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SUMMARY

Staphylococcus aureus is a gram-positive bacterial pathogen and highly adaptive
to environmental conditions and causes various disorders. Excessive usage of
antibiotics may result in development of antibiotic resistance in S. aureus. A major
antibiotic resistance mechanism is increase in the activity of transmembrane multi-
drug efflux pump proteins. NorA is the most studied efflux pump in S. aureus, which
belongs to the Major Facilitator Superfamily (MFS). NorA has been shown to
contribute to resistance against a variety of small molecules, such as hydrophilic
fluoroquinolone antibiotics, antiseptics, biocides, and dyes such as ethidium bromide.
Moreover, a variety of small molecule inhibitors of NorA have been found. A
remarkable feature of NorA inhibitors is their structural dissimilarity, which suggests
promiscuous ligand recognition. Here, we aimed to characterize the structural aspects
of ligand specificity and promiscuity of NorA by analyzing the binding behavior of
NorA inhibitors into potential ligand binding sites within the internal cavity of the
NorA protein structure. For this purpose, a list of known NorA inhibitors were docked
into detected ligand binding pockets on an ensemble of modelled NorA structures
generated via molecular dynamics simulations. A clustering analysis based on
molecular similarity and binding fingerprints indicated that binding sites of chemically
different ligands were consistent, in line with the promiscuous nature of NorA. On the
other hand, residues 47F, 191, 98R, 16F, 140F, 78F, 231, 22V, 105A, and 44V were
found to play a prominent role in ligand binding. Our findings may guide further

research on discovery of novel NorA inhibitors.

Key Words: Staphylococcus aureus, Bacteria, Efflux pump, NorA, Antibiotic

Resistance.



OZET

Staphylococcus aureus, gevresel kosullara uyum kapasitesi yliksek ve cesitli
enfeksiyon hastaliklarina neden olan gram pozitif patojen bir bakteri tiiriidiir. Bilingsiz
ve agirt miktarlarda antibiyotik kullanim1 S. aureus bakterisinde antibiyotik direncinin
gelismesine neden olabilmektedir. Antibiyotik direncinin kazanilmasinda 6énemli rol
oynayan mekanizmalardan biri, transmembran c¢oklu ila¢ disa atim pompasi
proteinlerinin aktivitesindeki artigtir. NorA, Major Fasilitator Siiperfamilyasi’na
(MFS) mensup bir S. Aureus proteinidir ve bu tiir pompa proteinleri arasinda en ¢ok
calisilan disa atim pompasidir. NorA'nin hidrofilik florokinolon antibiyotikler,
antiseptikler, biyositler ve etidyum bromiir gibi boyalar1 da igeren gesitli kiiglik
molekiillere kars1 S. aureus’un direng kazanmasina katkida bulundugu gosterilmistir.
Ayrica, NorA'nin ¢esitli kiigiik molekiil inhibitorleri de bulunmustur. Bu NorA
inhibitorlerinin dikkate deger bir 6zelligi, oldukca farkli yapilara sahip olmalarina
ragmen NorA tarafindan se¢imsiz olarak taninmalaridir. Bu tez ¢alismasinda, NorA
inhibitorlerinin NorA protein yapisinin i¢ kavitesindeki potansiyel ligand baglanma
bolgelerine baglanma davranisini analiz ederek, NorA'nin 6zgiil/se¢imsiz ligand
tanimasinin yapisal yonlerini karakterize edilmesi amaclanmistir. Bu amagla,
oncelikle bilinen NorA inhibitorleri, molekiiler dinamik simiilasyonlar1 yoluyla elde
edilen NorA konformasyonlarinda tespit edilen ligand baglama ceplerine
yerlestirilmistir. Molekiiler benzerlige ve baglanma bolgelerine dayanan bir kimeleme
analizi, kimyasal olarak farkli ligandlarin baglanma bdélgelerinin biiyiik Olglide
benzerlik gosterdigini ortaya koymustur. Elde edilen sonuglar, NorA yapisinda
bulunan 47F, 191, 98R, 16F, 140F, 78F, 231, 22V, 105A ve 44V amino asitlerinin
ligand baglanmasinda 6nemli bir rol oynadigina da isaret etmektedir. Bu tez
calismasinda elde edilen bulgular, yeni NorA inhibitorlerinin kesfi {izerine yapilacak

calismalara rehberlik edebilecektir.

Anahtar Kelimeler: Staphylococcus aureus, Bakteri, Dis Atim Pompasi, NorA,
Antibiyotik Direnci.
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1. INTRODUCTION

1.1. Bacteria

Bacterial species are single-celled microorganisms and can be found all over the
world. They come in a huge variety of forms, sizes, and metabolic capacities, making
them incredibly diverse. In addition to on and in the human body, bacteria can also be
found in soil, water, and the air. They come in a variety of shapes, including rod-
shaped, spherical, spiral, and even in clusters. They can be categorized according to
their structure, staining propensities, nutrient needs, oxygen needs, and a variety of
other factors. Bacteria are essential for keeping the ecosystem in balance, and the
biotechnology sector relies on their genetic variety. Their effect on continuity of life
is also significant considering their role as pharmaceuticals as they have been used for
centuries to produce antibiotics, enzymes, hormones, vaccines, and they are also used
in the development of new drugs. For example, Staphylococcus aureus produces
active compounds against Gram-positive bacteria [1]-[4]. While certain bacteria can
cause disease and hence, would be pathogenic, others can be helpful, such as those
that aid in the breakdown of organic materials. Pathogenic bacterial species cause
threat to humans and are major cause of infections and diseases, and eventually death
[5]. A total of 10% of the emerging infections are caused by bacterial pathogens [6].
Emergence and re-emergence of the infectious agents, increased transmission with
human migration and antibiotic resistance are the major factors contributing to disease

formation [7].

1.2. Antibiotic Resistance

Antibiotics are the chemical molecules that are used for the treatment of bacterial
diseases. They do this by modifying the functioning of proteins, or by interfering with
the structure of nucleic acids, cell walls, and the metabolic route that bacteria use [8].
Excessive usage and abuse of antibiotics by humans and animals often lead to
antibiotic resistance [9]. Pathogenic bacteria are considered to have developed

resistance to all antibiotics discovered to date [10]. In 2019, antibiotic-resistant



bacteria affected 2.8 million individuals, and it caused the death of around 35,000
people in the United States, based on the reports of Centers for Disease Control and
Prevention (CDC) [11]. This number is expected to be 10 million by 2050, causing
100 trillion USD [12].

Specific drug resistant (SDR) bacterial species, gain resistance against only one
type of drug molecule, while multiple drug resistant (MDR) bacterial species can show
resistance to variety of drug molecules. Resistance to antibiotics by the bacteria
reduces the efficacy and efficiency of the existing drugs, therefore the treatment of
disorders caused by MDR bacterial species has been a global issue [13].

Several mechanisms are utilized by bacteria to resist the action of antibiotics.
Bacteria can develop enzymes that can inactivate antibiotics before they can cause any
damage, which is known as enzymatic inactivation. Efflux pumps of the bacterial
species can also pump antibiotics out of the cell membrane. This process may stop
antibiotics from reaching the intended targets inside the cell. Bacteria also can alter
the target sites of antibiotics, such as by altering the structure of a particular protein,
preventing the antibiotics from interacting with the target site. Some bacteria have the
capacity to alter the chemical structure of antibiotics to render them inactive. Bacteria
can also have genetic alterations that give them antibiotic resistance. These mutations
can occur in the efflux pump coding genes or in the target sites of antibiotics.
Horizontal gene transfer can also aid in acquiring bacterial resistance genes from other
bacteria. To transfer genetic material between bacteria, methods like plasmid exchange
or transduction may be used. It is significant to note that some bacteria may possess
numerous resistance mechanisms that are not exclusive of one another. A significant
public health concern is the rise and spread of antibiotic resistant bacteria, which
emphasizes the requirement for the creation of novel medicines and alternative
therapies [13]. Therefore, research for production of new drugs or enhancing the

activity of already existing drugs are carried out all over the world.

1.3. Transport Proteins in Bacteria

Antibiotic accumulation inside bacterial cells may be prevented due to the action
of transport proteins. These proteins are important for cellular homeostasis, growth,

cellular response, defense against xenobiotics and cellular metabolism [14], [15]. Ton



channels and transporters are two types of proteins that take part in the flow of ions
and other molecules across cell membranes. Transmembrane proteins named ion
channels create a pore in the cell membrane that allows ions to pass through.
Transmembrane proteins called transporters, also referred to as pumps, utilize energy
and go through conformational changes to carry ions, peptides, and drugs across the
cell membrane. Therefore, transporters are also termed drug efflux pumps [16], [17]

Drug efflux pumps are grouped into primary transporters that utilize ATP as
energy source to transport drugs across membrane, and secondary active transporters
that utilize energy of concentration gradient created by primary active transporters to
transport molecules across membrane [18], [19]. Primary transporters obtain the
energy required for transport from ATP hydrolysis, whereas in secondary transporters
the required energy is obtained indirectly via carriage of substances by coupling with
transport of another compound as the driving force [20], [21]. This compound can be
an ion such as H+ or Na+ and is transported across cell membrane.

Secondary active transporters can be uniporters, which only transport a single
substrate; antiporters, which carry the ion and substrate in the opposite directions; or
symporters, that carry both in the same direction. Substrates as peptides, vitamins,
amino acids, neurotransmitters, sugars are transported by secondary active transporters
[22]. Resistance-nodulation-cell division transporter superfamily (RND), small
multidrug resistant transporter family (SMR), multiple antimicrobial extrusion protein
family (MATE), and major facilitator superfamily (MFS) are the four groups of
bacterial secondary active transporters that transport antibiotics [23]. Figure 1.1 lists
the families of transporters [24].

MES is the largest family found in the secondary transporters. MFS proteins
comprise approximately 25% of bacterial membrane transmembrane proteins. These
transporters are found in the membranes of all the kingdoms of living organisms [25].
Transport Classification Database includes 89 families within this superfamily [26].
MES transporters share common features as structural organization; as all consist of
12 transmembrane domains, and both N- and C- terminals facing cytoplasm; and
mechanism of transport; they are facilitated diffusion transporters that transfer
molecules across the membrane along their concentration gradient without energy.
These transporters are also similar because they transport a wide variety of small
molecules such as sugars, amino acids, and drugs, and are regulated by environmental

changes as pH, temperature, and substrate concentration. They are involved in

3



antibiotic resistance, and they have high sequence diversity due to selective forces.
MFS transporters regulate food absorption, osmoregulation, cell membrane ion
gradients and many other crucial physiological processes. They are also involved in

many diseases, including diabetes, cystic fibrosis, and cancer [24].

-+
outer
membrane
periplasm H* Hou Na* -
inner
membrane
solute solute ATP [ AP« pi solute __J
solute
cytoplasm MES MFS SMR ABC MOP RND
antiporter symporter (MATE)

Figure 1. 1: Superfamilies and families of solute transporters. The outer and inner
membranes of bacteria are illustrated with superfamilies and families of solute
transporters. SMR is the small multi-drug resistant family; ABC is the ATP-binding
cassette transporter superfamily; MOP is the multidrug/oligosaccharidyl-
lipid/polysaccharide flippase superfamily; and RND is the resistance-nodulation-cell
division superfamily. H* and Na* respectively represent protons and sodium ions.

These transporter proteins share protein-fold made up from transmembrane
helices repeated for four times. The N-terminal domain is composed of transmembrane
helices 1-3 and 4-6, while C-terminal domain includes transmembrane helices 7-9 and
10-12. Figure 1.2 shows a schematic illustration of the structure [27]. Transmembrane
helices 1,4,7 and 9 are a part of substrate binding pocket while others take role in
conformational changes and lipid bilayer interactions. The structure of the most MFS
transporters is yet to be elucidated [28].

Short sequences of amino acids known as "amino acid sequence motifs" play a
distinct structural or functional role in proteins. They are frequently located in areas
such as the receptor binding site or the active site of an enzyme. Transmembrane
domains as MFS also can include highly conserved amino acid sequence motifs. Motif
A and Motif C are important for MFS transporters. Amino acids “G [X]3 D R/K X G
R R/K” are found in Motif A and resides within cytoplasmic loop [29], [30]. These
residues were found to be taking active role in forming components of transport

pathway, regulating conformational changes and many other important functions [31]-
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[36]. Motif C that includes amino acids “G [X]8 G [X]3 G P[X]2 G G” found in helix
5 [37]. The motif was found to be important for conferring antibiotic resistance [38]—

[42]. These sequence motifs are also highlighted in Figure 1.3 and Figure 1.4 [24].

N-term six TM-bundle (NTD) C-term six TM-bundle (CTD)

Figure 1. 2: Schematic illustration of the MFS-fold transporter topology. The N-
terminal bundle (TM1-6; light blue/blue) and the C-terminal bundle (TMs 7-12;
light orange/red) are joined by a cytosolic loop, which may contain structural
features at times (gray).
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Figure 1. 3: Motif A of MFS efflux pumps and their multiple sequence alignments.
Amino acids in the alignment (right), sequence database identifiers (left). The motif
is found between the helix 2 and helix 3.




Efflux pump, Database identifier Motif C (Antiporter Motif) Sequences
Ter, P02983
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TetA, P02982

Terb, P23054

Figure 1. 4: Motif C of MFS efflux pump and their multiple sequence alignments.
Amino acids in alignment (right), sequence database identifiers (left). The motif is
found in helix 5.

1.4. Mechanism of Transport of MFS

Uncovering the mechanism of transporter proteins important to understand
antibiotic resistance in bacterial species because they take part in the extrusion of drugs
and other toxic compounds. The molecules are transferred across the membrane from
an area of higher concentration to of lower without the need of energy, via facilitated
diffusion. MFS transporters are thought to work by a "substrate-binding protein"
mechanism in which this site is exposed to only one side of the membrane at a time.

The conformational change may be caused by the binding of the substrate to the
extracellular domain, which then triggers a change in the conformation of the
transmembrane domains, allowing the substrate to cross the membrane. During this

process, protein can go through various conformations as inward open, inward-



occluded, outward open, outward-occluded conformational states [43]-[50] as given
in the Figure 1.5 [27].

The transformation between different states occurs with changes in rigid-body
transitions and structural changes in transmembrane helices [51]. The "alternating-
access model" can be defined by three models, according to molecular details: “rocker-
switch”, “rocking-bundle”, or “elevator” mechanism demonstrated at Figure 1.6 [27].
Core substrate binding sites are rocked over by the C- and N-domains, according to
rocker-switch paradigm. Changes in conformation from inner to outward and vice
versa are caused by this rigid-body motion. For this transition, it is believed that salt
bridges, motions on the A- and B- helices, and binding of substates are crucial [52],
[53]. But it was noted that this model is insufficient on its own to account for the
development of occluded states. Therefore, a new "clamp-and-switch model" was
consequently suggested. Based on this hypothesis, during the binding of the substrate
or while the substrate is being released, occluded states are created by pore-lining

helices bend to create the occluded state [51].

outward-open outward-occluded

inward-open inward-occluded

Figure 1. 5: Schematic highlighting the local substrate gating rearrangements.



a Gubeard-Bcing Fiocker-switch inwand-facing

Rocking-bundle
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—i
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Figure 1. 6: Three distinct models of SLC transporters for alternating-access. Pink
sphere is the substrate, N terminal is given as light blue and C terminal is given as
light orange. (a) In the rocker-switch mechanism, structurally identical bundles N
and C rearrange symmetrically around the core substrate-binding site to alternate
access to the opposite side of the membrane. (a) The rocking-bundle mechanism
alternates membrane access by reorganizing physically different bundles

asymmetrically around the core substrate-binding site. (c) In the elevator mechanism,
the two bundles are significantly divergent, and the C-terminal bundle moves the

substrate across the membrane while the N-terminal bundle remains fixed, often due

to oligomerization.



Using a combination of transporter structures in multiple functional states along
with biochemical analysis, biophysical analysis, and in silico molecular dynamics
(MD) calculations, researchers have been able to interpret more specific details of the
transport mechanisms of different transporters over the past decade. However, more

needs to be done to reveal these mechanisms.

1.5. Ligand Binding Specificity and Promiscuity of MFS
Transporters

The ability of MFS proteins in bacteria to specifically bind and transport
particular ligands or substrates across the cell membrane is referred to as ligand
binding specificity. Bacterial MFS transporters have been found to exhibit a high
degree of promiscuity, which means they can move a wide range of chemically
different substrates [54]. It is believed that this promiscuity serves as an adaptation to
the various environments in which bacteria live. This enables bacteria to utilize various
nutrition sources and adapt to various circumstances [31], [37], [55].

The highly conserved structural organization of MFS transporters enables them
to have a broad range of substrate specificities and it is suggested to be the cause of
their high level of promiscuity. It was also stated that there are two basic principles for
MEFS transporters [56]-[58]. According to the first principle, transporter has large and
flexible binding site that recognizes various substrates. This structural flexibility also
allows for changes in the protein's conformation, which can lead to new substrate
specificities. The "non-consensus" residues that interact with the substrate in the
binding pocket can increase the selectivity of substrate binding. The presence of other
proteins, such as chaperones or other transporters, can also affect the specificity of
MFS transporters [54], [59]-[66]. According to second principle, the interactions
between substrate and transporter are very weak, in contrast to normal enzyme-ligand
systems. However, the bond between substrate and transporter is quite particular and
selective. The selectivity of MFS transporters can change between different bacteria
and even between distinct MFS transporters in the same bacteria, which can have
implications for the transport of different molecules and for the development of
antibiotics targeting these transporters [67].

It is believed that the promiscuity of MFS transporters contributes to antibiotic

resistance in bacteria. It has been discovered that certain MFS transporters can pump
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out a wide variety of antibiotics, making them MDR pumps. It is stated that bacteria
could have developed this resistance mechanism to increase their chances of surviving
in an environment where the concentration of antibiotics are high. This MDR feature,
also named promiscuity, makes it difficult to understand binding characteristics of the
transporters. These statements are used to explain the characteristics for many systems,
however more work needs to be done to uncover exact mechanism of recognition,
binding and subsequent transport of various substrates and the residues that take part

in this process needs explanation [68]-[70].

1.6. Staphylococcus aureus

Staphylococcus aureus (S. aureus) is an aerobic to facultative anaerobic bacterial
pathogen which has high degree of environmental adaptability. Because of its thick
peptidoglycan cell wall, S. aureus is classified as a gram-positive bacteria, which also
contributes to antibiotic resistance. They have spherical shape and their size change
from 0.5 to 1.5 pm and they can be found in nature in various combinations from single
cells to clusters. They cannot move or form spores however some S. aureus may
contain polysaccharide capsule [71].

Normally, they are found in several parts of the human body as gastrointestinal
tract, skin, nares, and they share a benign relationship. The bacteria can be spread via
contamination or individuals can carry the bacteria without showing any symptoms
but can spread the bacteria to others. Various disorders, e.g., skin infections as boils,
impetigo, cellulitis; respiratory infections as sinusitis and pneumonia; infection in
bloodstream named bacteremia; severe form of bacteremia named septicemia,
osteomyelitis, endocarditis, toxic shock syndrome, food poisoning, scalded skin
syndrome are caused by S. aureus [72]-[75].

S. aureus has virulence factors that contributes to pathogenicity. These bacteria
can produce toxins and enzymes that damage host tissues and evade the host's immune
response. Their cell wall contains teichoic acids, assisting the bacteria in adhering to
the host tissues. S. aureus can also produce catalase and coagulate enzymes. Catalase
helps to protect the bacteria from the toxic effects of hydrogen peroxide while
coagulase helps the bacteria to evade the host immune system by forming a protective

clot around itself. The bacteria can also form biofilms that are encased in a protective
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matrix and are resistant to antibiotics and host defenses [76]. Antibiotics are used for
the treatment of S. aureus infections and are said to be effective; however, the
development of resistance to these drugs were also a problem. They are resistant to
several antibiotics as fluoroquinolones, B-lactamics, aminoglycosides, macrolides,
lincosamides, chloramphenicol, sulfonamides, streptomycin, and tetracycline [77].

S. aureus can develop antibiotic resistance via several mechanisms. These
mechanisms include production of enzymes known as beta-lactamases, which can
degrade and render inactive specific classes of antibiotics like penicillin and
cephalosporins. Another mechanism includes the mutation or acquisition of genes that
cause resistance to antibiotics. Efflux pumps are also used as a resistance mechanism
because these pumps can force drugs out of the bacteria cell, rendering them useless
[78].

Since some strains of the bacteria have developed resistance to various
medicines and can be challenging to treat, these mechanisms of S. aureus antibiotic
resistance have grown to be a significant public health concern. By maintaining
personal hygiene, including frequent hand washing, keeping wounds and bruises clean
and covered, and avoiding direct contact with infected individuals, spread of S. aureus
can be prevented. To prevent the emergence of antibiotic resistance, it is also crucial

to use antibiotics carefully.

1.7. NorA Efflux Pump of S. aureus

In S. aureus, NorA efflux pump has the highest number of studies [79]. The gene
encoding NorA is found to be one of the core genes in the S. aureus and it is found in
the genome of most of the S. aureus strains identified to date [80]. This gene, norA,
was identified in 1986 in the chromosome of S. aureus [81]. It is stated that three
alleles of S. aureus include 10% difference in nucleotide sequences and 5% difference
in protein sequences of NorA [82]-[84]. These alleles are referred as norAl, norAll
and norAlll. Recent studies showed that overexpression or inhibition of norA
expression is important in evolution of S. aureus strains. Variations of the expression
norA gene effects the resistance and evolvability of the bacterial strain [85].

NorA is an antiport transporter that initiates the transport of antimicrobial

substances across the membrane via proton motive force. NorA efflux pump
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contributes to the resistance against hydrophilic fluoroquinolones (as ciprofloxacin),
antiseptics, dyes as ethidium bromide, biocides in case of the overexpression of the
protein [86]-[88]. The capability of the NorA to pump structurally and chemically
different substrates make NorA a promiscuous transmembrane protein. NorA plays
an important role in hastening the evolution of ciprofloxacin resistance. The protein
either increases the resistance or enhances the advantages of traditional ciprofloxacin
resistance mutations that affect DNA topoisomerase [85].

Several studies been conducted to understand and inhibition mechanism of NorA
efflux pump. To understand efflux pump inhibition different molecules been tried on
various strains of the S. aureus with several known substrates of the pump. These
molecules include essential oils, petroleum extracts, dichloromethane extract [89], 1,8-
naphthyridines [90], ketoconazole [91], menadione (vitamin K3) [92], riparins [73].
However, these compounds had high toxicity levels to be approved for clinical use.
Therefore, in one study, clinically approved drugs as pimozide, maraviroc, nilotinib
and naftifine were also tried and found to be potential efflux pump inhibitors (EPI)
[93]. These molecules are found to be decreasing the minimal inhibitory concentration
(MIC) of antibiotics, which are the substrates of the efflux pumps. MIC can be defined
as the lowest concentration for the substrates, in this case the antibiotics, for which no
growth of the bacterial cells was observed. Hence, by using these inhibitors, the level
of bacterial growth is sought to be decreased.

The novel inhibitors were also generated and tried on NorA Efflux Pump. In one
study, researchers used a combination of virtual screening, chemical synthesis, and
experimental validation to identify and characterize several compounds that showed
promising inhibitory activity against NorA. They also investigated the mechanisms by
which the inhibitors worked and found that they appeared to act by blocking the
activity of the transporter [94]. In another study, natural flavones nucleus was used as
starting point and a series of chemical modifications was used to synthesize a library
of compounds, which were then screened for activity against NorA. Several
compounds showed promising inhibitory activity, and further modifications were
made to improve their potency. The most promising compound was a 2-(4-
propoxyphenyl) quinoline derivative, which was found to be a potent inhibitor of NorA
and had good antimicrobial activity against S. aureus [95]. Chalcone derivatives were
also tried against NorA, using both whole cells and enriched everted membrane

vesicles. Several compounds showed inhibitory activity against the NorA pump, with
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one compound, named CH3, being the most potent. Further experiments revealed that
CH3 was able to significantly reduce the efflux of several NorA substrates, including
ethidium bromide and ciprofloxacin, in both whole cells and enriched everted
membrane vesicles. The authors also investigated the mechanism of action of CH3 and
found that it appeared to act by inhibiting the energy required for efflux rather than by
directly binding to the NorA protein [96]. In another study, researchers synthesized a
series of 2,1-benzothiazine 2,2-dioxide derivatives and tested their biological activity
against several bacterial strains, including Staphylococcus aureus. Several compounds
showed good antibacterial activity, with one compound, named 14g, being the most
potent against S. aureus. The 14g appeared to act by inhibiting the bacterial DNA
gyrase enzyme, which is the same mechanism of action as quinolone antibiotics [97].
Indole derivatives were also synthesized, and their biological activity was tested
against several bacterial strains. It was found that several of the compounds showed
good antibacterial activity, with some showing even better activity than the antibiotics
used as controls. Mechanism of action of the most promising compound was
investigated and found that it appeared to act by inhibiting the bacterial DNA gyrase
enzyme, which is the same mechanism of action as quinolone antibiotics [98]. In
another study, researchers began by screening a library of indole-based compounds
and identified a lead compound with moderate inhibitory activity against NorA.
Through rational design and optimization, they were able to improve the potency of
the lead compound by several orders of magnitude, resulting in a new compound with
excellent activity against NorA and good antimicrobial activity against S. aureus. This
compound appeared to act by blocking the activity of the NorA protein [99].

NorA contains 388 amino acids and belongs to MFS transporters and has 12-
transmembrane (TM) domain and part of the drug:H+ anti-porter subfamily (DHA12)
[100], [101]. 12 hydrophobic TM -helices with N- and C-terminal domains are
positioned in the cytoplasm, joined by hydrophilic loops, and organized with pseudo-
twofold symmetry [102].

Before the structure of the NorA have been discovered experimentally, the
studies included NorA protein structure mostly based on homology modeling. For
instance, the molecular substrate recognition of NorA efflux pump were investigated
by supervised molecular dynamics study by using ciprofloxacin as the substrate and
homology models of NorA as protein structure. In the study, the ciprofloxacin

interacted with various amino acids on the protein. These amino acids included 127K,
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264K, 109M, 1338, 1361, 51Q, 310R, 222E, 303F, and 225Y. Considering the
promiscuous property of the NorA, this pathway was suggested for ciprofloxacin and
study suggested different pathways could be encountered in case of structurally
different compounds [102].

In another study, the elements contributing the substrate binding to NorA efflux
pump was highlighted using in vivo assays, using techniques as side directed
mutagenesis and measuring the conformational changes by FRET and microscale
thermophoresis analysis. In the study, researchers confirmed the regions that are
conserved in MFS transporters, Motif-A, Motif-B and Motif-C that were in N-
terminal, were also conserved in NorA. The Motif-A in NorA was found to be
stabilizing the outward confirmation, Motif-B was found to play essential role in
substrate efflux and Motif-C meditated the conformational change and mutations of
this motif caused fluoroquinolone resistance. It was also reported that two more motifs
Motif-1 and Motif-2 were identified in NorA homologues. These motifs were found
to be important for stabilizing the outward confirmation of NorA. The study also
highlighted the amino acids 16F, 222E, 303F and 307D are important for binding
activity of NorA [103].
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Figure 1. 7: Outward open Cryo-EM structure of NorA Efflux pump with Fab25
(PDB ID: 7LO7).

The cryo-electron microscopy (cryo-EM) mechanism was used in a recent study
to establish structure of NorA efflux pump with in vivo drug resistance assays and
NorA-Fab25 (EMD-23463; PDB ID: 7LO7) and NorA—Fab36 (EMD-23464; PDB
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ID: 7LO8) structures were examined in the study. The protein was captured in
outward-open confirmation, and it was found that 12 TM -helices make up NorA,
which is made up of two 6-TM bundles (the N- and C-terminal domains) that cross the
substrate-binding pocket. Through interactions between TM4, TM5, TM10, and
TM11, the pocket is closed from the cytoplasmic side of the membrane. Interactions
between TM2-TM11 and TM5-TM8 allow for communication between the N- and C-
terminal domains. These TM pairs have distinctive "hourglass"” forms, which probably
aid conformational exchange via the "rocker-switch” mechanism [104].

The substrate binding pockets included amino acids 16F, 140F, 303F, 306F,
98R, 222E, 307D and 310R. The aromatics residues (F) are thought to be facilitating
the binding to aromatic drugs as fluoroquinolones and other ionizable residues are
important for binding to charged substrates. NorA also has MFS sequence motifs, such
as Motif-A that is important for stability of the conformer and Motif-C that takes part
in conformational exchange [104]. The Cryo-EM structure interacting with a
compound named Fab25 used in the study (PDB ID: 7LO7) is given in the Figure 1.7
[105].

1.8. Aim and Hypothesis

The aim of this thesis work is to characterize the ligand binding
specificity/promiscuity of NorA efflux pump. Specifically, we aim to establish an
understanding of how NorA efflux pump recognizes ligands that are chemically
diverse by detecting the possible binding sites on the NorA efflux pump structure and
exploring ligand binding behavior in these pockets via molecular docking simulations.
We also intend to explore the relationship between the structure and sequence of NorA

by identifying amino acids that play a significant role in ligand recognition.
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2. MATERIALS AND METHODS

This thesis work aims to characterize ligand promiscuity/selectivity of S. aureus
NorA efflux pump using computational structural biology methods. For this purpose,
protein structure modeling, molecular dynamics, and molecular docking simulations
have been performed. First, the 3D structure of NorA was generated using protein
structure modeling methods. In particular, the inward-facing conformation of NorA
was considered for modeling, as this is the conformation that recognizes and transports
the substrates from the inside to the outside of the bacterial cell. The structural stability
of the generated homology model was validated by performing classical molecular
dynamics simulations. Next, multiple NorA conformations were selected from the
generated simulation trajectories. Each of these conformations were used as receptors
in subsequent molecular docking simulations in an ensemble docking context. Finally,
molecular docking simulations were performed, and results were analyzed with respect
to the predicted binding affinities and residue contact patterns of known inhibitors of
NorA. The overall workflow used is shown in Figure 2.1. The procedure followed in

each of the steps shown below is given in the following sections.
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Figure 2. 1: Workflow of the study.
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2.1. Collection of NorA Inhibitors from ChEMBL
Database

The effectiveness of the potential inhibitors is measured with various assays,
including the minimum inhibitory concentration (MIC) assay, used to determine the
lowest concentration of a drug that can inhibit the growth of a bacterial culture; or the
efflux pump assay that measures the amount of the fluorescent substrate (such as
ethidium bromide) that is transported out of the bacterial cells by efflux pumps. For
NorA, comparing the activity of the pump in the presence and absence of a potential
inhibitor may directly indicate a measure of the inhibition level. The effectiveness of
the drugs can also be expressed by measures as 1C50 (half maximal inhibitory
concentration) that is measured by controlling a specific biological process such as the
growth of a bacteria culture or the activity of an enzyme. 1C50 is defined as the
concentration of a compound needed to inhibit the biological process by 50%. The
lower the IC50 value, the more effective the compound is at inhibiting the process
[106]-[109]. The ChEMBL is a manually curated database which includes bioactive
molecules [110]. For these molecules, a standard value is reported by calculating the -
log10 of the inhibition levels of the molecules that are reported in the studies.
Basically, the formula is explained as: —log10 (molar XC50, IC50, AC50, EC50, Ki,
Kd or Potency) [111].

A variety of chemicals has been tested for their inhibitory activity on NorA.
Here, a list of NorA inhibitors were obtained from ChEMBL, and stored in CSV file
format. These studies surrounding these inhibitors are mentioned in section 1.7. The
inhibitors were obtained by searching for term “NorA” in the search bar of ChEMBL
web interface and browsing then to the associated compounds section [112]. A total of
600 NorA inhibitors were available in the ChEMBL database by the time of this search
(13.08.2021). The list of NorA inhibitor molecules included those whose activities
were obtained based on strains of the organism S. aureus that included mutated NorA
sequences. Moreover, activities of several inhibitors were also tested multiple times in
different studies, leading to duplications. Hence, a pre-processing of the dataset was
performed using a simple script written in R programming language [113]. Initially,
from the downloaded CSV file, assays that included the “mutant” and “mutation”
terms in their description were removed. Then, the repeated molecules (duplicates)

were removed from the dataset. After that, the number of molecules were reduced to
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256. To achieve a more reliable set of direct NorA inhibitors, only molecules with
inhibitory activities reported in terms of “% reduction in NorA efflux activity” were
retained. From this set of molecules, only molecules that are reported to have standard
value (i.e., inhibition level) less then 20% were removed to eliminate molecules with

limited activity (and thus no significant inhibitory activity).

2.2. Modeling of 3D Structure of NorA

The protein sequence of S. aureus NorA includes 388 amino acids and displays
a typical MFS fold with 12 transmembrane segments. No experimentally resolved
structure of NorA was available at the beginning of this work, although two structures
of this MFS pump in complex with an antibody were resolved via CryoEM
experiments recently [104]. Moreover, the resolved structures included outward-
facing conformations of NorA, which was considered less relevant than the inward-
facing conformation as the primary aim was to characterize ligand (inhibitors as well
as substrates) recognition by the pump, and the substrates are recognized by the
inward-facing conformation. An AlphaFold2 model of NorA in its inward-facing
conformation appeared on UniProt database later (AF-Q2G0A2-F1), yet it was also
unavailable at the beginning of this work either. Hence, homology modeling and
threading tools were used to model the 3D structure of NorA. Homology modeling
and threading tools require the sequence of the molecule, and homology modeling
tools can either propose experimentally validated structures as templates, or they can
allow user to upload their own template structures to create 3D model of the given
amino acid sequence. Phyre2 [114], SWISS-MODEL [115], AlphaFold2 [116] can be
given as examples for homology modeling tools, while [-TASSER [117] is a known
example of threading tools. Phyre2, I-TASSER tools only require the amino acid
sequence of the protein for the modeling, whereas SWISS-MODEL also gives the to
the users to upload their own template. The difference between homology modeling
and threading lies on the fact that homology models are created based on structures of
homologous proteins, yet threading is based on structures of homologs in the fold-
level, therefore threading algorithms are in general considered more useful for

sequences with no close homologs with known structures [118].
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In this project, polypeptide sequence of norAl, which is the most common allele
of this protein, was selected for structural modeling (GenBank ID: BAA14147.1) [80]
[119] Several homology modeling and threading tools were used as alternatives to
generate a model of NorA structure. Initially, SWISS-MODEL web tool was used with
default options, which proposed two protein structure templates that had similar amino
acid sequence of norAl strain. Secondly, Phyre2 web portal was used with default
options, which had multiple results obtained by using multiple protein structures as
templates, these structures were proposed by the algorithm. Thirteen homology models
from the Phyre2 results were selected for further analysis. After this, the protein
structures that were used as a template for modeling of norAl, mentioned in the
literature, were used as templates and SWISS-MODEL was used to model the protein.
The templates were chosen from the work of Drew, D. [27] and had PDB ID of 6SM4
and 2GFP [120], [121]. Finally, a model of another less common allele of NorA,
NorAll, which was available at the AlphaFold2 Protein Structure Database [122], was
also used as a template for modeling of NorAl structure using SWISS-MODEL.

The resulting 3D structure models of each tool were then analyzed with Swiss-
Model Structure Assessment[123] and QMEANBTrane [124] tools to obtain scores that
help assess the quality of the generated structures. To this end, several metrics were
taken into consideration, such as the MolProbity score, sequence identity and
coverage, QMEANDIsCo score, and QMEANBrane score. Ramachandran plots were
also examined.

MolProbity score is calculated based on bond angles, bond lengths, and
Ramachandran angles. A low MolProbity score indicates a higher quality structure
[125]. QMEANDIsCo (Quality Measure for the Assessment of Non-local Distance
Restraints in Crystallography) is a scoring function that measures of how well the non-
local distance restraints agree with the electron density map of the structure. The score
is a number between 0 and 1. A low QMEANDIsCo score indicates better agreement
and a higher quality structure [126]. QMEANBrane (Quality Measure for the
Assessment of Embedding in Membranes) evaluates the quality of protein structures
that are embedded in a lipid bilayer. The shape of the protein within the membrane as
well as the agreement of the lipids with their experimental electron density map and
the agreement of the protein with its experimental electron density map are all factors
that contribute to the final score. Scores range from 0 to 1, with O denoting complete

agreement and 1 denoting no agreement [127]. The Ramachandran plot is a graphical
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representation of the conformation of the peptide backbone in terms of the two dihedral
angles, phi and psi, used in protein structure prediction and analysis. Based on a
statistical examination of the conformations of recognized protein structures, the plot
displays the permitted and prohibited regions for these angles. The plot's "preferred
regions” are those where most residues are located, whereas the "disallowed™ or
"disfavored" parts are those where little to no residue is located [128]. Here, the NorA
structure with the highest quality was expected to have low MolProb, QMEANDisco
scores, whereas the number of psi-phi angle combinations in the favored regions in
Ramachandran plot as high as possible, and QMEANBTrane score in expected range.
The template structures used in homology modeling were also selected based on their
conformational states to use only inward-facing MFS structures as templates. The
model that yielded the most favorable scores in terms of the above-mentioned metrics
was then selected as the best model, and suitable results used in further analysis

including MD and molecular docking simulations.

2.3. Molecular Dynamics (MD) Simulations

Molecular dynamics (MD) simulations predict the movement of atoms in
molecular system based on interatomic interactions calculated by Newton’s law of
motion [129], [130]. These simulations have been used to simulate the dynamic
behavior of proteins since 1970s and have been proven to be useful for observing
changes in protein structure on an atomistic scale in the face of perturbations such as
mutations, ligand addition, and changes in environmental conditions such as pH,
temperature, pressure, and chemical composition. MD simulations can also be used
for examining the conformational changes, interactions between proteins and small
molecules, the properties of materials, lipid bilayers and solutions [131].

A force field is a mathematical model that represents the interactions between
atoms and molecules in an MD simulation. The force-field is used to calculate the total
energy of a system as a function of the atomic and molecular locations and velocities.
This energy is utilized to compute the forces acting on each atom and molecule to
model their motion through time. Atomic and molecular interactions are described by
a series of equations constituting a force field. These equations account for the

different types of possible contacts, including electrostatic, van der Waals, and
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covalent interactions. Typically, the force field's parameters are derived via
experiments or quantum mechanical calculations, and they are utilized to precisely
simulate the interactions between atoms and molecules. There are various forms of
force fields, including classical and quantum mechanical force fields. Classical force
fields are often utilized in MD simulations and are based on classical mechanics. These
force fields are used to simulate the interactions between atoms and molecules using
simple mathematical functions and are generally computationally efficient. Quantum
mechanical force fields, on the other hand, are based on quantum mechanics and
provide a more precise description of the interactions between atoms and molecules,
albeit at a greater processing cost [132]. The time steps used in MD simulations are
usually on the femtoseconds (fs) range, since most chemical processes occur on a
femtosecond time scale.

Several procedures are required to prepare a system for MD simulations. First,
the system is prepared by specifying the molecules, initial positions of their atoms, and
the boundaries of the simulation box. Second a topology file that specifies the bonded
and unbonded interactions between atoms in a system is created. Typically, this file
contains information about the types and amounts of atoms, as well as any constraints
or restrictions that should be imposed to the system. Third, a force-field suitable for
simulation of the system is selected, and the potential energy of the system is
minimized to eliminate bad angles in the system that may lead to unstable MD
simulations. Fourth step is equilibration, in which the conformation of the protein is
allowed to interact with and adjust to its environment under controlled temperature
and pressure levels. Fifth, initial velocities are assigned to atoms and molecules in
accordance with the desired temperature of the system. Finally, once the system is
ready with necessary simulation settings are defined, the simulation is started [133]—
[135].

Several tools that simplify these processes and generate necessary input
parameters for MD simulations to be conducted with popular MD simulations
programs have been developed in the past. One such software is CHARMM-GUI
which is a web-based platform, which is developed since 2006 and used for
preparation of input files for MD simulations. Simulations packages such as
CHARMM, NAMD, GROMACS, AMBER and GENESIS accept inputs generated by
CHARMM-GUI. The platform contains various modules for MD simulations of a
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broad range of cellular components such as glycolipids, building bilayers, soluble
proteins [134], [136], [137].

The Membrane/Bilayer Builder module of CHARMM-GUI web service was
used to generate complex of protein-bilayer system or bilayer-only system for NorA
MD simulations. Building a membrane using CHARMM-GUI includes several steps.
First, system is defined by specifying the kind and number of lipids, the size of the box
used for the simulation is decided, and the boundary conditions for the system to be
simulated. Then, Lipid Builder module is utilized to specify the type of lipids to be
used in the simulation and the number of lipids in the system. Then the Solvation
Wizard module used to introduce solvent molecules to the system, such as water.
Utilize the Energy Minimization module to reduce the system's energy, which can
eliminate any high-energy conformations that may be present. Afterwards, the
Equilibration Wizard is utilized to equilibrate the system to the appropriate
temperature and pressure. Finally, Parameter Wizard module is used to assign force
field parameters based on the type and attributes of the atoms and molecules to the
force field [138]-[141]

There is several software designed for the purpose of MD and GROMACS is
one of the most utilized package utilized to perform MD, since it is a free and
community-driven project. It is designed for biochemical molecules and used for non-
biological systems and can run both graphics processing units (GPUs) and central
processing units (CPUs) [136], [137], [142]-[145].

In this project, two independent 100 nanoseconds (ns)-long molecular dynamics
(MD) simulations were conducted to (1) examine stability of the generated NorA
model and (2) obtained potential ligand binding pockets from conformation selected
from the generated simulation trajectories. Computational resources kindly provided
by TRUBA TR-GRID were used to perform these simulations. The protein was
inserted inside a POPC (1-palmitoyl-2-oleyl-glycerol-3-phospho-choline) bilayer
prior to simulation by using CHARMM-GUI [102]. The steps involved in building a
membrane around the protein included uploading the PDB structure of the protein and
choosing the chain to be used. Since the structure had only one chain, it was selected.
In the second step, PDB manipulation options were not used and left at default settings.
The third step included correcting the orientation of the protein, positioning, and area
calculation options. In this step, PDB orientation was selected to be used and other

parameters were not used. In the fourth step, system size was determined and POPC
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was added to the system. The system included NorA, and 248 POPC, 49 potassium
ions, 54 chloride ions and 18425 TIP3 water molecules. Then, these components were
assembled. Simulations were conducted by using CHARMM36 as force field and
GROMACS (version 2018.2) as the simulation engine [142], [146]. For both
simulations, system was minimized for a maximum of 5000 steps until the maximum
force reached a level lower than 10 kJ/mol. Cutoff scheme Verlet was used which
generates a pair list with buffering and the buffer size was selected as 1.2. Van-der
Walls and Coulomb interaction cut off distances were used as 1.2 nm. For treatment
of long-range electrostatic interactions, Particle Mesh Ewald (PME) method was used.
Following minimization, the systems were subjected to 3 equilibration steps each
including 125000 steps using 1 femtoseconds time step at 310K in the NVT ensemble.
Then 3 more equilibration steps each including 250000 steps using 2 femtoseconds
were conducted with same settings. Positional restrains were applied to NorA and lipid
molecules during equilibration steps. Finally, unrestrained production simulations
were conducted for 100 ns, in the NPT ensemble by setting pressure at 1 bar and
temperature at 310 K and using.

For the analysis of MD simulations Root-Mean Deviation Score (RMSD) and
Root-Mean Fluctuation Score (RMSF) were calculated for the structure using ProDy
[147]. These scores represent the difference between the atoms while the molecule is
moving in time, compared to the starting point and calculation individual residue

flexibility.

2.4. Binding Pocket Detection from MD Simulation
Trajectories

A major goal of this thesis work is characterization of ligand promiscuity of
NorA using computational structural biology tools. To this end, prediction of
interactions between ligands/inhibitors and potential binding sites of NorA ligands
within the internal cavity of the protein is required. This, in turn, requires definition of
binding sites on the protein structure. To consider all possible binding sites on the
NorA structure as well as the influence of protein flexibility, we extracted
conformations from MD simulations trajectories, and predicted binding pockets on
these structures prior to docking simulations. Binding pocket detection may be

achieved by existing online tools that are designed to predict binding pockets or
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cavities on a given protein structure, such as DoGSiteScorer [148], GRID [149], [150],
POCKET [151], and SurfNet [152], [153].

Each MD simulation conducted here yielded 1002 conformations. From each
simulation, 10 conformations were selected in a stepwise manner, corresponding to
conformations at 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100 ns simulation time.
Potential ligand binding sites on each of these conformations were detected using
DoGSiteScorer web service, which was available at proteins.plus website. The tool
reports pockets, along with their respective volumes and a DrugScore value.
DrugScore is a measure of the druggability potential of a binding site. The calculation
of DrugScore value is based on a combination of structural, energetic, and
pharmacophoric such as the size, shape, and electrostatic properties of the site, as well
as the binding energy of the ligand. The score ranges from 0 to 1, with a higher value
indicating a higher druggability potential of the binding site. Here, pockets with
DrugScore values smaller than 0.65 were eliminated. Finally, a total of 45 binding
pockets were obtained. and used to define docking grids in molecular docking
simulations in an “ensemble docking” context. These pockets were thus taken to
represent the variability of the NorA internal cavity in the context of ligand

recognition.

2.5. Molecular Docking Simulations

Molecular docking is a computational procedure that is often used to predict the
binding of small molecules to macromolecules. In addition to its widespread use in
computational Structure-based Drug Design (SBDD) campaigns, the method can also
help characterize binding behaviors and elucidate biochemical processes of the small
molecules [154]. During molecular docking, small molecule is oriented towards its
potential receptor, and its conformation is modified many times. For each
conformation that produces a ligand-macromolecule interaction (i.e., a binding
“pose”), a binding affinity prediction is performed, or the obtained pose is scored using
a scoring function [155]. More than 60 tools have been developed in the past for
molecular docking simulations and subsequent scoring of obtained poses, such as

DOCK [156], AutoDock [157], FlexX [158], GOLD [159].
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As described in Section 2.1, 96 small molecules that are known to have
inhibitory effect on NorA efflux pump, as well as ciprofloxacin, a known substrate of
the NorA, were docked into the detected binding pockets. AutoDock Vina (v1.1.2)
was used to perform molecular docking simulations. The information required for the
formation of grids were extracted from DogSiteScorer results. The X-Y-Z coordinates
and the radius of the box is given in the results, which was integrated into the Autodock
Vina codes. The files required by AutoDock Vina were prepared by converting the
structure files (either in pdb or sdf format) to pdbqt file format using Open Babel [160].
The exhaustiveness level was set to 512 to perform a comprehensive conformational
search. A total of 45*96 = 4320 docking runs were performed. Since multiple pockets
were used for each inhibitor, multiple binding affinities were predicted by AutoDock
Vina. Among these, only the pose that yielded the lowest binding free energy
(kcal/mol) for each inhibitor was considered in further protein-ligand interaction
profiling analysis. Moreover, only the inhibitors with binding affinities smaller the -7
kcal/mol were included the analysis. Binding site characterization was performed by
using a pdb file of protein-ligand complexes and an offline installation of PLIP [161].
The whole process was automatizes using custom Python scripts. These scripts and the

files generated during the analysis are given in Appendix B.

2.6. Data Analysis

2.6.1. Clustering Based on Pairwise Tanimoto Similarity Scores

Similarity of molecular substances can be calculated by computing various
molecular similarity metrics. Tanimoto coefficient is a score that is used for
quantification of similarity between two small molecules. The score is calculated by
calculating the ratio of the number of elements common to both molecules to the total
number of properties in both molecules [162]. These elements are also called chemical
fingerprints and generation of these fingerprints is achieved by detecting all linear
paths of atoms and bonds, branching points and cyclic patterns. Large and scattered
data is better understood by clustering the similar sets with each other. Clustering
analysis is used to organize and classify the patterns into groups. There are different

approaches utilized by researchers for clustering large datasets. Hierarchical and
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partitional approaches are the main two branches for clustering methods [163]. In
hierarchical approach, researchers aiming to analyze big data can create clusters that
are consisting of subjects with related properties [164]. Here, 96 small molecule
inhibitors of NorA obtained from ChEMBL database (as described in section 2.1.)
were clustered based on their Tanimoto similarity scores between each other. For this
purpose, first Smiles IDs of the ligands were obtained from the ChEMBL during the
first download, then these IDs were subtracted from the CSV file and used as the input
for the analysis. Tanimoto similarities were calculated by using rdkit module on
Python (v.3.8). The molecules were then clustered based on the obtained scores. The
clusters were visualized as heatmap using python seaborn module. The code written

for this analysis is given in Appendix B.

2.6.2. Clustering Based on Protein-Ligand Interaction Profiles

Small molecules and macromolecule can form various type of chemical
interactions, as hydrogen bonds, hydrophobic contacts, salt bridges, and water bridges.
It is important to characterize interaction types formed between the protein-ligand
complex to achieve a better understanding of the function as well as molecular
recognition behavior of the protein at hand. This type of information can also help with
drug discovery efforts [165].

The same 96 inhibitors described previously were also clustered based on the
results of a binding site analysis of obtained molecular docking poses. Interactions
between each molecule and putative NorA binding pockets were obtained by using
PLIP, which is a tool that allows detection and visualization of non-covalent
interactions in protein-ligand complexes. For each inhibitor, PLIP generated a list of
different types of interactions between the ligand and the protein, including hydrogen
bonds, hydrophobic contacts, salt bridges, and water bridges. All these interactions
were taken to consideration. For each ligand, a list of ligand contacting NorA amino
acids was generated. An amino acid was considered ligand-contacting if it made at
least one type of interaction with the inhibitor. Once these lists were obtained, the
inhibitors were clustered based on the list of NorA residues (amino acids) they contact.
These “PLIP clusters” were then visualized as heatmaps using python seaborn module.

The code written for this analysis is given in the Appendix B.
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2.6.3. Confusion Matrix

A ““confusion matrix” was constructed to compare overlap between the two sets
of clusters obtained from Tanimoto similarity scores and PLIP-based binding site
analysis. This is a matrix which included “Tanimoto clusters” and “PLIP clusters” in
its rows and columns, respectively. Each cell in the matrix included the number of
molecules shared between sets of clusters. To enable the construction of this matrix,

the same number of clusters was used in each clustering analysis.
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3. RESULTS

3.1. Molecular Similarity Between NorA Inhibitors

First, NorA inhibitors were gathered from ChEMBL as explained in section 2.1.

After removing duplicates and molecules with low effects (lower than 20% in standard

value field), 96 molecules were left for analysis. A list of these molecules is given in

the Appendix B. To get an overview of similarity/difference between these molecules,

Tanimoto similarity scores between each inhibitor were calculated. The molecules

were then clustered based on these scores, as described in 2.6.1. The obtained cluster

map is given in the Figure 3.1 in the form of a dendrogram.
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Figure 3. 1:

Cluster map of NorA inhibitors based on Tanimoto similarity scores.
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Two groups of molecules, in the top-left in Figure 3.1, were observed to include
two sets of highly similar small molecules. The rest of the molecules; however, did
not yield distinct groups of highly similar molecules, despite a group of molecules in
the bottom-right in Figure 3.1, which yielded Tanimoto similarity scores between 0.4
and 0.6. As expected, this finding is in line with the previously indicated promiscuity
in NorA ligand recognition. Nevertheless, the molecules were separated to four distinct
clusters based on the results of this dendrogram to enable comparison between binding
site similarity-based clustering results. The molecules that were found to be in the
same cluster were then examined in the respective studies in which they were reported.
Accordingly, ligands in Cluster 1 included 9 different molecules. These molecules
originated from 3 different publications and included chalcones, indole-based
compounds and other novel inhibitors designed to inhibit norA. The molecule with
ChEMBL ID “CHEMBL3774527” had the highest standard value (and thus inhibition
level), therefore it has been chosen as the representative of this cluster. The molecules
in this cluster had median of 89 with 28,04 standard deviation as standard value, and
a median of 435,57 and 54,82 standard deviation for molecular weight. The 38 ligands
in the Cluster 2 also originated from 3 different publications and included quinolone
and hydroxyquinolone derivatives, indole-based compounds and other novel inhibitors
designed to inhibit norA. The molecule CHEMBL3774675 had the highest standard
value, therefore it has been chosen as the representative of the cluster. The molecules
in this cluster had median of 52,8 with 25,41 standard deviation as standard value and
median of 391,5 and 55,82 standard deviation for molecular weight. Cluster 3 included
33 molecules from two different publications, and only indole-based compounds to
inhibit norA. The molecule CHEMBL3775062 included the highest standard value,
therefore it has been chosen as the representative of the cluster. The molecules in this
cluster had median of 89,7 with 25,86 standard deviation as standard value and median
of 450,58 and 82,78 standard deviation for molecular weight. Finally, Cluster 4 had
17 molecules coming from 7 different publications and there were a variety of
chemical groups in this cluster including quinolone and hydroxyquinolone derivatives,
chalcones, quinolone-like analogues, indole-based compounds, and other novel
inhibitors. These molecules had median of 54,4 with 24,82 standard deviation for
standard value and median of 436,53 with 81,27 standard value for molecular weight.
These results are also summarized in Table 3.1. A more detailed version of the Table

3.1, which also includes the ChEMBL IDs of inhibitors, is given in Appendix B.
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Cluster No.

Cluster 1

Cluster 2

Cluster 3

Cluster 4

Table 3. 1: NorA efflux pump inhibitor groups by Tanimoto clusters.
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3.2. Modeling of 3D Structure of NorA

No experimentally determined inward-facing conformation of NorA has been
available at the start of this thesis work. Therefore, to obtain a 3D structure of IF NorA
conformation, protein structure modeling methods including homology modeling and
threading were utilized. For homology modeling, 23 experimental structures of
different MFS transporters in their IF conformations and a computationally generated
model of another less common allele of NorA (NorAll), available at the AlphaFold
Protein Structure Database, were used as templates. Then, the obtained models were
examined using the Structure Assesment tool of Swiss-Model. Quality metrics taken
into consideration included the MolProb score, Ramachandran favored score,
sequence identity and coverage, QMeanDisCo, QMeanBrane. These scores were
calculated for each of the molecules and the results are given in the Appendix B.

Based on the structure assessment, the NorAl model generated by using the AF2
NorAll structure yielded MolProb score of 0.77 with 97.93 Ramachandran favorite
score and 0.63 QMeadBrane score. When compared to those of other models, these
scores were found to be the most favorable. The generated structure is shown in in
Figure 3.2. As expected, the modeled structure of the NorA had 12 transmembrane

structures as in other MFS transporters.

(@)

Figure 3. 2: A model of NorA efflux pump inward-facing conformation. The side
view of the model. (b) The view of the model from the bottom.
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(b)

Figure 3. 3: Continue.

The Ramachandran plot of the model is also given in Figure 3.3. The dihedral

angles of protein backbone were clearly found to be in the accepted areas with a

favored percentage of 97.93%. Hence, this structure was used as initial structure in

MD simulations described in the next section.

Figure 3. 4: Ramachandran plot of the selected NorA model for MD simulation. The

NorA model produced by AF2 was found to show the highest quality

<100000, Molprobity score 0.77).

(Ramachandran favored percentage 97.93%, QMEANBTrane expected range
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3.3. MD Simulations

Two molecular dynamics (MD) simulations for, each 100 nanoseconds (ns)
long, were performed to (1) examine stability of the generated NorA model, and (2) to
obtain putative ligand (substrate/inhibitor) binding pockets within the internal cavity
of NorA (in case the structures are deemed sufficiently stable). These MD simulations
were named based on the date of MD simulation started (08 12 2021 and
09 21 2021). The RMSD and RMSF time profiles were calculated for both
simulations (Figure 3.4 and 3.5).

RMSD plots of both simulations displayed an initial increase (as expected from
a typical classical MD simulation). However, the simulation 09 21 2021 was found
to yield a more stable RMSD when compared with simulation 08 12 2021. The latter
simulation showed an increasing trend in the RMSD with increasing simulation time.

RMSF plots given in the Figure 3.5 were obtained by computing fluctuations
about average positions of only carbon alpha atoms of each amino acids. According to
RMSF plot of both simulations, residues 175-200 showed relatively higher level of
fluctuations (highlighted in Figure 3.6). This region is not part of any secondary
structure element (i.e., helix in the case of NorA): it is a linker element that connects
helices N-terminal helix 6 and C-terminal helix 7. These helices are given in Figure
1.2. High levels of RMSF in this region are thus expected.

Our results in this section indicated that one of the MD simulations conducted
(simulation 08 12 2021) did not appeared to have completed equilibration based on
the RMSD plot. However, RMSF plot of this simulation did not show clear differences
with the other simulation conducted. In contrast, there is a larger fluctuation in the C-
terminus of the protein, which apparently affected RMSD plot as well. A visual
inspection of this simulation also showed that the backbone of the obtained NorA IF
model remained stable throughout the simulation trajectory. The generated NorA

model was thus concluded to be a stable IF conformation of NorA.
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(a)

325

3.00

275
ug 250
)
w
E 225

200

175

150

20 0 &0 &0 100
Time (ns)
RMSD over the simulation 09 21 2021
(b)

20

15
<
a)
73]
=
e 10

0s

0.0

) 0 &0 80
Time (ns)

100

Figure 3. 5: RMSD scores obtained from both MD simulations.(a) RMSD over the

simulation 08_12 2021. (b) RMSD over the simulation 09 21 2021.
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Figure 3. 7: NorA homology model used in the study with fluctuated region
according to RMSF scores (residues between 175-200 amino acids) highlighted in
pink.

3.4. Putative Binding Pockets in Inward-Facing
Conformation of NorA

From each MD simulation trajectory, 11 snapshots were taken (or in other words,
conformations were selected). These conformations were saved in separate PDB files
and named based on their respective frame numbers. Thus, 22 different conformations
were obtained. Putative ligand binding pockets in each of these conformations were
then detected using DogSiteScorer. Detected pockets in each conformation were
filtered based on the drug score calculated by the server (only those having a
DrugScore higher than 0.65) and the volume of the pockets (only those with a volume
higher than 400 A®). The remaining binding pockets for each conformation are used
for further analysis. A visual overview of these pockets is given in the Figure 3.7.
Volumes, drug scores, and amino acids found in each pocket in each conformation are

given in the Appendix B.
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Figure 3. 8: Putative ligand binding pockets in NorA IF conformation as predicted by

DogSiteScorer.
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3.5. Interaction Between Ciprofloxacin and NorA

Ciprofloxacin is a known substrate of NorA. Therefore, we first docked
ciprofloxacin into each of the detected binding given in Figure 3.7 using AutoDock
Vina to characterize the substrate binding pocket in NorA IF conformation. The pocket
09 21 0 P_0 had the lowest binding score of -8.9, while other pockets had scores
ranging from -8.7 to 18.6. Since pocket 09 21 0 P 0 had the best binding score, PLIP
algorithm was used to obtain amino acids that are found on the binding sites between
the molecule and the protein. According to the results of this analysis, 98R, 191, 22V,
44V, 40L, 43L, 85F were found to be the residues that recognize and bind
ciprofloxacin. Hence, these residues were identified to form the substrate-binding site

of NorA (Figure 3.8 and 3.9).

(a)

Figure 3. 9: Ciprofloxacin binding residues highlighted on NorA efflux pump of S.
aureus.(a) The side view of the binding site in homology model. (b) The view of the
binding site of the model from the bottom.
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Figure 3. 11: Ciprofloxacin binding residues 98R, 191, 22V, 44V, 40L, 43L, 85F on
NorA efflux pump, highlighted.
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3.6. Characterization of Interactions Between NorA and
Its Inhibitors

The inhibitors of NorA were docked into all the pockets detected in Section 3.4
(and shown in Figure 3.7) using AutoDock Vina. Following docking simulations, only
poses that yielded the lowest binding free energy estimates were included in protein-
ligand interaction profiling analysis. Then, for each inhibitor, an array of ligand-
contacting amino acids (residues) was generated. These arrays were then subjected to
a clustering analysis to identify groups of inhibitors that showed similar contact
patterns with NorA. As a result of this analysis, 47F, 191, 98R, 16F, 140F, 78F, 23,
22V, 105A, and 44V were identified as positions that contacted most of NorA
inhibitors. These residues are highlighted in the Figure 3.10 and Figure 11. A full list
of ligand-contacting residues is given in Appendix B.

From the cluster map, 4 groups (clusters) of inhibitors with similar binding
patterns to each other were identified. These groups are highlighted in Table 3.2 and
the binding residues of these molecules can be examined in the heatmap of Figure
3.13. It is important to note that, not all the binding residues are shown in the heatmap.
The inhibitor molecules in the Group 1, formed high number of bonds with the amino
acids 47F, 191, 98R, 78F, 16F, 105A, 108V, 22V, 151, 44V, 223T, 140F, 231, 26L,
51Q, &85F, 40L, 82E, 75L, 340N. The molecule with ChEMBL ID
“CHEMBL3774527” was chosen as representative for Group 1. The amino acids 52M,
333S, 110P, 188F, 109M, 310R, 113T, 334T, 336T, 332N, 3131, 3091, 255Q, 222E,
218L, 214L were found to be interacting with the molecules in the second group,
however the number of bonds formed with these amino acids were much lower
compared with Group 1. The molecule CHEMBL1649602 were chosen as the
representative of this group. Group 3 included amino acids 231, 22V, 140F, 47F, 191,
222E, 26L, 85F, 98R, 44V, 223T, 40L, 226S, 16F and molecule CHEMBL1650999
was chosen as representative. Finally, the molecules in Group 4 included amino acids
140F, 303F, 2441, 231, 222E, 1411, 26L, 191, 2268, 225Y, 16F, 22V, 307D, 47F, 44V
and the molecule CHEMBL2158999 was chosen as the representative of this group.
The interaction patterns of these representative molecules are given in Figure 3.13 to

Figure 3.17.
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Figure 3. 12: Inhibitor binding residues highlighted on NorA efflux pump of S.
aureus.(a) The side view of the binding site in homology model. (b) The view of the
binding site of the model from the bottom.
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Figure 3. 13: Inhibitor binding residues 47F, 191, 98R, 16F, 140F, 78F, 23l, 22V,

105A, 44V highlighted on NorA model.
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Table 3. 2: NorA efflux pump inhibitor groups by PLIP clusters.
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Figure 3. 16: CHEMBL3774527 of Group 1 complex with NorA Efflux Pump.
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Figure 3. 18. CHEMBL1650999 of Group 3 complex with NorA Efflux Pump.
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Figure 3. 19: CHEMBL2158999 of Group 4 complex with NorA Efflux Pump.

3.7. Confusion Matrix

The 96 inhibitor molecules of norA were clustered based on Tanimoto similarity
scores as explained in the section 2.6.1. These molecules were also clustered based on
the binding site characteristics on norA residues, as explained in section 2.6.2. A
confusion matrix was generated to compare the overall similarity between these
clusters. The matrix is given in the Figure 3.18. According to the matrix, even though
the inhibitor molecules belonged to different Tanimoto clusters, most of these
molecules preferred the same PLIP cluster. Out of 96 inhibitors, 62 of them preferred
PLIP cluster 0, 4 inhibitors preferred PLIP cluster 1, 17 inhibitors preferred PLIP
cluster 2 and 14 molecules preferred PLIP cluster 3. These results indicate that, despite
differences in their molecular structures, most inhibitors preferred the same binding

site in the NorA internal cavity.
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Tanimoto cluster
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Figure 3. 20: Confusion matrix generated by comparison of Tanimoto scores and
binding site clusters of inhibitors.
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4. DISCUSSION

S. aureus 1s a type of bacteria that can cause a variety of infections, including
skin infections such as boils and impetigo, respiratory infections such as sinusitis and
pneumonia and food poisoning. Some strains of S. aureus are resistant to antibiotics,
making them difficult to treat. Multidrug-resistant S. aureus (MDRSA) refers to strains
of the bacteria that are resistant to multiple classes of antibiotics. MDRSA strains have
developed resistance mechanisms to different classes of antibiotics, such as beta-
lactams, macrolides, tetracyclines, and others, making it harder to treat infections
caused by these bacteria. In this study, inhibitors of the NorA efflux pump that were
previously reported at the ChEMBL database were collected, and Tanimoto similarity
scores between each of them were calculated. Then, the ligands were clustered based
on these Tanimoto similarity scores. As given in the heatmap of Figure 3.1, a major
cluster that included a large group of molecules, and a few minor clusters that included
smaller groups of molecules, were obtained. In Table 3.1. chemical groups and classes,
median of standard values and molecular weight of these ligands were given. A variety
of the chemical groups were clearly included in the inhibitors list, since the inhibitors
included chalcones, indole-based compounds, quinolones, among others. The standard
values of the molecules and molecular weights were different between Cluster 1-3 and
Cluster 2-4. Hence, there was no significant difference between these inhibitors, based
on standard values and molecular weights.

The major facilitator superfamily (MFS) is a group of transmembrane transport
proteins responsible for transporting a wide variety of small molecules across the cell
membrane, such as sugars, amino acids, ions, and drugs. NorA is a type of efflux pump
that belongs to the major facilitator superfamily (MFS) of transmembrane transport
proteins. Structurally, MFS transporters are composed of 12 transmembrane alpha
helices, with the N- and C-termini located in the cytoplasm. The transmembrane
helices form a central pore through which the substrate is transported. In this project,
several tools were utilized to obtained 3D model of the NorA efflux pump, and the
amino acid sequence of the most common allele of NorA, NorAl, was used to model
the structure. A Cryo-EM structure of the NorA has been discovered recently, yet in
an outward-facing conformation, which is not the state in which the substrate is
recognized. The model which yielded the best quality metrics was obtained by

homology modeling of the norAl structure based on a computational model of NorAll
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obtained from the AlphaFold2 database. This model had a typical MFS-fold (12
transmembrane structures), with 97.93% of backbone dihedral angles in the favored
region of Ramachandran plot, QMEANBrane score in the expected range (<100000),
and a Molprobity score of 0.77.

Since the inward-facing structure of NorA was not available prior to this study,
putative binding pockets within the NorA structure were also not characterized. Such
characterization was aimed here by using molecular docking simulations. To perform
molecular docking simulations in an ensemble docking context, we extracted multiple
IF conformations of NorA from MD simulations. During simulations, the movement
of the amino acids can modify the internal cavity withing the protein, and thus putative
binding pockets as well. The simulations yielded multiple binding pockets, which were
then filtered based on their DrugScore values and volumes. The pockets with drug
score smaller than 0.65 and volumes smaller than 400 A3 were removed since these
pockets were considered unlikely to bind small molecules.

The exact mechanism of substrate recognition and binding by the NorA efflux
pump is still not fully understood. In a study by Palazzotti et al., supervised molecular
dynamics simulations revealed 127K, 264K, 109M, 133S, 136l, 51Q, 310R, 222E,
303F, and 225Y residues on NorA efflux pump as residues that interacted with
ciprofloxacin. In a study by Shang et al. substrate binding sites were examined via side
directed mutagenesis and FRET analysis and the study highlighted the amino acids
16F, 222E, 303F and 307D are important for substrate binding activity of NorA.
However, in the recent study by Brawley et.at., researchers discovered the structure of
NorA by Cryo-EM. According to the results of this study, it was found that ~65% of
substrate-binding pocket included lipophilic residues and contained 16F, 140F, 303F
and 306F, that are aromatic residues. These residues are believed to be facilitating
binding to aromatic drugs. Ionizable residues as 98R, 222E, 307D and 310R were also
found in the pocket, that forms positively and negatively charged patches. These
patches are thought to aid drug binding due to positively charged substrates.
Ciprofloxacin is a type of antibiotic that belongs to the fluoroquinolone class of drugs
and works by inhibiting the bacterial DNA gyrase enzyme that is used for DNA
replication and repair. It is reported that over expression of Nora efflux pump can lead
to resistance to ciprofloxacin. According to our analysis here, 98R, 191, 22V, 44V,
40L, 43L, 85F were the amino acids that were found to be the residues that binds to

ciprofloxacin. The residue 98R were also highlighted in the above-mentioned study by
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Brawley et.al. in the substrate binding site. According to Brawley et.al, a positively
charged patch is formed by 98R in the N-terminal. The findings of this project thus
agree with this of these experimental study.

A particularly interesting feature of NorA is its promiscuous ligand binding
behavior. Indeed, a variety of NorA inhibitors were discovered previously. A set of
small molecule inhibitors of NorA efflux pump were docked into various binding
pockets detected in MD simulations of this protein. Then, contact patterns of each of
these inhibitors with NorA were analyzed. Based on this analysis, 47F, 191, 98R, 16F,
140F, 78F, 231, 22V, 105A and 44V residues were found to interact with most of the
inhibitors. The research by Shang et al. also suggested 16F as important for substrate
binding activity of NorA. When compared with Brawley et al. residues 98R, 16F and
140F were found to be overlapping. Importantly, 98R were found in both substrate and
inhibitor interactions here. However, the regions 16F and 140F were specific to
inhibitors, while 222E was specific to ciprofloxacin. These residues can be used to
highlight important aspects of binding mechanism of NorA efflux pump. The residues
that were found to be important based on our analysis can also be important for the
substrate and inhibitor binding mechanisms and can be used for further studies.

The inhibitor molecules were clustered based on Tanimoto similarity scores, as
well as binding site profiles because of PLIP analysis. The results of PLIP analysis are
given in Figure 3.12 as a heatmap. The heatmap highlights the preferences of inhibitors
with the residues they are interacting. These molecules were clustered to four groups
and these groups are given in Table 3.2. These groups belonged to various molecular
species as acids, bases and neutral compounds. In statistics, confusion matrix is used
to compare real values with test values to see if test values show similarity to real
values. By this approach, the reliability of the statistical models can be obtained. In
this project, the Tanimoto similarity cluster and PLIP clusters were compared with
confusion matrix. The matrix is given in Figure 3.18. Based on the matrix, it can
clearly be seen that most of the inhibitors in different Tanimoto clusters were
accumulated in one PLIP cluster. Out of 96 inhibitors, 62 of them preferred PLIP
cluster 1, 4 inhibitors preferred PLIP cluster 2, 17 inhibitors preferred PLIP cluster 3
and 14 molecules preferred PLIP cluster 4.

The inhibitor molecules were found to be interacting with various amino acids
on the protein. The residues were compared with the studies mentioned previously.

16F, 140F were found in the Groups 1,3, and 4 and was mentioned in the studies by
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Shang et al. and Brawley et al. The residues 303F, 307D and 222E were mentioned in
all three studies, and 303F, 307D was only found in Group 4 and 222E Groups 3 and
4. 98R mentioned by Brawley et al. was found in Group 1,3 and ciprofloxacin. 310R
mentioned by Palazzotti et. al and Brawley et al. was only found in Group 2.

These findings indicate that, even though the inhibitors are different according
to their chemical properties and groups, they prefer to bind to specific residues on
NorA efflux pump. This result agrees with the promiscuous character of NorA efflux
pump, meaning that it can bind to molecules that are chemically dissimilar. Even
though most of the inhibitors preferred one distinct cluster, the clusters that are
preferred by the minority, Cluster 3 and 4 can also be important for binding
characteristics of NorA efflux pump. All of clusters have common amino acids, and
the movement of the inhibitors within the protein can be achieved with interactions of
these residues. These results can also be used as a starting point of more
comprehensive studies that aim to understand NorA efflux pump of other species, as

well as preparation of inhibitory molecules against the fight with antibiotic resistance.
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5. CONCLUSION

In this study, potential ligand binding pockets of NorA and binding
characteristics of known NorA inhibitors were characterized based on a homology
model. 47F, 191, 98R, 16F, 140F, 78F, 231, 22V, 105A and 44V were found to be
predominant residues involved in ligand binding. Comparison of protein-ligand
interaction profiles and Tanimoto similarity scores of NorA inhibitors revealed that a
single binding pocket is responsible for binding a wide variety of ligands, confirming
the promiscuous character of the NorA efflux pump. These findings can potentially
serve as a launching point for additional research aimed at elucidating the NorA efflux
pump of other species and the development of compounds that suppress antibiotic

resistance.
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— Comparison of models of NorA obtained by homology modeling and
threading, with their structural assessment scores.

— Binding pockets on NorA conformations generated from MD simulations,
with X-Y-Z coordinates and residues forming the binding pocket.

— Cluster of ligands based on Tanimoto similarity scores.

— PLIP results including the ligands, NorA conformations and binding site
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— Code files used for the study.
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