  

1.6 Current Research on Infectious Diseases: TB and COVID-19 

Extensive scientific research has focused on characterizing mutations in infectious pathogens 

in addition to deciphering the drug resistance consequent to mutations [109–115]. With the 

advancement of computational power and storage capabilities, a plethora of computational 

and bioinformatics approaches have been developed and employed in screening for potential 

drugs, drug-target structure prediction, in vitro simulation of drug-protein interaction, and 

prediction of drug resistance mechanisms [86, 116–118].  

1.6.1 TB 

Current Mtb research is focused on identifying genetic markers of drug resistance, 

understanding the mechanisms of drug resistance, and developing strategies to prevent the 

emergence of drug-resistant strains. The bulk of the Mtb mutation studies apply sequence 

analysis, molecular docking and molecular dynamics (MD) simulations to highlight the effect 

of mutations on active site stability coupled with the reduced first-line drug (INH and PZA) 

retention in the active site due to fewer ligand-protein bonds in the mutants compared to the 

wildtype [71, 119–131]. For example, Unissa et al. used MD simulations to show that KatG 

mutations at position 315 i.e., S315T, S315I, S315R, S315N and S315G experienced higher 

residue fluctuations for the INH binding residues compared to the wildtype (WT) [132]. 

Similarly, Singh and team analyzed the KatG G279D mutation and showed reduced INH 

binding to the active site in the mutant [133]. Khan and team focused on the L19R, R140H, 

and E144K mutations in MtPncA, where they observed a tendency of PZA to form less H-
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bonds and a general reduction in the drug binding ability [134]. Similarly, Sheik Amamuddy 

et al., applied statistically guided network analysis to highlight conserved MtPncA motions 

associated with PZA unbinding in the mutant systems [135]. 

Another field of research has focused on building and applying Machine Learning (ML) 

approaches to genome wide sequencing (GWS) data to classify and predict genetic markers 

for drug resistance [136–142]. The high numbers of genome wide association studies 

(GWAS) to-date imply access to large datasets of sequenced data which can be used to train 

and build machine learning (ML) approaches with a higher efficiency for drug resistance 

prediction and classification. Recently, Deelder et al., presented a ML approach for predicting 

Mtb drug resistance mutations using genomic profiling [143]. Similarly, Green et al., used 

convolutional neural networks to predict Mtb resistance phenotypes to at least thirteen 

antibiotics including INH, PZA and ethambutol [144]. Other scientists are focusing on deep 

learning and artificial neutral networks to model more efficient ML approaches for 

phenotypic classification of Mtb resistance mutations [145–149]. Additionally, a number of 

online tools for prediction of phenotypic drug resistance of Mtb mutations have also been 

developed including GenTB [150] and resistance sniffer [151]. 

The existence of proteins as a network of residues means that graph theory principles can be 

applied to analyze protein behavior. Consequently, some researchers have focused on using 

network analysis and graph theory to describe protein networks [86, 152–156]. The principal 

behind this approach is that drug resistance mutations influence changes in the protein 

network patterns at the atomic level, which once studied could provide great insight in drug 

resistance mechanisms. Hitherto, this approach has not been used to study Mtb drug 

resistance especially in KatG and MtPncA proteins which presents a great knowledge gap. 

Information from Mtb mutant network analysis is a great source of insight into the drug 

resistance mechanisms. 
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1.6.2 COVID-19 

The advent of COVID-19 prompted another upsurge of SARS-CoV-2 whole genome 

sequencing and data analysis, populating various databases like the Global Initiative on 

Sharing All Influenza Data (GISAID) [157], which consists of assorted viral sequences 

across different demographics. Initially, COVID-19 research focused on establishing the 

sequence and structure of different SARS-CoV-2 proteins [158–162]. However, with the 

emergence of SARS-CoV-2 variants of concern (VOC) and variants of interest (VOI) over 

time, vast research has gone into deciphering the epidemiological effect of SARS-CoV-2 

mutations i.e., virus transmission and spread [163–170], mutational effect on clinical 

outcomes i.e., severity of the disease [163, 171–177], the evolutionary effect in terms of 

emergence of new variants [178–182], and molecular effect of mutations on RBD-hACE2 

protein dynamics and interactions [183–189]. Of all the SARS-CoV-2 VOC, the Omicron 

variant has presented with the highest transmissibility [80, 190–193] afforded to it by the 

multiple mutations in the S protein, at least 30 SNPs [77–81]. Previous in silico and 

experimental studies have shown that the Omicron RBD mutations i.e., N439K, L452R, 

Y453F and N501Y are associated with increased RBD binding to the hACE2 [183, 194–197]. 

On the other hand, N440K, E484K and F486L mutations are linked to SARS-CoV-2 vaccine 

escape [198–201]. Furthermore, the Omicron variant has undergone further evolutionary 

mutations giving rise to the BA.1, BA.2, BA.3 and BA.4/5 sub-variants with unique 

mutations. For instance, the L452R and F486V RBD mutations unique to the BA.4/5 sub-

variant are linked to enhanced RBD-hACE2 binding an vaccine escape, respectively [201].  

In another study, Tan et al., 2022 [96] uses a structure-based statistical mechanical model of 

allostery (SBSMMA) to quantify the energetics of allosteric communication in the spike 

glycoprotein at the single-residue level. The results of which show a substantial involvement 

of allosteric mechanisms due to the high mutability of RNA viruses and the flexibility of viral 
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proteins. Tan and colleagues argue majority of the research is concentrated on S protein RBD 

interface, considering allosteric effects of mutations is as important in predicting and 

diagnosing new variants of concern [96]. 

The continuous evolution of SARS-CoV-2, let alone its most dominant variant, Omicron, 

beacons the need to characterize the variant behaviour and interaction with the hACE2. 

Previous computational studies have looked at how different variants interact with hACE2 

[183, 202, 203] however, data on how the different Omicron sub-variants interact with the 

hACE2 and the patterns of communications between the two proteins is still wanting.  

Furthermore, the existence of hACE2 polymorphisms in different populations creates another 

important variable to consider in the study of SARS-CoV-2 infectivity and transmission. 

Physiologically, the hACE2 is involved in blood pressure homeostasis under renin 

angiotensin systems (further explained in chapter 5). Given the complexity of RBD-hACE2 

molecular interactions, changes in hACE2 genetic constitution, can have extensive effects on 

the affinity and type of molecular interactions. For instance, the rate of expression of hACE2 

affects SARS-CoV-2 infectivity since the metalloenzyme mediates viral entry into the cell. 

The hACE2 is also highly polymorphic [204], where a number of these hACE2 mutations are 

linked to differential viral binding and infectivity in the host [205–208]. Besides, age, sex and 

race, the genetic variability of the hACE2 could be one of the contributing factors to the 

disparity in COVID-19 infectivity and case fatality rate among different populations. For 

instance, Paik et al., showed that hACE2 variants S43N and Q86R are associated with 

negative alchemical free energy, signifying stronger binding of the RBD to hACE2 compared 

to the wildtype [209]. Meanwhile, Ashoor et al., used the mCSM server to show that D355A, 

D355N, E35K, F40L, E35D, M82I, S19P and T27A hACE2 mutations have destabilizing 

effects of the RBD-hACE2 complex [210]. Similar studies have implicated the hACE2 S19P 

and K26R mutations as having protective and predisposing genetic factors to SARS-CoV-2 
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infection [207, 211–216]. Even with the available studies on hACE2 polymorphisms, 

understanding of complexity of RBD-hACE2 molecular interactions is still deficient, 

especially network analysis perspective. New insights from the mutation effect on the RBD-

hACE2 inter-protein communication network patterns confer insights into drug design and 

vaccine discovery.  

1.7 Knowledge Gap 

The incidence of AMR has reached an unprecedented level, with an estimated 4.95 million 

deaths linked to AMR globally as of 2019. The highest death toll associated with AMR is in 

the sub-Saharan region, where at least 27.3 deaths per 100,000 are associated with AMR as of 

2019 [100]. AMR in infectious diseases like TB has been observed in the second-line and 

third-line drugs, leading to multi-drug and extensively resistant strains of TB [5, 217]. Even 

with the identification of new antimicrobials for infectious disease management, only 6 out of 

32 antibiotics identified by WHO for clinical development were categorized as 

innovative/new in 2019 [101]. This has created an urgent need to study and understand the 

drug resistance mechanisms in the phenotypically observed resistant mutations to better 

inform innovative drug design. Evidently, a lot of research as focused on deciphering the 

mechanisms of resistance in both the KatG and MtPncA proteins (section 1.6) however, 

analysis of enzyme communication patterns in the presence of resistance mutations is still 

lacking. Insight into the most important and influential residues in the mutant proteins is key 

in understanding drug resistance and drug design. The first part of the thesis focuses in 

describing the changes in protein dynamics and communication patterns in the TB first-line 

drug resistant proteins, KatG and MtPncA. Furthermore, a comparison of the PZA and 

nicotinamide (NAM) interaction profile and dynamics in the MtPncA mutants was completed 

to identify key differences in interaction to advise future drug design. 
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With the emergence of new infectious diseases, COVID-19, and the continued evolution of 

the etiologic agent, SARS-CoV-2, a great deal of research (section 1.6) focusing on 

understanding viral behaviour and characteristics is needed to better inform drug design and 

vaccine development. This is especially important given the fast paced rate of viral evolution 

towards a more efficient pathogen (section 1.6). The second part of the thesis capitalizes on 

the constantly evolving viral genome to characterize the effect of SARS-CoV-2 RBD 

mutations in the Omicron sub-variants on viral interaction with the hACE2. Using network 

analysis, this work highlights novel communication patterns between the two proteins. 

Furthermore, the thesis adds to the research on hACE2 polymorphisms, (section 1.6), by 

applying novel network analysis approaches to further inform on the viral and host 

interaction in the presence of both the Omicron BA.4/5 mutations and hACE2 mutations.  

1.8 Research Aim  

The work in this thesis was aimed using in silico approaches to 1) decipher and characterize 

drug resistance mechanisms of documented SNPs in TB with a main focus on the KatG and 

MtPncA enzymes and 2) characterize the interaction and network patterns between the 

SARS-CoV-2 RBD and the human ACE2 in the presence of both the Omicron sub-lineage 

mutations and naturally occurring hACE2 polymorphisms. To achieve this, the research is 

broken down into four sub-aims viz: 

1. Using MD simulations and trajectory analysis to characterize the INH drug resistance 

mechanisms of eleven high confidence mutations in the dimeric KatG enzyme with 

the purpose of informing future drug design and development. 

2. Deciphering the differences in ligand binding and interaction between the first-line 

drug, PZA, and its analogue, NAM, in the MtPncA enzyme and its mutants. Insights 
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from the which are meant to add on the research on Mtb drug resistance and advise 

future drug design.  

3. Studying the effects of the progressive SARS-CoV-2 Omicron sub-lineage mutations 

in the SARS-CoV-2 RBD on the interaction with the human ACE2. This was 

motivated by the need to profile the changes in hACE2 interaction with the constantly 

evolving SARS-CoV-2, information that is vital for therapeutics development.  

4. Analysing the effect of naturally occurring human ACE2 polymorphisms on the 

interaction and distribution of communication patterns between the host receptor and 

the BA.4/5 Omicron RBD of SARS-CoV-2. Given the disparity in SARS-CoV-2 

infection among populations, insights from this analysis are meant to add on already 

exiting research on hACE2 and inform on the proclivity of hACE polymorphisms to 

bind SARS-CoV-2.  

1.9 Research Objectives 

1. Characterizing the effects of eleven high confidence KatG INH resistance mutations: 

• Identification of high confidence KatG mutations with phenotypic drug 

resistance from literature and TB databases for in silico analysis. 

• Modeling of the dimeric KatG mutant structures for MD simulation studies. 

• Access the changes in KatG dynamics of due to mutations through subjecting 

the modeled structures to MD simulations and trajectory analysis. 

• Perform dynamic residue network analysis to establish the changes in 

network patterns consequent to mutations. 

 

2. Analysis of PZA and NAM interactions in wildtype and mutant MtPncA enzyme: 
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• Molecular docking of NAM to MtPncA to determine the ligand interaction 

profile. 

• Modeling of 82 MtPncA mutant structures in complex with PZA and NAM for 

further in silico analysis.  

• Molecular dynamic simulations of the modeled structures to access the 

mutation effects on PZA and NAM interaction in the MtPncA enzyme. 

• Post MD trajectory analysis including dynamic residue network analysis to 

determine the effect of mutations on the protein networks. 

 

3. Characterization of the effects of SARS-CoV-2 Omicron sub-lineage RBD mutations 

on the RBD-hACE2 dynamics and networks: 

• Identification of SARS-CoV-2 Omicron sub-lineage RBD mutations for 

further analysis. 

• Modeling of the RBD-hACE2 complex structures in the presence Omicron 

sub-lineage mutations for MD simulations. 

• Molecular dynamic simulations of the wildtype and mutant structures to 

access the mutational effect on protein behavior. 

• Dynamic residue network analysis of the RBD-hACE2 systems to determine 

the network patterns in the wildtype and mutant systems.  

 

4. Characterization of the effects of hACE2 polymorphism on RBD-hACE2 interaction 

in the presence of BA.4/5 Omicron RBD mutations: 

• Identification of the naturally occurring hACE2 polymorphisms in the African 

population for further analysis. 
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• Modeling of the RBD-hAC2 complex structures in the presence both RBD 

Omicron BA.4/5 mutations and hACE2 mutations for MD simulations. 

• MD simulations of the modeled structures to access the mutational effect on 

protein behavior. 

• Determination of hACE2 mutation effects on the RBD-hACE2 

communication patterns through dynamic residue network analysis. 

 

Given the in silico nature of the research objectives in the thesis, analogous computational 

approaches were applied including the group (RUBi: Research unit in Bioinformatics) 

developed technique of analyzing dynamic residue networks, to answer the research 

questions. The next sections delve into the principles of the various techniques. 

1.10 Computational Approaches in Mutation Studies 

The use of computational approaches to study protein behavior has grown staggeringly in the 

21st century with the advancement in computational power and storage capabilities. This has 

created a perfect platform for development of and scaling of tools with more efficiency. For 

instance, technological and computational advances have led to more efficient genome-wide 

association studies (GWAS) [218–220] resulting in large volumes of sequencing data. 

Additionally, protein structure databases are i.e., Protein Data Bank (RSCB PDB) [221] are 

also growing tremendously due the large number of solved 3D protein structures (over one 

million computer structure models in PBD as of 01 February 2023). Public access to this data 

has encouraged the use and development of in silico tools/studies to investigate and 

characterize protein function and behaviour. Computational approaches like homology 

modeling and MD simulations can be used to model novel protein structures based on the 

sequence and mimic in vivo protein behaviour at different time scales, respectively. With the 
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ever increasing AMR and emergence of novel variations of infectious pathogens, 

computational approaches present a fast and efficient way to model variant strictures, study 

and characterize the effects of mutations on protein behaviour hence informing drug design 

and development. The use of computational approaches to inform on protein behavior and 

drug design is often referred to as Computer Aided Drug discovery (CADD).  

In this section, we discuss in detail the different computational approaches used throughout 

the thesis to decipher and characterize the effects of both drug resistant mutations in Mtb and 

naturally occurring mutations in SARS-CoV-2 RBD and hACE2 proteins. 

1.10.1 Sequence Alignment 

Sequence alignment is one of the fundamental approaches in bioinformatics used for aligning 

evolutionary-related deoxyribonucleic acid (DNA), ribonucleic acid (RNA) and protein 

sequences using an assortment of algorithms [222]. Through sequence alignment, 

phylogenetic relationships are established in addition to predicting of protein structure and 

function using homologous sequences with solved 3D structures [223, 224].  

In mutation studies, sequence alignment allows scientists to compare sequences of two or 

more different proteins or nucleic acids to identify identical regions and potential mutations. 

Furthermore, the extent of agreement between any aligned sequences can be determined 

which informs on the degree of protein sequence identity, information which is important in 

3D structure homology modeling. In this thesis, sequence alignment was used for template 

identification and homology modeling of 3D protein structures in the absence of solved 

mutant X-ray crystal structures. 

Sequence alignments can be pairwise alignment, which involves alignment of two sequences, 

or multiple sequence alignment, where three or more sequences are aligned to each other. 

Furthermore, sequence alignment can be achieved through both local and global alignment. 
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In local alignment, similar regions of the sequences are aligned to each other creating 

homologous patterns, whereas in global alignment, the entire query sequence is aligned to the 

target sequence from end to end [225, 226].  

In sequence alignment, the quality of the alignment or evolutionary relatedness is based on 

the alignment quality score as assigned by a scoring system/algorithm. The two main scoring 

methods are the dynamic programming; used primarily in pairwise alignments and the 

progressive iterative method used in multiple sequence alignment (MSA) [227]. Dynamic 

programming uses a substitution matrix to assign a score to residue pairings or gaps based on 

the likelihood of residue substitution [227]. Progressive alignment is a heuristic method 

where each possible pairwise alignment for the multiple sequences is done and scored using 

the global alignment method before a sequence phylogenetic/guide tree is generated based on 

a distant matrix from the scores. The guide tree then dictates the order of pairwise alignment 

where closely related sequences are aligned first to create a consensus sequence that is then 

aligned to the next sequence in line. The process is repeated until all the sequences are 

aligned [222, 227]. An improvement to the progressive method is the heuristic iterative 

method where the generated alignment is improved through numerous alignment iterations 

until the score cannot be improved further. Some of the established iterative alignment tools 

include ClustalΩ [228], MUSCLE [229] and MAFT [230]. This research employed the 

ClustalΩ tool. 

1.10.1.1 ClustalΩ 

The ClustalΩ tool allows for fast and accurate alignment of several sequences by generating 

the guide tree using a modified sequence embedding approach, mBed [231]. The modified 

mBed has a complexity of O(NlogN) where individual sequences are inserted in n dimensions 

corresponding to the log of N [228]. The sequences are then substituted for an n element 
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vector, before clustering using K-means. The alignment is then built using HAlign [232] that 

aligns two profile hidden Markov models [233]. 

1.10.2 Homology Modeling 

Homology modeling is a combination of steps/techniques used to predict the 3D protein 

structure based on a homologous template [234–237]. The method relies on protein sequence 

conservation among an ensemble of related protein systems. The principle behind homology 

modeling is that similar protein sequences warrant similar 3D structures [235].  

In in silico mutation studies, a comparison of mutant and wildtype protein behaviour requires 

the 3D structures of both proteins. In the absence of the mutant 3D structures in RSCB PDB 

[221], homology modeling is used to model the mutant protein structures using wildtype 

sequence as the template. In this thesis, we applied homology modeling to generate mutant 

3D structures for structural and dynamics analysis.  

The homology modeling process can be divided into four steps involving template 

identification, sequence alignment, model building, and model validation. 

1.10.2.1 Template Identification 

Since homology modeling is based on a template 3D structure homologous to the target 

sequence, template identification is one of the critical steps in modeling. Structural templates 

are identified based on percentage identity to the target sequence, which should be at least 

30% [235, 238], and the crystallization quality of the template 3D structure in RSCB PDB. 

Crystallization quality is accessed through visualization, using the R-factor, R-value and 

resolution [239, 240]. The R-factor, R-value and resolution of the protein structures can be 

accessed in the RSCB PDB [221]. In addition to R-factor, R-value, the MolProbity tool [241] 

was used to further access the quality if the crystal structures by evaluating the percentage of 
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poor rotamers, favored rotamers, Ramachandran outliers, Ramachandran favored, Rama 

distribution score, bad bonds, bad angles carbon beta (Cβ) deviations and carbon alpha (Cα) 

geometry outliers. The MolProbity webserver was used: http://molprobity.biochem.duke.edu. 

1.10.2.2 Multiple Sequence Alignment 

The next step in homology modeling is sequence alignment, where the target and template 

protein sequences are aligned to ensure that the template(s) account for all the protein 

regions. The number of alignment gaps should be minimal to ensure quality 3D structures. 

The process of MSA is explained in section 1.10.1. 

1.10.2.3 Model Building 

The template-target sequence alignment from sequence alignment is used to build 3D 

structure models using a several modeling tools like MODELLER [242], Protein Interactive 

Modeling (PRIMO) [243] and HHpred [244]. Here, MODELLER was used for mutant 

structure modeling. MODELLER uses the spatial restraint [245] model as building method 

where the restraints are placed on the target structure, ensuring that atoms are within a given 

distance of each other as in the template structure. MODELLER can also perform loop 

modeling and model refinement using fast, slow or very slow methods [242].  

1.10.2.4 Model Validation 

Since the homology modeling steps are interdependent, model validation is essential to 

ensure that a near-native structure is generated. A number of tools are available for model 

validation ,i.e., discrete optimized protein energy (z-DOPE) score [246], VERIFY3D [247] 

and Protein Structure Analysis (ProSA) [248]. Besides z-DOPE score, which uses atomic 

energy between atom pairs in the model to access quality as implemented by MODELLER, 

VERIFY3D and ProSA were used in this thesis for model validation. 

http://molprobity.biochem.duke.edu/
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1.10.2.4.1 VERIFY3D 

This is a web-based tool that assesses the protein 3D quality by comparing the compatibility 

of the model structure to its amino acid sequence using the 3D profile. The 3D profiles are 

based on a precomputed database of 18 environmental profiles, and they consist of tables 

computed from the structure atomic coordinates. Each residue in the model is scored based 

on the environment characteristics like, area of the residue that is buried, fraction of side 

chains exposed to polar atoms and secondary structures. Good quality models have high 

profile scores [247]. 

1.10.2.4.2 ProSA 

ProSA is a tool for protein structure validation and prediction which analyzes the model 

quality in comparison to all experimentally determined chains in PDB [221]. ProSA uses the 

protein Cα atoms to calculate the structural energy based on the distance-based pair potential 

[249] and the solvent exposure potential of the model residues [250]. From these 

computations, the model quality is displayed as a z-score which indicates the overall quality 

of the model in comparison to structures of similar characteristics [248]. 

1.10.3 Molecular Dynamic Simulation 

In nature, protein molecules consist of atoms in constant motion and interaction with each 

other. Molecular dynamic (MD) simulations use Newton’s law of motion to predict atomic 

and molecular motions. In this thesis, the generated mutant structures were subjected to MD 

simulations to study their behavior in relation to the wildtype. MD simulations mimic in-vivo 

atomic behavior by applying Newtonian physics in a form of force fields (FFs) to determine 

the atoms’ spatial position as a function of time [251, 252]. There are several types of set FFs 

which include AMBER (Assisted Model Building with Energy Refinement) [253], 
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CHARMM (Chemistry at Harvard Macromolecular Mechanics) [254], GROMOS 

(GROningen MOlecular Simulation) [255] and OPLS (Optimized Potentials for Liquid 

Simulations) [256]. These FFs capture bonded and nonbonded interactions like the van der 

Waals and electrostatic interactions. With the advancement in computational power, near-

native solvent MD simulations can now be performed up to a micro-second scale using 

SPC216 (single point charge 216) and TIP3P (transferable intermolecular potential 3P) water 

models [257]. Periodic boundary conditions (PBC) are used during MD simulations for 

approximating an infinite system using a unit cell [258] and in so doing, they reduce the 

computational cost of simulating a large system. Trajectories, which are conformational snap 

shots at different times, from MD simulations can be analyzed using several metrics and tools 

to determine system characteristics. The metrics used in this research include root mean 

square deviation (RMSD), root mean square fluctuation (RMSF), the radius of gyration (Rg), 

center of mass distance (COM) and principal component analysis (PCA). In the thesis, these 

metrics were used to compare the protein behaviour between the wildtype and mutant 

systems to inform on the effects of mutations on protein dynamics and interaction. 

1.10.3.1 Root Mean Square Deviation 

RMSD is used in MD trajectories analysis to determine the extent of structural variation over 

time from the initial/reference conformation [259]. RMSD is calculated from Equation 1.1 

where; N is the number of atoms and δ is the difference in distance between atom i in the 

initial and final structure.  

𝑅𝑀𝑆𝐷 =  √
1

𝑁
∑ 

𝑁

𝑖=1

𝛿 𝑖
2 

    Equation 1.1: RMSD equation    
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1.10.3.2 Root Mean Square Fluctuation 

RMSF is a measure of residue flexibility over an MD simulation. It is similar to RMSD, 

except here, the average individual residue flexibility/fluctuation is measured for the MD 

simulation [260]. RMSF is calculated from Equation 1.2, where; T is trajectory time, δ is the 

difference between residue position at time t and residue position at the reference time. The 

angle brackets mean that the average of the square distance is used for the atoms in a residue. 

𝑅𝑀𝑆𝐹 = √
1

𝑇
∑ 

𝑇

𝑡=1

〈𝛿 
2〉 

Equation 1.2: RMSF Equation 

1.10.3.3 Radius of Gyration 

Rg measures the degree of atom spread/gyration from the center of mass as of the protein. Rg 

is calculated from Equation 1.3, where; N is the number of atoms and δ is the difference 

distance between residue i and the center of mass. 

𝑅𝑔 = √
1

𝑁
∑ 

𝑁

𝑖=1

𝛿  
2 

Equation 1.3: Rg Equation 

1.10.3.4 Center of Mass Distance  

COM distance measures the distance between a pair of selected residues over the simulation 

time. COM distance can also be measured between two groups of residue selections using the 

center of mass of each selection as the reference point. 
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1.10.3.5 Comparative Essential Dynamics 

Principal component analysis (PCA) is a statistical technique used to reduce the 

dimensionality of a dataset [261, 262] , where the most dominant protein motions from an 

MD trajectory are extracted by first superimposing all the frames to a reference/initial 

structure before diagonalizing a variance-covariance matrix of the atomic 

displacements/cartesian coordinates [263]. The generated modes of displacement/ 

eigenvectors are associated with their respective magnitude of displacement (eigenvalues) 

based on the variance. However, the comparative ED approach goes a step further to align 

trajectories of systems to be compared via the Cα or Cβ atoms prior to computation and 

decomposition of the covariance matrix. The result is a pair-wise comparison of systems’ 

motions within the same eigen subspace [264]. In ED, the first two modes or principal 

components one and two (PC1 and PC2) explain the most variance in the dataset. ED analysis 

was used to differentiate prominent motions between the mutant and wildtype systems 

throughout the thesis. 

1.10.3.6 Dynamic Cross-Correlation  

Dynamic cross-correlation (DCC) is a technique that uses MD trajectories to measure the 

degree of correlation or anti-correlation between the Cα atoms in a protein system [265]. 

DCC calculates atomic correlations using Equation 1.4, where; Δri and 〈〉 represent the 

displacement of atom i from the average position and time average over the trajectory, 

respectively. DCC results range from 1 to -1 where 1 indicates a complete correlation, 0 

shows no correlation, and -1 shows complete anti-correlation. 

𝐶𝑖𝑗 = 
〈𝛥𝑟𝑖 . 𝛥𝑟𝑗〉

√〈𝛥𝑟𝑖
2〉 . √〈𝛥𝑟𝑗

2〉 

  

Equation 1.4: Calculation of dynamic cross-correlation 
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1.10.4 Dynamic Residue Network Analysis 

DRN analysis is an MD trajectory analysis technique that applies graph theory to identify 

protein residue centralities based on distinct metrics. The DRN approach was developed by 

the RUBi group and is publicly available through the MDM-TASK web server [264, 266]. In 

graph theory, an approach borrowed from social sciences, properties of a network are 

identified by treating components/vertices of a network as nodes and the connection between 

them as edges [267]. In DRN analysis, protein residues are treated as nodes, and if a 

connection between them exists within a Euclidian distance of ≤ 6.7 Å [268], it is treated as 

an edge. With this representation, adjacency matrices of the residues interactions per MD 

trajectory frame can be created and analyzed. The centrality of residues in the network can be 

determined using different metrics, each describing unique properties in a network. The 

MDM-TASK web server [264] uses MD trajectories to calculate protein residue centrality 

using different DRN metrics.  

In this thesis, five DRN metrics previously established in [76, 264, 266], i.e., averaged 

betweenness centrality (BC), averaged closeness centrality (CC), averaged degree of 

centrality (DC), averaged eigenvector centrality (EC), and averaged Katz centrality (KC) 

were used to 1) decipher the changes in the KatG and MtPncA residue network patterns as a 

consequence of drug resistant mutations. And 2) to identify the critical residues in the SARS-

CoV-2 RBD and hACE2 involved in the inter-protein interaction and how the centrality of 

these residues’ changes amidst both the SARS-CoV-2 and hACE2 naturally occurring 

mutations. 

1.10.4.1 Averaged Betweenness Centrality  

The BC metric assigns centrality based on the degree of involvement of a node/residue in the 

shortest path between all the residue pairs in a network (Figure 1.2). The more involved a 
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residue is, the higher the centrality values and hence its importance [269]. Working with the 

assumption that communication in molecular structures (proteins) is through the shortest 

paths, residues with high BC represent key residues involved in information dissemination, 

signal transduction and molecular interactions throughout the protein. Previous studies have 

also revealed that residues with high BC often overlap with highly functional sites of the 

protein [76, 152]. 

Averaged BC is calculated from Equation 1.5 from the MDM-TASK web server [264, 266], 

where; V is the number of nodes, m the number of frames, σ(s,t) is the number of shortest 

paths connecting nodes s and t, σ(s,t│v) the paths passing another node v whereas i is the 

frame number. Through BC analysis, the changes in residue centrality between the wildtype 

and mutant systems was assessed. 

𝐵𝐶(𝑣) =
1

𝑚
∑ ∑  

𝑠,𝑡∈𝑉

𝑚

𝑖=1

𝛿(𝑠𝑖, 𝑡𝑖|𝑣𝑖)

𝛿(𝑠𝑖, 𝑡𝑖)
 

Equation 1.5: Calculation of averaged BC 

1.10.4.2 Averaged Closeness Centrality 

CC informs on the peripherality of a residue to all other residues in a network. Residues close 

to other residues, especially at the protein core or interface, usually have high CC values 

[115]. In context of protein structures, the CC metric measures the proximity of a residue to 

all other residues in a system and therefore access the residues’ role in information 

dissemination within a protein network (Figure 1.2). High CC may represent residues that 

are spatially central and have a direct influence on nearby residues [270]. Biologically, these 

residues could be involved in local conformational changes and rapid communication within 

a protein's structure [76, 155]. Furthermore, residues at the protein interface that are involved 
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in intra-protein and inter-protein interaction and stability have been associated with high CC 

values [115, 271]. 

Equation 1.6 [264, 266] computes averaged CC where; d(v, u) is the shortest-path distance 

between v and u, n is the number of nodes in the graph and m is the number of frames. CC 

analysis identified information disseminating residues in the wildtype and mutant systems. 

𝐶𝐶(𝑣) =
𝑛 − 1

𝑚
∑ ∑ 𝑑(𝑣, 𝑢)

𝑛−1

𝑢=1

𝑚

𝑖=1

 

Equation 1.6: Computation of averaged  

1.10.4.3 Averaged Degree of Centrality 

DC is a measure of the connectedness of a node to the immediate neighbors (Figure 1.2). DC 

is based on unique immediate neighbors to a target node; hence, the higher the degree of 

connection to the immediate neighbors, the higher the DC values [268, 270]. In protein 

structures, DC is used to measure the exposure of residues in a network and hence highlights 

the residues with the highest number of immediate connections. DC can be used to quantify 

the effects of perturbations, ligand binding and/or mutations on the local residue interactions 

in a protein structure.  

DC is computed from Equation 1.7 [264, 266], where; n is the number of nodes; Aijk is the 

jkth adjacency for the ith frame and m is the number of frames. 

𝐷𝐶(𝑘) =
1

𝑚(𝑛 − 1)
∑ ∑ 𝐴𝑖𝑗𝑘

𝑛

𝑗=1,𝑗≠𝑖

𝑚

𝑖=1

 

Equation 1.7: Averaged DC calculation 
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1.10.4.4 Averaged Eigenvector centrality  

Averaged EC measures the degree of node influence in a network based centrality in a 

network and that of its neighboring nodes, both high and low scoring [270]. EC and DC 

demonstrate a correlated association, as the initial centrality assessment in EC is based on 

DC. In protein networks, the EC metric is useful in discerning how central a given residue is 

in the entire protein and its influence on information flow [86, 264]. 

EC is calculated from Equation 1.8 [264, 266], where, for the decomposed adjacency matrix 

A, EC is the eigenvector, and 𝜆 is the eigenvalue. Averaged EC is for each ith residue by 

averaging the vector for each MD frame, Equation 1.9, where m is the number of frames. 

𝐴 ⋅ 𝐸𝐶⃗⃗⃗⃗  ⃗ = 𝜆 ⋅ 𝐸𝐶⃗⃗⃗⃗  ⃗ 

Equation 1.8: EC calculation 

𝐸𝐶(𝑖) =
1

𝑚
∑ 𝐸𝐶𝑖𝑘

𝑚

𝑘=1

 

Equation 1.9: Averaged EC calculation 

1.10.4.5 Averaged Katz Centrality 

In KC, the degree of node influence in a network is assigned based on the centrality of its 

neighbors and the neighbor’s neighbors [272]. In protein networks, KC can be used to 

determine how much influence a specific given residue has in relation to the other connected 

residues within a network [76]. 

Averaged KC is computed from Equations 1.10 and 1.11 from the MDM-TASK web server 

[264, 266], where; A is the adjacency matrix for residue i, λ is the eigenvalue, α is the 

attenuation factor, β the weight assigned of the connected neighbors of residue i and m is the 

number of frames. 
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𝐾𝐶(𝑖) = 𝛼 ∑𝐴𝑖𝑗

𝑛

𝑗=1

𝐾𝐶𝑗 + 𝛽 

Equation 1.10: KC calculation 

𝐾𝐶(𝑖) =
1

𝑚
∑ 𝐾𝐶𝑖𝑘

𝑚

𝑘=1

 

    Equation 1.11: Averaged KC calculation 

The application of graph theory to the analysis of protein structures (DRN analysis) offers a 

powerful framework to unravel complex interactions within biomolecular systems. By 

representing proteins as nodes and their interactions as edges, network models provide a 

visual and analytical tool to comprehend the intricate web of relationships governing protein 

function. This approach allows researchers to identify key residues or domains crucial for 

ligand and substrate binding through BC analysis as previously show in [76, 115, 152, 155, 

156]. Network analysis can also provide insight into the residue level changes in protein 

interactions consequent to perturbations from mutations and ligand binding through DC, EC 

and contact map analysis [115, 155, 266, 271]. Furthermore, CC analysis in chapter 2 and 

chapter 4 shows a correlation between CC values at the interface and the intra-protein and 

inter-protein interaction distances making it informative on changes in inter-molecular 

interaction. Overall, the application of network analysis in the study of protein structures 

provides invaluable insight into the global and local changes in protein networks which can 

be applied to drug discovery, mutational studies and prediction of functional regions in novel  

protein structures.  
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Figure 1. 2: Schematic representation of the DRN metric properties. The nodes represent the 

residues, and the edges represent the non-directed connection between residues in a protein. 

BC is represented by the green node, CC by the blue node making it the node, whereas EC 

and DC by the orange node.  

 

1.10.5 Identification of the Global Top “x%” High Centrality Residues 

Ensemble/global top high centrality residues were determined for each DRN metric using an 

in-house Python script written by Olivier Sheik Amamuddy. The script identified high 

centrality residues based on a set percentage cut-off (x%). This was motivated by the fact that 

residues with the highest centrality values across similar protein systems are observed to have 

functional importance [268, 273]. The script identified high centrality residues, “hubs” [76, 

86, 155], by vectorizing all the residue centrality values before ordering them in descending 

order to determine the threshold as per the set percentage (x%). A data frame of the metric-

specific centrality values for all systems is then made before the established threshold is used 

to make a binary matrix where one (1) corresponds to residues with centrality ≥ the threshold 
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and 0 for values < threshold. Rows summing to zero are dropped from the matrix and the idea 

here is to have homologous residues from other systems for any system residue with high 

centrality values. Finally, the script generates a heat map of the high centrality residues for 

the protein ensemble where, the residue hubs are annotated with their corresponding 

centrality values. The residues with hub status across all systems are referred to as persistent 

hubs [76, 86, 155]. 

This RUBi pioneered approach was employed to identify the residues with high centralities 

across both the wildtype and mutant systems in addition to highlighting the changes in 

centralities consequent to the mutations. 

1.10.6 Contact Map Analysis 

Protein structures exist as a network of residues whose properties and interactions facilitate 

protein folding and unfolding. A change residue property through mutations/SNPs affects the 

network interaction profile and in turn the protein behaviour and characteristics.  

Contact maps were used here to assess the effect of mutations on the protein local residue 

interaction profile at the points of mutations and interface. 

Contact map analysis, as executed using the contact_map.py tool from the MDM-TASK 

[264, 265] web server, enables profiling of target residue contacts within an Euclidian 

distance of 6.7 Å using a course grained trajectory (Cα and Cβ atoms). Additionally, the 

contact_heatmap.py tool enables presentation of contact map analysis results as a heat map. 
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CHAPTER 2  

2. Understanding Isoniazid Drug Resistance Mechanisms in the Dimeric 

Mycobacterium Tuberculosis Catalase-Peroxidase Mutants 

This chapter reports on the conformational changes in the catalase-peroxidase enzyme as a 

consequence of eleven high confidence mutations associated with phenotypic drug resistance 

to the first line drug, Isoniazid. Additionally, the changes in heme-cofactor coordination and 

protein communication networks consequent to mutations are discussed. 

Contributions: Mutation identification, homology modeling, MD simulations, 

trajectory analysis and all data analysis including script writing was done by Victor 

Barozi. The Python scripts used for the global x% DRN analysis and heatmap were 

generated by Olivier Sheik Amamuddy. Hub visualization scripts in PyMOL were 

generated by Olivier Sheik Amamuddy, Victor Barozi and Özlem Tastan Bishop. 

 

The work in chapter 2 is reproduced in part from the following publication: 

• Barozi V, Musyoka TM, Sheik Amamuddy O, Tastan Bishop Ö (2022). Deciphering 

Isoniazid Drug Resistance Mechanisms on Dimeric Mycobacterium tuberculosis 

KatG via Post-molecular Dynamics Analyses Including Combined Dynamic Residue 

Network Metrics. ACS Omega. https://doi.org/10.1021/acsomega.2c01036. 

Authors Contributions: Ö.T.B. conceived the project. V.B. performed the calculations and 

data analysis under the guidance of T.M.M., O.S.A. and Ö.T.B. 
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2.1 Introduction 

Up until 2020, TB, an airborne infection caused by the gram-positive Mycobacterium 

tuberculosis (Mtb) has been the leading cause of death from a single infection [274]. With the 

emergence of the COVID-19 global pandemic [11], TB is estimated to rank second as the 

leading cause of mortality from a single infection [5] in 2021. Globally, an estimated 9.9 

million cases of TB were recorded in 2020 with the most burdened regions being South-East 

Asia, Africa and Western pacific, accounting for 43%, 25% and 18% of the TB incidence, 

respectively [5]. The infectious disease spreads through inhalation of Mtb-contaminated 

aerosols from an infected host and is characterized by fever, night sweats, weight loss and 

cough [275, 276]. The active form of TB is manifested through clinical symptoms whereas in 

latent TB infection (LTBI), the host immunological response is enough to keep the infection 

at bay with no clinical symptoms or transmission [277]. Active infection is further classified 

into pulmonary TB (PTB), which affects the lungs, and extrapulmonary TB (EPTB) which is 

known to infect other organs including, lymphatic TB, pleural TB, brain TB, central nervous 

system TB, abdominal TB, bone and joint TB, Genito-urinary TB and miliary TB [276, 278].  

2.1.1 Diagnosis of TB 

There are several TB diagnosis methods with varying sensitivity and turnaround time 

including the Ziehl-Neelsen (ZN) method, where stained sputum samples are examined under 

a microscope [279] and the X-ray technique which uses lung radiographic images to identify 

TB cavities. The other is the mycobacteria culture method which is also considered the gold 

standard and it involves growing the sampled bacteria in culture media at specific conditions 

in an incubator. This method however is expensive and has a long turnaround time [276]. 

More recently, polymerase chain reaction (PCR) techniques like GeneXpert which amplify 

the mycobacterium DNA for detection of both susceptible and resistant TB are being used 
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[280, 281]. Early identification of resistant TB using these methods is particularly useful 

especially in informing the choice of drug regimen. 

2.1.2 Management of TB 

There are different classes of drugs used for TB management depending on the strain of Mtb. 

First-line drugs are used for susceptible TB and consist of a combination of isoniazid, 

rifampicin, pyrazinamide and ethambutol. The ensuing classes like the second-line, third-line 

and fourth-line drugs, consisting of Fluoroquinolones and injectables are used in the 

management of the drug-resistant strains of Mtb [102, 282, 283]. The first-line of drugs are 

considered the most effective and with the least adverse effects [5]. 

2.1.3 Isoniazid as a TB Pro-drug 

Isoniazid (INH: isonicotinic acid hydrazide) is a TB first-line pro-drug whose activity against 

susceptible Mtb depends on activation by the Mtb catalase peroxidase (KatG) enzyme [284]. 

Chemically, INH is made of a pyridine ring and hydrazide group (Figure 2.1). INH 

activation involves the cleavage of the hydrazide group by KatG to form an isonicotinoyl 

radical which then reacts with nicotinamide adenine dinucleotide (NAD+) to form a INH-

NAD adduct [285]. The formed INH-NAD adduct tightly binds to the enoyl-acyl carrier 

protein reductase, InhA, which is involved in mycolic acid biosynthesis, hence interrupting 

the cell wall biosynthesis process. In susceptible Mtb management, INH is administered per 

os with the other first-line drugs i.e., rifampicin, pyrazinamide and ethambutol for a duration 

of two months before switching to just INH and rifampicin for four and a half months [284]. 

Due to the drug dependency on KatG for activation, INH resistant Mtb strains are 

characterized by mutations in the KatG enzyme [286–290]. 
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Figure 2. 1: Simplified illustration of the reaction between INH and the Mtb KatG leading to 

the formation of isonicotinoyl radical. 

2.1.4 Structural Architecture of KatG 

The Mtb KatG is a bi-functional enzyme responsible for both the catalase and peroxidase 

activity in the acid-fast bacilli [291]. The dual-functional enzyme belongs to the class I of the 

plant, fungal and bacterial super family of peroxidases [292]. In solution, KatG exists as a 

homodimer with each protomer/monomer consisting of a heme containing N-terminal domain 

and a cofactor deficient C-terminal domain. The enzyme active pocket is delimited by 

residues Ser315 and Asp137 at the access channel and the pocket accommodates a heme 

group at the lateral end [293]. The heme cofactor is bordered by active site residues His270, 

Trp321 and Asp381 on the proximal side and Arg104, Trp107 and His108 on the distal end 

(Figure 2.2). All catalase peroxidases i.e., cytochrome c peroxidase, ascorbate peroxidase 

and KatG have a conserved three residue adduct consisting of Trp107, Tyr229, and Met255 

(MYW) at the distal end of the heme, which are important in the catalase activity of the 

enzymes [71, 294]. Chaplin et al., 2021 identified the INH binding site as next to the δ-meso 

edge of the heme [71]. 

The C-terminal domain consists of residues 436 to 740 [291] and has no documented activity 

in the Mtb KatG however, prior studies have indicated that it offers architectural support to 

the active site. Interestingly, truncation of the C-terminal domain in Mtb KatG by Baker and 

group curtailed the catalytic activity of the enzyme [295]. Furthermore, site directed mutation 
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of the C-terminal I’-helix region resulted in an unstable N-terminal and active site, hinting on 

the remote role the C-terminal domain on active site stability [296]. The KatG enzyme also 

has a dimerization domain comprising of the first 100 residues in each protomer, which 

facilitate dimerization through inter-protomer interactions with the opposite domains [297–

299]. 

 

Figure 2. 2: Homodimeric structure of the Mtb KatG consisting of protomer A and B in 

cartoon and surface representation, respectively. The detailed view of the active site shows 

heme as magenta sticks and the active site residues proximal and distal to it as red and blue 

sticks, respectively. The KatG conserved triad (MYW) is shown as green (Tyr229, Met255) 

and blue (Trp107) sticks. The figure was generated by Olivier Sheik Amamuddy and adapted 

from Barozi et al., [115]. 
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2.1.5 Drug Resistance in TB 

Due to drug and environment selective pressure, Mtb has over time developed mutations in 

key drug targets/activation proteins leading phenotypic drug-resistance. In the case of the 

most effective first-line drugs like INH, rifampicin and pyrazinamide, mutations in the drug-

activating protein genes i.e., katG, pncA and rpoB, respectively result in drug-insensitive 

proteins [300–304]. 60 to 90% of the isoniazid phenotypic resistance is attributed to 

mutations in the katG gene [287, 305] with the S315T SNP documented as the most prevalent 

KatG mutation associated with INH resistance [306–311].  

The marked increase in mycobacterial drug resistance especially to the most effective first-

line drugs coupled with the scarcity of new drug interventions has created an urgency to 

decipher the behavior and mechanisms of action of the resistance-conferring mutations, to 

better inform drug design. 

2.2 Chapter Aims and Objectives 

This chapter is aimed at decoding the changes in conformational behavior and residue 

network patterns of the high confidence resistance conferring KatG mutations using 

computational approaches. To this end, the study objectives included i) identification of high 

confidence KatG mutations, ii) modeling of the mutant 3D structures, iii) molecular dynamic 

simulation of the wildtype and mutant structures and iv) post-MD trajectory analysis 

including DRN analysis to decipher communication patterns. 
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2.3 Materials and Methods 

2.3.1 Identification and Retrieval of KatG Wildtype and Mutant Sequences 

The Mtb KatG reference (WT) sequence and structure were retrieved from the Universal 

Protein Resource (UniProt) [312] and RSCB Protein Data Bank [313], respectively using the 

UniProt ID: P9WIE5 and PBD ID: 2CCA. KatG specific SNPs associated with phenotypic 

resistance to INH were retrieved from the TB Drug Resistance database (TBDReaMDB) 

[314] which classifies mutations based on prevalence, as identified through INH minimum 

inhibitory concentration (MIC) tests and genomic sequencing. Eleven highly prevalent 

mutations were retrieved under the high confidence TBDReaMDB classification. 

2.3.2 Homology Modeling of Mutant KatG Structures  

In the absence of mutant KatG structures in the PDB, models were generated using the heme 

containing WT (PBD ID: 2CCA) as a template in MODELLER [242]. Here, SNPs were 

individually introduced into the dimeric reference sequence using an in-house Python script 

before the mutant and WT sequences were aligned using ClustalΩ [228]. The alignment files 

were edited to fit the MODELLER pir format, and 100 models were generated for each 

mutant system using auto model and slow refinement MODELLER methods. The best 

models were selected based on the lowest z-DOPE score [246]. Model quality was further 

assessed using VERIFY3D [247] and ProSA [248].  

2.3.3 All-atom Molecular Dynamic Simulations and Trajectory Analysis 

The WT and mutant structures were subjected to 300 ns all-atom MD simulations in 

GROMACS [315], version 2019.4. Prior to the generation of GROMACS topology files, the 

protein structures were protonated at a pH of 7.0, based on the KatG functional kinetics 

[127], using the PROPKA tool from PDB2QR (version 2.1.1) [316]. The GROMOS54a7 
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force fields [317] were chosen as the FFs of choice based on their inclusivity of heme group 

parameters. To mimic in-vivo conditions, the protein structures were solvated with SPC216 

water model in a cubic box of at least 1.0 nm solute-box edge clearance distance. After, the 

system charge was neutralized using 0.15M NaCl ions prior to energy minimization along the 

steepest descent minimization algorithm. Minimization was performed with a step size of 

0.01 and without constraints until a threshold of 1000 kJ/mol/nm. Temperature equilibration 

under the NPT ensemble; constant number of particles, volume and temperature ensued using 

the Berendsen temperature coupling at 300 K for 100 ps followed by pressure equilibration 

under the NPT ensemble; constant number of particles, pressure and temperature using the 

Parinello-Rahman barostat [318] at 1 atm and 300 K for 100 ps. Subsequently, MD 

production runs for 300 ns were performed for the eleven mutant systems and the WT. All 

bonds were constrained during the equilibration and production runs under the LINCS 

algorithm [319]. Furthermore, for the long-range electrostatics, Particle mesh Ewald 

electrostatics [320] were used with Fourier spacing of 0.16 nm. For the short-range Coulomb 

and van der Waals interactions, a cut-off distance of 1.4 nm was used. Prior to MD trajectory 

analysis, the periodic boundary conditions were removed, and the trajectories fitted to the 

reference structure using gmx trjconv tool. Post-MD analysis involved calculation of RMSD, 

RMSF, Rg clustering and COM distance using the GROMACS in built tools, gmx rms, gmx 

rmsf, gmx gyrate, gmx cluster and gmx distance, respectively. The GROMACS generated 

results were analyzed and visualized using the following Python libraries; Seaborn [321], 

Pandas [322], pytraj [323], matplotlib [324], Numpy [325], and NGLview [326]. We also 

calculated pairwise RMSD calculations where a Python script was used to concatenate the all 

the system trajectories via the Cα atoms prior to calculating the RMSD for each frame in 

comparison to itself and all the other frames in the trajectory. System dynamics were 

visualized using the Visual Molecular Dynamics (VMD) tool [327]. 
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2.3.4 Comparative Essential Dynamics  

Comparative ED was used to identify the most dominant mutant system motions in relation to 

the WT using the compare_essential_dynamics.py script (https://github.com/RUBi-ZA/MD-

TASK/tree/mdm-task-web) from MDM-TASK web server [264]. Here, each mutant system 

trajectory was aligned to the WT trajectory via the Cα atoms before decomposition of the 

covariance variance matrix. Furthermore, the script allowed for exclusion of particularly 

highly flexible regions from the trajectory to reduce the noise from highly flexible loop 

regions. Here, the three C-terminal residues were excluded due to their pronounced 

flexibility. Results from comparative ED were presented as time-based scatter plots 

describing mutant motions in relation to the WT as explained by principal components one 

and two (PC1 and PC2). The scatter plots also indicated the time stamp in pico-seconds of the 

lowest energy conformation throughout the simulation. 

2.3.5 Analysis of the Heme-Protein Interactions and COM Distance  

The proclivity of heme to form H-bond interactions in the WT and mutant KatG systems was 

investigated using the gmx hbond tool from GROMACS and presented as line plots.  

Besides the H-bonds, cofactors/ligands form other kinds of short-range interactions with the 

protein systems including van der Waals interaction, within a given interaction space 6.7 Å. 

Herein, the heme short-range interactions were determined using an ad hoc Python script. 

The script employed MDTraj [328], NetworkX [329], Numpy, Pandas and matplotlib Python 

libraries to determine the frequency of heme atomistic contacts within a Euclidian distance of 

6.7 Å while using the last 50 ns of the trajectory and topology files as input. The obtained 

heme contacts were normalized across the different systems and presented as a heat map. 

Asymmetric protomer behaviour was assessed through determining the difference in heme 

https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
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contacts between the protomer A and B (protomer A contact frequency - protomer B contact 

frequency). 

Heme positional stability was also investigated through heme COM distance measurement 

from the respective protomer active pocket residues COM using the gmx distance tool. The 

last 50 ns of the trajectory were used. 

2.3.6 Dynamic Residue Network Analysis 

Residue level changes in network and communication patterns imposed by the mutations 

were investigated using DRN analysis. Herein, course-grained trajectories consisting of Cα 

and Cβ atoms for the equilibrated last 50 ns of the trajectories were used with a default step 

size of 1. Five DRN metrics including BC, CC, DC, EC and KC were calculated using the 

calc_network.py Python script (https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web) 

from the MDM-TASK web server [264]. Here, residues with centralities ≥ the global top 4% 

were taken as hubs. The global top 4% DRN analysis results were presented as heat maps. 

Furthermore, residue hubs were mapped on the katG structures.  

2.3.7 Contact Map Analysis 

The changes in residue interactions at the mutation sites and persistent hubs within 6.7 Å 

were investigated using the contact_map.py and contact_heatmap.py Python scripts from the 

MDM-TASK web server [264]. The last 50 ns of each protein trajectory were used. 

2.3.8 Analysis of Inter-protomer Binding Energy through Alanine Scanning 

Dimerization of the KatG enzyme depends on the cross interaction between the dimerization 

domains of protomer A and B. The effects of the HC mutations on the dimerization behavior 

of KatG were investigated through inter-protomer binding energy calculation through 

Alanine scanning. Here, the interface face residues were individually substituted to an alanine 

https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
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residue and the binding energy contribution at that position measured. Alanine scanning 

enabled the identification of stabilizing, neutral and destabilizing residues based in their 

binding energy contribution. The ROBETTA web server [330] was used for alanine scanning 

using the low energy basin structures from ED. The server identified interface residues as 

those within 4 Å of the opposite protomer/protein. Residues with binding energy ≥ 1 kcal/mol 

are regarded as destabilizing, < -0.8 kcal/mol as stabilizing and those with binding energy 

between -0.8 and 0.99 kcal/mol as neutral [331]. 
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2.4 Results and Discussion 

The results in this chapter are divided into two parts; Part one is focused on the global 

structural and conformational changes in enzyme due to mutations whereas part two delves 

further into the residue level effects of mutations while including the changes in cofactor 

interaction and residue networks. 

2.4.1 Part One: Global Analysis  

2.4.1.1 Distribution and Characteristics of KatG High Confidence Mutations  

The eleven HC mutations with documented phenotypic INH-resistance as per the MIC and 

genomic studies [308, 332–335] viz: S140N, S140R, G279D, G285D, S315I, S315N, S315R, 

S315T, G316D, S457I and G593D were retrieved from the TBDReaMDB [314]. Of these 

mutations, nine are in the N-terminal domain (S140N, S140R, G279D, G285D, S315I, 

S315N, S315R, S315T and G316D), whereas the other two (S457I and G593D) are in the C-

terminal domain (Figure 2.3). The most dominant KatG mutation, S315T [308, 310, 311, 

335–338], is located at the access channel to the enzyme active site where the substitution of 

the a serine for a bigger threonine is believed to cause steric hinderance due to the methyl 

group [128, 132]. Besides the high prevalence, position 315 also had the most SNPs studied 

here i.e., S315I, S315N, S315R and S315T. 

The mutations involved similar phytochemical residue substitutions for S140N, S140R, 

S315R, S315N and S315T which had polar for polar residue substitutions, whereas G279D, 

G285D, G316D and G593D involved substitution of a hydrophobic residue for a polar one. In 

S315I, the small and polar serine was replaced with the hydrophobic and aliphatic isoleucine.  
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Figure 2. 3: Different orientations of the KatG structure showing the location of the 11 HC 

mutations. Mutation positions are labelled. The figure was generated by Olivier Sheik 

Amamuddy and adapted from Barozi et al., [115]. 

2.4.1.2 Conformational Diversity of the KatG Mutants 

The global impact of mutations on KatG dynamics was assessed through assorted RMSD 

calculations. Firstly, the squared mean deviation line plots highlighted how both WT and 

mutant systems equilibrated early on in the simulation at approximately the 50 ns. 

Additionally, the line plots (Figure 2.4A) also showed a higher RMSD for G279D, G285D, 

S315N, S457I, and G593D compared to the WT. Of these systems, S457I was the most 

conformationally diverse. Further characterization of protomer stability using split violin 

plots showed that the WT and majority of the mutant systems viz: S140R, G279D, G285D, 

S315I, S315N, S315R, G316D, S457I and G593D experienced a multi-model RMSD 
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distribution. Additionally, the split violin plots showed asymmetric RMSD distribution 

between system protomers indicating contrasting protomer behaviour in solution as 

previously documented [76, 339]. The multimodal RMSD distribution suggested that on 

average, the systems sampled more than one conformation. Of all the systems, only S140N 

and S315T displayed a unimodal symmetric behaviour between protomers (Figure 2.4B).  

The conventional RMSD calculations compare all the trajectory frames to the initial frame 

and as a result it informs on the gradual conformational evolution in relation to the first 

frame. In all versus all RMSD calculation, one is able to identify the time scales with similar 

conformational ensembles based on the comparison of each frame to itself and all other 

frames in the trajectory. Consequently, all versus all RMSD showed that the WT sampled two 

main conformations, the first being between 0 and 200 ns and the other from 200 ns onwards 

(Figure 2.4C). Interestingly, this was also true for most of the mutant systems but at differing 

time stamps. Like in the RMSD line plots, all versus all RMSD also identified S457I as 

having most structural diversity compared to other systems (> 4 Å RMSD). Furthermore, a 

statistical comparison of the WT and each mutant system mean RMSD using the Mann-

Whitney U-test (given that the system RMSDs were not uniformly distributed) indicated no 

significant differences between the WT and each of the mutant systems with p-values > 0.05. 

These results however were not representative as only one data point (mean RMSD) was used 

for sample comparison. A more robust statistical comparison would require an n >1 for each 

sample. 

System behavior was further investigated through Rg calculations which reflected nominal 

degree of gyration across all the protein system based on the scale, 2.775–2.975 nm (Figure 

2.4B). The earlier observed asymmetric protomer behavior from RMSD was also evident in 

Rg where protomer A displayed a higher degree of gyration than B in most systems. Like in 

RMSD, statistical analysis using the Mann-Whitney U-test shows no significant difference 
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between the WT and mutant systems Rg will and intra-system protomer comparison with p-

values > 0.05.  
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Figure 2. 4: A shows superimposed RMSD line plots of the WT in blue and mutant systems in orange. The x and y-axes indicate the time (ns) 

and RMSD (nm), respectively. B shows split violin plot showing protomer A (green) and protomer B (orange) RMSD and Rg distribution. C 

presents all versus all RMSD heat maps for each protein system. The color scale from white to dark red in C highlights the degree of 

conformational deviation. Adapted from Barozi et al., [115]. 
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2.4.1.3 Geometric Clustering Identified Two Main Conformational Ensembles 

The GROMACS geometric clustering algorithm identifies, and groups MD trajectory frames 

based on their geometric similarity. Here, the mean conformational structures were identified 

and the MD frames assigned to these clusters based on an established standard deviation 

while ensuring that the frames in each group were unique [340]. Clustering identified two 

main conformations in majority of the systems with one of the clusters (C1) dominating the 

others in terms of number of frames (Table 2.1). The differences in the conformational 

ensembles were attributed to KatG flexible loop regions (Figure S1). Like in RMSD, S457I 

had the most conformational clusters (12) together with G593D. Evidently, the presence of 

these mutations in the KatG influence protein folding and dynamics. To gain a bigger picture 

into the most prominent protein motions, essential dynamics were determined for each 

mutant system in comparison to the WT in the next section. 

Table 2.1: WT and mutant conformational frequency for each geometric cluster (C) 

System 

 C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 

WT 2306 561 56 38 34 6 - - - - - - 

S140N 2097 578 196 62 61 4 2 1 - - - - 

S140R 1144 863 482 361 44 41 33 20 10 2 1 - 

G279D 2005 608 211 119 40 9 6 1 1 1 - - 

G285D 1523 1016 300 125 18 9 7 2 1 - - - 

S315I 2112 813 43 15 15 1 1 1 - - - - 

S315N 2130 497 231 109 20 9 5 - - - - - 

S315R 2003 793 105 55 41 2 1 1 - - - - 

S315T 2695 230 75 1 - - - - - - - - 

G316D 1785 772 212 145 40 20 16 8 3 - - - 

S457I 1005 842 571 326 142 50 34 16 10 3 1 1 

G593D 1311 880 380 227 102 52 23 16 7 1 1 1 
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2.4.1.4 Comparative Essential Dynamics 

The application of the comparative ED approach from MDM-TASK web server [264] 

enabled the pairwise comparison of the most dominant motions between the WT and mutant 

systems within the same eigenspace. Here, comparative ED analysis was performed for the 

whole the protein, each protomer and active site to exhaustively explain the mutation effects 

on protein dynamics. 

2.4.1.4.1 Mutant Systems Explored a more Diverse Conformational Space to the WT 

The dynamics of each whole mutant system were individually compared to the WT along 

PC1 and PC2 which accounted for most variance [262]. From Figure 2.5, majority of the 

mutant systems explored a more diverse conformational area along PC1 compared to the WT. 

In S140N, PC1 and PC2 accounted for ~46 % and ~7% of the variance, respectively. 

Similarly, S140R, G279D, G285D, S315I, S315R, G316D, S457I and G593D had the most 

variation explained by PC1, where the total variance in these systems was ~ 40, 40, 46, 42, 

49, 41, 58 and 57%, respectively (Figure 2.5). Comparative ED is preferred to conventional 

PCA because it enables a more representative comparison of systems dynamics. The 

comparative ED tool also identified simulation time stamps corresponding to the lowest 

energy structures, as shown in the scatter plots (Figure 2.5). Consequently, structural 

deviation of the low-energy mutant systems from the WT was investigated through the 

extraction of the mutant conformations at these time stamps and alignment to the WT. S315N 

had the highest RMSD of 3.396 Å (Table S1). The larger eigenspace in the mutant systems 

coupled with the low RMSD between their low energy structures and that of the WT implies 

that the mutant systems sampled a higher conformational space prior to equilibration.
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Figure 2. 5: Scatter plots of the comparative ED between each mutant system and the WT. the x and y-axes represent the variance as per 

principal components 1 and 2, respectively. The color scale from dark blue to yellow illustrates the progression of the simulation to 300 ns. 

Adapted from Barozi et al., [115]. 
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2.4.1.4.2 The Mutant Systems had Asymmetric Protomer Dynamics 

Based on the asymmetry in the protomer RMSD results, Figure 2.4B, protomer behavior was 

further assessed through comparative ED relative to the WT. Here, each mutant protomer 

dynamics, A and B, were compared to the respective WT protomer. From Figure 2.6, each 

subplot consists of WT protomers on the top and mutant protomers at the bottom with 

protomer A on the left and B on the right. Focusing on the WT, it is apparent that in majority 

of the WT-mutant eigen subspaces, WT protomer A and B behave alike viz: S140N, S140R, 

G279D, S315N, S315R, S457I and G593D plots. Conversely, mutant dynamics shows 

asymmetric protomer behavior across all systems denoting that the mutations contribute to 

pronounced dimer asymmetry. To further explain the changes in protomer dynamics, ED 

were accompanied with RMSF calculations. For S140N, protomer B sampled more 

conformational space along PC1 (22.8%) compared to S140N protomer A and both WT 

protomers. RMSF results reflected a highly flexible S140N loop region (residues 359–375) in 

protomer B (Figure S2) which could be contributing protomer dynamics. Protomers A and B 

in S140R had a more spread-out distribution along PC1 and PC2 axes, respectively compared 

to the WT. Like in S140N, S140R also had a disordered loop region, 359–375 in addition to 

distinct flexibility for region 245–350 specifically in protomer A (Figure S2). Protomer A of 

G279D had a more span out distribution along PC2 (15.48%) compared to G279D protomer 

B and both WT protomers. Similarly, the G285D protomer A explored a more diverse 

conformational space than protomer B and both WT protomers, along PC1 (19.85%). This 

was also evident from the RMSD violin plots which showed multimodal RMSD distribution 

of protomer A (Figure 2.4A). The RMSF calculations also indicated a highly flexible 405-

415 region in G285D protomer A which explains the dynamics. In S315N and S315R, the 

WT protomers had a more compact conformational distribution compared to the mutant 

protomers. Here, the mutant protomer dynamics were in different directions further 
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highlighting the asymmetry in these systems. In S457I and G593D, both mutant protomers 

had a more spread-out distribution compared to the compact WT.  

 

Figure 2. 6: Scatter plots of the protomer specific ED in comparison to the WT. For each 

subplot, the mutant and WT protomers are analyzed in the same eigen subspace. The WT 

protomers occupy the upper half and mutant protomers the lower half of each subplot 

whereas protomer A is to the left and B to the right. The x and y-axes show the percentage 

variance as per PC1 and PC2, respectively. Adapted from Barozi et al., [115]. 

Interestingly a swap in protomer behaviour was noted in S315I, where protomer A of S315I 

behaved like WT protomer B while S315I protomer B like WT protomer A. This behaviour is 

not uncommon in homodimeric proteins especially in presence of mutations as recently 

observed in the SARS-CoV-2 Mpro enzyme [76]. Both protomers of S315T had more 

conformational space available to them than in the WT where PC1 and PC2 accounted for 
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24.86% and 19.98% of the variance. Similar behaviour was noted in G316D with where the 

variance was 25.87% and 13.03% for PC1 and PC2, respectively.  

It is evident from both protein and protomer ED that mutations affect the conformational 

evolution resulting in a more unstable KatG with asymmetric protomer behaviour. Of all the 

mutants here, the S457I SNP showed the greatest effect on protein dynamics from RMSD, 

RMSF and ED calculations. These conformational changes appear to be driven mostly by 

marked N-terminal residue fluctuations while leaving the C-terminal domain steadily 

coordinated. Subsequently, the mutation effects on the predicted INH binding cavity were 

investigated next through binding pocket ED.  

2.4.1.4.3 The Mutant Binding Pocket Experienced Assorted Conformational Changes  

Chaplin et al., [71] recently illustrated how the KatG mutations, W107R and T275P 

significantly affected the binding pocket environment resulting in an unstable heme 

coordination with some mutant protomers failing to retain heme upon inspection of the Cryo-

EM KatG structures. Here, ED analysis of the heme encompassing active pocket residues i.e., 

91–95, 97, 98, 100, 101, 103, 104, 107, 108, 136, 137, 139, 140, 205, 224, 227–233, 248, 

252, 265, 266, 269, 270, 272–276, 281, 309, 312–315, 317, 321, 326, 350, 378, 380, 381, 

408, 412, and 415 somewhat mimicked the respective protomer behavior. The high 

conformational diversity observed at the protomer level was translated to the binding pocket 

as well (Figure 2.7A). And like in the protomer, asymmetry in the binding pocket dynamics 

was observed between mutant protomers of the following systems, S140R, G285D, S315I, 

S315R, G316D, and G593D. G285D protomer A binding pocket residues explored the most 

conformational space in comparison the WT where the total variance per PC1 and PC2 was 

~49%. Furthermore, RMSD and Rg analysis showed that the mutant binding pocket residues 

had a higher degree of deviation and gyration (except S315N) than the WT (Figure 2.7B). 
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From the global perspective, the RMSD, RMSF, Rg and ED results inform on the diverse 

conformational sampling and instability of KatG mutant systems. The protomer and binding 

pocket-focused analysis further confirm that the observed global changes affect the binding 

pocket environment and dynamics. The residue level mutation effects are discussed in part 

two of the discussion. 
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Figure 2. 7: A shows scatter plots of the mutant binding pocket ED in comparison to the WT. In each subplot, the WT protomers occupy the 

upper half and mutant protomers the lower half of where protomer A is to the left and B to the right. B shows binding pocket RMSD and Rg for 

protomers A (green) and B (orange). Adapted from Barozi et al., [115]. 
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2.4.2 Part Two: Local Analysis 

This section focuses on the analysis heme and residue level mutation effects using interaction 

analysis approaches. Furthermore, the mutation induced changes on residue importance and 

influence in the protein network were investigated using DRN analysis. 

2.4.2.1 Some Mutants had Variations in Heme Interaction Profile Compared to the WT 

The marked changes in protein dynamics at the protomer and binding pocket level prompted 

further investigation into heme behaviour and coordination in the binding pocket. As recently 

shown [71], KatG mutations, W107R and T275P create a disorder of the heme environment 

affecting heme coordination. Heme forms H-bonds, van der Waals and covalent interactions 

with proximal and distal resides in the binding pocket. Therefore, the change/increase in 

binding pocket dynamics is bound to affect the ability of heme to form bonds. The propensity 

of heme to form H-bonds in the mutant systems was examined through H-bond measurement 

over the last 50 ns of the trajectory. From Figure 2.8A, heme group formed more hydrogen 

bonds in protomer A in majority of the mutant systems compared to protomer B. 

Interestingly, the reverse was true for the WT. As earlier observed from section 2.4.1.4.2 and 

[76], mutations can have reverse effects on protomer behavior in homodimers. Generally, 

heme formed more H-bonds in the WT than in majority of the mutant systems especially in 

protomer A. G279D, G285D and G316D formed the least number of H-bonds in the mutant 

systems.  
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Figure 2. 8: A shows superimposed WT (blue) and mutant (orange) line plots of the heme H-

bond progression over the last 50 ns. B shows comparative line plots of the heme COM 

distance to the active site COM between the WT (blue) and mutants (orange). Adapted from 

Barozi et al., [115]. 

The effect of reduced H-bonds on the heme positional stability was appraised through COM 

distance measurement between heme and binding pocket residues as determined by the 

CASTP web server [341]. Here, majority of the mutant systems showed nominal differences 

to the WT except for both protomers of S315I and protomer B of S315R which showed 

increased COM distance between the heme group and pocket residues (Figure 2.8B). The 

notable reduction in H-bonds especially in the mutant protomer A suggests decreased heme 
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stability in the binding pocket. Consequently, all other heme interaction and contact 

frequencies over the equilibrated trajectory were analysed in the in the next section. 

2.4.2.2 Characterization of the Mutant-Heme Atomic Contacts Relative to the WT  

The WT and mutant heme interaction frequency in each protomer was quantified using a 

tweaked version of contact_map.py (https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-

web) tool from the MDM-TASK web server [264]. The modification enabled summation of 

the residue specific atomic contact frequencies before normalising them across all the 

systems. Normalization allowed for ranking of contacts from 0 to 1, with 0 signifying no 

contact and 1 meaning full contact throughout the simulation period. Results from heme 

contact frequencies were presented as heat maps per protomer. 

Congruent to the previous results, we observed slight asymmetric behavior in the WT heme 

contacts between the protomers. In WT protomer A, heme maintained five main residue 

contacts including, Pro100, Arg104, Trp107, His270, His276, Thr314 and Ser315. Of these, 

Arg104 and Trp107 are distal heme residues, His270 is proximal whereas Ser315 gates the 

access channel to the heme-containing active site pocket. In protomer B, less heme contacts 

were noted compared to protomer A with heme exhibiting a 6-fold reduction in Arg104 

contact and a complete loss of contact with His276.  

Compared to the WT, considerable differences in heme-protein interactions were observed in 

the mutant systems. In the WT, heme forms hydrophobic interactions with Ile103, Arg104, 

Trp107, Pro232, Ile248, Phe252, Lue265, Ile266, Thr275, Trp321, Leu378, Thr380, Phe408 

and Trp412; H-bonds with Lys274, His276, Thr315 and Ser315; Pi-Pi stacking interactions 

with Trp107; salt bridges with Arg104 and His276; metal complexes with His270, and water 

bridges with Arg104 and His270. A number of these interactions were significantly reduced 

https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
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and even lost in some of the mutant systems. Additionally, the mutation effect on heme 

interaction was specific in each protomer.  

In protomer A, heme of S140N exhibited change contact frequencies with a 1.6-fold 

reduction in contact with Arg104, 4.3-fold reduction with His270, 2-fold reduction with 

His276 and 3.5-fold reduction with Ser315 (Figure 2.9A). Similarly, S140R had a 1.9-fold 

reduction in hydrophobic interaction with Arg104, 2.05-fold reduction in H-bond with 

Ser315 and a complete loss of metal complexes and H-bond with His270, His276 and 

Thr314, respectively. Complete loss of heme interaction for His270 was also observed in 

G285D and S315I. Likewise, the heme group in G279D, G285D and G316D had a total loss 

of interaction with His276. Interestingly, the most loss of heme interaction in protomer A in 

the mutants compared to the WT was at residue Thr314 where all the mutant systems lost 

interaction except for S140N, S315N and S315T. At Ser315, mutants G316D and S457I had 

a 2.4-fold and 4.4-fold reduction in heme interaction, respectively compared to the WT, 

whereas G279D, G285D, S315I, S315N and G593D completely lost contact with heme at this 

position.  

The WT heme interactions in protomer B were comparable to protomer A except for the 

Arg104 and His276 heme contacts which were reduced. More asymmetry in heme interaction 

was observed at residue His270 where S140R exhibited some heme interaction in protomer B 

compared to the complete loss of interaction in protomer A. Similarly, heme interactions at 

His270 in protomer A of S315N and S315R were completely lost in protomer B of the same 

systems. It is important to note that His270 is a key residue in the KatG activity, where it 

forms electrostatic interactions with iron in heme ensuring a stable heme coordination [71, 

291]. Another key residue in heme interaction is His276 which anchors heme in the active 

pocket [122]. Compared to protomer A, heme in protomer B gained interaction with His276 

in S141R, G279D and G316D.  
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The asymmetry between protomers across all systems was clearly illustrated in Figure 2.9B, 

where the delta in heme-protein contacts (protomer A minus protomer B) was calculated and 

presented as a heat map. The WT showed minimal differences between protomers whereas 

pronounced inter-protomer differences were observed in S140N, S140R, S315N, S315R, 

G316D and G593D as earlier discussed.  

Based on the importance of heme in the catalytic activity of KatG [342], the observed 

reduction, and in some cases, complete loss of heme interaction with key functional residues 

like His270, His276 and Ser315 informs on the destabilizing effect of mutations on the heme 

environment as a resistance mechanism. This is in agreement with finding from Chaplin et 

al., [71] who showed a destabilized heme environment as a result of W107R and T275P KatG 

mutations. 
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Figure 2. 9: A is a heat map of the heme contacts in protomer A and B. The color scale from brown to dark red shows the frequency of 

interaction. B shows the delta heme contacts between protomer A and B (A minus B), where blue indicates increased contact frequency in 

Protomer B and red increased frequency in A. C is a spatial representation of the heme (orange) contacts highlighting the hydrogen bond (blue), 

hydrophobic (dotted line), Pi-Pi stacking interactions (green), and water-bridged (grey) interactions in the reference structure (PDB: 2CCA) as 

viewed in PLIP [343]. The water molecules are shown as light blue spheres. Adapted from Barozi et al., [115]. 
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2.4.2.3 Dynamic Residue Network Analysis 

Based on the KatG protein size, we defined the global high centrality threshold as the top 4% 

as opposed to 5% or 3% as these thresholds resulted in noisy and insufficient data, 

respectively.  

2.4.2.3.1 Averaged Betweenness Centrality  

From Figure 2.10, the high centrality residues in each protomer per system are annotated 

with the centrality values while homologous residues from other system are not annotated, 

but rather included for comparability. Asymmetric distribution of hubs was noted between 

systems and protomers. No persistent hubs were identified in either system protomers 

however, protomer A residues, Pro29, Leu43, Leu48, His49, Glu195, Gln190 and Leu616; 

and protomer B residues Leu43, Asn44, Leu48, His49, Glu195, Tyr197, Phe483 and Leu616 

had hub status in at least six of the twelve systems. Most importantly, residues Asn35, 

Tyr197, and Phe483 were hubs exclusively in the mutant systems viz: Asn35 in A140N, 

G279D, G285D, G316D, and S457I; Tyr197 in G285D, S315I, S315N, S315T, S457I, and 

G593D; and Phe483 in S140R, G279D, G285D, S315N, S315R, G316D, and G593D. Of 

these residues, Tyr197 is implicated in forming hydrophobic interactions with Tyr28 from the 

opposite protomer, facilitating protein dimerization. Because of its low oxidation potential, 

Tyr197 is also believed to be the site for the porphyrin π-cation radical formation upon the 

reaction of KatG with hydrogen peroxide [344]. Furthermore, majority of the hubs present in 

at least six systems are part of the first 100 residues in each protomer that make up the 

dimerization domain. In KatG, the dimerization domains from opposite protomers form a 

hook-like interaction around each other, enabling homodimeric structure formation in KatG 

[291]. The high centrality of the domain especially in the mutant systems highlights its 
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importance and signals to a compensatory mechanism to sustain protein function amidst 

mutations. 

Previous application of DRN analysis have identified distinct allosteric paths connecting one 

end of the protein to the other [76, 155]. Here, mapping of the hubs onto the protein 

structures showed clustering around the protomer interface and dimerization domain (Figure 

S3). The protein interface region is important in facilitating protein-protein interaction which 

is key in molecular interaction and overall functioning of organisms [345].Furthermore, 

protein interfaces are important in maintaining structure integrity as in the case of KatG 

[346]. 

Interestingly, several hubs were lost in the mutant systems compared to the WT however, 

compensatory hub gains in the mutants were centered around the binding cavity and the 

dimerization domain (Figure S3). Of the mutant exclusive hubs (Ala109, Trp135, Ala221, 

Thr251, Phe252, Met255, Thr275 and Thr314), residues Thr275 and Thr314 also showed 

increased interaction frequency with heme (section 2.4.2.2) in the mutant systems compared 

to the WT viz: protomer A for S140N and protomer B for S315R and S315T (Figure 2.11).  

Another interesting observation from BC analysis was the allosteric effect of the C-terminal 

mutations, S457I and G593D, on the distribution BC hubs around binding pocket illustrated 

through the clustering of new BC hubs around the cavity. S457I is located approximately 60 

Å from the heme group in the active pocket however, the mutation resulted in clusters of new 

hubs around the active pocket in the N-terminal domain compared to the WT (Figure 2.12). 

However, some of the key active site residues, Met255 Asn138 and Ala139 lost the hub 

status in S457I. Similarly, the active site access channel residues Asp137 and Ser315 had 

high BC values in the WT (A: D137-0.036, B: D137-0.012, A: S315-0.006, B: S315-0.191) 

compared to S457I (A: D137-0.011, B: D137-0.009, A: S315-0.004, B: S315-0.007). A keen 
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look at residues Asp137 and Ser135 behaviour through contact map analysis and RMSF 

showed that the residues had increased flexibility in S457I which resulted in less interaction 

and low BC values (Figure S4). The BC results not only highlight the importance of the 

dimerization but also illustrate the allosteric effect of mutations on protein communication 

patterns. 
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Figure 2. 10: A and B are heat maps representations of the BC hubs for protomers A and B, respectively as determined by the global 4% cut-off. 

Hubs in each system are annotated with centrality values whereas the homologous residues from the other systems are not. The color scale from 

yellow to dark red shows the degree of variation of BC values across the residues. Adapted from Barozi et al., [115]. 
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Figure 2. 11: WT and mutant structures showing the distribution of BC hubs. Hubs unique to 

mutant protomer A and B are shown as cyan and sky-blue spheres, respectively whereas the 

WT hubs as salmon and grey spheres. Sticks show the heme (magenta) proximal (red) and 

distal (blue) residues whereas mutation positons are shown as firebrick spheres. Mutant 

unique hubs around the active site are labelled. Adapted from Barozi et al., [115]. 
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Figure 2. 12: KatG structures showing the distribution of BC hubs in the WT (A) and S457I 

(B and C). Functional residues with high BC in the WT and not the mutants (S457I) are 

labelled in A. Additionally, hubs unique to the S457I are labelled in C (black), whereas triad 

residue Met255 with low BC values in S457I is shown in green. The position of the S457I 

mutation is shown as firebrick spheres. Adapted from Tastan Bishop et al., [86]. 

2.4.2.3.2 Averaged Closeness Centrality 

Analysis of the global top 4% CC hubs showed that the interface and dimerization domain 

had with highest concentration of CC hubs (Figure S5 and 2.13). Here, persistent hubs were 

identified as Asn44, Leu45, Val47, Leu48, His49, Ala621, and Glu703. Majority of the CC 

persistent hubs (Asn44, Leu45, Val47, Leu48, His49) form part of the dimerization domain 

whose importance was earlier highlighted under BC analysis. Based on the importance of the 

interface residues in protein-protein interaction, the relationship between CC hub distribution 

and the closeness of interaction between protein protomers was investigated through COM 

distance measurement.  
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Minimal differences were observed between the WT and mutant inter-protomer distances 

except for S315N and S457I where an increase of approximately 0.3 nm compared to the WT 

was noted between the mutant protomers (Figure S6). Interestingly, these systems also 

showed fewer number of CC hubs compared to the WT and other mutant systems, Figure 

2.13 (G, K). 
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Figure 2. 13: Cartoon presentation of the WT (A) and mutant structures (B-L) showing the distribution of the global top 4% CC hubs. N and C-

terminal domains of protomer A are shown as pale cyan and yellow, respectively whereas those of protomer B are sky-blue and lime. 

Dimerization domain is orange and bright yellow for protomer A and B, respectively. WT and mutant common hubs are shown are grey spheres 

(protomer A) and salmon spheres (protomer B). Mutant unique hubs are colored as the structure domains. Firebrick spheres are mutation 

positions. Adapted from Barozi et al., [115]. 



 

73 
 

2.4.2.3.3 Averaged Degree of Centrality 

Averaged DC informed on the local connectivity of a residue in the protein network based on 

the immediate neighbors within 6.7 Å. From the global top 4% high centrality calculation, 

Figure S7, a close range of DC values implied a uniform degree of connectivity across all the 

systems. Furthermore, mapping of the DC hubs showed a uniform distribution of hubs in the 

N and C-terminal domains across the mutants however, more DC hubs were noted in the N-

terminal domain of the WT compared to the mutants especially around the binding pocket 

(Figure S8). This was attributed to the pronounced flexibility of the binding pocket and heme 

environment area in the mutants as earlier discussed in section 2.4.1.4.3.  

2.4.2.3.4 Averaged Eigenvector centrality 

Residue influence in the protein systems was evaluated through averaged EC calculations 

where the assignment of centrality is based on both the residue connectivity and that of its 

neighbors [267]. The EC results further highlighted the asymmetry between system 

protomers, and between the WT and mutants (Figure 2.14). For the WT, only five residues, 

Leu472, Val473, Ala476, Gly547, and Gly548 were identified as hubs in protomer A 

compared to at least seventeen in the mutant systems. In protomer A, majority of the mutant 

systems had their hubs concentrated around the C-terminal region, residues 468-479 and 545-

557. Additionally, only S140R, G279D, S315I and S315T had hubs in the N-terminal domain 

region 105-189 viz: S140R: 105, 106, 109–127, 162, 165, 166, 187, 190–194, 418, 419; 

G279D: 102–106, 109, 110, 121, 122, 165, 166, 169; S315I: 102–113, 118, 120–189, 256, 

415, 416, 418, 419, and S315T: 106, 109–126, 166, 164, 196, 418, 419. 

Interestingly in protomer B, S140N, G285D, S315I and G593D didn’t have any hubs under 

the global top 4% criteria. Furthermore, the WT had the most hubs in protomer B contrary to 

protomer A. Mapping of the EC hubs (Figure 2.15) accentuated the influence of the C-
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terminal domain for KatG functionality, as majority of the EC hubs were concentrated here. 

The C-terminal domain has previous been thought to be important KatG activity by 

maintaining the structural integrity of the active site through the cross talk with the N-

terminal domain [295, 347]. 
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Figure 2. 14: A and B are heat maps showing EC hubs in protomers A and B, respectively as determined by the global 4% cut-off. The hubs per 

system are annotated with centrality values, whereas the homologous residues from the other systems are not. The color scale from yellow to 

dark red shows the degree of variation of EC values across the residues. Adapted from Barozi et al., [115]. 
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Figure 2. 15: Cartoon presentation of the WT (A) and mutant structures (B-L) showing the distribution of the global top 4% EC hubs. N and C-

terminal domains of protomer A are shown as pale cyan and yellow, respectively, whereas those of protomer B are sky-blue and lime. The 

dimerization domain is orange and bright yellow for protomer A and B, respectively. Hubs common to the WT and mutant are shown as grey 

spheres (protomer A) and salmon spheres (protomer B). Mutant unique hubs are colored as the structure domains. Firebrick spheres are mutation 

positions. Adapted from Barozi et al., [115]. 
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2.4.2.3.5 Averaged Katz Centrality 

Here, a more uniform distribution of KC hubs was observed between protomers A and B 

(Figure S9) with the C-terminal domain accommodating majority of the hubs (Figure S10). 

Furthermore, the persistent KC hubs i.e., Leu472, Val473, Gly547, Gly548 and Ala551 were 

all in the C-terminal domain further highlighting its importance. 

Mapping of all the DRN persistent hubs (Figure 2.16) emphasized the importance of the 

dimerization domain at the interface in addition to the C-terminal domain which harbour all 

the persistent hubs from the all the five DRN metrics. 

 

 
Figure 2. 16: Cartoon representation of KatG protein showing the concatenated distribution 

of persistent hubs across five DRN metrics, BC, CC, DC, EC and KC. The persistent hubs 

were localized at the dimerization and C-terminal domains. Adapted from Barozi et al., [115]. 
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2.4.2.4 Contact Map Analysis of Mutation Spots and Persistent Hubs 

The local changes in atomistic interactions at the mutation positions and persistent hubs were 

investigated through contact map analysis [264]. From Figure 2.17, each mutated residue 

was compared to the WT and the color scale from white to dark red indicates degree of 

contact frequency. The change of residue side chains and size as a result of the SNPs caused 

both losses and gains in residue interactions at the different mutation positions. Furthermore, 

due to the asymmetry of the protomer dynamics, differences in positional contacts were noted 

between protomers.  

In protomer A, the S140R mutation resulted in the reduction in contact frequency between 

Ser140 and His276 in contrast to the WT (Figure 2.17). Other mutation positions with 

reduced interaction included G279D with Leu283, Tyr304 and Ile313; G285D with Ser303 

and G316D with Asp316, Pro232, His276, Ile313 and Ala348. In G593D, there was a 

complete loss of interaction with Arg595, Asn596, Ala606, Glu607, and Val628 coupled with 

reduced interaction with Val694 compared to the WT. Gains in interaction at these positions 

were also observed i.e., at position 140, arginine gained H-bond interactions with Lys143, 

Trp300, and Ser315 whereas asparagine gained H-bonds with Lys143, Trp300, and Ala131. 

Similarly, in G285D, there were slight compensatory gains with Ala291 and Gln295 which 

resulted in less residue flexibility in the mutant compared to the WT. G316D showed 

compensatory gains with Gly279 and Pro280 whereas G593D gained contact with Glu588 

and Asn602. Residue position 315 harbours the most prevalent KatG mutations and here 

S315I and S315N exhibited loss of H-bond interaction with Thr275 and His276 whereas 

S315R and S315T lost interaction with Ala139 compared to the WT  

In protomer B, similar trends of loss and gain in residue interactions were observed across all 

the mutant systems (Figure 2.17) highlighting the mutational effect on residue interactions. 
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Of most interest were the gains in interactions at position 315 i.e., Thr275, His276, Gly277, 

Gly349, and Ala350 for the S315T mutation. Previous studies have indicated that this 

mutation narrows the active site access channel preventing accessibility by INH [122, 348, 

349]. Congruent to these observations, increased interaction at this site could imply a more 

compact access channel which compromises access to the binding pocket. 

Similarly, the persistent hubs displayed an assortment of gains in residue interactions with the 

neighboring interface residues at the dimerization domain, explaining the observed centrality 

as per DRN calculations (Table S2 and S3). Taken together, contact map analysis 

supplements the previous observations from DRN analysis that showed changes in the protein 

interaction networks consequent to mutations. 
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Figure 2. 17: Heat map showing the changes in the residue interaction frequencies at the mutation position for protomer A (A) and B (B). The 

color scale from yellow to dark red indicates the degree of interaction between the residues. The purple boxes indicate areas of gain/loss or 

reduction residue contact in the mutants compared the WT. The x and y-axes show the contact residues and mutated residues, respectively. 

Adapted from Barozi et al., [115]. 
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2.4.2.5 Alanine Scanning and System Binding energy  

In protein interactions, binding energy is one of the key measures of optimal protein-protein 

interactions (PPI) [350]. Using alanine scanning, we determined the energy contributions of 

the key residues in the dimerization domain. Here, each interface residue was individually 

mutated to alanine and the change in binding energy calculated to quantify its stabilizing or 

destabilizing ability [351]. Using the ROBETTA web server [352], and the low energy 

structures from ED, we identified the destabilizing and stabilizing residues, Table S4. A cut-

off of ≥ 1 kcal/mol was used to identify the destabilizing residues, whereas residues with 

binding energy < -0.08 kcal/mol were defined as stabilizing [331]. Interestingly, dimerization 

domain residues, Val30, Asn35, Gln36, Asn44, Lys46, His49, Glu192, and Glu195, 

previously identified as BC and CC hub (section 2.4.2.3) were identified as destabilizing 

residues here. Most importantly, no mutations were listed at positions Leu43, Asn44, Leu45 

and Lys46 in the TBDReaMDB [314], drugs resistance gene associated database (DRAGdb), 

[288] and genome-wide Mycobacterium tuberculosis variation (GMTV) [353] databases. 

Such protein regions, invulnerable to mutations are termed as ‘mutation cold spots’ [354] and 

they portray highly functional regions of the protein. Evidently, the dimerization domain 

presents as one of the most important regions in the KatG not only for facilitating dimer 

formation but also as a region of rapid information diffusion in the protein network. The 

dimerization region therefore is an area of research interest especially in regard to new drug 

design and protease (peroxidase) functionality. 
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2.5 Chapter Conclusion 

This chapter explores the mechanisms of resistance as well as the global and local structural 

changes associated with the HC KatG mutations. Here, the HC mutations were retrieved from 

literature and TBDReaMDB [314] before modeling the mutant protein structures and 

subjecting them to 300 ns MD simulations. 

Trajectory analysis through RMSD, RMSF, Rg and comparative ED revealed increased 

protein dynamics for the mutant systems compared to the WT especially for the INH binding 

pocket residues. Additionally, asymmetric protomer behaviour was observed particularly in 

the mutant systems compared to the WT. These findings were in agreement with the research 

by Chaplin and colleagues [71] who demonstrated a disordered heme biding environment 

consequent to KatG mutations. Characterization of heme behaviour presented 1) asymmetric 

heme interactions in the mutant protomers and 2) a significant reduction and loss of 

interaction between the heme group and mutant residues especially for residues His270 and 

His276. His270 are essential for heme coordination and stabilization. The compromise of 

heme interactions in the mutants is indicative of a disordered binding pocket environment 

consequent to HC mutations. 

DRN analysis established the protease dimerization domain as important and influential 

based on the residue BC and CC distribution. Furthermore, BC analysis highlighted the 

changes in network pattern consequent to mutations. The BC changes in the mutants included 

loss of hubs in contrast to the WT accompanied by compensatory gains of mutant unique 

hubs especially around the binding pocket area. CC calculations established both in the 

interface and dimerization domain as key information dissemination regions in the protein. 

Furthermore, we established a correlation between the distribution of CC hubs at the interface 

and the inter-protomer distance. Systems S315N and S457I with the least number of CC hubs 
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at the interface were associated with slightly increased inter-protomer distance compared to 

the WT. The EC metric 1) emphasized the inter-protomer asymmetry of network patterns of 

both the WT and mutant systems and 2) highlighted the importance of the C-terminal domain 

in the protease (catalase and peroxidase) function. The highly influential residues as per the 

global top 4% cut-off were concentrated in the C-terminal domain which has been implicated 

in offering architectural support to the active site in the N-terminal domain [295, 297].  

Taken together, the findings of this research bring to light both the global and local changes 

in KatG behavior in the presence of resistance conferring mutations and go further identify 

the key regions in both the WT and mutant protein function through network analysis. 
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CHAPTER 3  

3. In silico Characterization of the Effects of Mycobacterium tuberculosis 

Pyrazinamidase Mutations on Nicotinamide and Pyrazinamide Interactions 

and Network Patterns 

 

This chapter focuses on characterizing drug resistance mutations in the Mtb pyrazinamidase 

enzyme (MtPncA) through analysis of mutation effects on the MtPncA-Nicotinamide 

complex in comparison to the MtPncA-Pyrazinamide complex. The comparison between 

MtPncA-Nicotinamide and the previously published work on MtPncA-Pyrazinamide [135] is 

aimed at identifying key drug interaction differences that can be honed in future drug design. 

 

Contribution: Mutation identification, molecular docking and generation of 3D 

structure of wildtype and mutant was done by Thommas M. Musyoka and Rita 

Afriyie Boateng. Homology modeling, MD simulations were done by Rita Afriyie 

Boateng. Trajectory analysis and all data analysis including script writing was done 

by Victor Barozi. The Python scripts used for DRN to x% calculation and heat maps 

were generated by Olivier Sheik Amamuddy. Hub visualization scripts in PyMOL 

were generated by Olivier Sheik Amamuddy, Victor Barozi and Özlem Tastan Bishop 
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3.1 Introduction 

Subsequent to the identification and isolation of Mtb, the TB etiologic agent, by Robert Koch 

in 1882 [355], various effective anti-tubercular compounds have since been identified. 

Among the most effective and corner stone therapies for TB management is pyrazinamide 

(PZA) [356–358]. PZA is an analogue to nicotinamide (NAM) which is natural substrate of 

the Mtb pyrazinamidase/nicotinamidase enzyme (MtPncA).  

3.1.2 Analogous Nicotinamide and Pyrazinamide  

NAM, which is sometimes known as niacin, is a substrate for MtPncA enzyme and precursor 

for nicotinamide adenine dinucleotide (NAD+) in Mtb [359]. NAD+ and its derivatives 

including NADH, NADP, and NADPH are important hydride acceptors and donors involved 

in a number of essential processes like calcium regulation [360], numerous cell redox 

reactions [361] and also act as substrates for various process in the cell like DNA repair, 

adenine diphosphate (ADP) acetylation and protein deacetylation [361]. Undoubtably, the 

efficient regulation of NAD+ in these organisms is paramount. In Mtb, NAD+ can be 

synthesized either under the de novo or the salvage pathways. Under the Preiss-

Handler salvage pathway [359, 361], Mtb synthesizes NAD+ from NAM salvaged from the 

host or as biproduct of NAD+ biosynthesis. Here, NAM is converted to nicotinic acid (NA), 

under normal cellular MtPncA activity, and further acted upon by nicotinate phosphoribosyl 

transferases, PncB1 and PncB2, to yield NAD+ [361, 362]. Interestingly, NAM also has anti-

tubercular activity and has previous been used as monotherapy for Mtb before the discovery 

and use of the a more effective structural analogue, PZA [363].  

The analogous NAM and PZA only have one structural difference involving and extra 

nitrogen at the PZA aromatic ring. Previous studies have shown that difference in the 

aromatic ring influences the PZA activity and binding of to MtPncA compared to NAM, 
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where the change in the amide moiety and electrostatic potential due to the extra nitrogen 

makes PZA binding less energetically favorable compared to NAM [364]. This was further 

emphasized by Sun & Zhang [365] who showed that the MtPncA enzyme has an 

approximately 94-fold higher activity for NAM than PZA. 

Structurally, PZA consists of a pyrimidine ring connected to an amide group. In its natural 

form, PZA is inactive against Mtb and requires activation by the MtPncA enzyme to 

pyrazinoic acid (POA-). The entry of PZA into the bacterial cells is thought to be both 

through passive diffusion and active transport. Once in the Mtb cell, PZA is activated to 

POA- which is then transported out of the cell through an inefficacious efflux pump. The 

extracellular POA- is protonated to HPOA at acidic pH and reabsorbed back into the cell 

where it causes cytoplasmic acidification. The cellar damage and oxidative stress from 

cytoplasm acidification constitutes the antimicrobial activity of PZA [361, 366]. PZA is also 

used in synergy with INH, rifampicin and ethambutol in TB management, where is shortens 

TB treatment from nine to six months [367–369]. This first-line pro-drug is also active 

against the semi-dormant bacilli in latent TB [361, 370]. 

3.1.3 Structural Architecture of the MtPncA  

MtPncA is encoded by the pncA gene and it assumes a typical Rossman fold structure 

consisting of six parallel β-strands interlaced by α-helices forming a single α/β domain [371] 

(Figure 3.1). The metalloenzyme contains Fe2+ as a cofactor which is important in the 

enzyme activity [372]. The metal binding site (MBS) is located besides the active site, where 

the Fe2+ is coordinated by Asp49, His51, His57 and His71 [371]. The MtPncA crystal 

structure [221, 313] (PBD ID: 3PL1) also shows that Fe2+ is held in position by two water 

molecules, HOH220 and HOH221. 
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Figure 3. 1: A is the cartoon representation of MtPncA showing the Fe2+ (orange sphere) coordinating residues (orange sticks) and the active 

site residues (green sticks). The active site lid loop region is colored in brown. The Rossman fold α-helix and β-strands are annotated. B shows 

the structural differences between NAM and PZA and their corresponding active compounds post activation by MtPncA. 
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The MtPncA main active site residue, Cys138, is opposite the MBS at the N-terminus end of 

the α3-helix, where it forms H-bonds with PZA [371, 373] and is involved in the substrate 

hydrolysis [374]. The other active site residues making up the MtPncA catalytic triad include 

Asp8 and Lys96. In the active site, Ile133 forms a cis peptide bond with Ala134 which in turn 

reorients Ala134 in place to form an oxyanion hole with Cys138. Upon PZA binding, its 

carbonyl oxygen atom is placed in the oxyanion hole where the thiolate of Cys138 interacts 

with the carbonyl atom from PZA to form ammonia and an acyl-enzyme intermediate. The 

acyl-enzyme intermediate is later hydrolyzed by a water molecule to form POA- [371]. 

Furthermore, MBS residues, His57 and His71 also act as anchor points for the active site lid 

loop extending from His57 to His71. Structurally, this region is more displaced in the Mtb 

MtPncA compared to the PncA in Pyrococcus horikoshii and Acinetobacter baumanii [112]. 

The other difference between MtPncA and PZAse of P. horikoshii and A. baumanii is the 

insertion of five amino acids viz: Val, Asp, Glu, Asn and Gly between residues G108 and 

T114 [371]. P. horikoshii and A. baumanii are also 36% and 37% identical to the MtPncA. 

The functional importance of the MtPncA especially in cofactor biosynthesis makes it a great 

drug target for antitubercular therapy. Since MtPncA also activates PZA, resistance SNPs in 

the protein gene renders the enzyme ineffective in PZA activation [302, 365, 375, 376].  

3.1.4 MtPncA Mutations and PZA Resistance 

Besides the synthesis of NAD+ cofactor in Mtb, MtPncA also fortuitously activates PZA, a 

TB first-line prodrug, which is active against latent TB (LTB). Consequently, one of the ways 

Mtb escapes the bactericidal activity of PZA is through drug resistance mutations in the 

MtPncA gene. The mutations impede activation of the prodrug, rendering it inactive against 

the Mtb. Additionally, Mtb can afford mutations in MtPncA due to the presence of the de 

novo pathway for NAD+ cofactor synthesis. 
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Mutations in the pncA gene change the MtPncA-PZA interaction profile and enzyme 

behaviour leading to an inactive MtPncA. There are a number of MtPncA-PZA drug 

resistance SNPs with the majority of them between residue positons 3 to 17, 61 to 85 and 132 

to 142 [134, 301, 377]. Over time, a large body of research has focused on deciphering the 

PZA drug resistance mutations in the MtPncA enzyme. A study by Khan et al focused on the 

L19R, R140H, and E144K MtPncA mutations where they observed a tendency of PZA to 

form less H-bonds and a general reduction in the drug binding ability [134]. Similarly, 

Nangraj et al used computational techniques to show that the MtPncA mutations, D49N, 

Y64S, W68G, and F94A affect the orientation of PZA in the active site and that the mutations 

also affect Fe2+ coordination [378]. Seemingly, majority of the MtPncA mutations affect the 

active site and the MBS environment dynamics which in turn influences drug and ion binding 

[112, 130, 131, 134, 379–382].  

Another body of research shows that mutations in other genes like the rpsA gene, that 

encodes for the ribosomal protein S1 (rpsA), also affect the activity of PZA in Mtb [113, 369, 

383, 384]. The rpsA enzyme is vital in protein translation and ribosomal sparing trans-

translation processes [385]. This suggests that the activity of POA- is not just limited to the 

MtPncA enzyme but may have other target proteins. In one of our previous studies, we 

focused on the conserved MtPncA motions associated PZA unbinding in the 82 MtPncA 

mutants [135]. We observed that ligand unbinding was associated with conserved protein 

motions which consisted of antiparallel lid and side flap movements; and contractions of a 

flanking region towards the protein core [135]. This suggested that there could be common 

dynamics in the mutant systems leading up to the ligand release.  

Interestingly, NAM has previously been used as a substitute for PZA in most susceptibility 

studies and this is because of the acidic pH requirements for PZA action [386–388]. Despite 

the structural similarities between PZA and NAM, previous studies have shown that MtPncA 
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hydrolyzes NAM more efficiently than PZA [364, 365] and that proteins interact and bind 

different ligands with varying affinities [389, 390]. Based on that, in this chapter we sought to 

further explore the differences in the NAM and PZA interactions and dynamic profiles in the 

MtPncA especially in presence of the 82 previously studied PZA resistance conferring 

mutations [135]. This was in a bid to contribute to the existing knowledge on PZA resistance 

and to inform future drug design. 

3.2 Chapter Aims and Objectives 

The work in this chapter is continuation of the 82 previously investigated PZA resistance 

mutations by the research group [135], and is aimed at deciphering the differences between 

NAM and PZA interactions within the wildtype MtPncA and the 82 PZA resistance mutants 

[135]. Identifying the key differences between NAM and PZA interaction will inform drug 

design efforts and also shed light on effects of ligand structure on ligand-protein interactions. 

To achieve this, i) 82 previously modeled MtPncA-NAM complex mutants were subjected to 

150 ns molecular dynamic simulations, ii) trajectories analyzed in comparison to the same 

ensemble of MtPncA-PZA complex mutants and iii) systems analyzed using DRN analysis. 
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3.3 Methods and Materials 

3.3.1 Docking of NAM to MtPncA and Modeling of MtPncA Mutants 

The WT MtPncA structure (PBD ID: 3PL1) was used as the receptor for docking of NAM 

retrieved from the PubChem database [391] (compound ID: 936). Prior to docking, all the 

water molecules were removed from the MtPncA structure except for the two water 

molecules, HOH220 and HOH221, that are involved in Fe2+ coordination. The protein 

structure was then protonated at pH 6.7 using the H++ web server [392] and the NAM 

structure minimized. AutoDock [393] tools (version 1.5.6) were used to add gasteiger charges 

and non-polar hydrogens to the protein (3PL1) and NAM structure to generate pdbqt files. 

Targeted docking was done by centering the docking cubic box of 40x40x40 grid points 

about the active site (coordinates 9.88, −26.6, 0.35) with a grid space of 0.375 Å. A 100 

conformational searches were done in AutoDock4.2 using the Lamarckian genetic algorithm 

(LGA) [394]. The best ligand pose was selected based on the MtPncA-NAM interaction 

energy as calculated by the AutoDock semi-empirical algorithm and literature. 

The established MtPncA-NAM complex was used as a template for modeling 82 MtPncA-

NAM mutant systems using MODELLER [242] version 9.18. The 82 select mutations were 

previously identified as high confidence mutations by genomic and PZA susceptibility 

studies (Table S5), and investigated in relation to PZA [135]. In MODELLER, the slow 

refinement method was used to generate 100 models for each MtPncA-NAM complex and 

the models with the lowest z-Dope score [246] were selected as the best. Ligand orientation 

and interaction was analyzed in Discovery Studio (DS) [395]. Furthermore, mutant stability 

was accessed using the mutation Cut-off Scanning Matrix (mSCM) which uses graph-based 

signatures to predict protein stability [396]. 
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3.3.2 All-atom Molecular Dynamic Simulations 

The in-vivo WT MtPncA-NAM complex behavior and that of the 82 mutants was simulated 

using MD simulations. Due to the presence of the iron group in the MtPncA structure, Fe2+ 

parameters previously generated in [135] were used and protein system topologies generated 

using Leap modeling of the AMBER ff14SB force field [397]. The GROMACS [315] 

compatible topology files were generated using the ACPYPE (AnteChamber Python Parser 

interface) tool [398]. The systems were then placed in a cubic box while maintaining a 

distance of 1 nm between the box boundary and the solute. Water molecules were added to 

the cubic box to mimic the in-vivo environment using the Transferable Intermolecular 

Potential with 3 Points (TIP3P) water model [257]. With the systems solvated, the overall 

charge was neutralized using NaCl ions of 0.15 M concentration prior to minimization. 

Minimization was performed to remove any steric clashes using no constraints and the 

steepest descent algorithm until an energy threshold of 1000.0 kJ/mol/nm. The systems were 

then equilibrated for both temperature and pressure using the NVT and NPT ensembles, 

respectively. Like in chapter 2, temperature was equilibrated at 300 K for 100 ps using the 

Berendsen thermostat with a time step of 2 fs. Similarly, the pressure was equilibrated for 

100 ps at 1 atm using a 2 fs time step and the Parrinello-Rahman barostat [318]. All-atom 

MD simulations were then run for 150 ns for the WT and mutant MtPncA-NAM complexes 

at Centre for High Performance Computing (CHPC). For both the equilibration and MD runs, 

all bonds were constrained using LINCS algorithm [319] and, a cut-off distance of 1.0 nm 

was used for short-range Coulomb and van der Waals electrostatics. Furthermore, PME 

electrostatics [320] with a Fourier spacing of 0.16 nm were used for long-distance 

electrostatics. Trajectories from MD simulations were analyzed for RMSD, RMSF, and Rg 

using the GROMACS gmx rms, gmx rmsf and gmx gyrate tools, respectively. The trajectory 

analysis data was presented and plotted using the same Python tools as mentioned in chapter 
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2 section 4.3.3. The MD runs were restricted to 150 ns due to the limitation on the available 

computational resources. This analysis entailed MD runs of 83 protein systems surmounting 

to 12450 ns and a HPC time of 2822 hours. 

3.3.3 H-bond and Contact Map Analysis 

The propensity of NAM to form H-bonds in the WT and mutant systems was investigated 

through H-bond analysis. Here, the GROMACS gmx hbond tool which analyses all possible 

donors and acceptors to check for existence of H-bonds was used. The frequency of H-bonds 

formed over the 150 ns was presented as a heat map to identify the NAM retaining and 

ejecting systems. The propensity of NAM to form other interactions including van der Waals 

interactions within a Euclidian distance of 6.7 Å [268] was also determined using the 

contact_map.py Python script from MDM-TASK-web server [264, 265]. The NAM and PZA 

(data from [135]) contact frequency was compared and presented as heat maps. 

3.3.4 Dynamic Residue Network Analysis 

Like in the previous chapter, DRN analysis was done using the calc_network.py Python script 

(https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web) from the MDM-TASK web 

server [263, 264]. Five DRN metrics were used to describe the network patterns in both the 

WT and mutant MtPncA-NAM systems i.e., averaged BC, CC, DC, EC and KC. DRN 

analysis was only computed for the NAM retaining systems. To that effect, DRN analysis 

was computed for the equilibrated last 50 ns of the simulation. Furthermore, high centrality 

residues, global top 5%, of the protein ensemble were determined for each DRN metric. The 

high centrality residues together with the homologous residues from all the other protein 

systems were presented as heat maps using seaborn [321]. 

 

https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
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3.4 Results and Discussion 

3.4.1 NAM Structural Contacts in MtPncA Compared to PZA 

From the 100 NAM conformational searches, the best MtPncA-NAM complex was selected 

based on the lowest binding energy, -4.12 kcal/mol. Additional structural validation was done 

using DOPE score, ProSA, and VERIFY3D all of which showed a good quality structure 

with z-DOPE score of -1.69, ProSA z-score of -7.28, and VERIFY3D score of 98.82%.  

To gain a general insight into the NAM interaction profile in relation to PZA [135], the 

ligand molecular interactions were analyzed in DS. Here, NAM formed four H-bonds with 

Asp8, Ile133, Ala134 and Cys138; eight van der Waals interactions with Val7, Lue19, 

Asp49, His57, Trp68, His71, Lys96 and His137; one Pi-Pi interaction with Phe13 and a water 

bond with HOH220 (Figure 3.2A). In total, NAM formed fourteen interactions in MtPncA 

which is one more interaction (van der Waals interaction with His57) compared to PZA in 

[135] (Figure 3.2B).  

Furthermore, the mutant MtPncA-NAM complexes were modeled, and they consisted of 

mutations distributed across the whole MtPncA protein structure with ~48% of them 

involving similar phytochemical residue substitutions especially for the catalytic triad 

residues (Figure 3.2C). 
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Figure 3. 2: A and B show the docked NAM and PZA H-bonds (blue) and hydrophobic 

interactions (dotted grey) in the MtPncA. C is the cartoon representation of the MtPncA 

structure highlighting, in firebrick spheres, the positions of the 82 high confidence mutations. 

The position of the Fe2+ group is shown as an orange sphere. 

3.4.2 Global MtPncA-NAM Dynamics in comparison to MtPncA-PZA 

The global changes in the MtPncA-NAM and MtPncA-PZA dynamics consequent to the HC 

mutations were analyzed using RMSD, RMSF and Rg. For the rest of this chapter, the 

MtPncA-NAM structural dynamics and interaction results are discussed in comparison to the 

MtPncA-PZA data from [135]. 

3.4.2.1 Mutation Effects on the Global MtPncA Stability 

Complex stability was assessed through the RMSD calculations where the MtPncA-NAM 

ensemble of proteins (WT and mutant systems) showed early equilibration at ~ 50 ns (Figure 

S11). All the systems showed steady RMSD progression over the simulation period except 

for G17D, A46V, D49G, D49A, D49G, H51Y, W68R, W68G, C72R, L85R and K96N which 
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had a pronounced root mean deviation from the initial structure compared to the WT. 

Furthermore, the RMSD range for the MtPncA-NAM ensemble was between 0 and 0.344 nm 

signifying less global structural variation even in the presence of mutations. Of these systems 

L35R, S66P, S67P, L85P, G97S, A102V, V139G, A146V and V155G had lower RMSDs 

compared to the WT as per the median RMSD. A statistical comparison of the mean WT 

MtPncA-NAM RMSD to that of the mutants using the Mann-Whitney U-test showed no 

significant differences between the WT and all mutants systems (p-value > 0.05). As 

mentioned in chapter 2 section 2.4.1.2, given the small sample size used in this test (1 

datapoint per sample) the results were not interpreted in insolation but rather contributed to 

the general analysis. Most of the MtPncA-NAM mutant systems experienced a unimodal 

RMSD distribution like in the WT except for A3P, L19R, L19P, D49G, H51P, P54T, W68R, 

C72R, H82R, T114P, G132D, V139G, Q141P and V155G which had a bi-modal distribution 

(Figure 3.3A). The bi-modal distribution in these systems implies that at least two main 

structural conformations were sampled throughout the simulation. Furthermore, mutant 

stability prediction using the mCSM web server [396] implicated, A3E, V7G, V9A, V9G, 

Y34S, V45G, W68G, W68L, G78D, G97D, W119R, V128G, V130G, G132D, V139G, 

V155A, V155G and A171E as highly destabilizing; D12A, H51Y, H57Y, Y103S and Q141P 

as stabilising and the rest as destabilizing (Table S6).  

In the MtPncA-PZA ensemble, RMSD violin plot representation showed the WT system as 

the most stable system with the least RMSD as per median RMSD values (Figure 3.3B). In 

addition, the overall RMSD range, 0 to 0.422 nm, was higher than that observed in the 

MtPncA-NAM ensemble. Here, A3E, V9A, G17D, L19P, V21G, Y34S, H57P, T61P, S66P, 

W68R, G132D, T142P and V155G explored bi-modal RMSD distribution compared to the 

unimodal distribution in the WT MtPncA. 
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Rg calculation further highlighted that the MtPncA-NAM systems experienced slightly less 

degree of gyration (maximum ensemble Rg: 1.619 nm) compared to the MtPncA-PZA 

ensemble (maximum ensemble Rg: 1.643 nm).  

3.4.2.2 MtPncA Residue Dynamics as Described by RMSF Calculations 

RMSF analysis informed on the structural dynamics and characteristics of particular MtPncA 

regions. The delta RMSF between the MtPncA-NAM and MtPncA-PZA ensembles was 

determined to access the differences in complex dynamics, by subtracting the MtPncA-NAM 

RMSF values from the MtPncA-PZA values per system. This analysis showed nominal 

differences between the WT MtPncA-NAM and WT MtPncA-PZA residue flexibility 

(Figure 3.3C).  

In the MtPncA-NAM systems, majority of the mutant systems experienced marginally higher 

residue flexibility in the loop regions, 16-22, 33-39, 58-69, 162-167 and 183-185, compared 

to the WT. Naturally, protein loop regions are more flexible compared to the β-strands or α-

helices [399].  

Focusing on the MtPncA-NAM mutations around the active site region, His51 of H51Y lost 

the H-bond with Cys72 and also had a 32-fold reduction of the His51-Asp49 H-bond 

compared to the WT. In W68R, there was a reduction in the number of H-bonds formed by 

Arg68 from 4 in the WT to 3 in W68R. Trp68 forms part of the active site lid loop where is 

sits overhead the active site cleft and forms H-bonds with His57 [371]. The noted reduction 

in number of H-bonds around the active site loop region could explain the observed loop 

flexibility. Furthermore, W68R mutation has an effect on protein function based on the 

residue conservation (positioning and interaction) in Pyrococcus horikoshii (PhPncA), 

Acinetobacter baumanii (AbPncA) and MtPncA. In C72R, residue contact map analysis 

highlighted a 6-fold reduction in H-bonds formed between Arg72 and Gln10 compared to the 
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WT MtPncA-NAM. It is important to note that Cys72 is at the fringe of the active site lip 

loop where it interacts one of the loop-anchoring residues, His71. A reduction in Cys72 

interactions explains the observed active site loop flexibility compared to the WT MtPncA-

NAM system. The other mutants with marked flexibility of the lid loop included, L85R, 

K96N and L159R, which are located distal to the lid loop however, mCSM analysis 

implicated them as destabilizing mutations (Table S6). Destabilizing residues have the 

potential to disrupt the protein integrity, structure, dynamics which in turn affect protein 

stability, folding and functioning.  

Compared to the MtPncA-PZA ensemble, higher residue flexibility was noted for the active 

site lid loop region of H51Y, W68R, C72R, L85R, K96N, L159N and L159R in the MtPncA-

NAM ensemble. On the other hand, only D49A, D49G and H71R of the MtPncA-PZA 

ensemble had more active site lid loop flexibility compared to the MtPncA-NAM ensemble. 

This analysis highlights the destabilizing effect of MtPncA mutations, marked by increased 

active site lid loop flexibility, especially for the SNPs in proximity to the active site. Even 

though the RMSF analysis was on a global scale, the marked flexibility of the lid loop region 

was more evident in the MtPncA-NAM mutants compared to the MtPncA-PZA mutants 

signifying differences in binding between the two compounds. 

 

 

 

 

 

 



 

99 
 

 
Figure 3. 3: A and B show the RMSD and Rg violin plots for the MtPncA-NAM and MtPncA-PZA systems, respectively. In both subplots, the 

WT is shown in green and the mutant systems in orange. C is a heat map presentation of the delta RMSF between the MtPncA-NAM and 

MtPncA-PZA systems (MtPncA-PZA - MtPncA-NAM). Blue shows more residue flexibility in the MtPncA-NAM systems, whereas red shows 

more flexibility in MtPncA-PZA systems. 
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3.4.3 Mutation Effect on NAM Interactions 

The effects of the marked active site lid loop flexibility in the MtPncA mutants on NAM 

coordination were investigated here through visualization, H-bond analysis and contact map 

analysis. Visualization of the trajectories in VMD highlighted three groups of MtPncA-NAM 

complexes based on the NAM behavior viz: NAM stable complexes (34), NAM unstable 

complexes (31) and NAM disassociated complexes (17), Table S7. In comparison to the 

MtPncA-PZA system, ref [135], NAM was stable in more mutant systems (34) than PZA 

(21). The stability of NAM in the mutant systems was further confirmed through NAM 

RMSD calculations which showed high RMSD values in the unstable and NAM 

disassociating systems compared to the WT (Figure S12). In the NAM unstable systems, the 

ligand had a bimodal RMSD distribution especially in V7G, D8G, C14R, G17D, Y34S, 

V45G, D49A, L85R, K96N, C138Y, T142K and A171E compared to the NAM stable 

systems (Figure 3.4A). 

Like in the our previous work [135], ligand H-bond analysis was performed to uncover the 

changes in ligand interactions due to the mutations. Here, MtPncA-NAM systems, V9A 

(average H-bond over 150 ns: 0.101), Q10P (0.632), T47A (0.432), D49G (0.228), H51Y 

(0.129), P54T (0.524), S66P (0.932), S67P (0.092), W68R (0.556), C72R (0.217), G97D 

(0.087), L116R (0.157), W119R (1.180), R121P (0.143), V139G (0.909), V155G (0.332) and 

L159P (0.171) progressively formed fewer H-bonds with NAM than the WT-MtPncA (2.320) 

which resulted in NAM ejection from the enzyme (Figure 3.4B). Of these systems, V9A, 

L35R, D49G, W68R, L116R, and L159P also portrayed PZA disassociation from the 

MtPncA, where fewer H-bonds were formed compared to the WT coupled with conserved 

motions involving the opening of the binding cavity lid loop leading to PZA ejection [135].  
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In addition to H-bond analysis, NAM contact map analysis was performed to quantify the 

ligand contact profile in the WT and mutant MtPncA systems. Here, all the critical 

intermolecular interactions, including van der Waals interactions between the NAM and 

MtPncA were measured and ranked on a scale of 0 to 1, where 1 is a perfectly maintained 

contact throughout the simulation and 0 is no contact at all. Figure 3.4C is a heat map 

representation of NAM contact frequency, where NAM maintained contact with nine primary 

residues, including, Asp8, Phe13, His57, Trp68, His71, Ile133, Ala134, His137, and Cys138 

in both the WT and the majority of the mutant MtPncA-NAM systems. As expected, the 

systems with NAM disassociation showed significantly reduced intermolecular interactions 

between the NAM and the MtPncA. Interestingly, a couple of new NAM interactions were 

identified in the MtPncA mutant systems compared to the WT, and these included Ala102 

and Tyr103 in A3P, G17D, W68L, G97S, S104R, T114P, A134V, and A161P. These 

additional interactions were attributed to the NAM motions in the ligand unstable systems. 

Previous studies has shown that PZA resistance-conferring mutations disrupt the active site 

environment, affecting drug binding [112, 131, 301, 379–381]. Likewise, NAM in the V7G 

system had reduced contact frequency with the main active site residue Cys138 (contact 

average over 150 ns: 0.242), whereas in D8G and C14R, NAM interaction with active site 

residues Ile133 (D8G: 0.027, C14R: 0.0) and Ala134 (D8G: 0.0, C14R: 0.025) was 

significantly reduced compared to the WT-MtPncA (Cys138: 0.42, Ile133: 0.39, Ala134: 

0.287) (Figure 3.4C). Other systems with reduced NAM interactions at the active site 

compared to the WT (Phe13: 0.369, Trp68: 0.421, Ile133: 0.309, Ala134: 0.287, Cys138: 

0.462) included, G17D for residues Trp68 (0.05), Ile133 (0.0) and Ala134 (0.0) ; Y34S and 

V45G for residues Trp68 (Y34S: 0.024, V45G: 0.129), Ile133 (Y34S: 0.0, V45G: 0.025), 

Ala134 (Y34S: 0.025, V45G: 0.0) and Cys138 (Y34S: 0.076, V45G: 0.0); L85R and K96N 

for residues Phe13 (L85R: 0.098, K96N: 0.0), Ile133 (L85R: 0.0, K96N: 0.143), Ala134 
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(L85R: 0.0, K96N: 0.091) and Cys138 (L85R: 0.0, K96N: 0.039); T142K for Trp68 (0.0) and 

V155G at residues Trp68 (0.0) and Cys138 (0.0). 

Based on the global structural stability, it is evident that the PZA resistance-conferring 

mutations affect the enzyme dynamics resulting in a more unstable MtPncA-NAM complex 

than the WT. This effect seems to be more prevalent in the MtPncA-PZA complexes 

compared to the MtPncA-NAM systems based on the number of MtPncA systems stably 

coordinating NAM (34) to PZA (21) and the NAM/PZA interaction profile as discussed in 

the next section. Consequently, these effects are translated to the enzyme active site, where 

drug interactions are compromised, resulting in drug disassociation in some mutant systems. 
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Figure 3. 4: A shows both the MtPncA-NAM stable and unstable RMSD violin plots with the WT in green and mutant systems in orange. In B, 

MtPncA-NAM H-bond frequency is shown as a heat map over the 150 ns. C shows the NAM interaction frequency ranked from 0-1 with dark 

red indicating a high interaction frequency and light brown showing no interaction. 
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3.4.4 A Comparison of the NAM and PZA Interaction Profile in MtPncA 

Given the structural similarity between NAM and PZA, their intermolecular interactions in 

MtPncA WT and mutant systems were compared to identify 1) the critical ligand contacts 

and 2) the differences between MtPncA-NAM and MtPncA-PZA interaction characteristics 

in a bid to identify favorable binding properties. We calculated the delta between the PZA, 

and NAM residue contact frequencies in MtPncA over the simulation time (PZA residue 

interaction frequency - NAM residue interaction frequency). For each ensemble, the ligand 

contacts were calculated using the contact_map.py tool from MDM-TASK web. The results 

were presented as a heat map, Figure 3.5A, where blue implies higher ligand contact 

frequency for NAM compared to PZA and red the vice versa.  

Interestingly, no major differences in ligand contact frequencies were observed between 

NAM and PZA in the WT systems. Similarly, there were trivial contact differences between 

the NAM and PZA in the mutant MtPncA systems that steadily coordinated both ligands viz: 

G132D, V139A, R140S, A171V and S185T with the exception of D63G (Figure 3.5A). In 

D63G, NAM had marked contact frequency with Phe13 (17.01) compared to PZA (4.36). 

Phe13 forms Pi-Pi stacked interactions with NAM in the active pocket. NAM also had a 

higher contact frequency with Trp68 than PZA (NAM: 0.369, PZA: 0.229) in majority of the 

systems. Besides these residues, PZA generally showed slightly higher interactions with 

Tyr103 and His137 compared to NAM. Across the mutant systems, the ligand (NAM and/or 

PZA) predominantly maintained interaction with residues, Asp8, Phe13, Asp49, Trp68, 

Ile133, Ala134 and Cys138. Consequently, mutations at any of these main ligand contacts 

resulted in either unstable ligand coordination or disassociation.  

It is also important to note that for the main active site residues, Ile133, Ala134 and Cys138, 

majority of the MtPncA-NAM mutant systems had higher ligand contact frequency with 
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these residues as compared to the MtPncA-PZA systems (Figure 3.5A). In addition, more 

contacts were noted in between the low energy WT MtPncA and NAM (7) compared to PZA 

(3) for the (Figure 3.4B and 3.4C) 

 
Figure 3. 5: A shows differences in the interaction frequency between PZA and NAM (PZA-

NAM) in the WT and mutant systems. The mutant systems that retained NAM and not PZA 

are underlined whereas those that retained PZA and not NAM are marked with an Asterix. 

Blue shows more interaction frequency for NAM while red shows more interaction frequency 

for PZA. B and C show the PZA and NAM interactions, respectively in the minima WT 

structures from MD simulations. 

Even though there were minor differences in MtPncA contact frequencies between NAM and 

PZA, the high ligand retention for the MtPncA-NAM systems compared to PZA is an 

indication of a more favourable NAM interaction compared to PZA probably due to the lack 

of the extra nitrogen atom on the PZA aromatic ring. 
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3.4.5 Dynamic Residue Network Analysis of the NAM Retaining Systems 

Averaged DRN analysis was computed for the equilibrated last 50 ns of the NAM retaining 

systems to ascertain the changes in residue network patterns consequent to the drug resistance 

mutations. Like in the previous chapter the analysis involved description of protein network 

patterns using the averaged BC, CC, DC and EC metrics. Here, a cut-off of top 5% was used 

to establish the high centrality residues/hubs across the NAM retaining protein ensemble.  

3.4.5.1 Betweenness centrality 

From a global perspective, particular regions of the MtPncA were more involved in signal 

transduction along the shortest path in the WT and mutant systems. These regions included 

residues at positions, 5-10, 13, 19, 21, 31, 47, 49, 71, 72, and 94 (Figure S13). The residues 

are concentrated at the protein core within β1, β 2, β3-strands, and α-helix 1. They also 

include the catalytic triad residue, Asp8 and Fe2+ coordinating residues, Asp49, and His71.  

Gln10 in H57P had the highest BC value across the MtPncA ensemble, with a centrality value 

of 0.108. A mutagenesis study by Junaid et al. showed that the Q10P mutation interrupts the 

communication between the catalytic triad residue, affecting enzyme action [400]. 

Furthermore, in the WT, Gln10 forms H-bonds with catalytic triad residue Asp8. The marked 

centrality at Gln10 highlights its importance as a catalytic residue, especially in the presence 

of mutations. Pro83 and Ser179, located in the loop regions, had the least BC values of 0 

across all the systems. 

The global top 5% centrality analysis identified Val7, Asp8, Val9, and Gln10 as persistent 

hubs across all the NAM retaining systems (Figure 3.6). Besides the persistent hubs, Ile5, 

Val139, and Thr142 also had hub status in at least 45 of the 66 NAM retaining systems. Ile5 

is located at the MtPncA β1 strand and is involved in interactions linking the β-strands i.e., it 

forms H-bonds with Val45 of β2, and Val30 and Val128 of the β4-strand. Besides the H-
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bonds, Ile5 also forms van der Waals interactions with Ile6, Val7, and Thr142 of α-helix 3. 

Val7 of the β1 strand forms covalent and alkyl interactions with catalytic triad residues Asp8 

and Cys138, respectively. Ile5 also interacts with Thr47, Val130, and Ile133 from the 

different β-strands, stabilizing the protein core. The Val7 involvement in ligand interactions 

[135] and coordination of catalytic triad residues explains its marked BC values.  

Additionally, the catalytic triad residue, Asp8, which facilitates the formation of a 

nucleophilic thiolate by Cys138 during the activation of PZA to form ammonia and an acyl-

enzyme intermediate [371, 401] was also identified as a persistent hub. The residue forms a 

diverse number of interactions with Val7, Val9, Gln10, Thr47, Lys48, Asp49, and Ile133 at 

the active site which justifies the observed high centrality values. Other persistent hubs; Val9, 

Gln10, Val139, and Thr142. Val9 and Gln10 are located at the loop region around the 

substrate binding site. Val9 and Gln10 form part of the loop region between β1 and α1, where 

Val9 forms a hydrogen bond with His82, covalent bonds with Gn10 and Asp8, alkyl 

interaction with Ile133 and van der Waals interaction with Gly132. Gln10 shares H-bonds 

with Asp8, Phe13, Cys14, Asp49, and Ala79, van der Waals interaction with Asn11, Asp12, 

Lys48, Cys72, Asp80, Phe81 and His82 and has covalent bonds with Asn11 and Val9 as per 

contact maps. Furthermore, Val139 and Thr142 form part of the substrate binding pocket and 

interact with catalytic residue Cys138. BC persistent hubs formed a network of interactions 

linking the MtPncA Rossman-fold core (β1-α1-β2) to the active site.  

Overall, the high BC residues were concentrated at the protein core (Figure S14) 

characterized by the β-α-β interaction which is critical for the reaction with adenosine 

diphosphate (ADP) portion of dinucleotides. The marked centrality of these residues across 

all the NAM retaining systems, irrespective of the presence of mutations, highlights their 

importance in enzyme function.  
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Figure 3. 6: A shows the heat maps of the global top 5% BC hubs (annotated with centrality values) for the WT and NAM retaining mutant 

systems. Systems that unstably coordinated NAM are marked with an Asterix. B is Spring plot showing the frequency of BC hub residues across 

the systems. Larger and dark red nodes correspond to more frequent hubs while small and white nodes to less frequent hubs. 
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3.4.5.2 CC Distribution in the MtPncA WT and Mutant Systems 

As noted from the chapter 2, residues with high CC values are commonly positioned at the 

protein core or protein interface regions, close to all the other residues in the network. The 

data from the averaged CC calculation showed a uniform distribution of centrality values 

across all MtPncA systems (Figure S15), implying that the resistance mutations do not 

drastically change the enzyme network. 

Furthermore, the high centrality residues across the WT and mutant systems were identified 

using a global top 5% cut-off (Figure 3.7). This analysis identified residues, Thr7, Asp8, and 

Gly132 as persistent hubs, whereas Val9, Thr47, Ile133, Cys138, Val139, and Thr142 were 

hubs in at least 44 of the 66 NAM retaining systems. Most of these residues were previously 

identified as hubs under the BC analysis. No significant differences were noted between the 

distribution of CC hubs in the WT and mutant MtPncA systems (Figure S15). Here, the CC 

hubs were clustered at the β-α-β enzyme core consisting of the catalytic triad and active site 

residues. Residue Thr7 of V139A had the overall highest CC value of 0.310. Similarly, Thr7 

had high CC values in all the systems, making it the most central residue in the enzyme.  

The correlation between the BC and CC hubs across the MtPncA systems emphasizes the 

importance of these catalytic and core residues in the protein communication network. 
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Figure 3. 7: A shows the heat maps of the global top 5% CC hubs (annotated with centrality values) for the WT and NAM retaining mutant 

systems. Systems that unstably coordinated NAM are marked with an Asterix. B is Spring plot showing the frequency of CC hub residues across 

the systems. Larger and dark red nodes correspond to more frequent hubs while small and white nodes to less frequent hubs.
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3.4.5.3 Degree of Centrality and Eigenvector centrality  

DC and EC are related since both metrics derive the node centrality from the neighboring 

nodes. The global top 5% did not identify any DC persistent hubs however, residues Val7, 

Val9, Gln10, ILe139, Thr142 and Ala143 had hub status in at least 45 out of 66 systems 

(Figure S16). The BC, CC and DC hub status of these residues emphasizes their importance 

in the enzyme functionality even in the presence of resistance conferring mutations.  

Furthermore, the changes in residue communication networks around the enzyme active site 

consequent to SNPs were highlighted by DC analysis, particularly in C14H, G17G, K96N, 

T142P and T142K (Figure 3.8). Compared to the WT, the network of high centrality residues 

linking the enzyme core to the MBS was interrupted in the mutant systems. For instance, in 

C14H, residues Val9, Ala28 and Gly132 which connect the β-α-β core to the MBS were lost 

as DC hubs. Furthermore, F17D and K96N also lost Val9 and Gly132 as DC hubs. In T142P 

and T142K, we observed divergent effects of mutations at the same residue position. Here, 

the T142P mutation interrupted the network of residue hubs connecting enzyme core to the 

MBS, whereas the same DC hub connection was maintained in T142K (Figure 3.8). 

The EC metric further identified the protein core region as highly influential in protein 

communication and function specifically residues Val7, Asp8, Val9, Gly132, Ile133, Val139 

and Thr142 (Figure S17). Though not persistent, these residues were hubs in majority of the 

MtPncA systems studied here.  

Collectively, DRN analysis identified the functionally important and influential residues 

linking the MtPncA protein core to the active site and the MBS. Furthermore, the analysis 

highlighted the changes in network of hubs around the active site and MBS in the presence of 

resistance mutations. These high centrality residues present a new perspective on MtPncA 

functionality. 
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Figure 3. 8: Cartoon representation of the WT and mutant MtPncA systems showing the 

distribution of DC hubs. Hubs common to both WT and mutants are shown in salmon spheres 

whereas hubs unique to the mutants are shown as sky-blue spheres. Mutation positions are 

shown as firebrick spheres. NAM is shown in stick presentation. 

3.4.6 A Comparison of NAM and PZA MtPncA Anchoring Residue Centrality  

In the previous chapter we showed the versatility of DRN metrics at describing the behavior 

and characteristics of a protein networks especially when used in combination. Here, DRN 

analysis was used to highlight the nature of interactions of the main drug coordinating 

residues, viz: Asp8, Phe13, Asp49, Trp68, Ile133, Ala134 and Cys138 as identified from 

section 3.4.3. The objective was to identify the differences in centrality between the PZA and 

NAM coordinating residues in all systems irrespective of their ability to retain or eject the 

drug. To achieve this, the difference in NAM/PZA coordinating residue centrality for BC, 

CC, DC and EC between the PZA and NAM systems was obtained i.e., MtPncA-PZA - 

MtPncA-NAM, and the results were presented as a heat map (Figure 3.9). Based on the color 
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scale in the heat map, we identified which residues had more centrality between the two 

ensembles. From Figure 3.9, blue shows the residues with high centrality in the NAM 

system, whereas red shows high centrality in the PZA systems.  

For the BC metric, nominal differences were observed between the MtPncA-NAM and 

MtPncA-PZA WT systems however, majority of the MtPncA-NAM systems displayed higher 

BC values compared to the MtPncA-PZA homologs especially for residues, Asp8, Phe13, 

Asp49, Trp68, Ile133 and Ala134. Previous studies involving BC and RMSF indicated that 

residues with high BC values undergo more stable conformational changes compared to those 

with low BC values [152]. High BC values for the NAM systems is indicative of the stability 

of NAM binding residues versus PZA binding residues and the effect it can have on drug 

coordination. Similar observations were noted for the CC metric where the NAM 

coordinating systems had high centrality values compared to PZA. In chapter 2, we showed 

the relationship between high CC values and the interaction distance between protein 

dimers/protein systems. High CC values for NAM coordinating residues could imply a more 

compact and stable binding cavity in the MtPncA-NAM systems compared to MtPncA-PZA. 

Of all the drug coordinating residues, Asp49 had the biggest difference between the two 

ensembles in favor of the MtPncA-NAM systems in favor of the MtPncA-NAM system 

(Figure 3.9). Asp49 is positioned in the substrate binding cavity of MtPncA and coordinated 

Fe2+ which is important in activation of PZA to pyrazinoic acid [371]. Furthermore, the DC 

and EC results were also in favour of the MtPncA-NAM systems with a number of drug 

coordinating residues having high centrality values in the NAM ensemble. Intriguingly, the 

main catalytic residue, Cys138, maintained high centrality values in the MtPncA-PZA 

systems compared to the MtPncA-NAM systems across all the DRN metrics. With the 

exception of Cys138, the high centrality values for drug coordinating residues suggests a 

more compact, stable and closely linked NAM environment in MtPncA compared to PZA. 
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Figure 3. 9: Heat maps of the differences in DRN centrality values between the PZA and NAM coordinating residue. Systems that retained 

NAM and not PZA for 150 ns are underlined whereas those that retained PZA and not NAM are marked with an Asterix. High centrality values 

in MtPncA-NAM systems are shown as blue whereas those in the MtPncA-PZA systems as red. 
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3.5 Chapter Conclusion 

This chapter sought to shed light on 1) the effect of PZA drug resistance mutations on the 

MtPncA-NAM complex dynamics and 2) establish the differences, if any, between the 

MtPncA-NAM and MtPncA-PZA interactions in both the WT and the drug resistance 

conferring mutations. This involved docking of NAM to the MtPncA protease structure, 

modeling of mutant structures in complex with NAM while using the MtPncA-NAM 

complex structure as a template and subjecting them to 150 ns MD simulations. Inferences on 

the MtPncA-NAM behavior were made in comparison to the MtPncA-PZA data from our 

previous work [135]. The work in this chapter was inspired by the ever-increasing 

antimicrobial drug resistance especially in TB first-line drugs. 

From the global perspective, the stability of the MtPncA-NAM complex varied depending on 

the presence and location of the mutation. Here, the mutations at positions G17D, A46V, 

D49A, D49G, H51Y, W68R, W68G, C72R, L85R and K96N were associated with a more 

structurally unstable complex compared to the WT and other mutant systems. Interestingly, 

these mutations are in proximity to MtPncA metal binding site. RMSD analysis identified the 

structurally unstable mutant systems characterized by multi-modal RMSD distribution 

compared to the unimodal distribution in the WT. Furthermore, mutant stability analysis 

using the mCSM web server identified the same systems as highly destabilizing. As an 

ensemble of 82 systems, the MtPncA-NAM systems had an RMSD range of 0 - 0.390 Å 

whereas the MtPncA-PZA systems had an RMSD range of 0 - 0.422 Å. It is evident form 

Figure 3.3 that the D49G mutant system was the one with the most effect on MtPncA 

stability in the MtPncA-PZA ensemble. 

The active site lip loop region, previously identified as “opening” leading up to PZA release 

of in MtPncA mutants [135], had more flexibility in the MtPncA-NAM systems compared to 
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the MtPncA-PZA ensemble especially for H51Y, W68R, C72R, L82R, K96N, L159N and 

L159R systems. This was attributed to the reduction in residue contacts consequent to the 

mutations at these residue positions.  

Generally, more stable protein-ligand complexes were observed for MtPncA-NAM complex 

ensemble (34) compared to the MtPncA-PZA ensemble (24). In the NAM stable systems, we 

observed strong and persistent NAM interactions with Asp8, Phe13, His57, Trp68, His71, 

Ile133, Ala134, His137 and the main catalytic residue Cys138. The MtPncA mutations, V9A, 

L35R, D49G, W68R, L116R and L159P resulted in ejection of both NAM and PZA. This 

was characterized by the progressive loss of H-bonds and non-bonded interactions. 

DRN analysis identified the protein core as highly important and influential based on network 

analysis. The MtPncA core has previously been identified as critical for the protein 

interaction with ADP [360]. Furthermore, network analysis highlighted some of the 

mutational effects on protein network patterns characterized by the interruption of the DC 

hubs linking the protein core to the active site especially in C14H, F17D and T412P. The 

main drug coordinating residues, Asp8, Phe13, Asp49, Trp68, Ile133 and Ala134 generally 

displayed higher centrality values across BC, CC and EC in the NAM systems compared to 

PZA systems. The disparity in NAM and PZA coordinating residue centrality insinuates a 

more closely bound NAM environment leading to better binding compared to PZA, 

conceivably due to the structural differences between NAM and PZA. 

The MtPncA main catalytic residue Cys138 maintained more contact with NAM than PZA in 

the mutant system however, the DRN centrality metrics, BC, DC and EC indicated that the 

active site residue had high centrality in more MtPncA-PZA mutant systems than the 

MtPncA-NAM systems except for CC. The high CC in the NAM retaining systems could 

imply the catalytic residue is in close proximity to other active site residues and hence a more 



 

117 
 

tightly bound active site in the MtPncA systems. Alternatively, the low BC, DC and EC 

values in the NAM systems could mean that Cys138 strong interaction with NAM influence 

changes in the protein communication patterns and information flow. 

Collectively this chapter highlights the effects of PZA drug resistance mutations from the 

NAM perspective while pointing out the critical differences in drug coordination and 

networks, knowledge which could inform revised drug discovery. 
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CHAPTER 4 

4. In silico Analysis of the Influence of Progressive SARS-CoV-2 Omicron 

Sub-lineage Mutations on Spike RBD-hACE2 Interactions. 

 

This chapter reports on the characterization of the SARS-CoV-2 S RBD interactions with the 

human receptor, hACE2 in presence of the Omicron sub-lineage mutations. The research 

focused on the Omicron sub-lineages, BA.1, BA.2, BA.3 and BA.4.  

Contribution: Mutation identification, homology modeling, MD simulations, 

trajectory analysis and all data analysis including script writing was done by Victor 

Barozi. The Python scripts used for DRN top x% calculation and heat maps were 

generated by Olivier Sheik Amamuddy. Hub visualization scripts in PyMOL were 

generated by Olivier Sheik Amamuddy, Victor Barozi and Özlem Tastan Bishop. 

 

The work in chapter 4 is reproduced in part from the following publication  

• Barozi V, Adrienne L. Edkins, Tastan Bishop Ö (2022). Evolutionary progression of 

collective mutations of Omicron sub-lineages towards efficient RBD-hACE2: 

allosteric communications between and within viral and human proteins. 

https://doi.org/10.1016/j.csbj.2022.08.015 

Authors Contributions: Ö.T.B. conceived the project. V.B. performed the calculations and 

data analysis under the guidance of Ö.T.B. A.L.E contributed to writing part of the article. 
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4.1 Introduction 

At the end of 2019, there was an outbreak of a severe acute respiratory syndrome known as 

coronavirus disease 2019 in Wuhan city of China [402–404]. The outbreak was later declared 

a global pandemic in March 2020 by the WHO [11]. Currently, February 2023, COVID-19 is 

responsible for ~700 million infections and ~6.8 million deaths worldwide [405]. Of these 

infections, the WHO regions; Europe, Americas, Western Pacific, South-East Asia, Eastern 

Mediterranean, and Africa account for approximately 36%, 25%, 26.5%, 8%, 3% and 1.3% 

of the cases, respectively [405] (February 2022).  

Similar to severe acute respiratory syndrome (SARS) and the Middle East respiratory 

syndrome (MERS), COVID-19 mainly affects the lower respiratory system where it 

manifests with symptoms like fever, cough, fatigue, dyspnoea, shortness of breath, and 

sometimes sputum production [406–408]. More adverse effects are observed in patients with 

pre-existing comorbidities like hypertension, diabetes, and cardiovascular diseases, and these 

include, kidney failure, respiratory failure, cardiovascular damage, liver damage and 

arrhythmias [406, 409, 410]. Interestingly, the COVID-19 case fatality rate (CRF), which is 

the ratio of infection-associated deaths to the number of infections, is higher in the older and 

people with pre-existing comorbidities who end up admitted to the intensive care unit (ICU), 

compared to younger and healthier individuals [411–413]. This is attributed to the strong 

adaptive immunity in the younger individuals and the absence of predisposing conditions. 

4.1.1 Etiology and Transmission of COVID-19 

The infectious disease is caused by a severe acute respiratory syndrome coronavirus-2 

(SARS-CoV-2) belonging to the beta genus of the Coronaviridae family [161, 162, 414]. 

Similar coronaviruses in the Coronaviridae family have in the past caused SARS and MERS 
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[415, 416]. Coronaviruses are typically enveloped, single-stranded and positive-sense RNA 

organisms mainly responsible for zoonotic infections in humans [417–419].  

Human-to-human transmission of SARS-CoV-2 occurs through inhalation of SARS-CoV-2-

infested aerosol droplets from and an infected person [420, 421] emitted through sneezing, 

coughing, and talking. Studies have shown that access of infected aerosol to any mucosal 

membranes, nose, mouth, or eyes of a susceptible individual can result in infection [421]. 

Other documented modes of SARS-CoV-2 transmission include fomites [422], airborne 

[423], tears [424, 425], faecal-oral [426] and saliva [427, 428]. From an epidemiological 

point of view, SARS-CoV-2 has an average R0 value of 3 [429], which is the average number 

of susceptible people infected by sick person [420]; however, this is also dependent on social 

behavior and season.  

Upon inhalation/contact with SARS-CoV-2 contaminated aerosols, the viral particles traverse 

both the upper and lower respiratory mucosal membranes to the lungs where SARS-CoV-2 

binds to the human receptor, hACE2 via the RBD of the viral S protein [6, 430]. Following 

viral attachment to the hACE2, the virus gains access to the receptor cytoplasmic matrix 

through the S protein cleavage via the S1-S2 site and activation by the host proteases, 

transmembrane protease serine 2 (TMPRSS2), and cathepsin L [431–433], resulting in both 

endosome and TMPRSS2 mediated viral fusion (Figure 4.1) 

4.1.2 Structure of the SARS-CoV-2 S Protein 

The enveloped SARS-CoV-2 consists of transmembrane spike glycoprotein protuberances 

covering the entire surface of the viral lipid bilayer, giving it a crown-like appearance, hence 

the name coronavirus [432, 434]. The S protein plays a crucial role in SARS-CoV-2 

pathogenesis by mediating viral envelope binding to the host hACE2 receptor via the S RBD 

[435]. Besides the S protein, SARS-CoV-2 consists of three other structural proteins, 
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envelope (E), membrane (M), and nucleocapsid, and 16 non-structural proteins (nsp1–nsp16) 

[436, 437]  

Figure 4. 1: A shows the different structural components of the SARS-CoV-2 virus whereas, 

B and C are schematic representations of the different routes of the viral fusion process into 

the host.  

The SARS-CoV-2 S protein is homotrimeric, where each protomer is composed of the S1 and 

S2 subunits responsible for viral attachment and fusion, respectively [435]. The S1 sub-unit 

comprises the RBD and the N-terminal domain (NTD). At the same time, the S2 subunit is 

composed of a fusion peptide (FP), heptad repeat 1 (HR1), heptad repeat 2 (HR2), 

transmembrane domain (TM), and the cytoplasmic domain (CM) [414, 432, 435] (Figure 

4.2). Furthermore, the S protein protomers are riddled with N-linked glycans, which are 

carbohydrate-based polymers, responsible for facilitating protein folding, serving as a 
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protective barrier [435, 438, 439] and potentially modulating antibody recognition [440]. 

Besides sharing 76% protein sequence identity, both SARS-CoV-2 and SARS-CoV utilize 

the hACE2 carboxypeptidase protein as a receptor for viral fusion into the host cells [432, 

435, 441]. This is achieved through binding of the S RBD (residues 319–541) to the sub-

domain I helix of the hACE2 via the receptor binding motif (RBM: residues 438-506) [414]. 

The RBM is concave shaped and lies between β-strands 4 and 7 of the RBD (Figure 4.2). 

The rest of the RBD comprises of anti-parallel β-strands 1, 2, 3, 5 and 6 interconnected by 

short α-helices and loops forming the RBD core. Due to the S1 subunit involvement in human 

receptor interaction, both the RBD and NTD are the major targets for neutralizing antibodies 

and inhibitor binding [442–447].  

Further down the S protein is the furin cleavage site characterized by the insertion of four 

amino acid residues (PRRA) unique to only the SARS-CoV-2, delimiting the S1 and S2 

subunits of the protein [435]. Following the binding of S RBD to the hACE2, the S protein is 

firstly cleaved at the S1/S2 site [448], a process sometimes referred to as priming, and 

secondly at the S2` site located at the N-terminus of the fusion peptide (FP) [449, 450]. Viral 

priming at the S1/S2 site affords the S protein conformational flexibility required for 

membrane fusion. At the same time the subsequent S2`cleavage is believed to generate a 

mature FP required for viral insertion into the host membrane [450–452]. One exciting 

features of the SARS-CoV-2 S protein is the insertion of amino acids at the S1/S2 site that is 

absent in other coronaviruses. Jaimes et al. showed that this residue insertion predisposes the 

S1/S2 site to cleavage by enzymes other than furin, i.e., cathepsin L located in the endosomes 

and TMPRSS2 enzyme located on the membrane surface [448]. This structural modification 

of SARS-CoV-2 affords it a higher membrane fusion potential than SARS-CoV. 

Furthermore, the S protein D614G mutation that emerged early in the COVID-19 outbreak is 

associated with an S protein conformational change that modulates S1/S2 cleavage and 



 

124 
 

increases viral infectivity [453–457]. It is also important to mention that there is a possibility 

that the S RBD binding may also be influenced by hACE2 polymorphisms, as discussed in 

chapter 5. 

4.1.3 S RBD Mutations and SARS-CoV-2 Infectivity 

SARS-CoV-2, an RNA (ribonucleic acid) virus, is prone to multiple genome mutations 

involving missense mutations, insertions and indels to adapt to the environment [70, 163, 

458]. Since the advent of the COVID-19 pandemic, a plethora of SARS-CoV-2 structural 

protein mutations have been documented, influencing both viral binding and antibody 

recognition patterns. More importantly, most of these mutations are localized at the RBD and 

NTD of the S protein, which are the critical targets of neutralizing antibodies and vaccine 

immunogens [444–446, 459]. Subsequently, the RBD and NTD mutations have been linked 

to SARS-CoV-2 antibody escape through impaired binding [460–466].  

The WHO classifies the SARS-CoV-2 variations based on their transmissibility, disease 

severity, risk of reinfection, and their impact on diagnostics and vaccine performance [467, 

468]. Under this criteria, variants of concern (VOC), which contain mutations associated with 

increased transmissibility or virulence or reduced effectiveness of diagnostics, include the 

Alpha (B.1.1.7), Beta (B.1.351), Gamma (P.1), Delta (B.1.617.2) and Omicron variant 

(B.1.1.529) [25–28]. The variants of interest (VOI) constitute mutations with predicted or 

known effects on transmissibility, immune escape, therapeutic escape and cause significant 

community transmission [467]. As of August 2023, the Omicron SARS-CoV-2 variant is the 

most prevalent [467]. Of all the VOC, the Omicron variant constitutes the most mutations in 

the S protein RBD (Figure 4.2F).  
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Figure 4. 2: A and B are surface presentations of the S protein in different orientations. C shows RBD-hACE2 complex highlighting the 

different regions of the complex. The hACE2 sub-domains I and II are colored in blue and yellow, respectively. Zinc and chloride ions are 

shown as orange and green spheres, whereas their coordinating residues as sticks in the same colors. The S RBD is shown in grey. D focuses on 

the active site, zinc and chloride coordinating residues, whereas E shows the RBD-hACE2 interface residues. F shows the RBD protein sequence 

alignment of the Wuhan and all VOC. The red boxes show the positions of mutation. Only the VOC most frequent mutations are shown. 
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4.1.3.1 The SARS-CoV-2 Omicron Variant and Sub-lineages 

The SARS-CoV-2 Omicron variant (B.1.1.529) was first identified in Gauteng province, 

South Africa, and has since spread to all corners of the world [469, 470]. At the time of 

identification, the B.1.1.529 Omicron variant consisted of 30 S protein mutations, 15 of 

which were in the RBD, the most for any variant [471–473]. Over time, the Omicron variant 

has accumulated more mutations, especially in S protein resulting in the emergence of 

Omicron BA.1, BA.2, BA.3. BA.4, and BA.5 sub-lineages [474]. BA.1 contains 15 RBD 

mutations, whereas BA.2 harbors 16 RBD mutations. The S371F, T376A, D405N, and 

R408S SNPs of the BA.2 are absent in BA.1 [475, 476]. Like BA.1, BA.3 has a maximum of 

15 RBD mutations, whereas BA.4 harbors 17 RBD mutations (Figure 4.3). Genome 

sequencing studies have shown that the BA.4 and BA.5 Omicron sub-lineages share the same 

S protein mutations [201, 477, 478].  

Consequent to the critical role of the RBD in SARS-CoV-2 binding, a large body of research 

has focused on deciphering and understanding the effect of the RBD mutations on the S 

protein binding and antibody escape [188, 479–481]. Furthermore, studies have shown that 

RBD mutations, G339D, S375F, K417N, N440K, G446S, L452R, S477N, T478K, F486V 

and Q493R are associated with neutralizing antibody escape [465, 482–485]. The progressive 

emergence of Omicron sub-lineages with both familiar and exclusive RBD mutations hints to 

the evolution towards a more robust and immune viral structure, a situation that requires 

investigation. This chapter of the thesis therefore focused on profiling the dynamics and 

interaction between the S RBD and hACE2 across the different Omicron sub-lineages in a bid 

of informing future therapeutic measures. The chapter employs a dynamic residue network 

approach of analyzing RBD-hACE2 interactions for the first time. 
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4.2 Chapter Aims and Objectives 

The unprecedented spread of COVID-19 coupled with the frequently evolving genome of 

SARS-CoV-2 underpins the research on SARS-CoV-2 mutations and their effects on hACE2 

receptor interactions. Considering the elevated infectivity and transmissibility exhibited by 

the SARS-CoV-2 Omicron sub-lineage in contrast to other variants of concern (VOC), 

elucidating the sub-lineage's molecular interactions with the human angiotensin-converting 

enzyme 2 (hACE2) is of utmost significance in the pursuit of advancing virus management 

strategies and therapeutic interventions. To that effect, this chapter is focused on describing 

the effects and progressive change in the interaction between the RBD, harboring the 

different Omicron sub-lineage mutations (BA.1, BA.2, BA.3 and BA.4), and the human 

receptor, ACE2. The sub-lineage effects were characterized through i) identification of the 

Omicron sub-lineage mutations, ii) modeling of the RBD-hACE2 complex 3D structures, iii) 

MD simulation of the RBD-hACE2 WT and Omicron sub-lineage RBD-hACE2 complexes, 

iv) A comparison of the global changes in RBD-hACE2 dynamics with the progression of the 

Omicron sub-lineages through RMSD, RMSF and Rg calculations, and v) Network analysis 

of the RBD-hACE2 complexes through DRN analysis to establish the modifications in 

communication patterns in the various Omicron sub-lineage RBD and the hACE2. 
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4.3 Methods and Materials 

4.3.1 Retrieval of SARS-CoV-2 Omicron Sub-lineage Mutations and Modeling of the 

RBD-hACE2 Complex Structures 

The Omicron sub-lineage sequences were obtained from GISAID [157], a database of all 

influenza and coronavirus sequences, by searching using sub-lineage IDs viz: BA.1, BA.2, 

BA.3 and BA.4. This Omicron sub-lineage nomenclature is assigned by the phylogenetic 

assignment of named global outbreak lineages (PANGOLIN: https://cov-

lineages.org/lineage_list.html) scheme [486]. Only complete human sequences of African 

origin and with patient status were retrieved from GISAID. Subsequently, CoVsurver [487], a 

GISAID application, was used to compare the identified sequences to the SARS-CoV-2 

Wuhan reference sequence (hCoV-19/Wuhan/WIV04/2019) in order to identify specific 

protein SNPs. The RBD localized mutations for each sub-lineage were filtered out using an 

ad hoc Python script.  

The identified RBD mutations for each Omicron sub-lineage were introduced into the RBD 

of the RBD-hACE2 template structure (PBD ID 6M0J) using PyMOL (version 2.5) [488]. 

The template (6M0J) had a resolution of 2.45 Å, R-value free of 0.227 and an R-value work 

of 0.192. Validation with MolProbity showed <0% bad bonds, <0.1% bad angles, 97.8% 

Ramachandran favored residues and 90.95% favored rotamers. The 6M0J was preferred as 

the template because it had better structure resolution compared to other existing Omicron 

structures like 7T9J (2.79 Å) and 7WBP (3.00 Å). The higher resolution for 6M0J meant 

more accurate atomic positions, allowing for detailed analysis of bonding interactions, 

protein folding, and active site geometry. In the rest of this chapter, the RBD-hACE2 

complexes with Omicron sub-lineage RBD mutations are referred to by the Omicron sub-

lineage name, i.e., BA.1, BA.2, BA.3 and BA.4 The six generated RBD-hACE2 complex 

https://cov-lineages.org/lineage_list.html
https://cov-lineages.org/lineage_list.html
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structures (for BA.2, 3 different mutation sequences were retrieved) were validated using 

VERIFY3D [247] and ProSA [248]. N-linked glycan free structures were used for MD 

calculations and, the titratable residues for each system were protonated at pH 7.0 using 

PROPKA, a tool from PDB2QR (version 2.1.1) [316]. N-linked glycan free structures were 

used to reduce the computational complexity of the of MD simulations and to focus on inter-

protein interactions. 

4.3.2 Molecular Dynamic Simulation 

The protonated coordinate information for each Omicron sub-lineage and WT (reference 

structure) were converted to gro and top format using the GROMOS54a7 force fields [317] 

from GROMACS [315] (version 2019.4). Afterward, the systems were subjected to periodic 

boundary conditions (PBC) using a cubic box of 1 nm clearance prior to solvation using a 

SPC216 [257] water model. The solvated system charge was neutralized using NaCl ions of 

0.15 M concentration. With the system charge neutralized, minimization commenced to 

correct the dihedral angles and remove any steric clashes using the steepest descent algorithm 

with an energy step size of 0.01. No constraints were used for minimization until an energy 

threshold of 1000.0 kJ/mol/nm was reached. Minimization was followed by temperature 

equilibration at 300K for 100 ps using Berendsen temperature coupling and pressure 

equilibration at 1 atm and 300 K using the Parrinello–Rahman barostat [318]. With both 

temperature and pressure equilibration achieved, the systems were subjected to 100 ns all-

atom MD simulations with a step size of 2 fs. Importantly, all bonds were constrained for the 

equilibration and production runs under the LINCS algorithm [319] and, Particle Mesh Ewald 

(PME) electrostatics [320] were used for long-range electrostatic calculations using a Fourier 

spacing of 0.16 nm. A cut-off distance of 1.4 nm was used for the short-range coulomb and 

van der Waals interactions electrostatics. 
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Trajectory files from all-atom MD simulations were fitted to the reference frame using the 

gmx trjconv tool before removing the PBC. Solvent-free trajectories were then analyzed for 

RMSD, RMSF, Rg using the GROMACS tools gmx rms, gmx rmsf and gmx gyrate, 

respectively. The trajectory analysis results were further analyzed and presented using 

Seaborn [321], Pandas [322], pytraj [323], matplotlib [324], Numpy [325], and NGLview 

[326] Python libraries. System dynamics were visualized using the VMD tool [327]. 

4.3.3 Comparative Essential Dynamics 

The GROMACS generated Omicron sub-lineage trajectories were each individually 

compared to that of the WT (reference) to decipher the most dominant motions using the 

compare_essential_dynamics.py Python script (https://github.com/RUBi-ZA/MD-

TASK/tree/mdm-task-web) from the MDM-TASK web server [264]. Here, the individual 

Omicron sub-lineage trajectories were aligned to that of the WT via the Cα atoms before 

decomposing the variance-covariance matrix. The advantage of comparative ED over 

traditional PCA is that for any given ensemble of systems, dominant motions are assessed 

within the same eigenspace [264]. The last three highly flexible terminal residues were 

excluded from the calculation to avoid noise and the results were presented as scatter plots 

along principal components 1 and 2 (PC1 and PC2). 

4.3.4 Dynamic Cross Correlation 

The RBD-hACE2 inter-protein and intra-protein atomic motions were appraised using the 

calc_correlation.py Python script (https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-

web) from MDM-TASK web server [264]. The last 20 ns of the equilibrated and coarse-

grained (Cα atoms) trajectories were used for DCC calculation. Here, the degree of atomic 

correlation between the RBD and hACE2 proteins and within each protein per system were 

https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
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ranked from -1 to 1, where -1 implied complete anti-correlation, 1 meant complete 

correlation and 0 meant no correlation at all. Results were presented as heat maps. 

4.3.5 Dynamic Residue Network Analysis 

The residue level changes in inter-protein and intra-protein network patterns were deciphered 

using DRN analysis. For each complex system, residue characteristics as described by five 

averaged DRN metrics, BC, CC, DC, EC and KC were determined using the calc-network.py 

(https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web) Python script from the MDM-

TASK [264, 265] web server. Additionally, high centrality residues (hubs) per the global top 

4% (hACE2) and 5% (RBD) were determined for each complex using an ad hoc Python 

script. Results from the global top 4% and 5% were presented as a heat map in Seaborn [321] 

to enable comparison across the WT and Omicron sub-lineage systems.  

4.3.6 Contact Map Analysis 

The contact_map.py Python script (https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-

web) from the MDM-TASK web server [264, 265] was used to calculate contact frequencies 

for RBD interface residues of each complex system. Interface residues were determined using 

the ROBETTA web server [330, 352] and the low-energy ED structure from section 4.2.3. A 

delta heat map of the residue pair RBD-hACE2 interactions between the WT and the 

Omicron sub-lineages was created in seaborn [321] to highlight the changes in complex 

interactions. Furthermore, bipartite plots of the RBD-hACE2 residue pair interactions, were 

plotted for each system using NetworkX [329], where the weight of the edges corresponded 

to the interaction frequency. 

 

https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
https://github.com/RUBi-ZA/MD-TASK/tree/mdm-task-web
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4.4 Results and Discussion 

4.4.1 Omicron Sub-lineage Mutation Characteristics 

The GISAID search yielded 56 SARS-CoV-2 sequences in total, accounting for the BA.1, 

BA.2, BA.3 and BA.4 Omicron sub-lineages (Table S8). At the time of the search (April 

2022), no BA.5 sequences were retrieved under the specified search criteria (section 4.2.1). 

Of these sequences, BA.1, BA.2 and BA.4 comprised of 15, 16 and 17 RBD mutations. The 

BA.3 Omicron sub-lineage comprised of sequences with 10, 12 and 15 RBD mutations hence 

they are referred to here as BA.3_10, BA.3_12 and BA.3_15 for the rest of this chapter. 

Alignment of the Omicron sub-lineage sequences using the Clustal Omega web tool [489] 

identified the common RBD mutations across all the sub-lineages viz:, G339D, S373P, 

S375F, S477N, T478K, E484A, Q498R, N501Y and Y505H (Figure 4.3). Furthermore, S 

protein mutation studies have previously shown that, among the shared mutations, G339D, 

S375F, S477N and T478K are associated with neutralizing antibody escape [465, 482, 485]. 

Of the unique mutations, L452R and F486V are limited to the BA.4 sub-lineage. Interesting, 

the number of RBD mutations increased with the progression of the Omicron sub-lineages 

suggesting an evolutionary adaptation of the virus for effective attachment and survival. The 

RBD mutations K417N, G446S, N501Y and Y505H are positioned at the RBD interface 

where they are involved and affect the RBD-hACE2 interactions.  

It is important to note that not all the Omicron sub-lineage mutations improve the RBD-

hACE2 interactions, studies have shown that the individual mutations i.e., S375F, K417N, 

G446S, G496S and Y505H are linked to decreased RBD-hACE2 binding [195, 490]. In 

contrast, some single mutations like G339D, N440K, T478K, S477N and N501Y are linked 

to the increased RBD affinity for hACE2. Other single mutations like S371L, S373P, E484A, 

Q493R and Q498R don’t have any documented effect of the inter-protein interaction. It is 
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also important to note that the change in residue physicochemical properties (Table S9) as a 

result of mutations influences RBD-hACE2 interaction. For example, the change from non-

polar/uncharged in the WT to polar/positively charged residue in the Omicron sub-lineages 

for residues at positions 339, 452, 478, 493 and 498 favors inter-protein electrostatic 

interactions since hACE2 is predominantly negatively charged [491].  

 
Figure 4. 3: A shows the distribution of RBD mutations for each Omicron sub-lineage. 

Mutations common to all sub-lineages are shown as firebrick spheres and annotated in 

BA.3_10, whereas the others are yellow spheres. The BA.4 unique mutations are annotated in 

orange. B shows the Omicron sub-lineage RBD protein sequence alignment highlighting the 

common, BA.4 unique, and other mutations in red, orange, and yellow, respectively. Adapted 

from Barozi et al., [271]. RBM residue positons are marked in green. 

Furthermore, introduction of the tyrosine ring in the N501Y RBD mutation potentially alters 

the interface interactions through Pi-Pi stacking and pi-cation interactions. Ultimately, the 
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Omicron sub-lineages mutations have varied effects including increased affinity, decreased 

affinity, neutral and antibody escape characteristics which work in synergy for the most 

effective “induced fit” virus. Previous studies have illustrated that in some protein systems, a 

combination of mutations induce an allosteric effects that are not elicited in individual 

mutations [86]. These observations highlight the need to study co-occurring mutations as a 

collective, as discussed in next sections. 

4.4.2 Effects of Omicron Sub-lineage Mutation on RBD-hACE2 Complex Dynamics 

The effects of the Omicron sub-lineage RBD mutations on the complex and individual 

proteins were investigated through RMSD, RMSF and Rg analysis. For the WT complex, 

duplicate MD runs were performed and analyzed for experimental confirmation. Both WT 

runs achieved equilibration and displayed stable conformational evolution (Figure S18A). 

Comparative RMSD line plots between the WT and Omicron sub-lineages also showed 

similar and stable structural evolution except for BA.3_12 that experienced higher structural 

variability than the WT (Figure S18B). The RBD RMSD violin plot representation 

highlighted how both the WT and Omicron sub-lineage mutants sampled at least two main 

conformations except for unimodal distribution in BA.2 (Figure 4.4A). In the hACE2, the 

RMSD violin plots showed a stable conformational distribution with all systems experiencing 

a unimodal distribution except for BA.3_15 (Figure 4.4B). From a global perspective, the 

RBD mutations did not directly influence hACE2 dynamics except for BA.3_15. 

Further analysis of RBD residue level behavior through RMSF highlighted regions 348-393 

and 423-453 as having significant fluctuation compared to the WT, especially for BA.2 and 

BA.3_12 (Figure 4.4C). It is important to note that these highly flexible RBD regions 

constitute the antigenic sites that are targets for neutralizing antibodies i.e., 357-374, 381-

394, 426-429, 438-450, 455-470, 469-491 and 495-506 [492].  
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Figure 4. 4: A and B show the violin plot representation of RMSD for the WT (blue) and Omicron sub-lineage (orange) for the RBD and 

hACE2 proteins, respectively. C and D show the comparative line plots between the WT (blue) and Omicron sub-lineage (orange) residue 

flexibility for the RBD and hACE2 systems, respectively. RBD regions with an observable increase in the RMSF compared to the WT are 

highlighted in red. Adapted from Barozi et al., [271]. 
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This effect of Omicron sub-lineage mutations on RBD dynamics could potentially aid 

antibody evasion through preventing both antibody binding and recognition [493, 494]. 

Furthermore, the increased flexibility of the RBD interface loop region in the Omicron sub-

lineages fosters more interactions with the hACE2 facilitating better binding compared to the 

WT [479]. Analysis of the protein Rg showed minimal differences between the WT and the 

Omicron sub-lineages with BA.4 and BA.3_12 experiencing the highest gyration in the RBD 

and hACE2 proteins, respectively (Figure S18C and D). 

4.4.3 Comparative Essential Dynamics of the WT and Omicron Sub-lineage Systems 

The most dominant motions of the Omicron RBD-hACE2 systems were determined in 

comparison to WT within same eigenspace using comparative ED as described in section 

1.10.3.5. Scatter plots of protein dynamics described by PC1 and PC2 were used to analyze 

the extent of protein motions. Here, ED analysis was performed for RBD, hACE2 and the 

hACE2 active site pocket. 

In the RBD, all the systems sampled a more diverse conformational space compared to the 

WT (Figure 4.5A). In the BA.1 system, conformational diversity in comparison to the WT 

was along PC2, and both PC1 and PC2 accounted for ~44% of the ED. Likewise, all other 

Omicron sub-lineage RBD systems experienced a more diverse conformational evolution 

along PC2 compared to the WT. The total variance based on PC1 and PC2 for BA.2, 

BA.3_10, BA.3_12, BA.3_15 and BA.4 was approximately 57, 52, 51 and 60%, respectively. 

Alignment of the Omicron sub-lineage low energy (basin) RBD structures as determined by 

ED to that of the WT identified the loop regions including the RBM as the most variant in 

structure compared to the WT. The RBD loop and helix region: 360-372 also showed 

pronounced conformational variation between the Omicron RBD and the WT systems as 

depicted from the basin structure RMSD (BA.1: 1.588, BA.2: 1.932, BA.3_10: 2.612, 
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BA.3_12: 2.411, BA.3_15: 1.737 and BA.4: 2.343). These observations are in agreement 

with the RMSF results (section 4.4.2, Figure 4.4) which highlighted the loop regions 

including the RBM as highly flexible Omicron sub-lineages. Previous studies have 

highlighted how increased flexibility, particularly of antigenic sites, can affect antibody 

recognition and can be a mechanism of antibody escape [493, 494]. We believe that the 

increased flexibility of the Omicron sub-lineage RBD including the regions identified as 

antigenic targets: 370, 375-386, 390, and 444-456 is an antibody escape strategy to prevent 

neutralizing antibody binding to the S protein RBD. 

In the same way, the effects of Omicron RBD mutations translated to the hACE2 where the 

mutant proteins experienced more diverse hACE2 conformational dynamics compared to the 

WT (Figure 4.5B). Interestingly, the collective variance as accounted by PC1 and PC2 was 

higher in the hACE2 systems compared to the RBD systems, probably due to minimal 

changes in conformational variation of the hACE2. Here, the total PC1 and PC2 variance was 

~62, 52, 50, 61, 57 and 51% for BA.1, BA.2, BA.3_10, BA.3_12, BA.3_15 and BA.4 

systems, respectively. Like in the RBD, the differences in the sampled conformational space 

between the hACE bound to the WT RBD and that of the sub-lineages was attributed to the 

highly flexible conformational poses of the loop regions especially 128-144 and 333-347. 

The aligned hACE basin structures had the following RMSDs to the WT; BA.1: 2.726, BA.2: 

1.993, BA.3_10: 2.411, BA.3_12: 2.412, BA.3_15: 2.407 and BA.4: 1.958. 
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Figure 4. 5: A and B are comparative ED scatter plots as described by PC1 and PC2 for the RBD and hACE2 proteins, respectively. The x and 

y-axes in each subplot show the percentage variance as described by PC1 and PC2, respectively. Adapted from Barozi et al., [271]. 
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Zooming in on the hACE2 protein systems, we sought to decipher the effects of the RBD 

Omicron mutations on the protein active pocket. Previous studies have shown that binding of 

RBD to the human receptor influences the protein functionality resulting in increased 

carboxypeptidase activity against peptide substrates such as caspase-1 and Bradykinin-analog 

[495–497]. The hACE2 active pocket is located in the groove between sub-domain I and II 

where ligand binding triggers hinge movement of sub-domain I towards sub-domain II, 

enclosing the ligand in place [498]. Here, we determined the comparative ED for the active 

site groove region of the of the Omicron sub-lineages in comparison to the WT along both 

PC1 and PC2. 

The active cavity of all the Omicron RBD complexed hACE2 proteins sampled a higher 

conformational space compared to the WT (Figure S19A). The most conformational 

variation was observed in the BA.2 system (along PC1) where the collective variance was 

~56%. Interestingly, the hACE2 groove ED weren’t significantly higher than the WT as 

confirmed by the groove Rg calculations which showed minimal changes between the 

systems (Figure S19B).  

Further investigation into the hACE2 hinge movements through COM distance calculation 

between sub-domain 1 (defined by active site residues, His345, Asp368, Thr371, Glu375, 

His378 and Glu402) and sub-domain II (defined by active site residues, Phe274, Leu278, 

His505, Tyr510, Arg514 and Tyr515) showed trivial changes in sub-domain movements 

compared to the WT throughout the simulation (Figure S20A). Further still, Rg calculations 

of these residues hinted to a similar conclusion with an Rg value range of 1.00–1.4 nm 

(Figure S20B). The lack of significant hACE2 hinge movement here could be due to the 

absence of a hACE2 substrate. 
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In summary, the comparative ED results highlighted 1) the effects of RBD omicron sub-

lineage mutations on the dynamics of the domain characterized by a higher conformational 

variation in the mutants compared to the WT. This was in agreement with the RMSD and 

RMSF results that showed pronounced dynamics especially for the RBM region (section 

4.3.2). 2) Even though RBD binding to hACE2 is associated with increased carboxypeptidase 

activity, no significant structural changes of the hACE2 active site groove region were 

observed in the Omicron sub-lineages compared to the WT and this was attributed to the 

absence of a hACE2 substrate which tiggers the hinge movement upon binding.  

Both sections 4.3.2 and 4.3.3 focused on the effects of RBD Omicron sub-lineage mutations 

on individual proteins, RBD and hACE2. To gain a full picture on both inter-protein and 

intra-protein atomic relation, DCC was computed for each complex in the next section.  

4.4.4 Analysis of the RBD-hACE2 Relationship Through Dynamic Cross-Correlation  

Protein functionality involves an ensemble of conformational changes at varying times scales 

which facilitate molecular interactions, ligand (un)binding and protein (un)folding [499]. 

Analysis of RBD-hACE2 protein conformational changes, through DCC, provided insight 

into the protein interrelationship and functionality. DCC analysis identified anti-correlated 

atomic motions between the RBD and hACE2 proteins in BA.1, BA.3_10, BA.3_15, and 

BA.4 contrary to the WT which showed correlated motions (Figure S21A). Furthermore, 

analysis of the RBD-hACE2 inter-protein COM also highlighted marginal increase in the 

inter-protein interaction distance in BA.1, BA.3_10, BA.3_15, and BA.4 compared to the WT 

(Figure S22). This suggests that the RBD mutations result in diametric protein movements in 

some Omicron sub-lineages. Analysis of the protein binding energy using the low energy 

complex structures from ED (section 4.4.3) and the HawkDock web server [500] showed that 

the WT experienced lower binding energy, -80.6 kcal/mol, compared to BA.1 (-46.45 
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kcal/mol), BA.2 (-55.94 kcal/mol) and BA.4 (-74.4 kcal/mol), whereas BA.3_10, BA.3_12 

and BA.3_15 had energies of -82.72, -82.72 and -93.78 kcal/mol, respectively.  

At an individual protein level, anti-correlated atomic motions were observed in the RBD of 

BA.1, BA.2 and BA.3_12 defined by protein region 440-508 (Figure S21B). Interestingly, 

this region also encompasses the RBM which as discussed in section 4.4.2, underwent greater 

residue fluctuations in these mutant systems compared to the WT. The anti-correlated 

motions of the RBD systems, BA.1, BA.2 and BA.3_12 translated to the hACE2 protein as 

observed from the DCC results. Here, the hACE2 experienced anti-correlated atomic motions 

in BA.1, BA.2 and BA.3_12 systems, specifically around residues 119-315 and 419-519 

(Figure S21C). The X-ray crystal structure of the hACE2 [498] identifies this region as part 

of the sub-domain I (Figure 4.2) which interacts with the RBD of the S protein. Seemingly, 

RBD binding influences the dynamics of hACE2, an observation that is in collaboration with 

Lu & Sun, 2020 [497] who showed that RBD binding is associated with conformational 

changes in the hACE2 sub-domain II [498].  

Therefore, DCC analysis highlights the changes in atomic motions of the viral RBD due to 

Omicron sub-lineage mutations and in the human receptor, hACE2, as a result of RBD 

binding. Furthermore, DCC analysis emphasized the effects of mutations of protein dynamics 

through both correlated and anti-correlated intra-protein motions. The consequential effects 

of these dynamics on protein residue networks were investigated in the next section. 

 

4.4.5 Dynamic Residue Network Analysis of the RBD-hACE2 Complexes 

Here we applied five metrics, averaged BC, CC, DC, EC and KC to identify the 

functional/central residues and characterize mutation effects to the enzyme communication 

patterns. Previous application of these matrices identified key allosteric residues [76] and 
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described the changes in network communication paths consequent to mutations and/or 

ligand binding [152, 153, 155, 501]. In these studies, we defined high centrality residues, 

hubs, as residues with high centrality values per DRN metric based on a set global threshold 

of the protein ensemble under study. Furthermore, we defined persistent hubs as the common 

high centrality residues across all the protein ensembles (Figure 4.6). 

4.4.5.1 High BC Residue Networks Connected the RBD core to the hACE2  

As explained in chapter 1, section 1.10.4.1, the BC metric identifies highly central residues 

based on their participation in the shortest paths between any given pair of network residues 

[502, 503]. At a 5% centrality cut-off, BC analysis identified residues Tyr508 and Val510 as 

persistent hubs [76] in the RBD. In as far as the RBD-hACE2 interactions are concerned, 

mutations on either Tyr508 or Val510 have been documented to reduce the RBD-hACE2 

binding affinity [195]. In the RBD, Tyr508 is responsible for binding neutralizing camel 

nanobodies [504], natural inhibitory compounds [505], standard therapeutic drugs [506, 507], 

metal complexes [508] and inhibitory peptides [509]. Similarly, Val510 is functionally vital 

in binding antiviral compounds [506, 510, 511]. The high centrality at these residue positions 

emphasizes their importance in RBD functionality.  
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Figure 4. 6: Heat map of top 5% and 4% high centrality residues for the RBD and hACE2 proteins, respectively. Residue hubs are annotated 

with centrality values, whereas homologous residues from other systems are not. The color scale from white to dark red shows the degree of 

centrality. Adapted from Barozi et al., [271]. 
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Furthermore, a 4% global top centrality cut-off was used to define hACE2 hubs and this 

analysis identified Ile379, Arg518, Thr519 and Gln522 as the persistent hubs. Ile379 forms 

van der Waals interactions with His378 known to coordinate the zinc ion, which is necessary 

for the carboxypeptidase activity. Other hACE2 residues with high BC values in at least five 

systems included Asn33, His34, Leu73, Phe356, His401, Ile407 and Arg514. Asn33 and 

His34 are involved in the hACE2-RBD inter-protein interactions, whereas His401 forms part 

of the zinc-binding site [498]. Identification of these residues as important by this approach 

of BC analysis validates our centrality analysis approach given the residue 

importance/functional role in the protein. 

Interestingly, the assortment of BC hubs in the WT RBD and hACE2 formed a pattern 

interlacing the two protein systems along two paths, I and II, when mapped on the 3D 

complex structure (Figure 4.7). Path I was the most prominent consisting of majority of BC 

hubs originating from the RBD core through the interface region connecting the RBD to the 

hACE2 zinc-binding pocket. The second path (II), on the other end of the structure, consisted 

of fewer residues. The paths also consisted of the five highest centrality residues, shown in 

dark grey (RBD) and bark blue (hACE2) that bridged communication between the two 

protein systems. 

Gains and losses of BC hub residues in the Omicron sub-lineage systems were observed in 

comparison to the WT (Figure 4.7). The key differences between WT and Omicron sub-

lineages included residue Tyr505 in the RBD, which lost centrality in BA.3_12 and BA.4 

when mutated to His505. Previous studies have shown that the substitution of tyrosine to 

histidine at position 505 enhances the RBD binding to hACE2 [512, 513]; however, another 

school of thought argues that the residue substitution reduces the RBD-hACE2 interactions 

[195, 514]. We are of the view that the change to a positively charged histidine might 

increase the electrostatic interactions with the primarily negatively charged hACE2. This 
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view is further supported by Starr et al., 2020 who used deep mutational scanning to show 

that mutations of polar amino acids enhance expression at interface residues Y449, L455, 

F486, and Y505 which are destabilizing region however, the from essential contacts with 

hACE2 necessary for S protein binding [195]. 

The BA.1 system lost interface residue Gly502 as a hub in the RBD and Asp30 and Gly354 

in the hACE2. Compensatory gains in BC hubs were noted at residues Thr496 and Thr501 

(RBD) and Asp355 (hACE2). Similarly, the loss of RBD Gly502 and hACE2 Asp30 as 

interface BC hubs was also observed in BA.2, BA.3_10, BA.3_12, BA.3_15 and BA.4 

(except Asp30). These systems also had gains in BC hubs along the communication path and 

at the protein interface. Gained hubs included residues, Pro499 and Thr501 in BA.2; Gly446, 

Arg493, Ser494 and Ser496 in BA.3_12 and, Arg493, and Tyr501 in BA.4. The BC hub 

residue Thr501 is linked to increased RBD-hACE2 interactions in the mutant systems 

compared to the WT [194, 515, 516].  

In addition to the observed variations in the quantity of BC hubs comprising the 

communication pathways within the Omicron sub-lineages, there existed inconsequential 

disparities in the degree of BC exhibited by these hubs between the WT and Omicron sub-

lineages, both in relation to the RBD and the hACE2 protein. Notably, in the context of the 

RBD, the BA.1 sub-lineage displayed the highest mean BC among the sub-lineages, with 

values as follows: WT: 0.058, BA.1: 0.065, BA.2: 0.057, BA.3_10: 0.062, BA.3_12: 0.052, 

BA.3_15: 0.053, and BA.4: 0.057. Conversely, within the hACE2 protein, the highest mean 

BC among the hubs was exhibited by the WT, as indicated by the following values: WT: 

0.064, BA.1: 0.063, BA.2: 0.062, BA.3_10: 0.057, BA.3_12: 0.055, BA.3_15: 0.057, and 

BA.4: 0.057. 
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It is also important to note that this analysis identified, for the first time, the key residues 

facilitating communication between the RBD and hACE2 proteins. Secondly, the Omicron 

sub-lineage systems BA.3_10 (33 hubs), BA.3_12 (42 hubs), BA.3_15 (38 hubs), and BA.4 

(35 hubs) had more BC hubs compared to the WT (32 hubs). The gain in BC hubs at the 

interface and in the rest of the mutant structures is indicative of a transformative adaptation of 

the Omicron sub-lineages to facilitate efficient inter-protein communication. Furthermore, the 

results also highlight the effects of the sub-lineage RBD mutations on the hACE2 centrality, 

implying an allosteric effect on complex communication patterns. 



 

147 
 

 
Figure 4. 7: Cartoon representation of the RBD-hACE2 complex showing the distribution of BC hubs in the RBD and hACE2 as identified by 

the global top 5 and 4% cut-off, respectively. The hACE2 sub-domains I and II are shown as sky blue and yellow, respectively, while the RBD is 

grey. BC hubs common to the WT are shown as grey (RBD) and blue (hACE2) spheres. Hubs unique to the Omicron sub-lineages are shown 

salmon (RBD) and teal (hACE2) spheres. The five highest centrality residues are in dark grey (RBD) and dark blue (hACE2) whereas, the 

mutation positions are shown as firebrick spheres. Adapted from Barozi et al., [271].  
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4.4.5.2 CC Hub distribution Correlated with Inter-protein Interaction Distance  

The CC metric assigns centrality based on how centrally located a residue is in relation to the 

rest of the network. Residues with high centrality are essential for information dissemination 

in the network [268]. In the RBD, no persistent hubs were observed across the protein 

systems; however, residues Leu455, Gln493, Gly496, Gln498, Thr500, Asn501, and Gly502 

maintained high centrality values in at least five RBD systems (Figure 4.6). Interestingly, 

these residues are positioned at the RBD interface with the hACE2, where they are involved 

in inter-protein interactions [414, 517–519]. In addition, the assortment of Omicron RBD 

mutations generally curtailed the distribution of CC in the RBD. Here, the WT had the 

highest number of CC hubs compared to other systems except for BA.3_10, i.e., WT: 14 CC 

hubs, BA.1: 9, BA.2: 11, BA.3_10: 16, BA.3_12: 7, BA.3_15: 4 and BA.4: 7 (Figure 4.8). 

The reduction of Omicron sub-lineage CC hubs compared to the WT was further investigated 

through RBD-hACE2 COM distance measurement to ascertain the complex behavior. The 

reduction in interface residue centrality was associated with increased inter-protein 

interaction distance, specifically in BA.3_12 (Figure S22). This was attributed to the 

increased residue flexibility of the RBM, as earlier observed in section 4.3.2. 

The zinc and active site pocket region dominated the distribution of CC hubs in the hACE2 

protein system. Here, BA.3_12 and BA.3_15 had the least number of CC hubs consisting of 

residues His378, Gly399 (persistent hub), His401 (persistent hub), and Arg514 (Figure 4.6). 

The progression of RBD mutations from 10 to 17 in the omicron sub-lineages studied here, 

displayed an intriguing distribution of CC hubs in the protein complexes (Figure 4.8). BA.1 

lacks the D405N and R408S RBD mutations present in BA.2. In presence of these mutations, 

the BA.2 system lost the CC hubs at positions Tyr489 (RBD) and, His374 and Glu375 

(hACE2). The RBD Tyr489 forms hydrogen bonds with Tyr83 (hACE2), His374 coordinates 
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the zinc ion and Glu375 forms part of the active site in the hACE2. Progression from 16 RBD 

mutations in BA.2 to 10 in BA.3_10 was characterized by an increase in both the RBD and 

hACE2 CC hubs. Here, the RBD interface residue Gln493, which forms H-bonds with Asp30 

of hACE2, gained CC hub status in BA.3_10. BA.3_10 also gained hubs at the hACE2 

residues His374 and Tyr515 at the active site. Peculiarly, the evolution of Omicron sub-

lineages from BA.3_10 to BA.3_12 and further to BA.3_15 resulted in further reduction in 

CC hubs in both RBD and hACE2 proteins, specifically at the interface viz: residues Arg403, 

Gly404, Phe497, Gln498, Pro499, Asn501, Gly502, Val503, Gly504, Tyr505, Gln506 and 

Pro507. Seemingly, the increase in RBD mutations is associated with a decrease in residue 

closeness centrality until the BA.4 sub-lineage (Figure 4.8). The BA.4 sub-lineage with 17 

RBD mutations was characterized by a gain in both RBD and hACE2 CC hubs compared to 

BA.3_12 and BA.3_15. It is worth noting that there was a reversion of amino acid residues 

Gly446, Gln493, and Gly496 back to the same residues as in the WT sequence in the BA.4 

Omicron sub-lineage. The progressive change of these Omicron sub-lineage mutations and 

the change in network patterns represents a trial-and-error-based evolution in the pursuit of 

the most efficient RBD-hACE2 fit.  
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Figure 4. 8: Cartoon representation of the RBD-hACE2 complex showing the distribution of CC hubs in the RBD and hACE2 as identified by 

the global top 5 and 4% cut-off, respectively. The hACE2 sub-domains I and II are shown as sky blue and yellow, respectively while the RBD is 

grey. CC hubs common to the WT are shown as grey (RBD) and blue (hACE2) spheres. CC hubs unique to the Omicron sub-lineages are shown 

as salmon (RBD) and teal (hACE2) spheres. The five highest centrality residues are in dark grey (RBD) and dark blue (hACE2) whereas, the 

mutation positions are shown as firebrick spheres. Adapted from Barozi et al., [271]. 
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4.4.5.3 EC Analysis Identified an Interrupted hACE2 Allosteric Path in Omicron Sub-

lineages 

As discussed in section 1.10.4.4, the EC metric characterizes network properties based on the 

node/residue influence in the network. Peculiarly, the RBD global top 5% centrality cut-off 

identified EC hubs mainly in the WT system and partly in BA.2 and BA.3_12 Omicron sub-

lineage systems (Figure 4.6). Here, the collection of RBD mutations significantly changed 

the connectivity/interaction properties of the RBD network by generally reducing the degree 

of residue connectivity.  

In the absence of RBD mutations, the WT had the highest number of EC hubs distributed 

throughout the β2, β3, β4, and β7 strands of the RBD core and extending to the RBM at the 

protein interface (Figure 4.9). Unlike the WT, the BA.2 and BA.3_12 RBD EC hubs were 

limited to residue positions 422, 444–449, 496–501 and 507 (BA.2), and 444–447, 449, and 

494 (BA.3_12). The decline in residue centrality in the Omicron sub-lineages was attributed 

to increased RBM flexibility in the sub-lineages as discussed in section 4.4.2.  

Furthermore, the RBD interface residues with significantly high EC values unique to the WT 

system are documented neutralizing antibody epitopes viz: Ala403, Ile436, Leu444, Thr449, 

Cys498, Asn501 and His505 [483, 520, 521]. Therefore, the increase in residue flexibility 

and subsequent loss of EC at these residue positions signals to a neutralizing antibody escape 

strategy of the Omicron sub-lineages.  



 

152 
 

 
Figure 4. 9: Cartoon representation of the RBD-hACE2 complex showing the distribution of EC hubs in the RBD and hACE2 as identified by 

the global top 5 % and 4% cut-off, respectively. The hACE2 sub-domains I and II are shown as sky blue and yellow, respectively while the RBD 

is grey. EC hubs common to the WT are shown as grey (RBD) and blue (hACE2) spheres. EC hubs unique to the Omicron sub-lineages are 

shown as salmon (RBD) and teal (hACE2) spheres. The five highest centrality residues are in dark grey (RBD) and dark blue (hACE2) whereas, 

the mutation positions are shown as firebrick spheres. Adapted from Barozi et al., [271]. 



 

153 
 

RBD mutations also allosterically affected the distribution of EC in the hACE2 protein. Here, 

we observed a general increase in the number of hACE2 EC hubs in the Omicron sub-lineage 

systems compared to the WT i.e., BA.3_10: 33 hubs > BA.3_15: 32 > BA.3_12: 30 > WT: 28 

> BA.1: 26 > BA.2: 25 > BA.4: 25. The marked increase in hACE2 EC hubs especially 

around the active site and zinc-binding region is believed to be a response to the mutations in 

the RBD. This is based on the interruption of the high EC residue path (residue positions 326, 

355–357, 375, 378 and 379) connecting the RBD to the hACE2 in the Omicron sub-lineage 

systems compared to the WT. The lost EC hubs in the Omicron sub-lineages also experienced 

higher RMSF compared to the WT, highlighting the relationship between EC and residue 

flexibility (Table S10). 

Based on the relationship between S RBD binding and increased hACE2 carboxypeptidase 

activity [497], we hypothesize that the observed EC path interruption in the sub-lineages hints 

on the influence of the Omicron variant on hACE2 activity. Given the physiological role of 

hACE2, the observed changes in the residue communication paths at the enzyme active site 

could potentially influence its activity in the body. 

The findings from EC analysis further accentuated the effects of the Omicron RBD mutations 

on the intra-protein and inter-protein communication patterns in the RBD-hACE2 complex. 

The decreased centrality of the antigenic hot spots observed here is in agreement with the 

findings of Cerutti and the team, who described a more flexible S protein RBD in the Cryo-

EM structure, a behavior they linked to neutralizing antibody escape [522].  

4.4.5.4 Analysis of the RBD-hACE2 DC and KC  

Analysis of the RBD-hACE2 network characteristics through the DC metric identified RBD 

residues, Gly431 and Tyr508, as persistent hubs (Figure 4.6). A general reduction in the 

number of RBD DC hubs was noted in the Omicron sub-lineage systems compared to the WT 
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i.e., WT: 13 hubs, BA.1: 8, BA.2: 9, BA.3_10: 8, BA.3_12: 10, BA.3_15: 7 and BA.4: 12. 

The RBD hubs were predominantly distributed at the protein core within the α1, α3, β3 and 

β7 regions (Figure S23).  

In the hACE2, residues Ala25, Val93 and Leu97 were the persistent hubs (Figure 4.6). DC 

hubs were pervasively distributed in the WT and hACE2 systems. Of particular interest in 

DC analysis were hACE2 interface residues Gly326, Asp355, Phe356, and Arg357, which 

had significantly reduced centrality in all the Omicron sub-lineages compared to the WT. In 

the RBD-hACE2 complex [414], hACE2 residues Asp355 and Arg357 interact with RBD 

residue Thr500 via H-bonds and van der Waals interactions, respectively. The loss of DC 

means reduced residue interactions at these positions consequently affecting the RBD-hACE2 

interplay in the Omicron sub-lineages. 

On the other hand, KC analysis identified Ile402, Tyr508, and Val510 as persistent hubs in 

the RBD, and like in DC, most Omicron sub-lineages had fewer KC hubs than the WT i.e., 

WT: 13 hubs, BA.2: 10, BA.3_10: 9, BA.3_12: 8 and BA.3_15: 9 (Figure S24). 

Furthermore, the RBD interface residues, Asn501 and Gly502 that are involved in RBD-

hACE2 inter-protein interactions, lost the KC hub status in the sub-lineages.  

In the hACE2 protein, Ala25, Leu97, Ala403, Ile407, Gln522, Phe525, Leu529, and Ala550 

were the persistent hubs. DC and KC hub distribution was somewhat the same in the RBD-

hACE2 complex, as both metrics derive their centrality from neighbor connectivity [523].  

In summary, the RBD-hACE2 network analysis highlighted the effects of Omicron sub-

lineage mutations on the inter-protein communication patterns and interactions at the 

interface. Furthermore, the RBD mutations seem to have an allosteric effect on the hACE2 

behavior through influencing centrality distribution in the functional residues. Based on the 

dynamics of the RBM (section 4.4.2), the inter-protein interaction distance (section 4.4.5.2), 
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and the distribution of residue centrality of both the RBD and hACE2 interface residues, it is 

evident that the Omicron sub-lineage mutations affect RBD-hACE2 interactions. The next 

section delves further into the complex interaction changes due to Omicron mutations. 

4.4.6 Effect of the RBD Omicron Mutations On RBD-hACE2 Inter-protein Interactions 

The RBD-hACE2 global dynamics highlighted a highly dynamic RBM which accommodates 

majority of residues involved in inter-protein interaction (section 4.4.2). This observation 

was reenforced by CC analysis which identified fewer hubs at the sub-lineage interface 

region compared to the WT probably due to the RBM dynamics. Additionally, the BA.3_12 

system, which had fewer RBD-hACE2 interface CC hubs compared to the WT displayed 

higher inter-protein interaction distance than the WT.  

Motivated by these observations, we next analyzed the interaction frequency between RBD 

and hACE2 interface residues through contact map analysis. The RBD interface residues 

were identified using the ROBETTA web server [352] as: Lys417, Ile418, Tyr449, Tyr453, 

Leu455, Phe456, Ser477, Phe486, Asn487, Tyr489, Gln493, Gln498, Thr500, Asn501 and 

Val503. Their respective contacts were determined using the contact_map.py Python script 

from the MDM-TASK web server [264, 265]. For comparative purposes, the interaction 

frequency for each sub-lineage RBD-hACE2 interface residue pair was subtracted from that 

of the WT (WT contact frequency – sub-lineage contact frequency) and presented as a heat 

map (Figure 4.10).  

The heat map, Figure 4.10A, highlights the differences in the inter-protein residue contact 

frequencies between the WT and the respective Omicron sub-lineages based in the color 

spectrum. Of interest, was the general decrease in the inter-protein residue contact frequency 

in the Omicron sub-lineages compared to the WT for the following RBD-hACE2 residue 

pairs, Gln493-Glu35, Gln498-Tyr41, Thr500-Asp30, Asn501-Lys353, Asn501-Gly354, 
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Asn501-Asp355, Val503-Gln325, Tyr505-Lys353, and Tyr505-Gly354. Majority of the 

lost/reduced contact frequencies observed here are at the mutation positions which explains 

the changes. In turn, compensatory gains at the mutated positions were observed at the 

following RBD-hACE2 residue pairs, Gly447-Met82, Thr500-Thr324, Thr500-Gly326, 

Asn501-Lys353, Asn501-Asp355, Asn501-Gly354, Tyr505-Gly354 and Tyr505-Lys353, 

especially in BA.4. Furthermore, the BA.4 system didn’t show any decrease in the RBD-

hACE2 interactions for Leu455-Asp30, Phe456-Thr27, Phe456-Asp30, Gln493-His34, and 

Thr500-Asp355 compared to the other Omicron sub-lineages. Quantitatively, the BA.4 

system also maintained the highest number of RBD-hACE2 interactions compared to all the 

other systems i.e., BA.4: 32 > BA.3_15: 30 > BA.3_10: 30 > BA.3_12: 26 > BA.2: 25 > WT: 

24 > BA.1: 22 (Figure 4.10B).  

Many studies have shown that the RBD N501Y mutation is associated with strengthening 

RBD binding to hACE2 [196, 515, 516]. The results here were in agreement with these 

studies as more interactions were noted for Tyr501 in the Omicron sub-lineage systems 

compared to Asn501 in the WT i.e., WT: 3 (Lys353, Gly354, Asp355); BA.1 and BA.2: 5 

(Tyr41, Leu351, Lys353, Gly354, Asp355); BA.3_10: 6 (Tyr41, Gly326, Gly352, Lys353, 

Gly354, Asp355); BA.3_12: 4 (Tyr41, Lys353, Gly354, Asp355); BA.3_15: 4 (Leu45, 

Gly352, Lys353, Asp355) and BA.4: 6 (Tyr41, Gln325, Gly352, Lys353, Gly354 and 

Asp355). It is important to note that not all the Omicron sub-lineages RBD are associated 

with efficient receptor binding. A couple of mutations especially at the antibody binding sites 

and are aimed at antibody escape. 

RBD-hACE2 interface residues interaction analysis shows that the RBD mutations result in 

enhanced RBD-hACE2 interactions especially with the progression of the Omicron sub-

lineages. The latest Omicron sub-lineage, BA.4 (as of April 2022), had the highest number of 

RBD-hACE2 interactions than the WT and all the other Omicron sub-lineages. This 
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observation, coupled with the DRN analysis, highlight the progressive effect of the Omicron 

sub-lineages towards more efficient receptor binding in the Omicron sub-lineages. 
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Figure 4. 10: A shows the delta heat map of the RBD-hACE2 residue pair contact frequencies between the WT and Omicron sub-lineages (WT 

contact frequency – Omicron sub-lineage contact frequency). Blue implies higher contact frequency in the sub-lineage system, white means no 

contact difference and red implies reduced contact frequency in the sub-lineage system compared to the WT. B shows the bipartite interaction 

plots between the RBD (green) and hACE2 (orange) residues. The thickness of the edges corresponds to the contact frequency. Adapted from 

Barozi et al., [271].  
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4.5 Chapter Conclusion 

Chapter 4 describes the global and residue level effects of progressive Omicron RBD 

mutations (BA.1, BA.2, BA.3_10, BA.3_12, BA.3_15 and BA.4) on RBD-hACE2 dynamics, 

interaction, and communication patterns in relation to the WT (Wuhan RBD-hACE2). 

Comparative global analysis using RMSD, RMSF, and Rg identified a more dynamic RBD in 

the Omicron sub-lineages compared to the WT. Of particular interest was that the RBM, 

residues 438-506, which contains majority of the RBD interface residues involved in RBD-

hACE2 interactions. This region experienced significantly higher residue fluctuations in the 

Omicron sub-lineages compared to the WT. Furthermore, known antigenic sites in this region 

registered significantly high residue fluctuation in the Omicron sub-lineages compared to the 

WT, all of which point to neutralizing antibody escape mechanisms. The RBD-hACE2 DCC 

calculation further implicated the RBM dynamics as influencing complex dynamics resulting 

in anti-correlated motions, especially in BA.1, BA.2 and BA.3_12 Omicron sub-lineages. 

DCC also showed that the RBD dynamics influence the conformational changes in the 

hACE2 protein system.  

The chapter also documents changes in the RBD-hACE2 inter-protein interaction distance as 

described by COM distance measurement, which links CC hub distribution at the interface to 

the proximity of protein interaction. BA.3_12, with the least number of CC hubs, had the 

highest RBD-hACE2 inter-protein interaction distance.  

Furthermore, residue level analysis focused on the RBD-hACE2 interaction patterns 

highlighted an increase in the inter-protein interactions in the Omicron sub-lineages 

compared to the WT. The RBD of the BA.4 Omicron sub-lineage displayed more interactions 

with hACE2 than all the other sub-lineages and the WT.  
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Interestingly, DRN analysis through BC highlighted two novel high centrality residue 

communication paths connecting the RBD to the hACE2. The most prominent, Path I, 

originated from the RBD core, through the RBD interface and hACE2 sub-domain I to the 

zinc-binding region of the human receptor. Identification of these residues goes a long way in 

isolating key residue targets for RBD binding inhibitor studies. 

More importantly, each Omicron sub-lineage ensemble of mutations uniquely affected the 

consistency and integrity of the communication paths; however, the BA.4 system displayed 

similar path characteristics to the WT. The BA.4 sub-lineage is unique to the other Omicron 

sub-lineages as given its reversion of mutations at positions 446, 496 and 493 back to WT 

sequence residues. This reversion could imply an explorative viral evolution for a variant of 

best fit. 

Unique high EC allosteric paths were also observed connecting the RBD and hACE2 in the 

WT some of which were lost in some Omicron sub-lineages. Previous studies have indicated 

that RBD binding to hACE2 enhances the receptor peptidase activity by 10-fold [497] 

compared to the reference complex. Hence, the observed changes in residue centrality reflect 

the collective effect of the sub-lineage mutations on hACE2 functionality.  

In summary, the chapter highlights the effects of progressive Omicron sub-lineages, tailored 

towards a more effective RBD-hACE2 complex, elusive to targeted therapy. Additionally, 

network analysis identified critical residues in the RBD-hACE2 communication with 

potential of influencing viral binding. 
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CHAPTER 5 

5. Effects of Naturally Occurring African hACE2 Polymorphisms on the 

BA.4/5 Omicron Sub-lineage RBD-hACE2 Interaction: A Dynamic Residue 

Network Analysis 

 

This chapter reports on the DRN analysis of the polymorphism harboring angiotensin 

converting enzyme-2 in complex with the BA.4 Omicron sub-lineage receptor binding 

domain. The chapter focuses on the effect of the naturally occurring hACE2 polymorphisms 

on RBD-hACE2 interactions and dynamics.  

Contribution: Polymorphism identification, homology modeling, MD simulations, 

trajectory analysis and all data analysis including script writing was done by Victor 

Barozi. The scripts used for DRN top x% calculation and heat maps were generated 

by Olivier Sheik Amamuddy. Hub visualization scripts in PyMOL were generated by 

Olivier Sheik Amamuddy, Victor Barozi and Özlem Tastan Bishop 
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5.1 Introduction 

In chapter 4, we discussed the prevalence of COVID-19, etiology, transmission and the 

mutation effects of the S protein RBD, which acts as the mediator for viral binding and fusion 

[414]. The chapter also introduced the hACE2 as the SARS-CoV-2 receptor in the human 

host. In this chapter, we delve into the structure, function and effects of naturally occurring 

hACE2 polymorphisms on SARS-CoV-2 interaction. 

5.1.1 The hACE2 and Receptor Structural Architecture  

The hACE2 is a transmembrane I protein made up of a membrane bound and extracellular 

region [498]. The receptor is expressed in the kidney, heart, liver, colon, small intestines, 

lungs and the testis [524–527] where it is involved in blood pressure homeostasis under renin 

angiotensin systems (RAS), discussed further in section 5.1.2.  

Structurally, the hACE2 extracellular region consists of 1) a metallopeptidase domain 

(residues 19-615) which harbors a zinc ion and has a ~42% sequence identity to the catalytic 

domain of ACE, and 2) a collectrin domain (residues 615-740) with ~48% sequence identity 

to the human collectrin. The metallopeptidase domain which is also the catalytic domain is 

further sub-divided into two sub-domains, I and II at the N and C-terminal ends of the 

protein, respectively [498] (Figure 5.1). Structurally, sub-domains I and II form two sides of 

a cleft, inter-connected at the base by an α-helix (residues 511-531). The groove formed by 

the sub-domains is partly the substrate binding site. Furthermore, the hACE2 is homologous 

to ACE and both contain a conserved motif, HEXXH + E motif, whose residues coordinate 

the zinc at the catalytic domain [498, 528, 529]. The X-ray crystal structure of hACE2 (PDB 

ID: 1R42) identifies His374, His378 and Glu402 as the zinc coordinating residues in the sub-

domain II of the catalytic domain. Furthermore, the receptor also harbors a chlorine ion in 

sub-domain II, which it is coordinated by Arg169, Trp447 and Lys481.  
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The peculiar design of the hACE2 substrate binding cleft is believed to prevent the hydrolysis 

of correctly folded and functional peptides [326, 327]. Furthermore, substrate binding to 

hACE2 causes ~16° hinge movement of sub-domain II towards sub-domain I [498].  

Additionally, the hACE2 N-terminal α-helix also binds both SARS-CoV-2 and SARS-CoV 

[532] via the S protein RBD. The cascade of events following SARS-CoV-2 binding to 

hACE2 has previously been discussed in chapter 4. 

5.1.2 Physiological Function of hACE2 

Human ACE2 a type I transmembrane protein that belongs to the carboxypeptidase family of 

enzymes and is predominantly expressed in the kidney, heart, liver, colon, small intestines, 

lungs and the testis [524–527]. The carboxypeptidase activity of hACE2 involves hydrolysis 

of a single peptide at the C-terminal end of the substrate [527, 529]. Protein/substrate 

hydrolysis by the hACE2 is essential in catabolism, post-translational protein modification 

and regulation of biological processes. Some of the known hACE2 substrates include apelin-

13, apelin-36, des-Arg9-bradykinin and angiotensin II [498, 528, 529, 533]. The hACE2, like 

the ACE is part of the renin-angiotensin systems (RAS) which is responsible for blood 

pressure homeostasis through modulation of blood volume, sodium retention, vascular tone 

and production of inflammatory factors [534, 535]. In the RAS, hACE2 predominantly 

decomposes Ang II to Ang (1-7) and Ang I to Ang (1-9). Besides being a vasodilator, Ang 

(1-7) also improves coronary perfusion, lowers blood pressure and inhibits cardiomyocyte 

hypertrophy, which is the enlargement of individual heart muscle cells [534]. Despite acting 

on both Ang I and II, hACE2 decomposes Ang II more efficiently than Ang I [534]. Contrary 

to the hACE2 activity, its homolog ACE activates Ang I to Ang II, which is a 

vasoconstrictor, therefore, hACE2 and ACE are antagonistic and together they regulate the 

RAS.  
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Figure 5. 1: A shows the cartoon presentation of the extracellular domains of the hACE2, and S RBD. The RBD receptor binding motif (RBM) 

is shown in salmon. The zinc (orange sphere) binding residues (orange sticks) in the catalytic domain and the chloride (green sphere) 

coordinating residues (green sticks) in sub-domain II are highlighted in B. C shows the hACE2 (blue sticks) and RBD (salmon sticks) interface 

residues involved in inter-protein interaction. 
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Due to the activity of hACE2 on Ang II and blood pressure homeostasis, its expression and is 

important in the cardiovascular function and homeostasis. Deficiency of hACE2 activity 

through inhibitors or disease associated polymorphisms is linked to cardiovascular diseases 

[536–538]. 

5.1.3 Naturally Occurring hACE2 Polymorphisms and SARS-CoV-2 Activity 

Despite the critical physiological role of hACE2 in blood pressure homeostasis, the ACE2 

gene still undergoes genetic variation leading to insertions/deletions and SNPs in the hACE2 

protein sequence [535, 537, 539]. Previous studies have linked hACE2 polymorphisms to 

elevated cardiovascular risk, obesity and hypertension [537, 538, 540–542].  

Furthermore, different studies have also shown an association between the hACE2 

polymorphisms and the variability of infection and manifestation of the recently discovered 

SARS-CoV-2, a virus responsible for the COVID-19 global pandemic [207, 212, 213, 543–

545]. Hu et al., 2022, through transduction studies showed that some hACE2 polymorphisms 

i.e., S19P, I21V, E23K, K26R, K31R, T27A, N33I, H34R, D38V, Y83H, T92I, V184A, 

S257N, G326E, G352V, I468V and N368S modulate SARS-CoV-2 infectivity [213]. 

Similarly, Suryamohan et al., used biochemical assays to show a higher binding affinity for 

the S RBD in the hACE2 bearing the K26R and T92I polymorphisms [207]. In silico studies 

have indicated that certain hACE2 polymorphisms influence the S protein RBD binding to 

the hACE2 [204–206, 215]. Notwithstanding other factors influencing the SARS-CoV-2 

infectivity i.e., age, sex, existing comorbidities and season, the hACE2 genetic variations 

remain a key factor in viral infectivity. Based on the hACE2 involvement in SARS-CoV-2 

binding, and the effect of hACE2 polymorphisms on cardiovascular function, blood pressure 

and vascular tone, there is a need for more research on hACE2 polymorphisms and their 

effects on protein function especially amidst the ever-evolving SARS-CoV-2 variants. 



 

166 
 

5.2 Chapter Aims and Objectives 

The variation of the hACE2 genome among individuals and populations holds an important 

piece of the puzzle to explaining the inter-individual and inter-population variability in 

SARS-CoV-2 infectivity and severity. With the emergence of new SARS-CoV-2 variants and 

accrual of RBD mutations, an understanding of the RBD-hACE2 interactions is required 

especially in relation to the hACE2 polymorphisms. This chapter therefore focuses on 

characterizing the network properties of the RBD-hACE2 interactions amidst both the BA.4 

RBD Omicron sub-lineage mutations and naturally occurring hACE2 African 

polymorphisms. Here, the influence of hACE2 polymorphisms on Omicron BA.4/5 RBD 

interaction were accessed through i) identification of the hACE2 polymorphisms and 

Omicron BA.4 sub-lineage mutations, ii) modeling of the BA.4/5 RBD - variant hACE2 

complex 3D structures, iii) MD simulation of the BA.4/5 RBD - WT hACE2 and BA.4/5 

RBD- variant hACE2 complexes and iv) post-MD trajectory analysis and DRN analysis.  
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5.3 Methods and Materials 

5.3.1 Retrieval of hACE2 Polymorphisms and Omicron BA.4/5 RBD Mutations 

The naturally occurring hACE2 polymorphisms were retrieved from the genome aggregation 

database (gnomAD) [546] version 2.1.1. Here, missense SNPs from an African/African 

American population with an allele frequency of ≥ 2.7 x 10-4 were selected. The gnomAD 

contains exome and genome data from large-scale sequencing projects.  

For the Omicron BA.4/5 sub-lineage RBD mutations, GISAID [157] database was queried 

for high coverage Omicron BA.4/5 sequences of human origin and with patient status. It is 

important to note that the BA.4 and BA.5 Omicron sub-lineage sequences share the same S 

protein mutations [201, 477, 478]. 

Furthermore, the hACE2 SNPs and BA.4 Omicron RBD mutations were introduced into the 

RBD-hACE2 complex in PyMOL [488]. Here, seven protein structures were created, i.e., 

BA.4 RBD-WT hACE2 (reference system), BA.4 RBD-S19P hACE2, BA.4 RBD-K26R 

hACE2, BA.4 RBD-M82I hACE2, BA.4 RBD-K341R hACE2, BA.4 RBD-N546D hACE2 

and BA.4 RBD-D597Q hACE2. The generated structures were validated using VERIFY3D 

[247] and ProSA [248] before any further analysis. 

5.3.2 All-Atom Molecular Dynamic Simulation 

MD simulations were set up using specific environmental conditions before applying force 

fields. Here, titratable residues of the modeled structures were first protonated at pH 7.2 using 

the PROPKA tool from PDB2PQR (version 2.1.1) [316]. With protonation complete, top and 

gro files were generated for each complex system using the GROMOS54a7 force field [317] 

from GROMACS [315] version 2019.4. The structures were placed in a cubic box of 1 nm 

clearance distance before solvation using SPC216 water model [257]. Subsequently, the 



 

168 
 

system charge was neutralized by adding NaCl ions of 0.15 M concentration to enable long-

range electrostatics calculation using the PME method. Once neutralized, structural steric 

clashes were eliminated, and dihedral angles corrected through structure minimization using 

the steepest descent algorithm with no constraints and an energy step size of 0.01 until an 

energy threshold of 1000.0 kJ/mol/nm. Minimization was followed by temperature (NVT) 

equilibration at 300K and pressure (NPT) equilibration at 1 atm for 100 ps each using 

Berendsen temperature coupling and Parrinello–Rahman barostat [318], respectively. 

The equilibrated systems were subjected to 400 ns all-atom MD simulations with a time step 

of 2 fs. Here, like in chapter 4, the bonds were constrained under the LINCS algorithm [319]. 

Furthermore, the long-distance electrostatics were computed under the PME electrostatics 

[320] using a Fourier spacing of 0.16 nm. For the short-range coulomb and van der Waals 

interactions, a threshold distance of 1.4 nm was used. 

Post MD trajectory analysis followed the same techniques, steps and tools as discussed in 

chapter 4, section 4.3.2.  

5.3.3 Dynamic Residue Network Analysis 

Since the same reference protein structure, PDB ID: 6M0J, was used here as in chapter 4, the 

same DRN protocol; chapter 4 section 4.3.5 was used here. 

5.3.4 Contact Map Analysis 

The MDM-TASK web server [264, 265] was used to calculate RBD interface and EC hub 

residue contact frequencies using the same protocol as described in chapter 4 section 4.3.6. 

For the EC hubs, the network and centrality distribution was plotted using the NetworkX 

spring layout [329]. 
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5.4 Results and Discussion 

5.4.1 Distribution and Characteristics of the hACE2 Polymorphisms 

The search for naturally occurring hACE2 polymorphisms in African population from 

gnomAD yielded six SNPs with an allele frequency of ≥ 2.7 x 10-4 i.e., S19P, K26R, M82I, 

K341R, N546D and D597Q. An allele frequency of ≥ 2.7 x 10-4 equated to an allele count of 

5 and above per given population in gnomAD. Half of the SNPs i.e., S19P, K26R and M82I 

are positioned in the α-helix of sub-domain I at the hACE2 interface (Figure 5.2). The 

hACE2 interface region interacts with the RBM of the S RBD, where hACE2 residues 19, 26 

and 82 are involved in inter-protein interactions. K341R is positioned in sub-domain I away 

from the interface region. The other SNPs; N546D and D597Q are located in sub-domain II 

region of the protein, where D546D forms part of the hinge axis between the two sub-domain 

clefts. All the SNPs are distal to the active site and zinc binding region however, position 546 

has been previously identified as a glycosylation spot [414]. Furthermore, all the hACE2 

SNPs within the scope of this study involved similar physicochemical residue substitutions, 

meaning that the residue properties in the protein were maintained. 

For the RBD, the same Omicron BA.4 sub-lineage RBD mutations investigated in chapter 4 

were retrieved from GISAID [157]. Here, the BA.4 and BA.5 mutation search yielded the 

same 17 RBD mutations i.e., G339D, S371F, S373P, S375F, T376A, D405N, R408S, 

K417N, N440K, L452R, S477N, T478K, E484A, F486V, Q498R, N501Y and Y505H [201, 

477, 478]. The L452R and F486V mutations are unique to BA.4 when compared to BA.2 

Omicron sub-lineage. As discussed in chapter 4, both L452R and F486V are linked to 

neutralizing antibody escape [485].  

For the rest of this chapter, the BA.4 RBD-WT hACE2 (reference) system will be referred to 

as WThACE2 whereas, BA.4 RBD-S19P hACE2 as S19P, BA.4 RBD-K26R hACE2 as 



 

170 
 

K26R, BA.4 RBD-M82I hACE2 as M82I, BA.4 RBD-K341R hACE2 as K341R, BA.4 

RBD-N546D hACE2 as N546D and BA.4 RBD-D597Q as D597Q. 

 
Figure 5. 2: Cartoon representation of the RBD-hACE2 complex showing the distribution of 

the Omicron BA.4 RBD mutations (firebrick spheres) and hACE2 SNPs (firebrick sticks). 

The subplots highlight the hACE2 mutated residue interactions within 3 Å. H-bonds, Pi-Pi 

stacking interactions and salt bridges are shown in yellow, blue and purple, respectively. 
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5.4.2 Global Effects of BA.4 RBD and hACE2 SNPs on RBD-hACE2 Dynamics 

To assess the global mutation effect, trajectories from the MD runs were analyzed using 

RMSD, RMSF and Rg. For the reference system (WThACE2), duplicate MD runs were 

computed to check for reproducibility. RMSD line plots of the duplicate WThACE2 runs 

showed strong agreement between the reference structures with an RMSD range of 0.1 Å 

between them (Figure S25A). Furthermore, comparative RMSD line plots of the WThACE2 

(run 1) and hACE2-SNP bearing systems indicated that the WThACE2 system converged 

within the 400 ns simulation (Figure S25B). The mutational effects on individual protein 

dynamics were investigated through per system RMSD calculations i.e., RBD and hACE2 

separately. Here, the RBD RMSD violin plots showed similar RMSD distribution for the 

duplicate reference system runs where, two closely related conformations (based on data 

distribution) were sampled in each run (Figure 5.3A). For S19P, M82I, K341R, N546D and 

D597Q the RBD RMSD distribution comprised of one main conformation and other small 

ones attributed to pre-equilibration dynamics.  

In the case of the hACE2, all the systems explored a unimodal RMSD distribution with the 

exception of M82I where at least two main conformations were sampled throughout the MD 

simulation. 

Furthermore, RMSF calculations showed trivial differences in residue flexibility between the 

WThACE2 and hACE2 SNP bearing systems for both the RBD and hACE2 proteins. The 

implication of this being that the phytochemically similar hACE2 polymorphisms do not 

dramatically change the complex global dynamics (Figure 5.3C and D). Rg analysis also 

showed minimal differences between the WThACE2 and hACE2 polymorphs in both the 

RBD and hACE2 proteins (Figure S25C and D).  
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Figure 5. 3: A and B show violin plots of the RMSD distribution in the RBD and hACE2 systems, respectively. The WThACE2 is in green and 

hACE2 systems in orange. The duplicate WThACE2 runs are labelled. RMSD violin plots are arranged in ascending order of median RMSD. C 

and D show the comparative RMSF line plots between the WThACE2 (green) and hACE2 systems (orange) for the RBD and hACE2 

respectively. SNP positions in the RMSF plots are indicated with red markers in both proteins. 
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5.4.3 RBD-hACE2 DRN Analysis 

In chapter 4, we introduced protein network analysis of the RBD-hACE2 complex using 

graph theory principles as applied through DRN analysis. The approach characterized the 

relationship between the S RBD and hACE2 proteins through, BC, CC, DC and EC analysis. 

BC analysis particularly showed two high centrality residue paths bridging the RBD and 

hACE2 proteins through which we hypothesize fast and efficient communication occurs.  

The same principles were applied in this chapter while trying to decipher the effects of the 

hACE2 polymorphisms on the RBD-hACE2 communication patterns in the presence of 

Omicron BA.4/5 RBD mutations. Here, two approaches were followed for DRN analysis i.e., 

the local/per protein system analysis and the global/ensemble centrality analysis. 

The local/individual protein system DRN analysis focused on individual protein centrality 

distribution. Even though the global DRN approach was informative as proven in chapter 4, 

the high centrality cut-off value is dictated by the ensemble centrality which in some cases 

excludes some system-specific high centrality residues. To account for this, the top 5% 

(RBD) and 4% (hACE2) high centrality residues were determined for each individual system 

separately. This approach further highlighted the inter-system differences in centrality. 

For the global perspective, the same approach as in chapter 4 was employed, where the 

ensemble top 5% centrality cut-off was used for the RBD, and 4% for the hACE2 ensemble 

based on the protein sizes. Heat map representation of the data aided in the inter-protein 

centrality comparability. 
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5.4.3.1 Local/per System DRN Analysis 

5.4.3.1.1 Betweenness Centrality 

WThACE2 duplicate runs from MD simulations were both subjected to DRN BC analysis as 

a measure of reproducibility. Subsequently, the WThACE2 runs had similar BC distribution 

as shown in Figure 5.4A. Furthermore, system specific BC analysis for the RBD and hACE2 

proteins showed similar centrality distribution patterns across the systems i.e., the WThACE2 

and hACE2 polymorphs. In the RBD, residues 396-409, 452-457 and 494-513 had high 

centrality values compared to other residues across the systems (Figure 5.4A). These 

residues make up part of the RBD core (β3 and β7 strands) and the RBM at the RBD 

interface. Existing literature suggests that the stability of protein structures is dependent on 

residue organization at the core [547–550]. Evidently, the Omicron RBD core was averse to 

mutations as none of the 17 BA.4/5 RBD mutations occurred at the protein core. On the other 

hand, the less hydrophobic interface region is prone to residue variation through mutations. 

Interestingly, the RBD regions with the lowest BC i.e., positions 355-390 and 465-480 were 

mutation hot spots with at least six Omicron BA.4/5 RBD mutations (S371F, S373P, S375F, 

T376A, S477N and T478K). The high centrality observed at the RBD core highlights its 

importance in the S protein functionality.  

Interestingly, the RBD heat map representation of the individual system high centrality 

residues (top 5%), Figure 5.4B, identified interface residues, Leu455, His505, Gln506 and 

Tyr508 with high centrality across all RBD systems. These residues are part of the RBD-

hACE2 interface interactions which are further discussed in section 5.4.4. Furthermore, 

residue Gln506 had highest centrality of all the residues across the systems. Gln506 is 

positioned at the terminal end of the RBM, where it forms H-bonds with Asn437, Gly404, 

Gly502 and Val503. Gln506 also connects the RBM to the β7 strand. The other residue of 

interest was Tyr501 which had high centrality in all systems except S19P. As seen from 
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chapter 4, the N501Y mutation resulted in a gain in centrality for the Omicron sub-lineages 

compared to the WT. Here, Tyr501 maintained high centrality values in the WThACE2 

however, the presence of hACE2 polymorphisms significantly curtailed the residue centrality 

especially in S19P. Chapter 4 also discussed the importance of the N501Y mutation 

especially in strengthening the RBD-hACE2 interactions, an effect that seems to be affected 

by hACE2 polymorphisms. The lowest centrality value was observed at the loop residue 

Gly526 in K341R. 

Like in the RBD, the hACE2 BC distribution followed a similar pattern defined by specific 

regions of high centrality viz: 23-26, 72-135, 177-210, 347-364, 371-423, 436-468 and 509-

527 (Figure 5.5A). The top 4% centrality classification identified Asp355, Phe356, Ile379, 

Arg518 and Thr519 with high BC values across all hACE2 systems (Figure S26). It is 

evident from residue mapping that the hACE2 core, consisting of interconnected α-helices, is 

important for the carboxypeptidase activity of the protein (Figure 5.5B). Additionally, the 

high centrality hACE2 regions also makeup the highly specific receptor binding cavity. 

WThACE2 interface residue Phe356 had the highest BC value in the hACE2 systems. This 

residue is implicated in RBD interaction [205] and binding of hACE2 inhibitors [551, 552]. 
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Figure 5. 4: A shows RBD BC distribution in individual protein system. Regions with high centrality are highlighted with blue boxes. Residue 

numbers are on the x-axis. The high centrality regions are colored in blue on the RBD structure in B. The BA.4/5 mutation positions are shown 

as firebrick spheres. The heat map in C shows system specific high centrality residues (annotated with centrality values).  
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Figure 5. 5: Bar plots of the hACE2 system specific BC distribution are shown in A. Residues with high centrality as per top 4% are highlighted 

with blue boxes. The x and y-axes show the residue number and centrality values, respectively. B is the cartoon representation of the hACE2 

protein marking the high centrality regions in blue.  
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5.4.3.1.2 Eigenvector centrality 

Like in BC, the WThACE2 duplicate runs had similar EC distribution characterized by a few 

residue differences attributed to molecular dynamics.  

Despite a fairly stable RBD as seen from the RMSF analysis (section 5.4.2), eigenvector 

centrality was not uniformly distributed across the mutant systems as observed in BC. In the 

WThACE2 and M82I, the high centrality regions were noted at positions 493-514. In S19P, 

K26R, and N546D the high EC regions were at positions 434-456 and 493-514. Finally, the 

D597Q high EC regions included regions 398-412, 434-456 and 493-514.  

The hACE2 SNPs also had varying effects on the EC distribution in the RBD characterized 

by more regions with high centrality compared to the WThACE2 system (Figure S27A). All 

systems had high centrality values for RBD residues 493-514 which makes up part of the 

RBM extending to the β7 strand at the protein core. The high BC and EC values of the RBD 

core highlight its importance in S protein. Individually, all the systems had high centrality for 

residues 501-506 based on the top 5% cut-off except for S19P (Figure S27C). This region 

contains key RBD interface residues, Tyr501 and His505, that are involved in RBD binding 

to the hACE2. 

A fairly similar EC distribution as seen in the RBD was observed across the hACE2 systems 

where the high EC was limited to specific regions i.e., the zinc binding domain region and the 

protein core i.e., 309-323, 367-386, 395-414, 511-536 and 546-589. Generally, EC ranged 

from 0 to 0.212 where, residues Gly377, Ala403, Val404, Gly405, Glu406, Ile407, Met408, 

Ser409 Arg518, Tyr521, Gln522, Phe525, Gln526, Leu529 and Ala550 maintained high 

centrality across all the hACE2 systems (Figure S28). These residues make up the α-helical 

structures at the base of the groove cavity encompassing the active site. Active site and 
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surrounding areas are expected to have high centrality values based on their importance in the 

protein.  

5.4.3.1.2 Closeness centrality and Degree of centrality  

CC was closely distributed within both the RBD and hACE2 proteins with a centrality range 

of 0.064-0.125 and 0.072-0.134 in the RBD and hACE2 systems, respectively. Structurally 

this means that both protein structures maintained a very tight folding degree across the 

systems. This was earlier shown by the degree of gyration (section 5.4.2, Figure S25D). 

Similarly, the range between the highest and lowest DC was trivial in both the RBD (range: 

0.003-0.013) and hACE2 (range: 0.002-0.013), Figure S29. 

5.4.3.2 Global DRN Analysis 

As discussed in chapter 4, the global DRN analysis is highly effective at identification of key 

functional residues and also for inter-system comparability. Based on the similarity of DRN 

centrality distribution between the WThACE2 runs, the global analysis proceeded with one 

WThACE2 run.  

5.4.3.2.1 The hACE2 Polymorphs Maintained High BC Paths Between the RBD and hACE2 

The RBD global top 5% centrality analysis identified both unique and shared hubs between 

the WThACE2 and the hACE2 variant systems. Interestingly, the gains and losses in 

centrality between the systems weren’t significant. The total number of hubs per system 

ranged from nine to eleven i.e., WThACE2: 9 hubs, S19P: 11, K26R: 9, M82I: 10, K341R: 9, 

N546D: 10 and D597Q: 10. The heat map representation, Figure 5.6 (averaged BC), 

identified residues Tyr501, His505, Gln506 and Tyr508 as the persistent hubs in the RBD 

ensemble. Tyr501, His505 and Gln506 are located in the RBM at the protein interface where 

they interact with the hACE2 receptor [414, 517–519, 553, 554]. Even though Tyr501 was a 
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persistent hub under the global DRN analysis, local centrality analysis (section 5.4.3.1.2) 

showed a reduction in centrality at this residue position in the hACE2 polymorphs especially 

S19P compared to the WThACE2 system. Given its importance in RBD binding, the loss of 

centrality can be attributed to the hACE2 SNPs.  

Interestingly, both the WThACE2 here and in chapter 4 (BA.4) maintained His505, Val506, 

Tyr508 and Val510 as BC hubs. The other BC hubs in WThACE2 included Gly404, Asn437, 

Gln493, Tyr501 and Gly504. These residues are positioned at the RBD interface and are 

involved in inter-protein interactions as previously discussed. A couple of BC hubs were 

exclusive to the mutant systems viz: Ile402 (M82I, N546D and D597Q), Arg403 (S19P, 

M82I, K341R and D597Q) and Leu455 (S19P, K26R, M82I, K341R, N546D and D597Q). 

Some of these residues are involved in hACE2 interactions i.e., the side chains of Arg403 

extend towards hACE2 where they form salt bridges and H-bonds with Glu37 of hACE2, 

respectively. Similarly, Leu455 interacts with Asp30, Lys31 and His34 of hACE2. The 

centrality in the variants implies increased usage in these systems rather than the WThACE2. 

Residues Asp355, Phe356, Ile379, Arg518, and Thr519 were identified as BC persistent hubs 

in the hACE2 systems based on the global top 4% centrality analysis (Figure 5.6). Asp355 is 

positioned at the hACE2 interface where is interacts with Asn501 from the RBD. 

Structurally, Phe356 is located at the hACE2 substrate binding pocket where it is known to 

coordinate natural flavonoids with hACE2 inhibitory characteristics [551], and the prodrug 

Alacepril [552]. Similarly, Ile379 and Arg518 located at the hACE2 substate binding cleft 

bind verteporfin and isovitexin which have potential inhibitory activity on SARS-CoV-2 

[555, 556]. The identification of active site and protein binding residues that are important in 

the protein function using this approach further validates the effectiveness of the DRN 

analysis approach in addition to identifying novel residues with no documented protein 

functionality yet.  
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Like in the RBD, there were slight differences in hubs between the WThACE2 and hACE2 

variant systems. The WThACE2 had 18 hACE2 BC hubs whereas S19P: 28 hubs, K26R: 23, 

N82I: 22, K341R: 24, N546D: 26 and D597Q: 26. Collectively, S19P had the most BC hubs 

and the WThACE2 the least viz: (RBD 11 + hACE2 28 = 39) > D597Q (10 + 26 = 36) > 

N546D (10 + 26 = 36) > K341R (9 + 24 = 33) > K26R (9 + 23 = 32) > M82I (10 + 22 = 32) 

> WThACE2 (9 + 18 = 27). 

Furthermore, the allosteric paths formed by BC hubs connecting the RBD core to the hACE2 

substrate binding pocket, formerly identified in chapter 4 (section 4.4.5.1), were generally 

maintained even in the presence of hACE2 polymorphisms. In the WThACE2, the main path, 

Path I, also consisted of the five highest centrality residues in each protein connecting the 

RBD core to the hACE2 sub-domain I. These included RBD residues Tyr501 (persistent 

hub), Gly504, His505 (persistent hub), Gln506 (persistent hub) and Tyr508 (persistent hub); 

and hACE2 residues, Phe356 (persistent hub), His378, Ile379 (persistent hub), Arg518 

(persistent hub) and Thr519 (persistent hub) (Figure 5.7). Nominal differences in the 

distribution of BC hubs at the interface were noted between the WThACE2 and hACE2 

variant and these mainly involved the interface residues. 

Although the observed differences were subtle, a discernible distinction in the mean BC of 

path hubs emerged between the hACE2 variant systems and the WThACE2 systems, 

encompassing both the RBD and hACE2 proteins. For the RBD mean hub centrality, the 

values were as follows: WThACE2: 0.054, S19P: 0.052, K26R: 0.052, M82I: 0.053, K641R: 

0.052, N546D: 0.050, and D597Q: 0.048. Similarly, the mean hub centrality values for 

hACE2 were: WThACE2: 0.061, S19P: 0.052, K26R: 0.058, M82I: 0.055, K341R: 0.053, 

N546D: 0.051, and D597Q: 0.057. 
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Figure 5. 6: A and B show the heat maps of the top 5% and 4% high centrality residues (hubs) across all the RBD and hACE2 proteins, 

respectively. The x and y-axes represent the residue numbers and protein systems, respectively. The color scale from white to dark red illustrated 

the degree of centrality. 
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Figure 5. 7: Cartoon representation of the RBD-hACE2 complexes showing the distribution of the BC hubs. The RBD is shown in grey while 

the hACE2 sub-domain I and II in blue and yellow, respectively. WThACE2 hubs are shown as grey (RBD) and blue (hACE2) spheres, whereas 

the RBD mutations as firebrick spheres. Hubs unique to the hACE2 polymorphs are shown as salmon (RBD) and cyan (hACE2) spheres. SNP 

positions in the hACE2 are shown as olive spheres while the gained and lost variant interface hubs are annotated with + and - symbols.  
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The current scientific body of research on the effects of the hACE2 S19P SNP on RBD 

binding to hACE2 is contradictory with some researchers like Suryamohan et al., 2021 [207] 

and Hu et al., 2022 [213] suggesting that the SNP favours binding of the wildtype SARS-

CoV-2. However, other research shows that the interface SNP reduces the hACE2 affinity for 

S protein characterized by high binding energies in S19P hACE2 [557, 558]. Here, BC 

analysis showed a reinforcement of the main BC Path I that connects the RBD to the hACE2 

in S19P characterized by hub residue gains at positions Tyr453 (RBD), Lys455 (RBD), His34 

(hACE2), Arg38 (hACE2) and Lys353 (hACE2). These residues are strategically positioned 

at the interface region to facilitate inter-protein interactions. Another important observation 

was the loss of BC for all of the zinc coordinating and chloride coordinating residues in S19P 

except for Lys481 (Table 5.1). Zinc is a critical cofactor in the metalloprotein activity as it 

facilitates substrate hydrolysis [559]. From this analysis, it is possible that the S19P SNP 

influences the interaction between the hACE2 and S RBD and might even affect hACE2 

functionality. The extent to which S19P polymorphism affects RBD-hACE2 interaction is 

further analyzed under section 5.4.4. 

Table 5.1: BC values for hACE2 zinc and chloride coordinating residues per system. The ↑ 

and ↓ arrows show the gain and loss in centrality, respectively compared to WThACE2 

system. 

Residue WThACE2 S19P K26R M82I K341R N546D D597Q 

Arg169 (Cl) 0.009 0.009  0.010 ↑  0.008 ↓ 0.010 ↑ 0.014 ↑ 0.014 ↑ 

His374 (Zn) 0.020 0.015 ↓ 0.019 ↓ 0.016 ↓ 0.020  0.014 ↓ 0.018 ↓ 

His378 (Zn) 0.086 0.032 ↓  0.072 ↓ 0.063 ↓ 0.078 ↓ 0.034 ↓ 0.051 ↓ 

Glu402 (Zn) 0.049 0.025 ↓ 0.067 ↑ 0.021 ↓ 0.041 ↓ 0.027 ↓ 0.029 ↓ 

Trp447 (Cl) 0.023 0.018 ↓ 0.019 ↓ 0.017 ↓ 0.021 ↓ 0.019 ↓ 0.018 ↓ 

Lys481 (Cl) 0.009 0.012 ↑ 0.014 ↑ 0.015 ↑ 0.014 ↑ 0.010 ↑ 0.013 ↑ 
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For the K26R polymorph, the zinc and chloride coordinating residues had higher BC 

compared to S19P and WThACE2 for some residues (Table 5.1). Furthermore, previous 

research has shown that the K26R mutation results in a higher receptor affinity for the RBD 

compared to the WT hACE2 [208, 560]. Mapping of the K26R BC hubs revealed both gains 

and losses in residue centrality at the interface compared to WThACE2 viz: the RBD lost 

Tyr453 and gained Lys455, whereas hACE2 gained His34 and Arg393 as hubs. Of these 

residues Tyr453 forms polar contacts with His34 of the hACE2; Lys455 forms van der Waals 

interactions with Asp30 of the hACE2, and His34 of the hACE2 forms polar contacts with 

the side of chains of Tyr453 and Leu455. Arg393 forms contact interactions with His505 of 

the RBD. The high centrality at these positions suggests favorable RBD-hACE2 interactions 

in the variants. 

In the M82I system, BC hub gains were for interface residues Lys455 (RBD) and Asp30 

(hACE2). A reduction in centrality for the RBM residues Tyr501, Gln506 and Tyr508 was 

noted in comparison to the WThACE2. Literature shows that the hACE2 M82I 

polymorphism disrupts receptor interaction with S RBD at the interface [210], and previous 

docking studies have showed a reduced affinity for S RBD compared to the WT hACE2 

[206]. Like in the WThACE2, S19P and K26R the highest centrality residues in M82I linked 

the RBD core to the hACE2 zinc domain.  

The other variants, K341R, N546D and D597Q all registered gains and losses in BC at the 

interface region. Despite being distal to the active site region, these variants also showed a 

general reduction in BC for the zinc and chloride coordinating residues compared to the 

WThACE2. In contrast, the chloride coordinating residues, Arg169 and Lys481 had high 

centrality in all systems compared to the WThACE2. It is likely that the hACE2 

polymorphisms have allosteric effects on the protease centrality distribution especially at the 

active site. 
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5.4.3.2.2 The hACE2 Polymorphs had more Interface CC hubs Compared to WThACE2 

Residues with high CC values act as information dissemination points and are usually 

clustered at the protein interface or core. The RBD global CC analysis showed a rather scarce 

distribution of hubs at the RBD core and interface (Figure 5.6). Residues Tyr501 and His505 

were the only persistent hubs in the RBD. Other high centrality residues included interface 

residues Leu455 and Val510, of which Leu455 participates in inter-protein communication 

[414, 561].  

Compared to the WThACE2, S19P experienced the most significant loss of CC at the RBD 

interface involving residues Gln498, Thr500 and Gly502 (Figure 5.8). The loss of CC hubs 

at the interface disrupts communication between proteins through reduction of the 

information dissemination points (CC hubs). In the chapter 4 we showed a relationship 

between the frequency of CC hubs at the interface and the closeness of interaction between 

the RBD and hACE2 proteins. Similarly, the RBD-hACE2 inter-protein COM distance 

results further emphasized this relationship. For instance, the S19P system with the least 

number of CC hubs at the interface had the highest interaction distance between the RBD and 

hACE2 as per COM distance measurement (Figure 5.8). In contrast, systems with a high CC 

hub concentration at the complex interface i.e., K341R, K26R and M82I, had closer inter-

protein interaction compared to the WThACE (Figure 5.8). The global top 5% analysis 

meant that K341R and K26R had the most RBD CC hubs viz: K341R: 13 hubs, K26R: 13, 

D597Q: 12, M82I: 11, WThACE2: 8, N546D: 7 and lastly S19P with 4 hubs. 

In comparison to the WThACE2, there was an increase of CC hubs in the hACE2 systems 

especially at the protein core encompassing the active site domain in all hACE2 polymorphs 

except S19P. The high centrality residues included the zinc coordinating residue Glu402. The 

hACE2 persistent CC hubs included, Tyr381, Gly395, Gly399, Phe400, Glu402, Ala403, 
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Val404 and Arg518, some of which were among the top five high centrality residues in the 

hACE2 i.e., Gly399, Glu402 and Ala403. Structurally, the hACE2 CC hubs were positioned 

at the hACE2 active site cleft and substrate binding site where they are involved in both zinc 

and substrate coordination [498]. 
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Figure 5. 8: RBD-hACE2 structures showing CC hub distribution per global 5% and 4% in the RBD (grey) and hACE2 (sub-domain I: blue, 

sub-domain II: yellow) systems, respectively. WThACE2 hubs are shown as grey (RBD) and blue (hACE2) spheres. Hubs unique to the to the 

mutant systems are in salmon (RBD) and cyan (hACE2) sphere colors. Each subplot is annotated with interface hub gains and losses marked as 

+ and -, respectively. The subplots also show the RBD-hACE2 inter-protein COM distance for the variants (yellow) compared to the WThACE2 

(green).  
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The high closeness centrality at the substrate site implies a closely bound network of 

substrate/active pocket residues in the hACE2 polymorphs compared to the WThACE2 

system, which influences protein activity. Collectively K341R had the highest number of CC 

hubs whereas, S19P had the least i.e., K341R (RBD: 13 + hACE2: 33 = 46) > K26R (13 + 29 

= 42) > M82I (11 + 29 = 40) > D597Q (12 + 21 = 33) > N546D (7 + 24 = 31) > WThACE2 

(9 + 23 = 30) > S19P (4 + 9 = 13). Evidently, some the hACE2 polymorphisms i.e., K341R, 

K26R and S19P seem to have more pronounced effects on the RBD-hACE2 behavior 

compared to the rest. 

5.4.3.2.3 The hACE2 Zinc Binding Domain Harbored Most EC hubs 

As earlier noted in the local DRN analysis (section 5.4.3.1.2), the global EC hub distribution 

wasn’t consistent across all the RBD systems. No RBD EC persistent hubs were identified 

from the global top 5% centrality analysis (Figure 5.6). Interestingly, D579Q had the highest 

number of EC hubs in the RBD viz: WThACE2: 3 hubs, S19P: 4, K26R: 9, M82I: 0, K341R: 

14, N546D: 9 and D597Q: 29. Even in the absence of persistent hubs, residue Gly502 and 

Gly504 had hub status in at least five of the seven systems. These interface residues are part 

of the RBM that connects the RBD to hACE2. EC hubs in the RBD were mainly 

concentrated at the interface region, where they are involved in the inter-protein interaction 

(Figure 5.9). 

Unlike the RBD, the hACE2 had a uniform distribution of EC hubs across the protein 

systems with majority if the hubs confined at the zinc and substrate/active site (Figure 5.9). 

The persistent hubs included, Gly377, Val403-Gln409, Arg518, Tyr521, Gln522, Phe525, 

Gln526, Leu529 and Ala550. These persistent hubs also included some of the top five high 

centrality residues i.e., Val403, Gly405, Gln522 and Phe525 in majority of the hACE2 

polymorph systems. Collectively these residues made up part the of the α-helix region at the 
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base of the hACE2 receptor binding cleft and part of the substrate binding site. Furthermore, 

residue Arg518 binds bioactive compounds in the hACE2 active site [562] whereas, Gln522 

coordinates Hesperidin which has SARS-CoV-2 inhibiting potential [563]. Generally, all the 

hACE2 variant systems had more hACE2 EC hubs compared to the WThACE2 i.e., D597Q 

(RBD 29 + hACE2 21 = 50) > K341R (14 + 24 = 38) > K26R (9 + 27 = 36) > N546D (9 + 25 

= 34) > M82I (0 + 26 = 26) > WThACE2 (3 + 24 = 27) > S19P (4 + 20 = 24). The hubs 

formed a network of interactions linking the active site and zinc coordinating residues 

(Figure 5.10 and S30).  

RMSD, RMSF and Rg analysis of the hACE2 EC hubs informed on the relationship between 

EC and residue dynamics. For most hACE2 variant systems, the EC hub residues experienced 

less residue fluctuation compared to the WThACE2 (Figure S31A). Furthermore, the RMSD 

and Rg analysis showed an all-round stable zinc and substrate domain especially in K26R 

(Figure S31 B, C). It is evident that stable protein regions are associated with high EC 

values. 

Furthermore, the differences in the hACE2 EC hub distribution and behaviour at the zinc 

binding site between the WThACE2 and hACE2 SNPs highlights the effect of the naturally 

occurring hACE2 SNPs on protein communication and network patterns. The high centrality 

at these regions could imply more efficient protein activity, this based on studies linking 

RBD binding to increased carboxypeptidase activity [497]. 
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Figure 5. 9: RBD-hACE2 structures showing the distribution of the EC hubs. The RBD is shown in grey color while the hACE2 sub-domain I 

and II in blue and yellow, respectively. WThACE2 hubs are shown as grey (RBD) and blue (hACE2) spheres, whereas the RBD mutations as 

firebrick. Hubs unique to the hACE2 SNPs are shown as boron spheres (RBD) and cyan spheres (hACE2). SNP positions in the hACE2 are 

shown as olive spheres while the gained and lost variant interface hubs annotated with + and - symbols. 
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Figure 5. 10: Zoomed in view of the EC distribution in the hACE2 systems. In each subplot, hubs common in both the WThACE2 and hACE2 

variant systems are shown as blue spheres and those unique to the hACE2 variants as cyan spheres. The zinc ion is shown as an orange sphere 

and the coordinating residues with hub status annotated. Each subplot contains a network graph generated with NetworkX showing hub 

interaction. The node color corresponds to the to the degree of centrality with dark green indicating high EC and light green low EC. 
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5.4.3.2.4 Degree of Centrality  

There were nominal differences in the RBD and hACE2 DC hub distribution in the 

WThACE2 and hACE2 variant systems. However, only Gly431 and Tyr508 had persistent 

hub status in the RBD across all systems (Figure 5.6). Structurally both residues are 

positioned at the RBD interface, where Gly431 binds remdesivir and natural compounds with 

SARS-CoV-2 inhibiting activity [506, 564]. Tyr508 binds inhibitors and RBD neutralizing 

antibodies [506].  

The hACE2 system had more persistent hubs than the RBD viz: Ala25, Ile88, Val93, Leu97, 

Cys261, Ile407, Arg518 and Ala550. Some of these residues are at the hACE2 interface 

where they facilitate RBD binding i.e., Ala550 which stabilizes Tyr83 in the hACE2 which in 

turn forms H-bonds with Asn487 and Tyr489 [414]. Furthermore, S19P, K26R, M82I and 

D597Q gained interface hubs at positions Tyr489 (RBD), Asp355 (hACE2), Thr27 (hACE2) 

and Tyr501 (RBD), respectively.  

Collectively, DRN analysis through BC showed the conservation of high centrality residue 

networks between the RBD and hACE2 irrespective of the presence of hACE2 

polymorphisms. However, key zinc and chloride coordinating residues in the hACE2 protein 

displayed lower centrality values compared the WThACE2 especially for S19P. EC analysis 

identified differences in centrality distribution at the zinc and substrate binding site 

consequent to the naturally occurring hACE2 polymorphisms. The high concentration of EC 

hubs at the hACE2 active site in the variants suggest a mutational influence on the 

carboxypeptidase activity of the protein. CC network analysis suggested an unfavourable 

RBD binding to the S19P hACE2 polymorph based on the reduced number of CC hubs at the 

interface which is associated with increased inter-protein interaction distance. The eventual 
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effect of increased inter-protein distance on protein interactions is further investigated 

through contact map analysis in the next section. 

5.4.4 Changes in the RBD-hACE2 Interactions Over the MD Simulation 

The contact map analysis approach previously discussed in chapter 4 was applied here to 

investigate the RBD-hACE2 interaction changes in the presence of both Omicron BA.4/5 and 

hACE2 polymorphisms. This involved the identification of RBD interface residues, and using 

the contact_map.py Python script from MDM-web server [264, 265] to determine their 

contact frequencies over the MD simulation. The changes in residue interactions between the 

WThACE2 and hACE2 variants was identified by calculating the difference between the 

WThACE2 and hACE2 system contacts (WThACE2 interface residue contact frequency – 

hACE2 variant interface residue contact frequency) and results presented as a heat map 

(Figure 5.11A). From Figure 5.11A, blue means a higher residue contact frequency in the 

hACE2 variants, whereas red means higher contact frequency in the WThACE2. 

Contact map analysis showed a general reduction in the residue contact frequencies of the 

following RBD-hACE2 residue pairs in the hACE2 variants compared to the WThACE2 i.e., 

Ala475-Ser19, Arg498-Tyr41, Thr500-Asn330 (except K26R), Thr500-Leu351, Val503-

Thr324 (except K26R), Val503-Phe327, Val503-Gly354 (except K26R and N546D), Val503-

Phe356, Val503-Met383 (except K26R). With the exception of residue position 19, none of 

the hACE2 residues listed above have polymorphs, meaning that the observed interaction 

disparity between the hACE2 variants and the WThACE2 weas related to the RBM 

dynamics.  

On a systems level, the following RBD-hACE2 residues pairs had more contact frequency in 

S19P variant compared to the WThACE2 i.e., Leu455-Lys31, Leu455-His34, Ala475-Glu23, 
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Val486-Met82, Asn487-Gln24, Thr489-Phe28, Gln493-Glu35, Gly496-Asp38, Thr501-

Lys353 and His505-Lys353. 
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Figure 5. 11: A is a heat map showing the contact frequency differences between the RBD-hACE2 residue pairs in the WThACE2 and hACE2 

variants for each RBD-hACE2 complex. Blue means more residue contact frequency in the hACE2 variants compared the WThACE2 and red 

the reverse. Residue pair numbers are on the x-axis and protein systems on the y-axis. B shows bipartite network graphs of the RBD-hACE2 

interactions. RBD and hACE2 residues are shown as blue and orange nodes, respectively. The edge thickness corresponds to the contact 

frequency.
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Additionally, proline in the S19P SNP had a 1.7-fold and 12-fold increase in contact 

frequency with Gly476 and Asn477, respectively, compared to the serine in WThACE2 

(Gly476-Pro19: 00.977, Gly476-Ser19: 0.059; Asn477-Pro19: 0.485, Asn477-Ser19: 0.04). 

Besides the mentioned gains, significant loses of RBD-hACE2 interactions were noted in 

S19P compared to the reference i.e., Thr27 of hACE2 had a 1.39-fold reduction in interaction 

with Phe456 of the RBD. Similarly, Asp355 of the hACE2 had 1.6-fold reduction in 

interaction with Tyr501 of the RBD. Additionally, the RBD-hACE2 network bipartite graphs 

(Figure 5.11B) showed that S19P had significantly less inter-protein (RBD-hACE2) 

interactions/contacts (58) compared to the WThACE2 (92) over the MD simulation. 

Structurally, the proline amino acid residue substituted for the serine is more hydrophobic as 

it is usually buried inside the protein structures. Its presence at the interface would imply less 

interactions. Furthermore, its unique cyclic property restricts its flexibility and interactions 

compared to the WT serine amino acid which is polar, hydrophilic and the hydroxyl group in 

serine's side chain allows it to participate in hydrogen bonding, contributing to protein 

stability and interactions. These unique amino acid properties could explain the observed 

differences in interactions between S19P complex and WThACE2 complex. More 

interestingly, network analysis metrics like CC which inform on residue proximity to other 

residues are able to pick up these residue level changes which are portrayed in the centrality 

distribution. The less CC hubs at the interface in the S19P systems compared to the 

WThACE2 hints on increased RBD-hACE2 interaction distance and hence less inter-protein 

interactions. In a biophysical study by Suryamohan and colleagues [207], they showed that 

S19P only had marginal increase in affinity to the SARS-CoV-2 S protein and that K26R had 

marked increase in affinity to the S protein. It is important to note that molecular interaction 

is a complex mechanism influenced by many factors, furthermore, the study by Suryamohan 
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et al [207] used the WT S protein unlike here where the BA.4 RBD was used with an array of 

17 mutations contributing to the factors affecting RBD-hACE2 interactions.  

The K26R SNP at the hACE2 interface resulted in a 1.5-fold gain in the Arg26 (hACE2)-

Phe456 (RBD) interaction compared to the WThACE2. Further gains in the RBD-hACE2 

interactions were noted for the following K26R residue pairs i.e., Lys455-Asp30, Leu455-

Lys31, Leu455-His34, Ag498-Leu351, Arg498-Gly354, Thr500-Gly326, Thr500-Glu329, 

Tyr501-Gly326, His505-Ala386, His505-Ala387 and Val503-Ala386. Besides the gains in 

contact frequency, the total number of K26R inter-protein interactions were 87 compared to 

the 92 in WThACE2. Even though more contacts were observed in the reference system, the 

hACE2 K26R polymorphism seems to favor RBD binding compared S19P, M82I and 

N546D. The arginine residue at position 26 in the hACE2 polymorph typically forms more 

interactions due to its guanidinium group, which provides it with a greater positive charge 

and multiple hydrogen bonding sites compared to lysine. This enhanced charge and structural 

arrangement make arginine particularly effective at forming interactions with negatively 

charged molecules and other polar entities. Arginine's guanidinium group contains three 

nitrogen atoms, allowing it to potentially form multiple hydrogen bonds with various 

partners. This property enables arginine to engage in diverse interactions, such as salt bridges, 

hydrogen bonds, and electrostatic interactions [565, 566]. These changes in atomic 

interactions possibly influence RBD-hACE2 interactions at the interface as depicted from the 

network analysis metrics. 

Like in K26R, the M82I hACE2 SNP also resulted in a 5.11-fold and 6-fold increase in 

interactions with Asn477 and Gly498, respectively (Figure 5.11). Even though less 

interactions were noted between the RBD and hACE2 proteins in M82I (71) compared to the 

WThACE2 (92), distinct gains in M82I complex interactions were noted for following RBD-

hACE2 residue pairs, Leu455-Thr27, Leu455-Asp30, Leu455-His34, Phe456-Lys26, Ala475-
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Phe28, Ala475-Leu79, Tyr501-Leu351, Tyr501-Asp355, His505-Lys353, His505-Asp355, 

Ala475Lys31, Phe456-Glu23 and Asn477-Ile82. 

Bipartite plots showed K341R as having the most RBD-hACE2 interactions, 94, of all the 

hACE2 variants under study (Figure 5.11B). This was characterized by contact gains at for 

the following RBD-hACE2 residue pairs, Leu455-Asp30, Leu455-His34, Ala484-Glu75, 

Ala484-Leu79, Val486-Phe28, Tyr501-GLy326, Tyr501-Leu351, His505-Lys353, His505-

Asp355, Asn477-Thr20 and Ala484-Gln76. Of interest here was the allosteric effect of the 

K341R SNP on the hACE2 interface interactions.  

Lastly, N546D and D597Q, located distal to the interface, had more inter-protein interactions, 

88 and 92, respectively, compared to the S19P system. Some of the gained interface 

interactions involved the following RBD-hACE2 residue pairs, Leu455-Asp30, Leu455-

Lys31, Leu455-His34, Ala475-Leu79, Ala475-Met82, Tyr501-Lys353, Tyr501- Gly354, 

His505-Lys353, His505-Gly354, Val503-Ala386 and Val503-Gln325.  

Furthermore, we determined the binding energy of the low energy structures for each system 

using the HawkDock web server [500] to get an idea of the polymorphism effect on RBD 

affinity. The K26R system had the least energy of all the systems viz: K26R (-136.69 

kcal/mol) > WThACE2 (-98.54) > K341R (-82.11) > S19P (-81.79) > M82I (-78.95) > 

D597Q (-69.75) > N546D (-69.37). 

In summary, the inter-protein interaction analysis shows that the hACE2 polymorphisms have 

variable effects on complex interactions irrespective of their location in the protein. The 

results are also in agreement with the previous research on the S19P [208, 210, 211, 557, 567, 

568] and K26R [204, 207, 208, 211, 568, 569] hACE2 polymorphisms which are associated 

with decreased and increased binding affinity of hACE2 for the S RBD, respectively.  
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5.5 Chapter Conclusion 

The global spread of the COVID-19 pandemic was characterized by intermittent waves of 

outbreaks with a disproportionate spread across different populations. In part, this was due to 

the different population densities and urbanization which goes hand in hand with community 

interconnectedness all of which facilitate disease spread. On the other hand, the genetic 

variability of the hACE2 receptor among different populations [207, 570–572], in addition to 

ACE2 expression levels [573, 574] are also predicted to influence S RBD binding and SARS-

CoV-2 infectivity.  

Chapter 5 concentrated on deciphering the effects of the naturally occurring African hACE2 

polymorphisms on the interaction between the Omicron BA.4 sub-variant RBD and the 

hACE2. To this end, the hACE2 SNPs with high allele frequency were retrieved from the 

gnomAD database i.e., S19P, K26R, M82I, K341R, N546D and D597Q. Each of these 

hACE2 polymorph structures in complex with the BA.4/5 RBD were modeled and subjected 

to 400 ns MD simulations.  

Trajectory analysis highlighted how the phytochemically similar hACE2 polymorphisms 

have minimal effects on the hACE2 dynamics compared to the RBD. This was further 

supported by the Rg and RMSF analysis that showed minimal differences in global dynamics 

between the WThACE2 reference and hACE2 variant systems.  

Residue level analysis of the hACE2 SNP effects was completed using DRN analysis from 

the MDM webserver tools [264, 265] which applies graph theory to describe protein network 

characteristics. BC analysis showed that the phytochemically akin hACE2 polymorphisms 

maintain a network of high centrality residues linking the S RBD core to the hACE2 zinc 

binding site as previously seen in chapter 4. The zinc and substrate binding site were also 

identified as highly influential in the hACE2 variants compared to the WThACE2. This was 
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highlighted by the EC metric which identified a cluster of residues around the zinc binding 

site with high eigenvector centrality most especially in the hACE2 variant systems. We 

hypothesize that the concentration of EC hubs in the hACE2 is a compensatory mechanism in 

the variants, which in turn affects the hACE2 activity in presence of the RBD. Furthermore, 

the SNP effects on inter-protein interactions were shown by the CC analysis, where less CC 

hubs were noted at the RBD-hACE2 interface of some hACE2 variant systems compared to 

the WThACE2. The number of CC hubs at the interface is associated with the inter-protein 

interaction distance as previously shown in chapter 4. Here, the S19P variant with the least 

number of interface CC hubs had the most distant RBD-hACE2 interaction compared to the 

WThACE2. Subsequently, contact map analysis of the RBD interface residues showed the 

S19P variant as having the least number of interactions connecting the two proteins, whereas 

WThACE2 had the most inter-protein interactions. Finally, binding energy calculations also 

identified S19P as requiring more energy for RBD-hACE2 binding while K26R required the 

least energy. Furthermore, binding energy analysis also highlighted how the hACE2 SNPs 

distal to the interface region affect the hACE2 affinity for the RBD. For instance, protein 

binding energy requirements of K341R were close to that of the WThACE2 however, K341R 

had the most RBD-hACE2 interactions across all the systems implying that the K341R 

polymorphism may favor RBD binding. 

In conclusion, the naturally occurring hACE2 polymorphism having varying effects on the 

RBD-hACE2 interactions with some polymorphisms like S19P associated with decreased 

binding affinity and inter-protein interactions as alluded else where[208, 210, 211, 557, 567, 

568], whereas K26R and K341R are associated with favorable RBD-hACE2 binding [207, 

208, 558, 560, 575]. The work in this chapter further validates the network analysis approach 

used to investigate SNP effects on protein communication patterns through DRN analysis. 
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Concluding Remarks  

AMR has morphed into one of the greatest hurdles in infectious disease management which 

poses a great challenge to public health. The development of antimicrobial resistance is 

associated with longer hospitalizations, increased health-care cost and increased mortalities 

especially in low-income countries [576, 577]. A 2019 systematic review of the global AMR 

burden attributed approximately 4.95 million mortalities to AMR with at least 1.27 million 

deaths directly linked to AMR [100]. These statistics are particularly alarming since there 

hasn’t been any major discoveries of novel antimicrobial classes since the 1980s [578], let 

alone discovery of drugs active against resistant bacterial strains. Therefore, exploration and 

deciphering drug resistance mechanisms especially in SNPs remains one of most promising 

avenues of addressing AMR. 

Besides AMR, new emerging infectious diseases that are new to humans have recently 

increased in incidence and geographic range. These diseases such as COVID-19 arise from 

the introduction of new pathogens into human populations, the evolution or adaptation of 

existing pathogens, or changes in the environment that promote the transmission of infectious 

agents. One of the key features of emerging infectious diseases is their ability to mutate 

rapidly and adapt to changing conditions, which can lead to the emergence of new strains that 

are more virulent, more transmissible, or more resistant to treatment. A recent example is the 

rapidly evolving SARS-CoV-2 pathogen responsible for COVID-19. Understanding the 

mechanisms of pathogen evolution and the factors that contribute to the emergence of 

infectious diseases is critical for developing effective strategies to prevent and control these 

threats to global health. 

This work discusses the consequences of Mycobacterium tuberculosis drug resistance 

mutations in Part I of the thesis (chapters 2 and 3), and in Part II (chapters 4 and 5), the 
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effects of naturally occurring mutations in both SAR-CoV2 RBD and hACE2 on the inter-

protein interactions. The discussion is premised on the structural, dynamic and network 

changes in the target proteins based on in silico approaches including, MD simulations, 

comparative ED and DRN analysis. This piece of research adds to the scientific body on 

mutational studies and the approaches therein. 

Chapter 1 introduced AMR and its burden on global health focusing mainly on drug 

resistance in infectious diseases like Mycobacterium tuberculosis. Through literature review 

the chapter justifies the need for new studies with novel approaches of studying drug 

resistance in a bid to inform future drug design.  

The chapter also highlights the emergence of new infectious diseases consequent to the 

encroachment of wildlife habitats resulting in inter-species cross infections. This was in light 

with the outbreak of the COVID-19 infectious disease caused by SARS-CoV-2. In the case of 

new infectious pathogens, the chapter points out the need for mutational studies due to 

address the continuous evolution of SARS-CoV-2 affording it higher transmissibility and 

infectivity. Gaps in literature on mutational studies in infectious diseases are highlighted in 

this chapter together with the detailed explanation of the computational approaches employed 

in the thesis. 

Chapter 2 concentrated on TB, where we described the global and local changes associated 

with eleven resistance-conferring mutations in the KatG enzyme. Global analysis revealed 

diverse conformational sampling in the mutant systems compared to the wildtype 

characterized by asymmetric protomer behavior. Most importantly, the unstable protein 

dynamics in the mutant systems cascaded to the active site region resulting in an unstable 

heme-binding environment. Cofactor analysis highlighted the effects of the assorted active 

site motions in the mutants characterized by a reduction in the number of H-bonds and non-
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bonded interactions between heme and the mutant systems. The compromise of heme 

coordination in the mutants ultimately affects the catalase activity of the enzyme including 

isoniazid activation. Furthermore, DRN analysis identified the dimerization domain as highly 

central and influential in both information flow and dissemination based on BC and CC 

analysis. This was further emphasized by the calculated binding energy contribution of the 

dimerization domain to KatG inter-protomer interactions. Ultimately the chapter sheds light 

on how the mutation induced protein dynamics affect the conformational stability and 

network patterns around the heme environment. The work also further highlights the 

asymmetric protomer behaviour in dimeric proteins. 

Chapter 3 focused on the TB drug resistance mutations in the MtPncA enzyme responsible 

for activation of the first-line drug, PZA, to pyrazinoic acid. The 82 PZA-resistance 

mutations in MtPncA, previously investigated in [135], were analyzed in the presence of 

NAM an analogue of PZA. Global MD trajectory analysis showed that the mutations, 

particularly those around the MBS, are associated with an unstable MtPncA structure viz: 

G17D, A46V, D49A, D49G, H51Y, W68R, W68G, C72R, L85R and K96N. Furthermore, 

stability analysis using the mCSM web server identified the PZA-resistance mutations with a 

destabilizing effect on the MtPncA structure. Interestingly, MtPncA had a higher NAM 

retaining ability compared to PZA with 34 MtPncA-NAM complexes stably coordinating 

NAM compared to the 24 in MtPncA-PZA complexes. This was further shown to be a 

consequence of more interactions formed by NAM in the substrate pocket compared to PZA 

due to the absence of the extra nitrogen atom in NAM. The extra nitrogen atom in PZA is 

believed to result in a less energetically favorable MtPncA-PZA complex. Like in chapter 2, 

the DRN analysis technique identified the critical MtPncA regions at the protein core 

consisting of the active site and MBS. DRN also highlighted the implications of mutations on 

the protein signal transduction. 
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Chapter 4 focused on characterizing the effects of RBD mutations in the SARS-CoV-2 

Omicron sub-lineages, BA.1, BA.2, BA.3 and BA.4 on RBD binding to the hACE2. 

Trajectory analysis through RMSD, RMSF and DCC revealed a flexible RBM region in the 

Omicron sub-lineages which influenced both the RBD and hACE2 dynamics. BC analysis 

showed novel high centrality residue paths bridging the RBD core to the hACE2 zinc binding 

domain which were modified in the Omicron sub-lineages. Furthermore, the concentration of 

high CC hubs at the RBD-hACE2 complex interface influenced the inter-protein interaction 

distance, where higher CC hub numbers were associated with closer protein-protein 

interaction. This was further emphasized by residue interaction analysis which identified 

pronounced RBD-hACE2 interactions in the Omicron sub-lineages compared to the wildtype. 

EC analysis also showed the effect of the RBD mutations on the hACE2 functionality. 

Chapter 5 compliments the discoveries from chapter 4 by focusing on the effects of the 

naturally occurring hACE2 polymorphisms on the receptor affinity and interaction with the S 

RBD of the Omicron BA.4/5 sub-lineage. Global trajectory analysis showed minimal changes 

in the hACE2 dynamics, and this was attributed to the preserved phytochemical properties 

within hACE2 polymorphisms. Residue level DRN analysis affirmed the maintenance of two 

BC hub communication paths between the S RBD and hACE2 as earlier observed in chapter 

4 even with the introduction of hACE2 SNPs. CC analysis highlighted the effects of hACE2 

interface SNPs viz: S19P and K26R, on the RBD-hACE2 interaction and complex formation, 

based CC distribution. This was also collaborated by interface residue contact map analysis, 

which identified S19P having significantly less inter-protein interactions compared to the 

WThACE2. Conversely, K26R had significantly more RDB-hACE2 protein-protein 

interactions and required less RBD-hACE2 binding energy compared to the WThACE2. 

Furthermore, EC analysis showed that even though the hACE2 polymorphisms are naturally 

occurring, they affect the hACE2 functionality, in relation to the BA.4 RBD, based on the 
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concentration of EC hubs around hACE2 zinc and active site. Collectively, DRN analysis 

effectively characterized the changes in RBD-hACE2 communication patterns in the presence 

of hACE2 polymorphisms. 

In summary, the thesis employs integrative in silico approaches to investigate the impacts of 

drug resistance and naturally occurring protein mutations in infectious diseases. Specifically, 

the analysis of drug resistance mutations highlights alterations in protein behavior and 

characteristics that confer the ability to tolerate or resist the effects of drugs, elucidating the 

molecular mechanisms underlying of drug-resistant strains. 

DRN analysis was the standout in silico analysis approach in the thesis as it was extensively 

used to highlight previously known and new key protein residues in the various protein 

systems discussed. Graph theory and social networks analysis techniques have provided a 

mathematical model for the study and better understanding of protein/molecular 

communication mechanisms [270, 579]. The study of dynamic protein networks through the 

combination of MD-simulations and DRN analysis [263, 264] exposes the intricate patterns 

in protein communication and how they change with protein perturbations [76, 155, 271]. 

Even though network analysis consists of a number of metrics, this thesis mainly highlights 

the importance and applicability of BC, CC, EC and DC in analysis of protein structures. The 

BC metric consistently highlighted important functional regions of the protein systems based 

on the metric values. Here, high BC values coincided with functional regions of the proteins 

(active site, substrate binding site and the protein core). High CC values were mostly 

concentrated at protein interfaces and a correlation between CC values and intra/inter-protein 

interaction distances was established in chapter 2 section 2.4.4.3.2 and chapter 4 section 

4.4.5.2. This potentially makes CC as a descriptor of molecular interaction behaviour. The 

EC and DC metric characteristics highlighted the local effects of mutations on residue 

interactions.  
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Furthermore, the mutational analysis here alluded to a negative correlation between high 

DRN metric values (especially BC) and mutation hotspots implying that protein network 

analysis has the potential to be used as a predictor of mutational hot and cold spots. It is also 

important to note that the combinatory use DRN metrics here, especially BC, CC and EC, 

provided better resolution of the wholesome protein behaviour. 

Finally, because of the dependency of DRN analysis on MD-simulations, care should be 

taken to use only representative MD trajectories and where possible an n >1 used for each 

protein system for comparative and quality control purposes, where n is the number of MD 

runs. 
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Limitations 

Molecular level changes happen over varying time scales some of which take longer than the 

nanosecond scale. This means that with longer simulations, more information can be obtained 

however, this can be limited by the availability of computational resources like computing 

power. In this work, single MD runs (n = 1) were used for most WT systems and all mutant 

systems due to the limitations on available computing resources.  

Furthermore, MD computations produce large volumes of data files requiring external and 

cluster storage which was a limiting factor on the number and length of the simulations. 

Because of this, only one run was done (using a single seed) for most system analysis. The 

MD trajectory data from these experiments was also not uploaded to any community 

repository. 

Additionally, the statistical comparison of the MD-simulation runs (using the RMSD and RG 

results) was limited by number of sample-runs for each sample (n = 1). It would have been 

ideal to have multiple runs per sample for a representative comparison. The use of one run 

per sample was a trade-off between getting as much information about the systems, meaning 

longer simulation time, and having multiple runs for each system with shorter simulation 

time. 
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Future work 

The ability of DRN analysis to consistently identify key functional residues in various protein 

systems and, the observed inverse relation between DRN centrality values (BC, CC and EC) 

and residue mutability implies that DRN analysis can be applied to mutation prediction. The 

next steps in will be using MD-simulations and data from DRN analysis to model predictors 

of mutational hot and cold spots in various protein systems. 

Furthermore, future work will involve developing better models for the inter-system DRN 

metric comparison besides hubs distribution. This would enable robust statistical comparison 

between systems.  
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Supplementary Material 

Table S 1: RMSDs of lowest energy mutant conformations compared to that of the WT 

Protein system WT - mutant RMSD (Å) 

S140N 3.118 

S140R 2.702 

G279D 2.961 

G285D 2.723 

S315I 2.388 

S315N 3.396 

S315R 2.519 

S315T 2.175 

G316D 2.646 

S457I 3.326 

G593D 2.775 
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Table S 2: Analysis of protomer A persistent hub contact fingerprint showing the new/increased and the lost/reduced interactions for every 

mutant system in comparison to the WT. neighbouring resides (non-hubs) are bold and underlined. Protomer B are shown with an Asterix 
Protein New/increased interaction Lost/reduced interaction 

S140N N44-Q36, N44-R42, V47-Q50, H49-P52, H49-P52*, H49-S620, A555-A559, L616-
P589, A621-H49, A621-A55*, E703-F129*, E703-A130* 

 N44-E31*, V47-L611, L48-M624, H49-H49*, L616-F483, L616-
R484, E703-E192*, E703-P193* 

S140R N44-G33*, N44-Q36, N44-R42, V47-G34*, V47-Q50, H49-K46, H49-K46* H49-Q50, 
A621-P52*, E703-F129*, E703-A130* 

P29-V47*, N44-N41, V47-L612, H49-S620, A555-A559, L616-
F483, A621-E703, A621-L704, 

G279D N44-R42, L45-E192*, V47-Q50, L48-Q50, L48-M164, H49-P52*, H49-A55*, H49-
A621, H49-S620, G547-L459, A621-H49, A621-P52*, A621-W191*, 

N44-P29*, N44-G33*, V7-E195, H49-H49*, H49-L46, V473-
G548, G548-V473, L616-F483, E703-A621 

G285D N44-R42, V47-Q50, H49-P52, H49-P52*, AH49-621, L616-K590, A621-H49, A621-
P52*, A621-W191*, A621-A55* 

N44-G33*, V47-L611, H49-H49*, A621-E703, A621-L704, 

S315I N44-G33*, L45-E192*, V47-Q50, H49-P52*, H49-A55*, H49-A621, G547-V544, 
A621-H49, A621-P52*, A621-W191*, E703-R42, E703-L43 

N44-E31*, V47-V30*, V47-L611, H49-H49*, A555-A559, A621-
E703, A621-L704, E703-E192*, E703-P193* 

S315N N44-Q36, N44-R42, L45-H49, V47-Q50, H49-K46, H49-K46, H49-P52, H49-P52*, 
H49-A55*, H49-V54*, H49-A621, A551-L634, A555-A559, L616-G118, A621-H49, 
A621-A55* 

N44-G33, N44-V47, L45-L43, V47-N44, H49-H49*, L616-D117, 
L616-F483, L616-G485, A621-E703, A621-L704, E703-P193* 

S315R N44-R42, N44-E192*, N44-P193*, N44-E703, L45-P52*, L45-W191*, L45-E192*, 
V47-E31*, V47-G32*, V47-Q50, H49-P52*, H49-A55*, H49-A621, G547-V554, L616-
S486, L616-D612, A621-H49, A621-P52*, A621-W191*, A621-A55*, E703-L43, 
ASN44 

N44-P21*, N44-V30*, N44-E31*, N44-G33*, N44-V47, L45-L43, 
V47-P29*, H49-H49*, H49-L45, L616-D117, L616-F483, L616-
R484, A621-E703, A621-L704 

S315T N44-Q36, N44-R42, L45-W191*, L45-E192*, L48-P52*, H49-K46, H49-P52*, H49-
A53*, H49-A614, V473-L631, G458-S475, N44-Q36, A555-A559, A621-P52*, A621-
W191* 

N44-G33*, V47-G33*, L472-V517, A621- E703, A621-L704 

G316D N44-Q36, N44-R42, L45-H49, V47-Q50, V47-D621, V47-A614, H49-L45, H49-K46, 
H49-N51*, H49-P52, H49-P193*, G548-M732, A555-A559, A621-V54*, A621-H49 

N44-E31*, N44-V47, L45-V47, L45-A621, V47-P29*, V47-N44, 
H49-H49*, V473-A636, G547-A476, L616-F483 

S457I N44-Q36, N44-R42, V47-Q50, H49-K46*, G547-L521, G547-V544, A555-A559, L616-
G118, A621-H49, A621-N51*, A621-A55*, 

N44-G33*, V47-E195, V47-L611, H49-S620, L616-F483, L616-
R484, A621-L704 

G593D N44-Q36, N44-L48, L45-H49, L45-E192*, V47-G32*, V47-G33*, V47-K46*, L48-V30*, 
L48-L43, L48-N44, H49-N51*, H49-P52, H49-A55, H49-A621, G548-V544, L616-V586, 
A621-L611, A621-A614 E703-R42, E703-L43 

N44-P29*, N44-V30*, N44-E31*, L45-L43, V47-P29*, V47-N615, 
L48-A614, L48-N615, H49-H49*, L616-F483, L616-R484, A621-
E703, E703-A706 
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Table S 3: Analysis of protomer B persistent hub contact fingerprint showing the new/increased and the lost/reduced interactions for every 

mutant system in comparison to the WT. neighbouring resides (non-hubs) are bold and underlined. Protomer A are shown with an Asterix 
Protein New/increased interaction Lost/reduced interaction 

S140N V47-Q50, H49-P52, H49-S620, H49-A621, N44-G33, L472-T468*, L616-F483*, 
L616-R484, A621-H49*, A621-A55 

L48-M624, H49-H49*, L616-G485*, A621-P52, E703-L43, E703-W191* 

S140R L45-L43, V47-G34*, L48-Q50, H49-K46, H49-K46*, H49-Q50, N44-G33, N44-Q36*, 
N44-D37*, L616-F483*, A621-A55 

H49-A621, A555-A559, N44-P29, L616-D117*, L616-R484, L616-G485*, 
E703-L43, E703-W191 

G279D L45-E192*, V47-Q50, L48-Q50, L48-L611, L48-M624, H49-P52, H49-A55, H49-S620, 
H49-A621, V473-G635, G547-K459, G547-V544, G548-F567, N44-G33, L616-R484 

 L45-L43, V47-E195, H49-K46, H49-H49*, V473-G551, G547-A475, L616-
D117*, A621-P52, E703-L43, E703-W191 

G285D V47-Q50, H49-P52*, H49-P52, H49-T618, H49-S620, H49-A621, N44-G33, L616-
F483*, L616-R484 

V47-L611, H49-H49*, L616-D117*, A621-P52, E703-W191 

S315I L45-H49, L45-W191*, L45-E192, V47-V30*, V47-Q50, H49-P52*, H49-A55*, H49-
S260, H49-A621, N44-G33, N44-N35*, L616-R484*, E703-P193* 

V47-V30*, V47-L611, H49-H49*, G547-A476, A555-A559, L472-V517*, 
L616-D117*, A621-P52, E703-L43, E703-W191 

S315N L45-H49, H49-L45, H49-K46, H49-P52, A555-A559, N44-G33, L616-G118*, A621-
H49*, A621-A55 

L45-L43, V47-N44, V47-Q50, H49-H49*, E703-L43, E703-W191 

S315R  L45-P52*, L45-W191*, L45-E192, V47-E31, V47-G32*, V47-Q50, H49-L45, H49-
P52*, H49-S620, H49-P52, H49-A55, N44-G33, N44-G33*, N44-Q36*, L616-F483*, 
L616-R484, E703-A130* 

 L45-L43, V47-P29*, V47-N44, V47-E195, V47-L611, H49-H49*, H49-A621, 
L472-V517*, L616-G485*, A621-P52, E703-L43, E703-W191 

S315T L45-E192, V47-Q50, L48-P52*, L48-M624, H49-K46, H49-P52*, A555-A559, N44-
G33*, N44-Q36*, L616-D117*, A621-H49* 

L45-L43, L45-E192*, V47-G33*, V47-E195, V47-L611, L472-V517*, L616-
G485*, A621-P52, E703-L43, E703-W191* 

G316D L45-V47, L45-H49, V47-Q50, V47-D612, V47-A614, H49-L45, H49-K46, H49-N51*, 
H49-P52, H49-P193*, V473-G635, G548-M732, N44-G33*, N44-L48*, N44-E195*, 
L616-R484*, A621-H49*, E703-L48  

 L45-A621, V47-P29*, V47-N44, V47-E195, L48-L619, H49-H49*, H49-S620, 
G547-A476, L616-D117*, A621-L45*, E703-W191, E703-E192, E703-A706 

S457I V47-Q50, L48-K46, H49-K46, H49-K46*, G547-V544, A555-A559, N44-G33*, N44-
G34, L616-G118*, L616-R484, E703-D42 

L45-E192*, V47-E195, V47-L611, H49-L45, H49-A624, N44-Q36*, L472-
V517*, L616-D117*, L616-G485*, E703-F129*, E703-W191* 

G593D L45-V47, L45-H49, V47-L45, V47-Q50, V47-D612, V47-A614, L48-V30*, L48-L43, 
L48-N44, H49-N51*, H49-L45, H49-P52*, H49-A55*, H49-S630, G547-L459, G548-
V544, N44-G33*, L616-R484*, A621-H49*, A621-Q50*, E703-P193* 

L45-A621, V47-P29*, V47-N44, V47-E195, V47-L611, V47-N615, H49-H49*, 
G547-V544, L616-G485*, E703-L43, E703-W191* 
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Table S 4: Systems destabilizing interface residues as determined by alanine scanning. Common residues between alanine scanning and BC are 

red, CC: blue, DC: green, EC: yellow and KC: purple. Residues present in more than one metric are shown in bold 

 

System Hot spot residues per chain 

S140N Protomer A: 28, 30, 31, 36, 38, 39, 42, 44, 46, 49, 129, 149, 161, 195, 197, 204, 287, 289, 293, 294, 296, 380, 394, 425, 608, 664, 703, 707, 709, 710 

Protomer B: 27, 28, 30, 35, 36, 38, 39, 128, 129, 135, 146, 149, 161, 191, 192, 195, 197, 198, 293, 296 

S140R Protomer A: 27, 28, 30, 35, 36, 38, 39, 42, 44, 49, 56, 129, 133, 146, 149, 153, 157, 161, 191, 192, 195, 197, 289, 295, 296, 320, 324, 379, 380, 419, 425, 426, 604, 
608, 664, 669, 678, 681, 701, 702, 703, 705, 709, 710, 711, 715, 719 

Protomer B: 28, 30, 31, 35, 36, 37, 39, 42, 44, 46, 49, 129, 133, 149, 153, 197, 204, 287, 293, 294, 296, 306 

G279D Protomer A: 27, 28, 30, 31, 38, 39, 42, 44, 49, 129, 149, 191, 192, 195, 197, 198, 289, 293, 320, 324, 380, 417, 418, 427, 604, 664, 678, 702, 707, 709, 715, 719 

Protomer B: 28, 30, 31, 35, 38, 39, 41, 46, 49, 90, 133, 149, 161, 191, 192, 197, 200, 204, 289, 293, 294, 296 

G285D Protomer A: 28, 30, 35, 38, 39, 49, 129, 146, 149, 191, 192, 195, 197, 204, 293, 294, 296, 324, 380, 394, 412, 417, 431, 604, 608, 664, 678, 702, 709, 710, 719 

Protomer B: 26, 28, 30, 31, 35, 38, 39, 41, 44, 46, 49, 128, 129, 146, 149, 153, 191, 195, 197, 198, 289, 293, 294, 296 

S315I Protomer A: 28, 30, 35, 36, 38, 39, 41, 42, 49, 56, 128, 129, 133, 146, 149, 152, 161, 191, 192, 195, 197, 204, 289, 293, 294, 296, 320, 324, 380, 418, 425, 426, 431, 
435, 439, 608, 664, 702, 703, 705, 707, 709, 710, 715 

Protomer B: 28, 30, 31, 38, 39, 42, 46, 49, 56, 128, 129, 146, 149, 161, 189, 191, 192, 195, 197, 204, 289, 293, 296 

S315N Protomer A: 27, 28, 30, 31, 35, 38, 39, 42, 44, 49, 51, 129, 149, 161, 197, 287, 293, 294, 296, 320, 324, 379, 380, 394, 419, 421, 425, 604, 664, 678, 702, 703, 707, 
709, 715, 719 

Protomer B: 26, 28, 30, 35, 36, 39, 42, 44, 128, 133, 135, 149, 155, 195, 197, 204, 289, 293, 296 

S315R Protomer A: 26, 28, 30, 35, 36, 38, 39, 41, 42, 46, 49, 133, 134, 149, 191, 201, 203, 204, 289, 293, 296, 324, 336, 380, 394, 409, 418, 431, 435, 608, 664, 678, 702, 
703, 707, 709, 715, 719, 723 

Protomer B: 28, 30, 31, 37, 38, 39, 42, 44, 90, 129, 133, 134, 149, 157, 161, 191, 192, 195, 197, 204, 289, 293, 294, 296, 306 

S315T Protomer A: 27, 28, 30, 35, 36, 38, 39, 46, 49, 51, 56, 129, 133, 149, 161, 191, 192, 197, 204, 289, 293, 294, 296, 324, 380, 394, 418, 425, 426, 427, 431, 604, 664, 
678, 707, 709, 710, 711, 715, 719, 723 

Protomer B: 28, 30, 37, 38, 39, 41, 49, 129, 149, 161, 191, 192, 197, 200, 204, 293, 294, 296 

G316D Protomer A: 28, 30, 35, 36, 38, 39, 128, 129, 149, 157, 191, 195, 197, 289, 293, 294, 296, 320, 324, 380, 394, 409, 419, 425, 426, 431, 608, 664, 705, 707, 715 

Protomer B: 26, 27, 28, 30, 35, 36, 38, 39, 42, 44, 46, 90, 146, 149, 153, 191, 195, 197, 200, 204, 217, 293, 294, 296 

S457I Protomer A: 28, 30, 37, 38, 39, 42, 44, 49, 54, 90, 129, 135, 149, 152, 161, 192, 195, 197, 289, 293, 294, 296, 320, 324, 380, 394, 418, 425, 604, 608, 705, 715, 719 

Protomer B: 27, 28, 30, 35, 36, 38, 39, 42, 44, 46, 49, 129, 133, 146, 149, 157, 161, 191, 197, 198, 289, 295, 296 

G593D Protomer A: 27, 28, 30, 35, 36, 38, 39, 42, 46, 49, 51, 128, 129, 133, 149, 195, 197, 204, 287, 289, 293, 294, 296, 320, 380, 394, 412, 417, 418, 419, 425, 427, 431, 
435, 608, 620, 664, 678, 709, 710, 715, 719 

Protomer B: 28, 30, 31, 36, 38, 39, 42, 44, 46, 49, 51, 90, 128, 129, 133, 149, 191, 192, 197, 198, 204, 289, 293, 294, 296 
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Table S 5: References for the PZA drug resistance mutations 

Mutation(s) Reference 
A3E https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2045301/ 

A3P https://www.ncbi.nlm.nih.gov/pmc/articles/PMC89359/ 

A46V https://www.ncbi.nlm.nih.gov/pmc/articles/PMC89721/ 

A102V https://www.ncbi.nlm.nih.gov/pmc/articles/PMC89360/ 

A134V, T142P and V155A https://www.ncbi.nlm.nih.gov/pubmed/10645449 

V7G, Q10P, G17D, Y34S, H43P, H51P, H51R, D63G, S67P, T114P, V130G, G132D, 
S104R, A146V and L172P  

https://www.ncbi.nlm.nih.gov/pubmed/9692180 

D49G, S66P, L116R, T160P and A161P  https://www.ncbi.nlm.nih.gov/pubmed/10390239 

V128G and A171E https://www.ncbi.nlm.nih.gov/pubmed/15616332 

A171P https://www.ncbi.nlm.nih.gov/pubmed/10089282 

H51Y, L85R and A171V,  https://www.ncbi.nlm.nih.gov/pubmed/10471589 

C14H, L35R, H57Y, L159P and S185T https://www.ncbi.nlm.nih.gov/pubmed/16848344 

D12A, C14R, C72R, L85P, K96N, G132S and T142K https://www.ncbi.nlm.nih.gov/pubmed/9055989 

C138Y and Q141P https://www.ncbi.nlm.nih.gov/pubmed/8640557 

V9A, V9G, D8G, D49A, W68G, W68R L159R and Y103S https://www.ncbi.nlm.nih.gov/pubmed/11641519 

D53A, H82R, G97S, V139M and R140S https://www.ncbi.nlm.nih.gov/pubmed/10681313 

H71R, G78D, G97D, V139G and V139L https://www.ncbi.nlm.nih.gov/pubmed/11083630 

L19R, V21G and G162D https://www.ncbi.nlm.nih.gov/pubmed/17360809 

H57P https://www.ncbi.nlm.nih.gov/pubmed/10882091 

L19P, T47A, P54T, W68L, T76P, R121P, W119R, V139A and H137R https://www.ncbi.nlm.nih.gov/pubmed/9056006 

L35P https://www.ncbi.nlm.nih.gov/pubmed/19234602 

T61P, V155G https://www.ncbi.nlm.nih.gov/pubmed/10390238 

V45G https://www.ncbi.nlm.nih.gov/pubmed/11641519 
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Table S 6: Mutational effect on the stability of MtPncA-NAM as per mCSM web server 
System Predicted ΔΔG Effect System Predicted ΔΔG Effect 

A3E -2.528 Highly Destabilizing H82R -0.817 Destabilizing 

A3P -0.516 Destabilizing L85P -1.423 Destabilizing 

V7G -2.555 Highly Destabilizing L85R -1.387 Destabilizing 

D8G -1.131 Destabilizing K96N -1.185 Destabilizing 

V9A -2.267 Highly Destabilizing G97D -2.785 Highly Destabilizing 

V9G -2.844 Highly Destabilizing G97S -1.615 Destabilizing 

Q10P -0.317 Destabilizing A102V -0.603 Destabilizing 

D12A 0.477 Stabilizing Y103S 0.0289 Stabilizing 

C14H -1.314 Destabilizing S104R -0.658 Destabilizing 

C14R -0.441 Destabilizing T114P -0.567 Destabilizing 

G17D -0.722 Destabilizing L116R -1.64 Destabilizing 

L19P -1.451 Destabilizing W119R -2.323 Highly Destabilizing 

L19R -1.287 Destabilizing R121P -0.145 Destabilizing 

V21G -1.593 Destabilizing V128G -2.997 Highly Destabilizing 

Y34S -2.96 Highly Destabilizing V130G -2.863 Highly Destabilizing 

L35P -1.489 Destabilizing G132D -2.145 Highly Destabilizing 

L35R -1.404 Destabilizing G132S -1.735 Destabilizing 

H43P -0.593 Destabilizing A134V -0.758 Destabilizing 

V45G -2.956 Highly Destabilizing H137R -0.38 Destabilizing 

A46V 0.375 Stabilizing C138Y -0.274 Destabilizing 

T47A -1.799 Destabilizing V139A -1.704 Destabilizing 

D49A -1.022 Destabilizing V139G -2.028 Highly Destabilizing 

D49G -1.372 Destabilizing V139L -0.867 Destabilizing 

H51P -1.28 Destabilizing V139M -0.979 Destabilizing 

H51R -1.688 Destabilizing R140S -1.554 Destabilizing 

H51Y 0.207 Stabilizing Q141P 1.0 Stabilizing 

D53A -0.428 Destabilizing T142K -0.896 Destabilizing 

P54T -1.795 Destabilizing T142P -0.504 Destabilizing 

H57P -0.809 Destabilizing A146V -0.557 Destabilizing 

H57Y 0.462 Stabilizing V155A -2.586 Highly Destabilizing 

T61P -0.276 Destabilizing V155G -3.109 Highly Destabilizing 

D63G -1.079 Destabilizing L159P -1.018 Destabilizing 

S66P -0.393 Destabilizing L159R -0.978 Destabilizing 

S67P -0.14 Destabilizing T160P -0.498 Destabilizing 

W68G -3.169 Highly Destabilizing A161P -0.579 Destabilizing 

W68L -2.054 Highly Destabilizing G162D -1.099 Destabilizing 

W68R -1.953 Destabilizing A171E -2.59 Highly Destabilizing 

H71R -1.89 Destabilizing A171P -0.67 Destabilizing 

C72R -1.801 Destabilizing A171V -0.67 Destabilizing 

T76P -0.325 Destabilizing L172P -1.465 Destabilizing 

G78D -2.465 Highly Destabilizing S185T -0.362 Destabilizing 
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Table S 7: Classification of NAM and PZA stablity based on visual inspection in VMD 

PZA-stable 
(21) 

NAM-stable 
(34) 

PZA-unstable 
(33) 

NAM-unstable 
(31) 

PZA-released 
(29) 

NAM-released 
(17) 

Q10P 
C14R 
Y34S 
A46V  
H51Y  
D63G  
S66P 
W68G 
L85R 
S104R  
R121P  
G132D  
V128G  
H137R  
V139A*  
V139G*  
R140S  
L159R  
A171E  
A171V  
S185T 

A3P 
V9G 
D12A 
C14H 
L19P 
L19R 
V21G 
L35P 
H51R 
H57P 
D63G 
W68L 
H71R 
T76P 
G78D 
H82R 
G97S 
A102V 
T114P 
V130G 
G132D 
G132S 
V139A 
V139L 
V139M 
R140S 
A146V 
V155A 
L159R 
A161P 
A171E 
A171P 
A171V 
S185T 

A3E  
V9G  
C14H  
G17D  
L19R  
V21G  
L35P  
V45G  
T47A  
D53A  
P54T  
S67P  
W68L  
C72R  
T76P  
H82R  
G97D 
G97S  
A102V  
T114P 
W119R  
V130G  
C138Y  
G132S  
V139A* 
V139G*  
T142K  
T142P 
V155A  
V155G 
G162D  
A171P  
L172P 

A3E 
V7G 
D8G 
C14R 
G17D 
Y34S 
L35R 
H43P 
V45G 
A46V 
D49A 
H51P 
D53A 
H57Y 
T61P 
W68G 
L85P 
L85R 
K96N 
Y103S 
S104R 
V128G 
A134V 
H137R 
C138Y 
Q141P 
T142K 
T142P 
T160P 
G162D 
L172P 
 

A3P  
V7G  
D8G  
V9A  
D12A  
L19P  
L35R  
H43P  
D49A  
D49G  
H51P  
H51R  
H57P  
H57Y  
T61P  
W68R  
H71R  
G78D  
L85P 
K96N  
L116R  
Y103S  
A134V  
V139M  
Q141P 
A146V  
L159P  
T160P  
A161P 

V9A  
Q10P  
T47A  
D49G  
H51Y  
P54T  
S66P  
S67P  
W68R  
C72R  
G97D  
L116R  
W119R  
R121P  
V139G  
V155G 
L159P 
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Table S 8: Omicron sub-lineage specific GISAID sequence IDs. Adapted from Barozi et al., 
[271] 

Omicron sub-lineages GISAID sequence IDs  

BA.1 EPI_ISL_11765237 EPI_ISL_8097234 

EPI_ISL_11765238 EPI_ISL_8097272 

EPI_ISL_11765240 EPI_ISL_8826405 

EPI_ISL_8826449 EPI_ISL_8826412 

EPI_ISL_9002773 EPI_ISL_8826429 

EPI_ISL_9002788 EPI_ISL_7834433 

EPI_ISL_9002795 EPI_ISL_7834437 

EPI_ISL_9002810 EPI_ISL_7834440 

EPI_ISL_9002815 EPI_ISL_7834441 

EPI_ISL_9002836 EPI_ISL_7834442 

EPI_ISL_7834473 EPI_ISL_7834443 

EPI_ISL_7834476 EPI_ISL_7834444 

EPI_ISL_7834514 EPI_ISL_7834446 

EPI_ISL_7834572 EPI_ISL_7834453 

EPI_ISL_7834591 EPI_ISL_7834457 

EPI_ISL_7566360 EPI_ISL_7552702 

EPI_ISL_7834419 EPI_ISL_7566330 

EPI_ISL_7834432  

BA.2 EPI_ISL_10981812 

EPI_ISL_8636462 

EPI_ISL_9149786 

EPI_ISL_10893972 

EPI_ISL_10967591 

BA.3 EPI_ISL_7834448 

EPI_ISL_7852875 

EPI_ISL_9149817 

EPI_ISL_9313505 

BA.4 EPI_ISL_11674413 

EPI_ISL_11674425 

EPI_ISL_11674426 
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EPI_ISL_11674430 

EPI_ISL_11674431 

EPI_ISL_11674432 

EPI_ISL_11674443 

EPI_ISL_11674447 

EPI_ISL_1167444 

EPI_ISL_12119232 

EPI_ISL_11674410 

EPI_ISL_11674411 
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Table S 9: Omicron sub-lineage mutated residue physicochemical properties. Adapted from 

Barozi et al., [271] 
Mutation Physicochemical property change 

G446S Hydrophobic - Hydrophilic 

S371F Small/Polar - Hydrophobic 

G339D Non-polar - Polar 

Q498R Polar/uncharged – Polar/+ve charge 

F486V Hydrophobic - Hydrophobic 

Y505H Aromatic - Aromatic 

T376A Hydrophobic - Hydrophobic 

S371L Small - Aliphatic 

Q493R Polar/uncharged - Polar/+ve charge 

D405N Small/charged -Small 

N501Y Small – Aromatic 

R408S +ve charge - Polar 

S477N Polar/tiny - Polar 

G496S Small - Small/Polar 

S373P Small/Polar - Small 

T478K Polar – Polar/+ve charge 

E484A Polar - Nonpolar 

S375F Polar/small - Hydrophobic/Aromatic 

L452R Hydrophobic/aliphatic - Polar /+ve charge 

K417N Polar - Polar 

N440K Polar - Polar 

 

 

 

Table S 10: EC hub residue flexibility. Adapted from Barozi et al., [271]. 

 RMSF (nm) 

Residue WT BA.1 BA.2 BA.3_10 BA.3_12 BA.3_15 BA.4 

Gly326 0.192 0.215 0.218 0.141 0.255 0.206 0.184 

Asp355 0.096 0.113 0.169 0.097 0.221 0.153 0.127 

Phe356 0.096 0.121 0.176 0.099 0.227 0.164 0.134 

Arg357 0.103 0.136 0.196 0.117 0.236 0.179 0.147 

Glu375 0.107 0.147 0.194 0.140 0.254 0.162 0.145 

His378 0.092 0.120 0.154 0.111 0.154 0.153 0.123 

Ile379 0.085 0.112 0.145 0.123 0.186 0.192 0.122 
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Figure S 1: Overlayed structures from the most sampled clustering in each system 

highlighting the structural differences (black boxes) between them. The structure colors 

correspond to the time (ns) when sampled during the 300 ns simulation. The figure is 

produced with permission from Barozi et al., [115]. 
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Figure S 2: Superimposed RMSF line plots of the WT (blue) and mutants (orange) for protomers A and B. The x and y-axes show the residue 

number and RMSF (nm), respectively. The figure is produced with permission from Barozi et al., [115]. 
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Figure S 3: WT (A) and mutant (B-L) structures showing the distribution of the global top 4% BC hubs. N and C-terminal domains of protomer 

A are shown as pale cyan and yellow, respectively whereas those of protomer B are sky-blue and lime. Dimerization domain is orange and bright 

yellow for protomer A and B, respectively. WT and mutant common hubs are shown are grey spheres (protomer A) and salmon spheres 

(protomer B). Mutant unique hubs are colored as the structure domains. Firebrick spheres are mutation positions. The figure is produced with 

permission from Barozi et al., [115]. 
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Figure S 4: A shows the heatmap representation of residues Asp137 and Ser315 in protomers A and B, respectively in the WT and S457I. The 

color scale from yellow to dark red shows the range in residue centrality values. B shows the S457I residue interaction types in in both 

protomers. C shows residue Asp137 and Ser315 RMSF in the WT (blue) and S457I (orange). The figure is produced with permission from 

Tastan Bishop et al., [86].  
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Figure S 5: A and B are heatmap representations of the high centrality valued CC residues (hubs) for protomers A and B, respectively as 

determined by the global 4% cut-off, The hubs per system are annotated with centrality values whereas the homologous residues from the other 

systems are not. The color scale from yellow to dark red shows the degree of variation of CC values across the residues. The figure is produced 

with permission from Barozi et al., [115]. 
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Figure S 6: Comparative line plots of the inter-protomer distance between the WT (blue) and mutant systems (orange) over the 300ns 

simulation. The x and y-axes show the time (ns) and COM distance (nm). The figure is produced with permission from Barozi et al., [115]. 
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Figure S 7: A and B are heatmap representations of the high centrality valued DC residues (hubs) for protomers A and B, respectively as 

determined by the global 4% cut-off, The hubs per system are annotated with centrality values whereas the homologous residues from the other 

systems are not. The color scale from yellow to dark red shows the degree of variation of DC values across the residues. The figure is produced 

with permission from Barozi et al., [115]. 
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Figure S 8: Cartoon presentation of the WT (A) and mutant (B-L) structures showing the distribution of the global top 4% DC hubs. N and C-

terminal domains of protomer A are shown as pale cyan and yellow, respectively whereas those of protomer B are sky-blue and lime. 

Dimerization domain is orange and bright yellow for protomer A and B, respectively. WT and mutant common hubs are shown are grey spheres 

(protomer A) and salmon spheres (protomer B). Mutant unique hubs are colored as the structure domains. Firebrick spheres are mutation 

positions. The figure is produced with permission from Barozi et al., [115]. 
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Figure S 9: A and B are heatmap representations of the high centrality valued KC residues (hubs) for protomers A and B, respectively as 

determined by the global 4% cut-off, The hubs per system are annotated with centrality values whereas the homologous residues from the other 

systems are not. The color scale from yellow to dark red shows the degree of variation of KC values across the residues. The figure is produced 

with permission from Barozi et al., [115]. 
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Figure S 10: Cartoon presentation of the WT (A) and mutant (B-L) structures showing the distribution of the global top 4% KC hubs. N and C-

terminal domains of protomer A are shown as pale cyan and yellow, respectively whereas those of protomer B are sky-blue and lime. 

Dimerization domain is orange and bright yellow for protomer A and B, respectively. WT and mutant common hubs are shown are grey spheres 

(protomer A) and salmon spheres (protomer B). Mutant unique hubs are colored as the structure domains. Firebrick spheres are mutation 

positions. The figure is produced with permission from Barozi et al., [115]. 
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Figure S 11: Line plot presentation of the MtPncA-NAM RMSD progression for the WT (blue) superimposed with each mutant (orange), for the 

150 ns simulation time. The x-axis shows time in ns whereas the y-axis shows RMSD in nm. 
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Figure S 12: RMSD violin plot representation of the MtPncA NAM retaining and disassociating systems. The WT is shown in green and the 

mutant systems in orange. The violin plots are arranged in ascending order of the median RMSD. The x-axis shows the protein systems whereas 

the y -axis shows the RMSD in nm.  
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Figure S 13: Histograms showing the distribution of raw centrality values per metric for the WT and all the NAM retaining mutant systems. The 

x and y-axes show the residue numbers and centrality values, respectively. Each histogram is color coded to a specific system. 
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Figure S 14: Cartoon representation of the MtPncA showing the distribution of the global top 5% BC hubs in the WT and mutant systems. NAM 

is shown as sticks while the mutation positions are shown as firebrick spheres. WT hubs and mutant hubs common to the WT are shown as 

salmon spheres whereas BC hubs unique to the mutants (Δ hubs: mutant – WT hubs) are shown as sky-blue spheres. 
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Figure S 15: Cartoon representation of the the global top 5% CC hubs in the WT and mutant systems. NAM is shown as sticks while the 

mutation positions are shown as firebrick spheres. WT hubs and mutant hubs common to the WT are shown as salmon spheres whereas CC hubs 

unique to the mutants (Δ hubs: mutant – WT hubs) are shown as sky-blue spheres. 
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Figure S 16: A is a heat map of the global top 5% DC hubs for the WT and NAM retaining mutant systems. System hubs are annotated with 

their centrality values, whereas homologous residues in alternate systems are not. Color scale from white to dark red shows range of centrality 

values. Hubs that unstably coordinated NAM have an Asterix. B shows a spring network plot showing the regularity of occurrence of DC hub 

residues across the systems. Larger and dark red nodes correspond to more frequent hubs while small and white nodes to less frequent hubs. 
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Figure S 17: A is a heat map of the global top 5% EC hubs for the WT and NAM retaining mutant systems. Systems hubs are annotated with 

their centrality values, whereas homologous residues in alternate systems are not. Color scale from white to dark red shows range of centrality 

values. Hubs that unstably coordinated NAM have an Asterix. B) Spring network plot showing the regularity of occurrence of EC hub residues 

across the systems. Larger and dark red nodes correspond to more frequent hubs while small and white nodes to less frequent hubs. 
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Figure S 18: A shows the duplicate line plots of the WT RBD-hACE2 complex. B Shows the comparative RMSD line plots of the WT (blue) 

and Omicron sub-lineage (orange) RBD-hACE2 systems. C and D are violin lots of the Rg for the RBD and hACE2 proteins, respectively. The 

WT is shown in blue and Omicron sub-lineages in orange. Adapted from Barozi et al., [271]. 
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Figure S 19: A shows the ED scatter plots along PC1 (x-axis) and PC2 (y-axis) of hACE2 active pocket groove region for the Omicron sub-

lineages in the same eigen space as the WT. B is a violin plot representation of the hACE2 active pocket groove region. The WT is shown in 

blue and the Omicron sub-lineages in orange. Adapted from Barozi et al., [271]. 
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Figure S 20: A Shows the COM distance between hACE2 sub-domain I and sub-domain II for the WT (blue) and Omicron sub-lineages 

(orange). B is the Rg violin plot representation for the WT (blue) and Omicron sub-lineages (orange). Adapted from Barozi et al., [271]. 
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Figure S 21: A, B and C show the heatmap of degree of DCC in the RBD-hACE2 complex, RBD and hACE2 proteins, respectively in the WT 

and Omicron sub-lineages. The scale from -1 through 0 to 1 signifies the degree of correlation with -1 implying complete anti-correlation, 0 

implying no correlation and 1 signifying complete correlation. In A, the orange and green region correspond to the hACE2 and RBD proteins, 

respectively. Adapted from Barozi et al., [271]. 
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Figure S 22: Comparative line plots of the WT (blue) and Omicron sub-lineage (orange) 

COM distance between the RBD and hACE2 proteins over the simulation time. Adapted 

from Barozi et al., [271].  
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Figure S 23: Cartoon representation of the RBD-hACE2 complex showing the distribution of DC hubs in the RBD and hACE2 as identified by 

the global top 5 and 4%, respectively. The hACE2 sub-domains I and II are shown as sky blue and yellow, respectively while the RBD is grey. 

DC hubs common to the WT are shown grey (RBD) and blue (hACE2) spheres. DC hubs unique to the Omicron sub-lineages are shown as 

salmon (RBD) and teal (hACE2) spheres. The five highest centrality residues are in dark grey (RBD) and dark blue (hACE2) whereas, the 

mutation positions are shown as firebrick spheres. Adapted from Barozi et al., [271]. 
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Figure S 24: Cartoon representation of the RBD-hACE2 complex showing the distribution of KC hubs in the RBD and hACE2 as identified by 

the global top 5 and 4%, respectively. The hACE2 sub-domains I and II are shown as sky blue and yellow, respectively while the RBD is grey. 

KC hubs common to the WT are shown grey (RBD) and blue (hACE2) spheres. KC hubs unique to the Omicron sub-lineages are shown as teal 

salmon (RBD) and teal (hACE2) spheres. The five highest centrality residues are in dark grey (RBD) and dark blue (hACE2) whereas, the 

mutation positions are firebrick spheres. Adapted from Barozi et al., [271]. 
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Figure S 25: A shows the WThACE2 RMSD line plots for the duplicate runs, whereas the line plots in B show the RMSD of the WThACE2 run 

1 (green) in comparison to the hACE2 mutant systems (orange) over the 400 ns MD simulation. C and D and are Rg violin plot representations 

for the RBD and hACE2 systems, respectively.  
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Figure S 26: The hACE2 top 4% high BC residues as calculated for each individual system shown as a heatmap. Residues numbers are on the x-

axis and the protein systems on the y-axis. The color code from white to dark red shows the degree of centrality. 
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Figure S 27: A shows bar plots of the RBD EC distribution per system. Regions with high centrality are marked with blue boxes. The x and y-

axes show the residue numbers and EC values, respectively. The location of high centrality regions is mapped in blue on cartoon structure of 

RBD in B and the BA.4 RBD mutations as firebrick spheres. C is a heatmap of the high EC residues as calculated per system. The color scale 

shows the degree of centrality and the high centrality residues are annotated with centrality values.  
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Figure S 28: A shows the distribution of EC for the hACE2 protein in each system. The x 

and y-axes show the residue numbers and the centrality values, respectively. hACE2 regions 

with high centrality are marked with blue boxes. The high centrality regions were then 

mapped on the hACE2 structure (B) in blue. Mutation positions on the structure are shown as 

firebrick spheres. C is a heatmap of the high EC residues as calculated per system. The color 

scale shows the degree of centrality and the high centrality residues are annotated with 

centrality values. 
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Figure S 29: Heat maps showing the per system high CC and DC values based on the top 4% and 5% cut-off in the hACE2 and RBD proteins, 

respectively. The color scale shows the degree of centrality, whereas the high centrality residues are annotated with centrality values. 
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Figure S 30: The network of EC hub distribution in the hACE2 proteins. To the left of each sub-plot is the EC hub distribution around the zinc 

ion (orange sphere). WThACE2 hubs are shown as sky-blue spheres and the same colors are used for EC hubs common to both the WThACE2 

and hACE2 mutant systems. EC hubs unique to the complexes with hACE2 mutations are shown as cyan spheres. The zinc coordinating residue 

hubs are labelled. To the right of each sub-plot is the network between hACE2 EC hubs. The node color corresponds to the to the degree of 

centrality with dark green indicating high EC and light green low EC. 
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Figure S 31: A shows the RMSF of the WThACE2 EC hubs (orange) and hACE2 mutants 

(orange). EC hubs residues unique to the hACE2-mutant containing systems are colored blue. 

The hACE2 EC hub RMSD and Rg is shown in B and C, respectively with the WThACE2 in 

green and hACE2-mutation bearing systems in orange. The plots are arranged in ascending 

order of the median. 

 

 

 


