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Abstract 

The alarming antibiotic resistance spread is the main reason that demands the continued 

investigation to search for new antimicrobial agents. DNA Gyrase is a validated antibacterial 

target that can be used for this purpose. This essential prokaryotic type II topoisomerase 

enzyme is involved in DNA replication, transcription and recombination by introducing 

negative supercoiling in DNA at the expenses of ATP hydrolysis. It consists of two subunits 

Gyrase A (GyrA) which participate in DNA breakage and reunion and two subunits Gyrase B 

(GyrB) that catalyze the hydrolysis of ATP. The interest in the Gyrase B (GyrB) subunit is 

growing because of persistent resistance problems of GyrA inhibitors. 

In this thesis, research on DNA Gyrase B ATPase inhibition was performed by using both 

structure and ligand-based modelling techniques. First, the antibiotic crisis, the biological 

function of the gyrase enzyme as well as the outlook on the theoretical background of 

different target and ligand-based modelling methods are briefly described. In addition, a 

review of the state of the art of the GyrB inhibitors and the reports of modelling techniques 

used so far to address this topic are presented.  

Molecular dynamic simulations were used to explore the conformational changes of the 

protein in bound and free state in the endeavour of understanding the role of flexible loops. 

Furthermore, force field based free energy calculation techniques, like computational alanine 

scanning and energy decomposition at an atomic level were used to study the interaction of 

known inhibitors with residues of the ATP binding site. The study suggested that both 

techniques could provide valuable information about the possible binding mode when 

studying to-be-determined binders. 

Molecular recognition at DNA gyrase B enzyme–inhibitor binding interface was 

rationalized by means of molecular docking and further refinement of the obtained poses with 

short Molecular Dynamic simulations which enabled the use of rescoring schemes based on 

MM-PB(GB)SA and Zapbind. Although MM-PBSA outperformed the rest of the methods, 

limitations in getting accurate results when using this method in virtual screening to search for 

GyrB inhibitors were discussed. 

In an effort to overcome these limitations, ligand-based Quantitative-Structure-Activity-

Relationship models for binary classification (active/inactive compounds) were built. 

Adaboost ensembles of 1-feature Linear Discriminant Analysis models were generated during 

Genetic Algorithms (GA) iterations as well as Adaboost and Voting Meta-Ensembles. In 

addition, Least Squares–Support Vector Machine involving GA for the selection of the 

features (GA-LS-SVM) were explored using molecular descriptors that encoded diverse 

structural information. The study revealed that despite these models lack a straightforward 

interpretation of the influence of the structural encoded information in the biological activity; 



 

xi 

 

they outperformed the target based approaches when it comes to correlating structural 

information with experimental enzyme activity data. 

Moreover, information from more simple regression models and molecular docking has 

been used to guide the design of new analogues with the aim to improve the potency profile. 

Last but not least, a ‘wet’ experimental screening was performed by means of a supercoiling 

assay to a set of thirteen 2- and 3-carboxamide chromone like compounds showing a common 

chromone moiety with quercetin, a proven GyrB inhibitor. Two out of the thirteen analogues 

showed weak supercoiling inhibition and some modifications were proposed based on 

molecular docking binding mode prediction to enhance potency and selectivity toward 

bacterial GyrB. 

Despite the limitations of the modelling techniques explored along this work, we consider 

they can be combined and used carefully to address the search for new GyrB inhibitors. 
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Beknopte samenvatting 

De alarmerende verspreiding van antibiotische resistentie is de belangrijkste reden van het 

doorgedreven onderzoek naar nieuwe antibacteriële middelen. DNA Gyrase is een gevalideerd 

antibacterieel doelwit voor dergelijk onderzoek. Dit essentiële, prokaryotisch type II 

topoisomerase enzym is betrokken in de DNA replicatie, transcriptie en recombinatie door de 

introductie van negatieve overwinding in DNA ten koste van ATP hydrolyse. Het enzym is 

samengesteld uit 2 Gyrase A (GyrA) subeenheden die deelnemen aan het splitsen en 

herstellen van de breuk van DNA, en 2 Gyrase B (GyrB) onderdelen die de hydrolyse 

katalyseren van ATP. De interesse in de Gyrase B subeenheid neemt toe omdat het 

overwinnen van resistentie tegen GyrA inhibitoren een zeer moeilijke strijd blijkt. 

In deze thesis werd een onderzoek gestart naar DNA Gyrase B ATPase inhibitie door 

gebruik te maken van zowel enzym en ligandgebaseerde modelbouw technieken. Eerst 

worden de antibiotische crisis en de biologische functie van het gyrase enzym belicht, alsook 

wordt een korte inleiding gegeven over de theoretische achtergrond van de verschillende 

doelwit- en ligandgebaseerde modelbouwmethodes. Bovendien presenteren we de laatste 

ontwikkelingen over GyrB inhibitoren en stellen we de rapporten voor over 

modelbouwtechnieken die tot nu toe toegepast werden op dit systeem. 

Simulaties van moleculaire dynamica werden gebruikt om de conformationele 

veranderingen van het enzym in gebonden en vrije toestand te bestuderen, om zo de rol van de 

beweeglijke loops trachten te begrijpen. Bovendien werden krachtveldgebaseerde vrije-

energie technieken zoals  computationele alanine “scanning” en energie-decompositie op 

atomair niveau gebruikt om de interacties van gekende inhibitoren met residu’s in de ATP 

bindingsplaats te bestuderen. Deze studie suggereerde dat beide technieken waardevolle 

informatie kunnen geven over de mogelijke bindingswijze van potentiële binders. 

Moleculaire herkenning ter hoogte van de DNA gyrase B enzym–inhibitor 

bindingsinterface werd gerationaliseerd met behulp van moleculaire ‘docking’. Verdere 

optimalisatie van de bekomen poses werd uitgevoerd via korte moleculaire dynamica 

simulaties die het inzetten van “rescoring” schema’s mogelijk maakte gebaseerd op MM-

PB(GB)SA en ‘zapbind’. Alhoewel dat MM-PBSA beter was dan de andere methodes, 

werden beperkingen besproken aan de hand van nauwkeurige resultaten bij het toepassen van 

deze methode in virtuele screening op zoek naar betere GyrB inhibitoren. 

Om deze beperkingen te overwinnen hebben wij dan ligandgebaseerde, kwantitatieve 

structuur-activiteitsrelatie modellen voor binaire classificatie (actieve/inactieve verbindingen) 

opgesteld. Adaboost verzamelingen van 1-kenmerk lineaire discriminant analysemodellen 

werden voortgebracht gedurende genetisch algoritme (GA) iteraties, evenals via ‘adaboost’ en 

‘voting’ meta-ensembles. Bovendien werden “least squares–support vector machine” met GA 
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voor de selectie van de kenmerken (GA-LS-SVM) toegepast, gebruik makende van 

moleculaire descriptoren die diverse structurele informatie versleutelden. Deze studie toonde 

aan dat ondanks het feit dat deze modellen geen directe interpretatie van de invloed van de 

gecodeerde structurele informatie op de biologische activiteit leveren, zij de 

doelwitgebaseerde benaderingen overtreffen wanneer men de correlaties beschouwt tussen de 

structurele informatie en de gegevens van de experimentele enzymactiviteit. 

Bovendien werd informatie over meer eenvoudige regressiemodellen en moleculaire 

‘docking’ gebruikt om het ontwerp van nieuwe analogen te sturen met de bedoeling hun 

profiel van inhiberende kracht tegen Gyrase B te verbeteren. Ten slotte werd een 

experimentele ‘screening’ uitgevoerd met behulp van een ‘supercoiling assay’ op een 

verzameling van dertien 2- en 3-carboxamide chromone-achtige stoffen die een 

gemeenschappelijke chromone eenheid hebben met quercetin, een bewezen GyrB inhibitor. 

Twee van de dertien analogen toonden een zwakke supercoiling inhibitie en op basis van 

bindingswijze voorspelling via moleculaire docking, werden sommige veranderingen 

voorgesteld om de potentie en selectiviteit ten opzichte van het  bacteriële GyrB te verbeteren. 

Ondanks de beperkingen van de modelbouwtechnieken die in deze thesis onderzocht 

werden, beschouwen we hen als betrouwbaar wanneer ze voorzichtig gehanteerd en toegepast 

worden in de zoektocht naar nieuwe GyrB inhibitoren. 
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Chapter 1: Introduction  

1.1 Bacteria and antibiotics: The endless fight? 

1.1.1 The antibiotic crisis 

The battle against infectious diseases caused by microorganisms has been part of the 

history of human kind. Regarding to bacterial infections, the antibiotics have helped to turn 

the tide in favor of humans when the penicillin was discovered by Alexander Flemming in 

1929.
1
 Throughout the time, many other antibiotics followed penicillin. Their mechanisms of 

action are related mainly to the inhibition of cell wall synthesis, protein synthesis, nucleic acid 

synthesis, metabolic pathway and alteration of cell membranes. 

A cell wall or layers of peptidoglycan surround the bacterial cells protecting them from 

osmolyis and maintaining their shape. The peptoglycan is a polymer that contains sugar 

components (β-(1,4) linked N-acetylglucosamine and N-acetylmuramic acid) and peptide 

chains (including three to five amino acids). The 3D structure of the cell wall is the result of 

the cross-linking either of the glycan strands or the peptide strands by the action of 

transglycosidases and transpeptidases (the so-called penicillin-binding proteins (PBPs)) 

respectively. Two major classes of antibiotics inhibit the bacterial cell wall synthesis. The β-

lactams, (e.g. penicillins, cephalosporins, carbapenems, and monobactams) interfere with the 

enzymes involved in the peptidoglycan layer synthesis. On the other hand, the glycopeptides 

(e.g. vancomycin and teicoplanin) prevent the cross-linking needed for the rigidity of the cell 

wall by binding to the terminal D-alanine residues of the growing peptidoglycan chain.
2, 3

 

Ribosomes catalyze the protein biosynthesis in the cells. Antibacterial agents attack 

selectively the bacteria based on the differences with the mammalian ribosomes. Bacterial 

ribosomes have a sedimentation coefficient of 70S (formed by 30S and 50S subunits) while 

the other ones exhibit a coefficient of 80S (formed by 40S and 60S subunits). The two main 

inhibition modes are related to the binding of the inhibitors to the 30S subunit or 50S subunit 

of the ribosome. The aminoglycosides and tetracyclines bind to the 30S subunit of the 

ribosome by interacting with the 16S rRNA of the subunit leading to a misreading of the 

translation of mRNA and preventing the bind of tRNA to the A site respectively. Macrolides, 

lincosamides and streptogramins B show a similar mode of action. They interact with the 23S 

rRNA of the 50S subunit. Oxazolidinones bind to the P site at the 50S ribosomal subunit 

inhibiting the formation of the first peptide bond or the translocation of peptidyl-tRNA from 

the A site to the P site.
2, 3

 

The nucleic acid synthesis is inhibited in the bacteria by two classes of antimicrobials: 

fluoroquinolones and rifamycins. Fluoroquinolones inhibit the topoisomerase type II in 
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prokaryotes, which is called DNA gyrase enzyme (specifically the subunit A as explained 

further in the text). This enzyme is important in the initiation of replication since it unwinds 

the DNA helix allowing the access to the bases. DNA gyrase makes double-stranded breaks in 

the DNA and reduces the linking number by two (introduction of negative supercoiling). 

Quinolones form a stable drug-enzyme-broken DNA complex. Rifampicin inhibits the 

bacterial DNA-dependent RNA polymerase, which is essential in catalyzing the transcription 

of RNA species from the DNA template.
2-4

 

Inhibitors of the folic acid synthesis pathway like sulfonamides and trimethoprim (TMP) 

indirectly affect the DNA synthesis since the tetrahydrofolic acid (active form of the co-

enzyme) is an important intermediate in the biosynthesis of purine nucleotides, thymidylic 

acid and some aminoacids. Sulfonamides inhibit dihydropteroate synthase by competing with 

the ρ-aminobenzoic acid (PABA) precursor while trimethoprim inhibits the enzyme 

dihydrofolate reductase.
5
 

Although disruption of bacterial membrane can be considered a fifth mode of action for 

antibiotics it has been less well characterized than the rest of the mentioned mechanisms. 

Polymyxins are antibiotics which general structure consists of cationic cyclic peptides with a 

fatty acid chain attached to the peptide (e.g. daptomycin). They insert the lipid tail into the 

phospholipids in the cytoplasmic membrane causing membrane depolarization, leakage of 

cytoplasmic contents and eventual death of the bacterium.
5
 

However, microorganisms are always evolving and bacteria are not an exception. 

Antibacterial chemicals represent environmental stress for bacterial populations where a small 

subpopulation develops special defence mechanisms (resistance) helping them to survive and 

reproduce as their weaker relatives perish. Eventually, the dominant strain becomes the 

resistant one, as long as there is enough exposure to the antibiotic. The antibiotic resistance 

acquired by bacteria did not take millions of years to evolve but decades since bacteria were 

exposed to levels of antibiotics much higher than they were supposed to be in nature 

producing an effect called evolution in real time (denomination given by British Society for 

Immunology).
6
 

The remarkable ability of bacteria to manifest resistance is supported by different 

mechanisms
2, 3

 like: 

1) encoding enzymes that modify antibiotics rendering them inactive before they can act on 

the target,  

2) acquiring efflux pumps that expel the antibacterial agent from the cell before having 

effect,  

3) producing modified bacterial cell walls without the binding site for the antibiotic,  
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4) bacteria may acquire mutations limiting access of antimicrobial agents to the intracellular 

target site via downregulation of porin genes,  

5) mutations in enzymes that are targeted. 

 

In general, susceptible bacteria strains become resistant to antibiotics by means of mutation 

and selection but also via mechanisms of genetic exchange including transformation, 

conjugation, or transduction. The effectiveness of this evolutionary process is boosted by the 

fact that bacteria can acquire resistance whether by vertical evolution, due to chromosomal 

mutation passed from one generation to the offspring, or by horizontal evolution that occurs 

between strains of different bacterial species or genera.
2, 3

 

The irresponsible widespread and misguided use of antibiotics to treat humans and animals 

has accelerated the evolution of antibiotic-resistant microorganisms. In the past doctors often 

prescribed antibiotics to patients to treat viral infections. There are many campaigns to inform 

about the implications of an inappropriate use of antibiotics. For example, the campaign 

"European Antibiotic Awareness Day", runs every year by the European Centre for Disease 

Prevention and Control (ECDC).
6
 On the other hand, antibiotics are in food and water because 

animals commonly receive antibiotics in farms whether to cure or prevent infections and 

eventually antibiotics find their way into the water systems and contaminate streams and 

groundwater. 

As a result of this disastrous situation, the so-called “superbugs” have come across
7
. These 

are multiple drug resistant strains of Gram-positive and Gram-negative pathogens, which are 

resistant to even last-line treatment antibiotics (e.g., vancomycin, imipenem). In addition, 

there has been a decline in new antibiotic approvals over the past 20 years and only two 

systemic antibiotics based on novel chemical scaffolds have reached marketing approval in 

the past 40 years: linezolid and daptomycin. 

1.1.2 Challenges met in the antibacterial lead discovery. 

Despite the efforts of the several pharmaceutical companies, only few novel classes fo 

antibiotics entered the market since 40 years. Finding an appropriate antibacterial lead using a 

target-based screening approach is not an easy and cheap task as shown by the experience of 

companies like GSK in high-throughput screening (HTS) campaigns.
8
 The low probability of 

success in developing an antibacterial drug that can be approved for clinical tests together 

with the expenses of this research field and the short term treatment use of antibiotics have 

decreased the number of pharmaceutical companies that work in antibacterial drug discovery 
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programs. At the moment, only Astra-Zeneca, GSK, Merck, Novartis, and Pfizer companies 

are working in this field.
9, 10

 

Why is it so difficult to discover and develop new antibacterial leads?  

With the determination of the DNA sequence of the bacterial genome from Haemophilus 

influenzae in 1995 it was thought that embracing the genomics approach would lead to new 

targets that could be investigated in order to find new antimicrobial agents without resistance 

problems.
8, 11, 12

 In this sense, it is important to take into account that targets should be 

essential and conserved across bacterial species and strains of the same species but absent or 

poorly conserved in the human genome. Bacterial targets have a large phylogenetic range 

which makes it difficult to identify novel targets that are valid across bacterial groups. 

Intriguingly, some targets are more tractable than others which might be a function of the 

diversity of the compounds screened or the physiology of the targets.
9
 Given all the 

specificities that have to be met to consider a target appropriate for antibacterial research it 

has been suggested by the scientific community that is more affordable and feasible to use 

pharmacologically validated targets (e.g. DNA replication, the ribosome function and cell-

wall biosynthesis) to develop new chemical scaffolds with novel binding modes that 

overcome prior resistance problems. However, single-enzyme targets are susceptible to 

spontaneous resistance. Developing antibacterial agents that target multiple structurally 

related enzymes seems to be a more efficient strategy to diminish the emergence of 

resistance.
13

 

A broad-spectrum antibiotic faces the additional challenge that supposes inhibiting Gram-

positive and Gram-negative species since they differ in membrane permeabilities and 

metabolic pathways. The powerful multidrug efflux systems of Gram-negative bacteria are 

particularly difficult to overcome. In the case of intracellular pathogens, the mammalian cell 

membrane has to be penetrated too. Targets outside the bacterial cytoplasmic membrane 

might be preferred since inhibitors can reach the target avoiding penetration barriers. 

However, this kind of targets represents the minority among the number of validated 

antibacterial targets. 

Finding a bacterial enzyme inhibitor does not ensure that it will penetrate the cellular 

boundary and display whole cell activity. Therefore, it has been suggested that whole cell 

antibacterial screens might be a better starting point to deliver lead compound with a 

modicum of antibacterial activity whose cellular target could be found easier than the other 

way around.
8-10

 In addition, if the bacteria used in the screening campaigns are engineered to 

carry as much as possible antibiotic resistance genes, the resulting leads would be still 

effective against the resistance mechanisms. Again, this has been more promising in theory 

than in practice since standard synthetic compound libraries used in the screening generally do 
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not contain enough molecular diversity and are biased to follow Lipinski’s ‘rule of five’ 

contrary to antibacterial compounds which are typically larger and have more polar surfaces.
14

 

Since a better understanding about the cytoplasmic entry is needed to design synthetic 

libraries, researches have suggested that natural products are still a valuable source for 

antibacterial discovery.
15

 

A classical route used to discover new antibacterial over the past 70 years has been 

modifying the chemical substituents of drug classes whose antibacterial whole cell activity 

and target has been previously described. Taken the advantage of starting from compounds 

that are already active, the aim of this strategy is to defeat the resistant strains emerged from 

the previous generation of chemicals. However, it is questionable whether improvements are 

significant as they might come across the pre-existing resistance mechanisms.
9
 

1.2 A validated antibacterial target. 

1.2.1 DNA gyrase.  

More than 75% of the bacterial essential genome is related to macromolecular synthesis of 

RNA, protein, DNA, peptidoglycan, and fatty acids.
9
 DNA gyrase is an essential bacterial 

enzyme classified as type II topoisomerase. Its function is related to regulation of DNA 

superhelicity, replication, transcription, and recombination. DNA gyrase is a tetrameric 

enzyme comprised of two subunits each of GyrA and GyrB that can introduce negative 

supercoils in DNA at the expense of ATP hydrolysis. Both GyrA subunits of DNA gyrase are 

involved in DNA breakage and reunion while the GyrB subunits catalyze the hydrolysis of 

ATP.
16

 The appeal of this target for antibacterial research relies on 1) its essentiality, 2) the 

bactericidal and not only bacteriostatic effect of the cleavage complexes accumulation, 3) 

having no direct mammalian counterpart and (4) the high homology degree between DNA 

gyrase and Topo IV (about 40% sequence identity and a higher homology level) allows the 

design of inhibitors that have high probabilities to target both enzymes, which as explained 

before, contributes to decrease the emergence of resistance.
13, 17

 

1.2.2 DNA supercoiling mechanism model proposed for DNA gyrase 

A model called “two-gate mechanism” (see Figure 1.1), strongly supported by biochemical 

and structural data, has been proposed to describe the supercoiling mechanism of DNA gyrase 

despite the fact that the details of the mechanism are not fully understood and therefore still 

under investigation.
4, 18-21

 

First, the DNA G (gate) segment links to the enzyme at the so-called DNA-gate, which is 

the region between the N terminus of the GyrA dimer and the interface encompassing a pair 
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of divalent metal ion (Mg
2+

)-binding topo/primase (TOPRIM) domains of GyrB. Then, about 

130 base pairs (bp) of DNA are bent and wrapped around the enzyme in a right-handed 

supercoil on the Gyrase C terminal domain (CTD). This is the key step to perform directional 

strand passage since the T-segment (or “transported segment, contiguous with the G-segment) 

is presented to the enzyme so that it reaches the N gate for strand passage. Two ATP 

molecules bind the N-terminal domain of Gyrase B. The dimerization of this domain forms 

what is called the N-gate interface; it becomes closed trapping the T-segment. This is 

followed by double-strand breakage of the G-segment, which comes to happen by forming 

DNA–phosphotyrosyl bonds four bp apart and results in covalent attachment of GyrA. Then, 

the T-segment passes across the cleaved DNA G-segment and the opened DNA-gate of the 

enzyme and finally reaches the exit gate. The strand passage is facilitated by ATP hydrolysis 

whose products, ADP and P are ultimately released opening the N-gate and reseting the 

enzyme for the next supercoiling cycle. 

 

 

Figure 1.1 The DNA-binding/cleavage cores are shown in blue and red, the ATPase domains in 

yellow, the GyrA CTD in green, and the bound G and T segments in magenta and cyan, respectively. 

Picture has been taken from de Corbett K D et al.
18

 

 

1.2.3 Inhibitors of DNA gyrase. 

Two classes of antibiotics that inhibit DNA gyrase have reached the clinical phase, the 

fluoroquinolones (inhibitors of DNA GyrA) and aminocoumarins (inhibitors of DNA GyrB). 

They both encounter problems. Bacterial strains have developed resistance against the 

fluoroquinolone inhibitors
22

 attributed mainly to the mutation of Ser and Asp (or Glu) 

residues in GyrA (e.g., Ser83 and Asp87 E. coli numbering).
4
 Fluoroquinolones have been 
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extensively explored in order to improve their spectrum and potency and to overcome the 

bacterial resistance issues reaching the limits of what this kind of compounds can offer. 

Interests are now shifting to inhibitors of the ATPase catalytic domain of GyrB.
4
 

In general, inhibitors of GyrB bind to the ATP binding pocket in the N-terminal domain of 

GyrB and block the access of ATP, which is the source of energy. Consequently, the enzyme 

loses its activity
16

 causing cell death. The aminocoumarin novobiocin was withdrawn from 

clinical use due to toxicity issues. It has been reported that novobiocin binds to core histones 

resulting in histone precipitation that could alter DNA topology.
23

 

So far, no commercial antibiotic targets the B subunit of gyrase. Nevertheless, ongoing 

attempts are made in this field to discover new chemotypes. A common feature described for 

the majority of ATPase inhibitors of GyrB is the possibility to form an H-bond interaction 

between the central fragment (such as adenine, triazine, indazole, different azoles etc.), 

residue Asp73 and a conserved water molecule (see Figure 1.2). This has been followed as a 

benchmark in designing new ATPase inhibitors. Varieties of natural products and small 

molecules have been identified as gyrase inhibitors. Despite the fact they cannot be used as 

drugs, because of toxicity concerns and poor physicochemical properties, they provide 

chemical diversity and also reveal novel inhibition mechanisms for the enzyme.
24
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Figure 1.2 A) H-bond interaction pattern between the adenine ring of ADPNP, a conserved water molecule as well as residues Asp73, Gly77 and Thr165, 

which has been identified between other central fragments from GyrB inhibitors as indicated. B) Chemotype of different inhibitors of GyrB reported in 

literature. Picture was taken from Oblak M. et al.
24

 and it was adapted. 
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1.2.4 ATP-binding site of bacterial enzymes. The GHKL superfamily. Why 

DNA gyrase B was chosen for this study? 

ATP concentration per cell in bacterial strains is in the range from 0.6 till 18mM which is 

comparable to the one in human cells (1-10mM). In general, the fact that ATPase inhibitors 

have to be potent to compete with a high intracellular ATP concentration in bacteria has led to 

the idea that developing this kind of inhibitors would be challenging.
25

 Successful stories of 

human protein kinase inhibitors have shown that this is not necessarily the case.
26

 However, a 

thornier issue is the “selectivity” requirement of bacterial ATPase inhibitors given the 

conserved nature of ATP-binding sites in both eukaryotic and prokaryotic proteins. 

DNA gyrase is member of the GHKL enzymes superfamily (Gyrase, heat shock protein 

Hsp90, Histidine Kinase, MutL) which entails the structurally related ATPase domains of the 

member enzymes. These members have structural similarity to the ATP-binding sites of 

human enzymes like protein kinases. Histidine kinases are important signal sensors, 

processors and transducers of prokaryotes in the similar way that serine/threonine and tyrosine 

kinases enact in eukaryotes despite the fact that they do not reveal topological resemblance. 

Hsp90 can be found in bacteria and eukarya. Its function is related to protein folding 

assistance, conformational activation of protein kinases and steroid apo-receptors, some of 

them considered protooncogenic justifying why Hsp90 is investigated to develop anti-cancer 

drugs. Hsp90 proteins are also chaperones assisting the re-folding of denatured polypeptides 

under stress conditions. MutL DNA-repair proteins are involved in mismatch repair, 

chromosome segregation and gene conversion, which are essential functions to regulate the 

normal cell growth. Since the dysregulation of each of these enzymes can trigger human 

diseases, they are considered appealing targets for drug discovery.
25, 27

 

It has been reported that despite the low primary sequence homology (<15%)
27

 between 

these enzymes, their ATP-binding domains share the so called Bergerat fold. This unique fold 

is defined by four motifs and certain secondary structure. Motif I, or N box (uubEuuaNouDA 

sequence) includes a conserved asparagine residue that coordinates a bound Mg
2+

 ion that 

stabilizes the phosphates of ATP. Motif II, or G1 box (uxuxDNGxGuxbaauxxuu) contains a 

conserved glycine but also an aspartic acid residue interacting with the adenine moiety of 

ATP by hydrogen bond responsible for the specificity of the Bergerat fold for ATP over GTP. 

Motif III, or G2 box (uGxxGxouxSxxxuoxbuTuxT) conserves glycine residues that interact 

with the α- and γ-phosphates of ATP. Finally, Motif IV, or G3 box (TxnGT) includes 

conserved glycine and threonine residues. Note the meaning of the letters in motifs: 1) u, 

conserved bulky hydrophobic residues; 2) o, small residues; 3) b, basic residues and 4) a, 

acidic residues. The secondary structure is represented by a “α/β sandwich”, which 

encompasses four β-strands and three α-helices with several connecting loops as shown in 
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Figure 1.3. Structural variations in the Bergerat ATP-binding fold have been reported to be 

localized mainly in the loop regions (blue triangles in Figure 1.3). The called ATP-lid is 

highly flexible and adopts different conformations in the members of the GHKL superfamily 

when ATP is bound (closed in GyrB, partially open in MutL, completely open in Hsp90 and 

EnvZ) but also it is able to adopt a range of different conformations within every member in 

the presence of different inhibitors.
25, 27

 

 

Figure 1.3 ATP-binding Bergerat fold representation of the ATP-binding domains of the GHKL 

superfamily members. Taken from Dutta R. et al.
27

 

 

Phosphate-free DNA GyrB inhibitors described so far compete with ATP for binding to the 

enzyme since they overlap in a common small binding region, which is the adenine binding 

pocket. The rest of the binding mode of the DNA gyrase B inhibitors can be considered 

exclusive, for example the π-stacking to the salt bridge Arg76-Glu50
28

, the hydrogen bond 

with Arg136 and interactions with the residues of the deep hydrophobic pocket, Val43, Ala47, 

Val71 and Val167 (DNA GyrB E. coli numbering).
24

 Focusing on this exclusive part of the 

binding could help reaching a high degree of selectivity when designing new DNA GyrB 

inhibitors. To determine how conserved these residues are, a structure-based alignment was 

created from a 3D structure superposition of different ATPases: 

 DNA GyrB from E. coli (1EI1 PDB entry), 

 DNA topoisomerase II from Saccharomyces cerevisiae (1PVG PDB entry),  

 Topoisomerase IV subunit B from E. coli (1S16 PDB entry),  

 DNA topoisomerase II alpha isozyme from homo sapiens (1ZXN PDB entry),  

 Pyruvate dehydrogenase kinase isozyme 2 from homo sapiens (2BU8 PDB entry),  
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 Pyruvate dehydrogenase kinase isozyme 2 from Rattus norvegicus (1JM6 PDB 

entry), 

 Pyruvate dehydrogenase kinase isozyme 4 from homo sapiens (3D2R PDB entry) 

 Heat shock protein Hsp90-beta from homo sapiens (1UYM PDB entry) (see Figure 

1.4).  

First, a pairwise superimposition of the structures was done by aligning the sequences of 

the proteins and fitting the α-carbons of residues in the same columns of the sequence 

alignment with UCSF Chimera.
29

 

In general, residues involved in common hydrogen bond pattern of the adenine, Asp73, 

Gly77 and Thr165 (DNA GyrB E. coli numbering) are conserved across the enzymes under 

analysis. The remarkable resemblance between DNA gyrase and Topoisomerase IV make 

them appealing antibacterial targets to develop efficient antibiotics with low probabilities of 

resistance as shown by benzimidazole urea inhibitors.
13

 When analyzing the degree of 

conservation for residues Glu50 and Arg76 it can be seen that Glu and Arg residues are 

substituted by Asn and Lys (DNA topoisomerase II in yeast and humans) or Ala and Gly (rest 

of the enzymes). Arg136 is replaced by negatively charged residues like Asp (DNA 

topoisomerase II yeast) and Glu (pyruvate dehydrogenase kinase isozyme 2 in human and 

norway rat) or polar residues like Ser (DNA topoisomerase II human) and histidine (Hsp90-

beta human). Finally, hydrophobic residues are substituted by similar residues e.g. Ile by Leu, 

Val and Met or Val by Ala, Ile, Leu, Met. Thus, inhibitors with high affinity for DNA GyrB 

might not be so efficient in the eukaryotic enzymes under analysis due to the loss of important 

interactions like π-stacking to the salt bridge Arg76-Glu50 and hydrogen bonding with 

Arg136. Using structure-based drug design methods in combination with the knowledge of 

these critical interactions could be an interesting way to optimize both activity and selectivity 

profile of possible novel DNA GyrB based antibacterial agents.  
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Figure 1.4 Alignment from superposition of 3D structures of different ATPase enzymes. Only a fragment of the ATPase domain has been shown. Points 

represent gap in sequence and residue letter colouring corresponds to Clustal X colouring scheme. The colour boxes represent regions with helices (in pale 

yellow with gold outline), strands (pale green with darker outline) and coils (in pale pink with darker outline). 
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1.3 In silico methods in drug discovery 

The continued drug resistance developed by bacteria has increased the interest on exploiting 

new antibacterial targets with a novel mechanism of action and no problems of resistance. 

However, that is not a trivial task and in silico methods have become a very important tool to 

be used in the long way from drug discovery to the market. Advances in 1) microbial 

genomics increasing the supply of potential targets, 2) crystallography and nuclear magnetic 

resonance spectroscopy enriching the availability of 3D structures of these targets and 3) 

computational hardware makes structure-based drug design a more appealing tool to speed up 

the hit identification and lead optimization in the drug discovery process
30, 31

 than random 

screening methods. In the next sections, a brief overview will be provided about some popular 

computational approaches used in drug discovery focusing on the methods used in the work 

described in the thesis. 

1.3.1 Molecular docking. 

Molecular docking is a computer simulation procedure that aims to predict the 

conformation of a receptor-ligand complex, where the receptor is usually a protein or a 

nucleic acid molecule (DNA or RNA) and the ligand is either a small molecule or another 

protein. The two main components of this method are the accurate structural modelling, which 

is related to the reproduction of the binding mode, orientation and conformation of the ligand 

(posing) within certain target and the prediction of the binding affinity (scoring). Molecular 

docking was pioneered in the early 1980’s and still remains a highly active area of research.
32

 

Molecular docking is a multistep procedure that can be roughly described as the 

combination of (1) a search algorithm that explores the conformational space of the ligand 

and/or the protein target to suggest several possible ligand poses, and (2) a scoring function 

(SF) to assess the poses aiming at identifying the true (native) binding mode. This first 

component is critical to predict accurately the binding mode. The second one should be able 

to distinguish the true binding modes from all the others explored, as well as assigning better 

scores to the highly active compounds than those of non-binders or poor binders, which is 

critical in lead optimization and in virtual screening (VS), where potential hits are to be 

extracted from large libraries. Finally, it should be fast enough to allow its application to large 

libraries of compounds. 

1.3.1.1 Conformational Sampling Methods 

Most of the scoring functions are far from accounting all the events included in real 

biological systems, which are composed by at least the receptor, the ligand and the solvent 
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molecules. Modelling such complex systems is computationally unfeasible because of the 

huge number of degrees of freedom included in the flexibility of the components of the 

system. For this reason, several approximations have been applied to reduce the 

dimensionality of the problem and explore in a more efficient way the conformational search 

space. 

1. Rigid Docking Algorithms: Make use of shape complementary or interaction site match to 

dock the small compounds in the binding site.
32, 33

 Programs that use this approach are for 

example, ADAM,
34

 DOCK,
35

 FRED,
36

 FTDock,
37

 SANDOCK
38

 and YUCCA.
39

 Some of 

them, for example FRED, create first a library of conformations per ligand and in this way 

account for flexibility of the ligand even when the further steps follow the rigid approach 

for docking.
40

 

Systematic search algorithms 

2. The incremental approach: The ligand is initially split into a rigid core-fragment that is 

located in the cavity and the rest of the substituents of the ligand are considered flexible 

(programs that use these approaches are LUDI,
41

 FlexX,
42

 DOCK,
35

 ADAM,
34

 and 

Hammerhead
43

). 

3. The database method: Make use of libraries of pre-generated conformations to account for 

flexibility of the ligands as explained in the previous section. (FLOG
44, 45

 is for example, a 

program that follows this protocol). 

Random or stochastic methods: Explore the ligand flexibility “on-the-fly”. These 

algorithms work by performing random changes to a single ligand or a population of ligands. 

A defined probability function is used to accept or reject the modification performed at each 

step. 

4. Monte Carlo MC methods: The modifications are performed on one initial conformation of 

the ligand and the further conformations are evaluated based on Metropolis criterion 

(Boltzmann probability function) to accept or reject the new conformation. Programs using 

this approach are for example DockVision,
46

 ICM,
47

 MCDOCK,
48

 ProDOCK,
49

 QXP.
50

 

5. Genetic Algorithms (GAs): They are inspired on Darwin’s theory of evolution. The 

modifications are applied to an initial population of different conformations of the ligand 

with respect to the protein. Each conformation of the ligand is represented by a 

“chromosome”, which is defined by a set of state variable called “genes” that encode about 

torsional angle, translation, rotation and orientation of the ligand. The phenotype is related 

to the atomic coordinates. The conformational space is then sampled by using genetic 

operators such as crossover and mutation. A fitness function is defined to be used in the 

selection of the lowest scoring conformations to conform the next generation. The 
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programs AutoDock,
51

 GOLD,
52

 DARWIN,
53

 EADock,
54

 DIVALI,
55

 and PSI-DOCK
56

 

make use or include a GA-like algorithm. 

Simulation Methods: 

6. MD simulations: They are based on the calculation of the solution of the Newton’s 

equations of motion to determine the trajectories of molecules and atoms in a system of 

interacting particles. Molecular mechanics force fields are used to define the forces 

between the particles and potential energy. Explicit solvent models are commonly added to 

the simulation like for example TIP3P and periodic boundary conditions are used to 

account for long range interactions.
57

 MD simulations have been used in a wide range of 

applications in the study of complex, dynamic processes that occur in biological systems 

(ex. protein stability, conformational changes, protein folding, molecular recognition: 

proteins, DNA, membranes, complexes and ion transport in biological systems).
58

 

However, it has been pointed that these methods are often unable to cross high-energy 

barriers and sampling the conformational space within a feasible simulation period 

resulting many times in the accommodation of ligands in local minima of the energy 

surface. Software packages such as GROMACS
59

, Amber
57

 and CHARMM
60

 can be used 

for this kind of studies. 

1.3.1.2 Scoring Functions 

As described in the introduction, a good scoring function (SF) should be able to recognize 

the true binding mode from the incorrect ones proposed per molecule and active molecules 

from decoys. However, the more rigorous the SF, the more computationally expensive the 

calculations become, making almost impossible to use them in virtual screening. For this 

reason, different assumptions and simplifications have been proposed to reduce complexity at 

the price of decreasing accuracy, which is a key component of the so-called docking problem. 

Next, the principles of the three major classes of SF are described. 

Force field –based scoring functions: 

The ligand-protein binding energy can be represented as a function of their coordinates 

where the low-energy states are the most populated ones at thermal equilibrium. The forces on 

individual atoms are related to the gradient of this function, which is called force field. 

Classical force fields quantify the energy of interaction between the ligand and the protein as 

well as the internal energy of the ligand. 
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The general potential energy function for the force fields has been defined as follows: 

 

Eq.1.1 

              
 

     

          
 

      

                

        

   
    

   
 

   

   
   

   

   
  

         
      

 

 

The three first terms in the equation 1.1 are related to the bonded interactions and describe 

the bonds stretching (harmonic potential representing 1-2 interactions with kb related to the 

strength of the bond), the angles bending (harmonic potential representing 1-3 interactions) 

and torsions (periodic function representing 1-4 interactions). The torsion term can also 

include so-called "improper" torsions to enforce planarity around sp2 central atoms. The last 

term accounts for interactions between nonbonded atoms or atoms separated by 3 or more 

covalent bonds. A Coulombic formulation with a distance-dependent dielectric function that 

decreases the contribution from charge–charge interactions is used to describe electrostatic 

term while the van der Waals energy term is given by a Lennard-Jones 6-12 potential
61

. 

Examples of these classical force fields are AMBER (Assisted Model Building and Energy 

Refinement), CHARMM (Chemistry at HARvard Macromolecular Mechanics) and OPLS 

(Optimized Potentials for Liquid Simulations. 

A common drawback of force field scoring functions is the absence of solvation and 

entropic terms. In addition, classical force field based scoring functions use a cut-off distance 

to handle the non-bonded interactions that decreases the accuracy of long-range effects 

involved in binding. The most popular force field scoring functions are D-Score,
62

 G-Score
62

 

(using Tripos Force Field) and GoldScore
63

). 

 Empirical scoring functions: 

This kind of SF is intended to reproduce experimental data where the binding energy is 

defined as the sum of different terms derived from different contributions. Example of 

contributors are hydrogen bonds (described in Eq 1.2 as a distance (f(Δr)) and angle (f(Δα)) 

dependent function), metal ligation, hydrophobic effects (both described as a distance-

dependent function) and freezing of rotatable bonds (a function of number of rotatable bonds 

(N’rot)) 
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Eq. 1.2 

                           

  

                                   
 

       

 

 

The coefficients of these terms are obtained by regression analysis of a training set of 

experimentally determined protein–ligand affinities. Each empirical SF is defined in a 

different way regarding to the number and nature of the terms involved in equation 1.2. 

Examples of this kind of scoring functions are ChemScore,
64

 X-Score,
65

 LigScore,
66

 

SCORE,
67

 SLIDE,
68

 GlideScore,
69

 and HammerHead.
43

 The advantage of these SFs is the low 

cost of the computational calculations and the main disadvantage is their dependence on the 

experimental dataset used to obtain the parameters. 

Knowledge-based scoring functions: 

Knowledge-based scoring functions use simple atomic interactions pairwise potentials. The 

information is derived from statistical analysis of x-ray crystal structures of ligand-protein 

complexes, i.e. the frequency of occurrence of different atom–atom pair contacts and typical 

interactions between ligand and protein atoms within a sphere of certain cutoff (generally 6–

12A°). 

The most important appeal of these functions is that they are calculated in a very short time 

allowing large compound databases to be efficiently screened. However, their development is 

strongly dependent on the information available in limited structures sets and sometimes 

interactions, for example with metals and/or halogens are not well resolved in the available 

crystal structures, thus they cannot be well parameterized. Examples of knowledge-based 

scoring functions are Muegges’s Potential of Mean Force (PMF),
70

 DrugScore
71

 and SMoG 

score
72

. Solvation terms have been added in DrugScore. 

1.3.2 Free Energy Based Methods. 

The high computational cost of more accurate free energy based methods hamper their use 

in the virtual screening of very large datasets. However, they are commonly used to rescore 

the top compounds subset resulting from the application of molecular docking in the virtual 

screening. These methods involve the addition of energy terms
73

 like: 

1. the free energy in vacuum, which can be calculated by quantum mechanical (QM) 

Hamiltonian or by using molecular mechanics (MM) force fields. Hybrid methods 

involving QM and MM, where the region of interest (ligand and immediate solvent 
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and residues of the active site) are computed at the QM level while the rest of the 

system is calculated computed at the MM level, have been described
74

.  

2. the solvation free energy which can be computed using continuum solvation 

models 

3. the entropic contribution estimated from quasi-harmonic analysis. 

1.3.2.1 Free Energy Perturbation and Thermodynamic Integration Methods 

The theory behind Free energy perturbation (FEP) and Thermodynamic integration (TI) 

methods can be represented as Figure 1.5. The calculation of the relative free energy for two 

ligands (L1 and L2) binding a receptor (P) is based on a thermodynamic cycle that depicts the 

free energy cost of transforming one ligand into the other one (L1 into L2) in a bound (ΔGT-

b(L1→L2)) and unbound state (ΔGT-unb(L1→L2)).
75, 76

 

 

 

Figure 1.5 Basis of FEP technique. Thermodynamic cycle used for calculation of the relative binding 

free energy of two ligands at the same protein. 

 

The explicit consideration of water is usually implemented by solvating with a sphere of 

water molecules around the active site and the flexibility is considered in ligands as well as 

receptor. When both ligands are structurally similar, the transmutation free energies (ΔGT-

unb(L1→L2) and ΔGT-b(L1→L2)) are easier to calculate than the binding free energies of the ligands 

(ΔGbind(L1) and ΔGbind(L2)) since the changes are assumed to be localized. In the FEP method, 

the free energy difference between two states A and B is calculated as follows: 

Eq. 1.3 

               
             

  
    

   

   

 

L1 + P C1

C2L2 + P

ΔGT-unb(L1→L2) ΔGT-b(L1→L2)

ΔGbind(L1)

ΔGbind(L2)

ΔΔGbind = ΔGbind(L1) – ΔGbind(L2) = ΔGT-unb(L1→L2) – Δ GT-b(L1→L2)
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where λ comprises values from 0 (state A) to 1 (state B), Hi is the Hamiltonian of the 

system at λi and     
indicates an ensemble average. On the other hand, the TI method makes 

use of averages of derivatives of the Hamiltonian at each λ, and the numerical integration over 

λ to determine the free energy difference between two states: 

Eq. 1.4 

Δ    
     

  
   

 

 

 

 

The advantage of FEP is the accuracy on predicting binding affinity differences between 

analogous compounds, which is important, when analyzing tight SAR series of compounds in 

drug discovery. The main limitations of FEP are in first place, that the results strongly depend 

on the length of the simulation since the sampling of the conformational space has to be 

extensive in order to converge. The reliability of the results depends on the accuracy of the 

force fields applied in the MD simulations. In addition, the reliability of the relative free 

energies prediction by this method is expected ligands with minor chemical structure 

differences. 

1.3.2.2 Linear Interaction Energy Method 

The linear interaction energy method (LIE) is a semi-empirical approach that estimates 

absolute binding free energies by evaluating the differences between the time averages from 

two simulations, one for the free state of the ligand in water and the other for the bound state 

of the ligand in the macromolecule surrounded by water. The interactions between the ligand 

and the neighbourhood are split into electrostatic and van der Waals terms. Its major strength 

is the treatment of the solvent in an explicit way and applicability to compare ligands having 

different structures.
75, 76

 However, the method relies on empirically determined parameters to 

correctly account for the interaction energy contributions. These constants have been 

reparametrised for specific biochemical systems 
77-79

 what has provoked the question whether 

the method is suitable for a broad range of systems, which have not been used in the 

parameterization. In this sense, Åquist et al. 
80

have proposed a robust and predictive LIE 

parameter set. 

1.3.2.3 Molecular Mechanics/Poisson-Boltzman or Generalized Born - Surface Area: 

Molecular mechanics–Poisson-Boltzmann surface area (MM-PBSA)
81

 and generalized 

Born surface area (MM-GBSA)
82, 83

 are endpoint methods that combine molecular mechanics 

and continuum solvent calculations to analyze binding free energies. 
82

 Usually, 
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conformational ensembles from a single molecular dynamics simulation of a complexed 

system in explicit water are used to extract the conformational snapshots for complex, ligand 

and receptor that will be combined with a continuum solvent model to calculate their free 

energy contributions. 

The binding free energy is calculated as the difference between the energy of the complex 

and the two unbound binding parts (ΔGbind in the general thermodynamic cycle Figure 1.6). 

The energy of every component is considered the sum of the vacuum binding free energy and 

the solvation free energy (ΔGX=comp,rec,lig in Fig. 1.6). The vacuum binding free energy term 

comprises the receptor-ligand interaction energy (Egas in Fig. 1.6), calculated by the molecular 

mechanics force field, and also the gas phase entropy (TS in Fig. 1.6) which has translational, 

rotational and vibrational contributions being the last one determined by normal mode 

analysis. The solvation free energy contributions are calculated using a continuum solvent 

model (Gsolv in Fig. 1.6). This approach is based on the solvation thermodynamic cycle that 

breaks down the solvation energy in into three steps as shown in Figure 1.6 (Gsolv 

themodynamic cycle) 1) the solute is first discharged in vacuum, 2) once considered nonpolar 

is transferred to the water and 3) finally charged into water. The energy assessed in the first 

and third steps form the electrostatic component of the solvation energy, which is estimated 

by Poisson-Boltzmann formulation or the alternative Generalized Born models (GPB/GB in Fig. 

1.6). The non-polar contribution to the solvation (GnonP in Fig. 1.6) is described in the second 

step of this solvation thermodynamic cycle and is linearly dependent on the solvent accessible 

surface area (SASA)
84

 by means of empirical constants (γ and β). The total solvation free 

energy (ΔGsolv) is obtained from the sum of the energies of the separate steps. 
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Figure 1.6 Thermodynamic cycles involved in MM-PB(GB)SA method for free energy calculation. 

Different parameters are explained in the text. 

 

MM-PB(GB)SA method is more computationally efficient although the accuracy is lower 

when comparing with FEP and TI methods. Its appeal consists in its possible application to 

systems, which differ substantially in structure.
57, 60

 

1.3.3. Ligand-based methods: QSAR 

In cases where the structural information about the target is lacking or for very complex 

and highly flexible proteins, ligand-based design techniques can be an attractive option to be 

used in drug design. Quantitative Structure-Activity Relationships (QSAR) is a ligand-based 

technique that focuses on finding mathematical hypotheses (models) that describe a 

correlation between certain biological activity and structural features (molecular descriptors) 

of a family of compounds. The QSAR models can be used in virtual screening of large 

database. Hansch is considered the father of the QSAR since he was the first one reporting 

this approach in the early 1960s.
85

 Building QSAR models follows different steps i.e., 

collecting a dataset of compounds, calculating molecular descriptors and selecting the most 
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informative descriptors with regard to the biological activity under analysis to use them as 

independent variables in building the predictive model that is subsequently validated. 

Hitherto, a vast amount of molecular descriptors has been defined. They are the numerical 

result from mathematical transformations applied to the representation of a molecule.
86

 

Depending on the molecular representation the molecular descriptors can be classified as 

constitutional descriptors encoding atom-types and structural fragments, 2D descriptors that 

mainly describe the topology of the molecules and 3D descriptors that encode the geometry of 

the molecules. 

Selecting a suitable set of molecular descriptors is crucial to develop the predictive QSAR 

models. The descriptors should be, significantly correlated with the activity and not 

intercorrelated, to avoid the loss of accuracy, the overfitting problem and make the 

interpretability of the model easier. A wide range of variable selection methods is used in 

QSAR analysis. Examples of these methods are Forward (and Backwards) stepwise,
87

 Genetic 

Algorithm (GA)
88

, The replacement method (RM),
89

 Ant Colony Optimization (ACO) 

algorithms,
90

 Simulated Annealing (SA),
91

 among others.
92

 

The activity can be modelled in QSAR as linear or more complex non-linear functions of 

the descriptors. The models can be used for predicting a continuous value of activity (e.g. 

regression problem situation) or categories of the activity like predicting compounds to be 

“active” and “inactive” (e.g. classification problem situation). A supervised learning algorithm 

produces an inferred function from the analysis of the labelled training data (derived from 

observed experimental activity). The model should predict the correct output value (activity 

value or classification: active, inactive) for any valid input object (molecular descriptors per 

compound) generalizing to unseen situations (prediction of new compounds not included in 

the training data) as accurate as possible. Examples of linear methods are Multiple Linear 

Regression (MLR),
93

 Partial Least Squares (PLS) linear regression
94

 and Linear Discriminant 

Analysis (LDA)
95

 while non-linear methods include the k-Nearest Neighbour (k-NN),
96

 

Artificial Neural Networks (ANN),
97

 Decision Trees (DT),
98

 Support Vector Machines 

(SVM)
99

 etc.
100

 

It has been reported that a combination of models (ensemble of classifiers) using weighted 

or unweighted voting can provide better performance than the classical single model 

approaches.
101, 102

 The individual classifiers need to be accurate (an error rate lower than 0.5) 

and diverse in order to build ensembles of classifiers that are more accurate than its members. 

Why ensembles can perform better than any single classifier based on statistical, 

computational and representational reasons has been described in detail by Thomas G. 

Dietterich.
101
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1.3.3.1 Linear Discriminant Analysis and Support Vector Machines methods in QSAR 

These two methods were used in this research and that is why they will be briefly 

described to provide the reader with the idea behind the methods. Linear Discriminant 

Analysis (LDA) is a linear classification method where the separation between the classes is 

maximized while the within-class variance tends to be minimized. In this method, a 

generalized eigenvalue problem based on the between-class and within class covariance 

matrices is solved. The matrices are compared by multivariate F-tests to determine whether 

there are any statistical significant differences, regarding to the independent variables, 

between groups or not.
103

 

The Support Vector Machine (SVM) models can be applied in regression and classification 

problems. When using this method for classification, the dataset of compounds is separated by 

a hyperplane, which in the simplest case is linear. This decision hyperplane maximizes the 

distance between compounds of both classes (called “margin”) and is defined by these 

compounds, which represent the support vectors. For no linear separation, kernel functions are 

used to compute the mapping from the input molecular descriptors space to a higher 

(sometimes infinite) dimensional space. Hence, the advantage of this is that a classifier 

nonlinear respect to descriptor space is obtained by training a linear classifier in the kernel 

space. Two kernel functions have reached popularity among the users of this method, the 

polynomial kernel or the radial-basis function kernel. It has been reported that this method is 

less prone to overfitting problems allowing a good generalization and is also relatively robust 

when applied to a small dataset of compounds.
99

 

1.4 Overview about the use of structure and ligand-based design in 

developing DNA GyrB inhibitors 

The mode of action of many drugs is related to the activation or inhibition they exert on 

biological targets. Design of new small compounds that bind the receptors with high 

inhibition strength can be guided by the in silico study of thermodynamic properties like the 

binding free energy ΔG°. Examples of the application of this strategy to the design of new 

ATPase inhibitors are given by the work of Schechner et al.
104

 where the calculation of the 

binding free energy for different functional groups was used to build a consensus map 

indicating functional group binding sites that are insensitive to the specific protein 

conformation. Hongtao Yu and Steven W. Rick have reported the use of thermodynamic 

integration computer simulations to calculate the free energy, enthalpy and entropy for the 

water molecules involved in hydrogen bonds with the inhibitors novobiocin and clorobiocin 

and polar atoms of certain residues in the ATP active site 
105

. Matjazˇ Brvar et. al. reported a 

novel class of 2-amino-4-(2,4-dihydroxyphenyl)thiazole
106, 107

 and 5-(2-hydroxybenzylidene) 
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rhodanines based inhibitors with low micromolar antigyrase activity. They combined 

molecular docking calculations (FlexX and GOLD programs) with three-dimensional 

structure-based pharmacophore information (LigandScout software) derived from the 

available description of the cyclothialidine GR122222X binding mode. 

In silico fragment-based studies have pinpointed low-molecular-weight fragments that 

could potentially bind to the binding pocket of GyrB24 and subsequently be used for de novo 

design.
104, 108, 109

 Seven classes were validated as true DNA gyrase inhibitors that bind to the 

ATP binding site: phenols, 2-aminotriazines, 4-amino-pyrimidines, 2-amino-pyrimidines, 

pyrrolopyrimidines, indazoles, and 2-hydroxymethyl-indoles. A 3D guided optimization led to 

a 3,4-disubstituted indazole 10-fold more potent than novobiocin.
108
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Chapter 2. Exploring the Conformational Changes of the ATP 

Binding Site of Gyrase B from Escherichia coli Complexed with 

Different Established Inhibitors by Using Molecular Dynamics 

Simulation. Protein-Ligand Interactions in the Light of the 

Alanine Scanning and Free Energy Decomposition Methods. 

 

This chapter is based on the following paper: 

 

Liane Saíz-Urra, Miguel Angel Cabrera, Matheus Froeyen. Exploring the Conformational 

Changes of the ATP Binding Site of Gyrase B from Escherichia coli Complexed with 

Different Established Inhibitors by Using Molecular Dynamics Simulation. Protein-Ligand 

Interactions in the Light of the Alanine Scanning and Free Energy Decomposition Methods. 

Journal of Molecular Graphics and Modelling 29 (2010) 726-39. 

 

Liane Saiz-Urra was responsible for all the sections under the supervision of the co-

authors. 

 

2.1 Introduction 

Hitherto, no high-resolution structure for the gyrase tetramer A2B2 has been reported, but 

domains of GyrB in complex with different ligands from various bacterial species have been 

crystallized. The available crystal structures show an overlap between the binding mode of the 

ATP and the one of the inhibitors illustrating how these inhibitors compete with ATP for 

binding to GyrB in domain I (N-terminal fragment GyrB24, residues 2–220). The binding 

mode of ATP and inhibitors has in common a hydrogen bond network that involves ATP 

(adenine ring) or the ATPase inhibitor (certain fragment) and residues Asp73, Gly77 and 

Thr165 as well as a conserved water molecule. GyrB24 subunit has two loops in the active 

site; loop 1 with residues 78-86 and loop 2 with amino acids 98-118 (Escherichia coli 

number). The best-characterized ATPase activity inhibitors are the aminocoumarins 

novobiocin, clorobiocin and coumermycin A1. Loop 2 has an open conformation in enzyme-

coumarin based inhibitors complexes (not structurally resolved in many of the complexes 

available in the PDB) and a closed conformation in the ATP or ADPN-enzyme complex. 
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Site-directed mutagenesis studies showed that mutating residues His38, Glu42, Asn46, 

Glu50, Asp73, Arg76, Gly77, Ile78 and Thr165 to alanine and residue Lys103 to isoleucine 

reduces the ATPase activity to very low levels. About half of the ATPase activity is conserved 

when residues Pro79 and Lys103 are mutated into alanine although no DNA supercoiling 

activity is displayed suggesting that these aminoacids are probably necessary to link the ATP 

hydrolysis to DNA supercoiling activity. Since the aminocoumarin-like inhibitors binding 

mode overlaps the one of ATP in GyrB, the aminocoumarin resistance results from mutations 

of residues that are related uniquely to these compounds (example: mutations of the residue 

Arg136 to glycine, isoleucine, leucine, serine, cysteine and histidine). However, mutating 

other residues such as Asp73 (to Asn and Glu), Asn46 (to Asp and Leu), Gly77 (to Ala and 

Ser), Ile78 (to Ala and Leu) and Thr165 (to Ala and Val) have led to resistance to 

aminocoumarins but also to the inactivity of the gyrase. These facts make the design of new 

inhibitors of the ATPase site interesting. In this work, we attempt to explore the 

conformational changes in the protein accounting for the loops in the active site. A “close-up” 

to the interactions between inhibitors and the residues in the binding pocket is put forward in 

terms of binding energy. We studied the key residues in the binding mode of the inhibitors 

and the contributions of their main and side chain atoms by combining results from 

computational alanine scanning mutagenesis and free energy decomposition methods. 

2.2 Materials and Methods 

2.2.1 Starting structures 

The GyrB subunit from E. coli has been investigated, considering both, the inhibitor-free 

protein and bound with the inhibitors clorobiocin (CBN), novobiocin (NOV) and 5’-adenylyl-

β-γ-imidodiphosphate (ADPNP) with PDB code 1KZN, 1AJ6 and 1EI1 respectively, as well 

as the wild type enzyme created from structure 1AJ6. A brief description of every structure is 

given in Table 2.1. Since the coordinates of both loop 1 and 2 of coumarin-enzyme complexes 

are not structurally resolved they were taken from 1EI1 and Thermus thermophilus (GyrB43-

NOV) PDB code 1KIJ respectively (1KIJ loop 2 has an open conformation).  

To model loop 1, the structures from 1AJ6 and 1KZN were superimposed with 1EI1 by 

using the Dali server
110

 and coordinates of residues 77-90 from 1EI1 were inserted into the 

GyrB24-NOV and -CBN structures. Likewise, residues 100 to 117 from T. thermophilus were 

inserted in the 1AJ6 and 1KZN structures but changing the numbers into 101 to 118 (E. coli 

numbering) according to the sequence alignments reported.
111

 At the same time mutations of 

Glu104, Gln105, Gly106 and Ala107 (T. thermophilus numbering) into Asp105, Asp106, 

Asn107 and Ser108 (E. coli numbering) respectively was conducted to keep the E. coli 

sequence. The 1AJ6 pdb file was copied and modified, by mutating the His136 into Arg, to 
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obtain the wild type enzyme structure. Finally, the inhibitor-free enzymes were created by 

deleting the respectively inhibitors from the pdb files. 

 

Table 2.1 Main features of the protein structures used in the present work.  

Species Fragment Inhibitor 
PDB 

entry 

Resolution 

(Å) 
Remarks 

Escherichia 

coli 

43 KDa , A2-

A392, B402-

B792, dimer 

ADPNP, 

(ANP)A39

4, B794 

1EI1 2.30 

Mutant Y5S, 

without Mg ion. 

Asp198. Closed 

conformation for 

loop 2.  

Escherichia 

coli 

N terminal 24 

KDa, A12-A82, 

A88-A104, 

A112-A217 

Novobiocin

, NOV A1 
1AJ6 2.30 

Mutant R136H. 

Asn198. Open 

conformation for 

loop 2. 

Escherichia 

coli 

24 KDa N-

terminus 

domain, A15-

A82, A-88-

A100, A116-

A219 

Clorobiocin

, CBN A1 
1KZN 2.30 

Wildtype. Asn198. 

Open conformation 

for loop 2. 

Escherichia 

coli 

24 KDa N-

terminus 

domain, A15-

A217 

5-(1H-

pyrazol-3-

yl)thiazole 

3G7E
11

2
 

2.20 

Wildtype. Open 

conformation for 

loop 2* 

Escherichia 

coli 

N terminal 24 

KDa, A15-

A105, A117-

A219; B15-

B219 dimer 

4,5′-

bithiazole 

inhibitor 

4DUH
1

13
 

1.50 

Wildtype. Open 

conformation for 

loop 2* 

Thermus 

thermophilus 

43K domain, 

A9-A392, B9-

B392, dimer 

Novobiocin

, NOV 

A400, 

NOV B444 

1KIJ 2.30 

Wildtype. Open 

conformation for 

loop 2. 

Note: 
*
 New Gyrase B structures deposited into the PDB since doing this research 
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2.2.2 Molecular dynamic simulations 

The motions of the systems over the time were studied by molecular dynamics simulation 

(MD). All simulations were conducted by using the AMBER 10.0 program.
114

 Preparation of 

the ligands implicated applying the Antechamber program. Initial geometry of the ligands was 

optimized with the AM1 approach implemented in the Gamess software
115

 and their 

electrostatic potentials were calculated at the HF/6-31G(d) level. Charges were generated by 

using the RESP (restrained electrostatic potential) approach.
116

 The general AMBER force 

field (GAFF) was chosen for the ligands
117

 and the ff03 force field for the protein.
118, 119

 

The eight systems under study (4 complexed and 4 unliganded enzymes) were immersed in 

a truncated octahedral box of water molecules (TIP3PBOX)
120

 keeping at the same time the 

water molecules from the x-ray experiments. Electrostatic neutrality was obtained by adding 

Na+ ions. The final assignment of the protonation state was as follows (E. coli PDB 

numbering): 37 HID, 38 HIP, 55 HIE, 64 HIE, 83 HIE, 99 HIP, 116 HIP, 141 HIE, 147 HIP, 

215 HIE, and 217 HIP, (HID is the Nδ tautomer, HIE is the Nε tautomer, and HIP is doubly 

protonated) based on the pKa calculations for the wild type protein reported by Schechner et 

al.
104

 and also used by Yu et al.
105

 Histidine 136 in the mutant 1AJ6 (R136H) was considered 

to be the Nδ tautomer enabling a hydrogen bond with Arg76. 

The systems were first minimized by 1000 steps changing the minimization method from 

steepest descent to conjugate gradient after 500 cycles and then heated during 50ps from 0 to 

300K which temperature was kept for the rest of the simulation. To equilibrate the systems a 

short simulation was run during 600ps at constant pressure of 1 atm. The production 

simulations covered a period of 15ns in total. The time interval was set to 2 fs. The Particle 

Mesh Ewald (PME) method
121

 was applied to calculate long-range electrostatics interactions 

and a non-bonded cut off distance of 8Å was used. The SHAKE method
122

 was applied to 

constrain all of the covalent bonds involving hydrogen atoms. Periodic boundary conditions 

were applied to all dimensions. No constraint was applied to either the protein or the ligand 

during MD simulation. Coordinates were saved every 0.4 ps for a total of 37500 snapshots. 

The same snapshots were used for clustering and binding energy calculation by MM-PBSA 

and MM-GBSA methods. Analysis of the time dependent root-mean-square coordinate 

deviation (RMSD) from the initial structure was done. 

2.2.3 Clustering 

Identification of the most populated states of conformational space of the systems during 

the MD simulation was carried out by a clustering data mining technique using the average-

linkage algorithm.
123, 124

 The pairwise Root-Mean-Square-Deviations (RMSD) between 

frames was used to compare first, all the atoms from residues of the binding pocket (38, 42-
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43, 46-47, 49-50, 59, 71-73, 75-80, 82-87, 90-91, 94-95, 97-122, 136, 165-167, E. coli 

numbering) in complexed systems and secondly only the backbone atoms of the residues 

encompassed in the loops (82-87, 97-119) of the unbound systems. 

The appropriate cluster count per simulation was selected from exploring a range of 2 to 20 

clusters. This selection was based on metrics like Davies-Bouldin index (DBI), pseudo F-

statistic (pSF) and the percentage of explained variance (SSR/SST with SSR = sum of squares 

regression from each cluster and SST = total sum of squares) plotted as a function of the 

cluster count.
125

 The optimal cluster count was the one indicated by the majority of the 

metrics. The representative structures of these clusters were analyzed. 

The flexibility of the loops was studied by comparing the different conformations extracted 

from the representative structures of the established clusters with the reference starting 

structures (1KZN, 1AJ6 and 1EI1) by means of RMSD calculated with Ptraj program 

implemented in the Amber package version 10.
114

 To understand the direction of the motions 

in the loops, first threshold values of deviation between the reference structures with an open 

(1KZN, 1AJ6) and closed conformation (1EI1) of the loops were calculated under three 

different conditions of comparison (see Table 2.2 for values and conditions i, ii and iii). 

Second, a group of equations was set to interpret the direction of the deviation of loop 2 (e.g. 

more closed or open, see Figure 2.1). RMSD terms are related to the reference used in the 

calculation and the example, although specific for the case of the unbound enzymes 1EI1 and 

1KZN, can be extrapolated to the rest of the analysis applying the corresponding threshold 

values set before. 

 

Table 2.2 Threshold values for the deviation between the structures following criteria i, ii and iii. 

System  

& 

criterion 

1KZN 1AJ6 1AJ6(R136H) 

i ii iii i ii iii i ii iii 

1EI1 4.6 4.4 3.0 4.6 4.4 3.0 4.6 4.4 3.0 

1KZN    0.1 1.0 0.2 0.1 0.1 0.1 

Note: i) the backbone atoms of loop 2 comprising residues 97 to 119 (in the unbound enzymes). ii) 

the residues in the active site (AS) and both loops 1 and 2 considering the atoms in main and side 

chains (in the complexed structures) iii) the residues in the active site (AS) and the loops considering 

the backbone atoms involved (in the complexed structures). 
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Figure 2.1. Interpretation of the RMSD values derived from comparison between 1KZN and 1EI1 

structures based on criterion i in Table 2.2. 

 

2.2.4 Binding Free Energy: MM-PB(GB)SA. Energy Decomposition per 

Residue and Computational Alanine Scanning.  

MD simulations were also used to study values of thermodynamic parameters like binding 

free energy. Molecular mechanics-Poisson-Boltzman surface area (MM-PBSA) and 

generalized Born (MM-GBSA) methods were used to calculate the binding free energy in the 

complexed systems. The theory behind this method has been described in the introductory 

chapter (see 1.3.2.3 Molecular Mechanics/Poisson-Boltzman or Generalized Born - Surface 

Area). For the PB approach
81

, the solvent probe radius was 1.4 for the electrostatic component 

calculation (default). The dielectric constant for the solute was 1 and 80 for the surrounding 

solvent. The SASA term was estimated by using molsurf.
126

 For the GB method
83

, the 

conditions for the calculation of the electrostatic components were the same while the Linear 

Combinations of Pairwise Overlaps method (LCPO) was used for the SASA
127

 in which the 

empirical constants γ and β were set as 0.0072 and 0.00 kcal/mol respectively.  

The complex, receptor and ligand were extracted from a single MD trajectory. This 

approach has the advantage of speeding up the convergence of the resulting binding free 

energies when comparing with the multi-trajectory approach (i.e. running three independent 
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MD simulations for the three species). The multi-trajectory approach encompasses energy 

fluctuations not only in the ligand and residues from the active site but also in regions of the 

protein that are not related to the complexation. However, the main drawback of the single 

trajectory approach is that assumes the same conformational distribution for the free and 

bound average structure of the receptor and ligand neglecting changes in internal energy and 

configurational entropy of both. 

Contribution of the entropy in the binding energy was estimated for 1 out of 1250 

snapshots (total of 30)
128

 since these calculations are computationally expensive. The nmode 

module was used to estimate the entropy (∆S) including the translational, rotational, and 

vibrational entropy of the solute. The vibrational modes were obtained under harmonic 

approximation after energy minimization in a distance-dependent dielectric environment with 

ε = 4r. 

The contribution of key residues split into backbone and side chain to the binding free 

energy was calculated by the energy decomposition technique based on the additive property 

of the energy estimation at atomic level.
128

 We opted for the GB approach to calculate the 

electrostatic component in the solvation energy and the LCPO for the non-polar one. The 

computational alanine scanning technique was applied in 30 key residues in the cavity. Amino 

acids equal to alanine or smaller like glycine were discarded and proline residues were not 

included because of the different conformation of the backbone in comparison to alanine.
129, 

130
 All the alanine mutant structures were obtained by truncating the residue under study after 

Cβ in the template systems. Then the modified parameter files were generated again by using 

the LEaP module.
114

 This was extrapolated to the snapshots collected from the trajectories of 

the MD simulations by using the perl script mm_pbsa.pl described previously by I. 

Massova
130

 that is implemented in the AMBER package. 

2.3 Results and discussion 

2.3.1 Molecular Dynamics simulation aspects. 

The state of a system where certain spatial arrangement is maintained in a stable way is 

known as its convergence i.e. equilibrium. It is very difficult to prove in an unambiguous way 

that a system has reached convergence since it is possible to find new substates of a system or 

new modes of motion that have a slower relaxation time when increasing the simulation time. 

There are a number of techniques that have been described in the use to assess the global 

sampling quality. Although they cannot ensure that the simulation length is long enough for 

convergence; they can however suggest that the simulation has not run long enough. These 

techniques involve checking on the stability of diverse indices of dynamical structure as a 

function of time like root mean square deviations (RMSD), number of hydrogen bonds, intra-
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molecular interaction energy, torsion angle transitions and cluster counting
131

. Also, structural 

histograms of clusters that reflect the configuration-space distribution
132

 as well as the use of 

principal component analysis plotted against time to visualize the number of transitions 

among substates 
133

 were reported for this issue. However, a shortcoming of this approach is 

that every index has a characteristic time evolution in MD and choosing one that has a shorter 

relaxation time will stabilize its value faster, leading to the erroneous idea of earlier 

convergence.
134

 

The RMSD calculation is one of the simplest techniques used to assess the quality of the 

sampling. Here the deviation is calculated between a defined reference starting point of the 

simulation and the subsequent frames. A prior alignment is done between the target (frames) 

and reference structure to minimize the total deviation. The RMSD values are then depicted as 

a line style plot vs time where a fast increase due to thermal fluctuations, followed by 

fluctuations about a mean or a plateau can be seen. If the RMSD values do not level off, that 

can indicate that, the system has not equilibrated or it is drifting away from the starting 

structure. However, the steady stay of the RMSD plots may not be indicative for 

equilibrium.
135

 Since RMSD values are the simplification of a broad range of conformations 

to a single number, it is not possible to know the states that are being sampled.
136

 This method 

can be more useful in case of studying a system that is expected to show conformations 

similar to the crystal structure most of the time e.g. a folded protein under native conditions. A 

more useful technique is to compute the RMSDs for all pairs of snapshots from the trajectory 

and plot them on a single graph. The transitions to new conformational wells and the revisit of 

certain states can be visualized by means of this plot. Large RSMD distance per pairs implies 

substantial overall motion.
137

 

In this work, Root-Mean-Square-Deviations (RMSD) were calculated for the MD 

trajectories resulting from the simulations of the 8 systems. Only the backbone atoms (N, CA, 

C and O) were taken into account, without the two loops due to their flexibility (Figure A1 

from Appendix A). The plot of RMSD vs time showed that in the simulations of the free 

protein from 1EI1 and 1AJ6, the fluctuations stabilized around a mean value of: 1.3Å after 

10ns while in the trajectories from 1KZN and 1AJ6(R136H) was at 1.3Å after 13ns and at 

1.8Å after 9ns respectively. In the case of the enzyme-ligand complexes the fluctuations 

stabilized after 10ns around 1Å for the trajectories from the complexes involving the wildtype 

protein and inhibitors novobiocin (1AJ6-NOV) and clorobiocin (1KZN-CBN), 1.4Å for the 

mutated protein complexed with novobiocin (1AJ6(R136H)-NOV) and 1.6Å for the wildtype 

protein-ADNP complex.  

The all-to-all RMSD (i.e. RMSDs for all pairs of snapshots) method was applied to the 

eight simulations (see Figure A2 from Appendix A). The analysis of the plot for the 

simulation of the free protein, starting from a closed loop 2 conformation (1EI1), revealed a 
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hierarchic block structure along the diagonal, where we can see a sampling of consecutive 

substates of the protein within a range of time (1 or 2ns). This suggests that the simulation did 

not run for enough time although after 14ns of simulation, the system briefly revisits 

conformations of different substates already sampled. In the free protein simulations starting 

from an open loop 2 conformation (1KZN, 1AJ6(R136H) and 1AJ6) a different behavior was 

found. For example, the simulation of the free protein from 1KZN had rapid transitions in the 

first 2ns of the simulation, and then the system sampled similar conformations until about 

12ns with a subsequent last significant change suggesting that the simulation was maybe not 

long enough. The simulation of the wild type free protein, from 1AJ6, explored different 

blocks about every 2ns until it stabilized from 7.5ns on. This simulation also revisited 

previous explored conformations suggesting a better convergence in comparison with the rest 

of the free protein simulations. When simulating the mutated free protein (1AJ6(R136H)) we 

found transitions every 500ps or 1ns until about 6.5ns where the simulation stayed sampling 

similar conformations. In general, it seems that the free protein moves away from the crystal 

structure during the simulation which is more marked in the case of the mutated free protein 

simulation (1AJ6(R136H)). The RMSD maps over the time showed less conformational well 

transitions and more returning to sampled states when simulating complexed systems, than in 

the simulations of the free protein. The wildtype GyrB-NOV complex (1AJ6-NOV) was 

specially stable along the 15 ns of simulation.  

The analysis of the fluctuation per residue along the simulation showed that in general the 

residue fluctuations were lower when running simulations for complexes, which it might be 

justified by the influence of possible interactions of the inhibitors with the residues in the 

active site. The loops were the most flexible fragments in every system as well as the random 

coils and residues from the beginning and the end of the N-terminal domain. In the case of the 

GyrB-ADPNP complex (1EI1-ADPNP), the loop1 is highly unstable, specially residues 

His83, Pro84, Glu85 and Glu86, when comparing with the analogue region in complexes 

involving coumarin-based inhibitors. However, residues from loop 2 interacting with 

phosphate groups (Lys103, Gly114, Leu115, His116, Gly117, Val118, Gly119 and Val120), 

the ribose (Gly101, Gly102) and adenine (Tyr109) of the ADPNP ligand, fluctuated less than 

in the rest of the complexes. A closer analysis of these residues in 1EI1-ADPNP complex 

show that RMSD values higher than 0.90 for residues Ala100, Gly101, Leu115, His116 and 

Val118 are given by deviations in the side chains, while the backbone (the one that interacts 

with ADPNP) is stable. The residues comprising the active site of all the complexes were 

stable exempting the side chain of residue 136 (arginine in the wildtype enzyme and histidine 

in the mutated one) when coumarin-inhibitors are bound. See Table A1 and Figures A3 to 

A10 of Appendix A. 
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2.3.2 Conformational exploration. Clustering results. 

The optimal number of clusters per system resulting from applying the average-linkage 

algorithm
123, 124

 are shown in Table 2.3 together with the quantitative assessment of the 

clustering quality metrics pseudo F-statistic (pSF), the Davies-Bouldin index (DBI), the 

SSR/SST ratio, and the critical distance. Since the use of these metrics is crucial to choose the 

optimal number of clusters per system a brief overview about their application is given next. 

DBI measures the compactness (distance from the points within the cluster to its centroid) and 

separation of the cluster so that low values of DBI correspond to better clustering. pSF relates 

the intracluster variance with the residual variance over all points and contrary to DBI, high 

values suggest better clustering. Another way to identify the optimal number of clusters is by 

plotting the SSR/SST ratio versus the cluster count where a change in the slope known as “the 

elbow criterion” indicates the optimal cluster count. Finally, the critical distance, which is 

defined as the distance between the last clusters either split or merged, can illustrate the 

appropriate cluster count when a steep change in the slope of the plot of the critical distance 

versus cluster count is found.
125

 

The analysis of the representative conformation per cluster, from the free protein 1EI1 

system simulation showed that loop 2 tended to adopt a more closed conformation along the 

simulations (significantly closed in clusters 4, 5 and 6; see in Figure 2.2A the representative 

conformation of cluster 4 in magenta). The opposite trend was observed in the conformations 

extracted from the simulations of the rest of the unbound systems. For example, in clusters 2 

and 3 from the 1KZN-unbound enzyme simulation as well as in both clusters from the 

1AJ6(R136H)-unbound enzyme simulation the conformations turned to be more open than the 

reference x-ray structure (see in Figure 2.2B the representative conformation of cluster 3 from 

the 1KZN unbound enzyme simulation in magenta). These results are in agreement with the 

description of a drifting of the protein away from its starting conformation in the RMSD maps 

for the free protein simulations.  

Table 2.3 Clustering metrics of the selected clusters per system 

Table2.3a unliganded 

System ID Number of 

clusters 

DBI pSF SSR/SST Critical 

Distance 

Cluster size 

1EI1 
6 1.13 4333.87 0.85 1.85 

249, 740, 953, 

757, 982, 69 

1KZN 

 
3 0.94 3671.14 0.66 2.43 511, 2396, 843 

1AJ6 3 0.88 2250.40 0.55 1.99 100, 1453, 2197 

1AJ6(R136H) 2 0.67 17536.84 0.82 3.28 738, 3012 
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Table2.3b complexed 

System ID Number of 

clusters 

DBI pSF SSR/SST Critical 

Distance 

Cluster size 

1EI1-ADPNP 2 1.25 9212.23 0.71 2.04 817, 2933 

1KZN-CBN 2 1.42 2100.59 0.36 2.40 1285, 2465 

1AJ6-NOV 4 2.11 7653.95 0.86 1.39 
272, 2437, 

850, 191 

1AJ6(R136H)-

NOV 
2 1.67 7460.08 0.67 1.91 1267, 2483 

 

                                           A) 

B) 

Figure 2.2. A) Superimposition of the template enzyme structures 1EI1 (closed loop 2, yellow) and 

1KZN (open loop 2, cyan) with the representative structure (in magenta) of cluster 4 derived from 

simulating the 1EI1 unbound enzyme. B) Superimposition of the same two reference structures and 

cluster 3 derived from simulating the 1KZN unbound enzyme. In this picture the same superimposition 

is shown three times highlighting the surface of 1EI1, 1KZN and cluster 3, from left to right 

respectively. Rectangles highlight the tendency of the conformational changes of loop 2 to a more 

closed (A) or open (B) conformation. Residues of the active site have been depicted as ball and sticks 

and the ones involved in the loops as ribbons. 
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2.3.3 Binding free energy: MM-PB(GB)SA results 

DNA GyrB is one of those proteins with ordered water molecules (relative to the liquid) 

located at the protein-ligand interface that affect the binding affinity for the ligands because of 

the entropic cost.
105, 138

 The stability of these water molecules in the active site were analyzed 

along the simulation trajectory and the stable ones (shown in Figure 2.3) were included 

explicitly in the MM-PB(GB)SA calculations. The water molecule 12 (PDB numbering, 

Wat224 using Amber numbering) that purportedly occupies the space left by the absence of 

the guanidinium group of the arginine residue when it is mutated into a histidine was not 

stable during the MD simulation of the 1AJ6(R136H) system. On the other hand, structure 

1EI1 taken from the PDB does not contain the counter ion Mg
2+

. In our simulation, Na
+
 ions 

were added to the structure and Na
+ 

207 was found to be part of an interaction net stabilizing 

the phosphate groups of ADPNP to their folded orientation similar to the role described for 

the absent Mg
2+

 
24

 
104

 
139

 in the active site. 

 

 

Figure 2.3. Important stable water molecules along the MD simulation of the systems under study.   
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By using the MM-PB(GB)SA method for calculating binding free energy we could 

reproduce some thermodynamic experiments reported for these systems (see Table 2.4). For 

example, the binding energy was predicted to be around 5kcal/mol lower for the wildtype 

GyrB-CBN complex compared to the one with NOV.
140-143

 Experimental reports from 

Holdgate et al.
140

 demonstrated that the binding of novobiocin to the mutant R136H gyrase 

(ΔH=-14.3kcal/mol) shows a more favourable enthalpy change of -2.1kcal/mol than when it 

binds to the wild type protein (ΔH=-12.2 kcal/mol). In our calculations a difference of about -

3.4kcal/mol is reproduced by the MM-PBSA but MM-GBSA estimates a difference of 

0.6kcal/mol. 

Despite the better binding enthalpy upon complexing the mutant protein with NOV, there 

is an entropy penalty (T∆S=-6.1kcal/mol versus =-2.1 kcal/mol) produced by an ordered water 

located between the His136 side chain and the ligand which is not possible when the Arg136 

side chain interacts directly with the NOV in the wild type gyrase cavity.
140

 As a result, the 

wild type-GyrB-NOV complex has a better binding free energy (ΔGwild-type =-10.1kcal/mol 

and ΔGmutant =-8.1kcal/mol). Unfortunately, the MM-PB(GB)SA approach was not able to 

reproduce this difference in the entropy of both systems which might be given by the fact that 

water 12 (PDB numbering) interacting with His136 and the novobiocin ligand was not stable 

enough in the MD simulation to be included in the energy calculations. Yu and Rick
105

 

predicted this entropic contribution correctly by a more accurate alchemical free energy 

calculation approach. In our simulation, we use a significant amount of approximations 

intrinsic in the two end-points MM/PB(GB)SA approach.
144

 

Unlike the neutral coumarin-based inhibitors, ADPNP has a negative charge of -4. The 

stabilizing effect of Na
+
 ion 207 is translated in favourable electrostatic interactions with the 

phosphate groups, residue Asn46, the waters 221 and 3213 (-367.5kcal/mol) in the gas phase 

compensating the high values of the solvation free energy and the entropic penalty of about 

3.4kcal/mol due the ordered Na
+
. Thus, it can be concluded that including the counter ion 

explicitly, lead to more reliable results in the energy calculation. 
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Table 2.4 Binding free energy (kcal/mol) for the 4 complexed systems under study.  

 
1EI1-ADPNP 

(with Na
+
) 

1EI1-ADPNP 
(without Na

+
) 

1KZN-CBN 1AJ6-NOV 
1AJ6(R136H)-

NOV 

 Mean
a 

STD
b 

Mean
a 

STD
b 

Mean
a 

STD
b 

Mean
a 

STD
b 

Mean
a 

STD
b 

Eelect -361.0 48.0 14.8 48.6 -40.4 9.9 -49.1 6.2 -56.6 5.9 
EvdW -47.9 4.9 -56.2 4.3 -70.4 6.1 -64.0 3.4 -58.1 3.9 
Egas -408.9 47.3 -41.4 48.0 -110.9 13.3 -113.1 6.8 -114.6 6.2 

GnonP -6.2 0.1 -6.2 0.1 -8.5 0.7 -8.2 0.2 -8.3 0.2 
GPB 341.2 39.1 79.7 37.4 76.7 11.2 83.0 7.1 81.2 5.8 

G(PB)-subt -73.8 11.3 32.1 15.7 -42.6 7.4 -38.3 4.9 -41.7 5.4 
GGB 320.2 38.7 13.0 39.0 60.9 9.3 66.0 5.0 68.2 4.4 

G(GB)-subt -94.8 11.9 -34.6 12.0 -58.4 6.0 -55.3 3.4 -54.7 4.0 
TSTRA -13.3 0.0 -13.3 0.0 -13.6 0.0 -13.5 0.0 -13.5 0.0 
TSROT -11.1 0.0 -11.1 0.0 -11.9 0.1 -11.6 0.0 -11.6 0.0 
TSVIB -0.4 6.5 3.0 7.4 2.1 7.6 0.4 7.5 0.3 6.8 
TSTOT -24.9 6.5 -21.5 7.4 -23.4 7.7 -24.7 7.5 -24.8 6.8 

G(PB)-total -49.0 53.6 -19.2 -13.6 -16.9 
G(GB)-total -69.9 -13.1 -35.0 -30.6 -29.9 

Note: 
a 

Mean corresponds to ΔX=ΔXcomp-ΔXrec-ΔXlig where X is every term displayed in the first 

column.
b 

STD is the standard deviation. Egas counts for the absolute energy in the gas phase which 

encompasses the terms for electrostatic energy (Eelect), the van der Waals interaction energy (EvdW) as 

Egas = Eelect + EvdW. The solvation free energy (ΔGsolv) includes the contribution of the polar (GPB/GB) 

and non-polar components (GnonP) as Gsolv = GnonP + GPB/GB where PB is related to Poisson Boltzmann 

and GB to generalized Born. The relative binding free energy (G(PB/GB)-subt) does not include the 

entropy term as is given by G(PB/GB)-subt = Egas + Gsolv. TSTRA, TSROT, TSVIB and TSTOT are the 

parameters related to the entropy (TS = temperature multiplying the entropy) and stand for the 

translational, rotational, and vibrational entropy of the solute respectively. G(PB)-total and G(GB)-total are 

the final binding free energy values including the entropy. 

 

2.3.4 Residue based description and comparison between the systems: Energy 

decomposition & Computational alanine scanning techniques. 

Two techniques were used to identify the key residues in the binding mode of the 

aforementioned inhibitors: Free energy decomposition and alanine scanning. Alanine 

scanning relies on the assumption of minimal global conformational changes after the 

structural modification in the residues of interest which is considered the main limitation of 

the method
130

 while free energy decomposition is a non-perturbing alternative approach. 

However, both techniques are appealing since alanine scanning offers the possibility of 

studying in silico the possible mutations in the protein and their effect in the binding free 

energies of the receptor-ligand systems
130

 whereas free energy decomposition describes the 

contribution of the substructural elements side chain and backbone of the interacting residues. 

The resulting energy values related to the binding reaction have been stated in Tables A2 and 

A3 of Appendix A for the energy decomposition technique and computational alanine 
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scanning respectively. The energy decomposition technique was not applied to the 1EI1-

ADPNP system, since the Na
+
 could not be included in the calculations. 

2.3.4.1 Energy decomposition results. 

The energy decomposition technique illustrated the favourable contributions to the relative 

binding free energy of important residues interacting with the coumarin-based inhibitors NOV 

and CBN where the side chain showed the lowest values of energy, mainly supported by low 

values of the van der Waals energy, in agreement with the binding mode described for these 

inhibitors. In this sense it can be mentioned that residues Ile78, Pro79 and Ile94 are implicated 

in stabilizing the isopentenyl group of the coumarin inhibitors by hydrophobic interactions. 

Ile78 and Ile94 also interact with the dimethyl and hydroxymethyl substituents in the noviose 

sugar while Pro79 contacts with the phenol and the coumarin ring. On the other hand, low 

values of energy contribution are predicted for the Arg76 side chain based on a combination 

of favourable van der Waals and electrostatic interaction effects in accordance with the π-

stacking interaction of the Arg76 side chain to the coumarinic ring of the ligands.
24, 28

 The 

stabilizing role of residues Val43, Ala47, Val71, Val167 and Val120 that interact with the 

pyrrol fragment of CBN was predicted, although with individual small contributions. 

Interestingly, the energy decomposition technique predicts favourable binding energy 

contribution for residue Phe104 in all the complexes involving coumarin like inhibitors 

(1KZN-CBN(Phe104) : ΔG(GB)-subt(S)= -1.15; 1AJ6-NOV(Phe104): ΔG(GB)-subt(S)= -2.33; 

1AJ6(R136H)-NOV(Phe104): ΔG(GB)-subt(S)= -2.09 where (S) stands for side chain). Van der 

Waals interactions where found during the simulation between the Phe104 phenyl ring and the 

dimethyl substituents in the sugar moiety and the isopentenyl group attached to the benzamido 

part of the coumarin ligands NOV and CBN.   

Residue Asn46 has one of the largest stabilizing contributions to the binding energy 

(1KZN-CBN (ΔG(GB)-subt(T)=-3.38kcal/mol), 1AJ6-NOV (ΔG(GB)-subt(T)=-1.89kcal/mol) and 

1AJ6(R136H)-NOV (ΔG(GB)-subt(T)=-3.55kcal/mol (T) stands for total residue), which is 

attributed to favourable van der Waals and electrostatic interactions between its backbone and 

the ligands. Consistent with this, a hydrogen bond between the backbone carbonyl of Asn46 

and the novobiose sugar hydroxyl was found along the simulation with occupancy of 99.30%, 

98.68% and 5.13% for systems 1KZN-CBN, 1AJ6-NOV and 1AJ6(R136H)-NOV 

respectively. In addition, Asn46 carbonyl from the mutated protein also established hydrogen 

bond (92.89%) with the novobiocin NH2 (in carbamate). 

The main difference between 1AJ6-NOV and 1AJ6(R136H)-NOV is the mutation of the 

Arg136 into His136. The free energy decomposition technique does not predict significant 

contributions for them (see Table A2). As expected from the previously analyzed low stability 
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of the Arg136 side chain its hydrogen bond with the coumarin had occupancy of 42% and 

46% for the CBN and NOV respectively. Despite the positive charge of the Arg residue 

contributed to a favourable electrostatic interaction energy (ΔEelect(T) = -7.89 and -

7.29kcal/mol for complexes with CBN and NOV respectively) there was a large desolvation 

penalty (ΔEGB(T) = 7.91 and 7.48kcal/mol for complexes with CBN and NOV respectively). 

On the other hand, His136 did not interact directly or via a water molecule with the ligand 

therefore the contribution of every term to the relative binding free energy resulted in being 

not significant. 

2.3.4.2 Computational alanine scanning results. 

The average structures of systems 1AJ6-NOV and 1AJ6(R136H)-NOV obtained after 15ns 

of MD simulation were superimposed onto each other to verify the assumption of minimal 

global conformational changes after mutation of a residue (e.g. Arg136 into His136 see Figure 

2.4). Only the region comprising the flexible loops displayed some difference but not causing 

significant conformational changes after the mutation that could affect the binding mode of 

the ligand. 

 

Figure 2.4. Superposition of the average structures from the MD simulations of the 1AJ6-NOV (in 

gray) and 1AJ6(R136H)-NOV (in green) systems. NOV is depicted in stick representation as well as 

Arg136 and His136. This picture was generated by using the Chimera software.
84, 145

 

 

In general, favourable energies obtained by alanine scanning for residues Asn46, Ile78, 

Ile94, Val120, Val43, Val71, Arg76, Arg136, Phe104 in the coumarin simulations are in 

agreement with the results found with the energy decomposition technique (see Table A2 and 
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A3 Appendix A). However, only computational alanine scanning indicates the stabilizing role 

that the side chain of Glu50 has over the coumarin inhibitors. Given the peculiar characteristic 

of 1EI1-ADPNP complex, the charged ligand (-4), the closed conformation of loop 2 in the 

protein and a Na
+
 ion included in the calculations, we will focus more on the results obtained 

for this system. 

Binding sites for coumarins NOV and CBN show a certain degree of overlap with the one 

for ADPNP in the region occupied by the novobiose sugar of the coumarins and the adenine 

ring of ADPNP. Nevertheless, other areas are unique for the binding of these compounds. 

Flexible loop 2 (residues 101-118) undergoes a considerable conformational change forming a 

lid over the bound ADPNP differing from the open conformation of loop 2 when coumarin 

inhibitors bind the active site. Residues from loop 2 such as Gly102, Lys103, Leu115, 

HIP116, Gly117, Val118, Gly119 and Val120 have been described to be essential in the 

interactions with ADPNP.
24

 Mutating Val120 and Val118 into alanine destabilized the 

binding reaction while not significant changes were found when mutating Leu115 (Table A3). 

These residues established, along the simulation, very stable hydrogen bonds between the 

backbone amino and the phosphate groups of ADPNP, which are maintained after mutating 

those residues into alanine. However, only the side chain of the valine residues has van der 

Waals interactions with the phosphate groups. 

The favourable influence of residues with a positively charged side chain such as Hip116 

and Lys103 was verified. The Hip116 backbone establishes a stable hydrogen bond with the 

γ-phosphate of ADPNP (95.28% of occupancy), this hydrogen bond is also possible when 

mutating this residue into alanine, but changing from a positively charged residue into a 

neutral one has a detrimental effect on the electrostatic contribution to the energy in the gas 

phase. The Lys103 side chain on the other hand is directly involved in a salt bridge with the β 

and γ-phosphate groups. 

Glycine residues in loop 2 could not be included in the alanine scanning calculations but 

the analysis of their hydrogen bond occupancy suggests that they contribute to the phosphate 

and ribose moiety stabilization (See Table 2.5). 
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Table 2.5 Hydrogen bond occupancy for the glycine residues around the phosphate moiety of ADPNP 

throughout the simulation. For every system the cut-off used for H-bond distance and angle was 3.5 Å 

and 120° respectively. 

 

HB acceptor HB donor Occupancy (%) Distance (Å) Angle (degrees º) 

:ADPNP@O04 Gly119@N···H 85.46 3.131 ( 0.17) 27.80 (12.11) 

:ADPNP@O04 Gly117@N···H 58.54 2.930 ( 0.14) 46.17 (10.24) 

:ADPNP@O18 Gly102@N···H 49.05 3.071 ( 0.17) 25.60 (13.89) 

 

Glu42 is considered a catalytic base stabilized by Hip38 that accepts a proton from a 

nearby water molecule. The resulting OH
-
 (deprotonated water) interacts with the γ-phosphate 

of the ATP producing ADP and inorganic phosphate.
146, 147

 Despite the electrostatic energy 

stabilization predicted after mutating the negatively charged residue Glu42 into alanine, the 

interaction between Glu42 the water3213 and the double protonated Hip38 was reproduced 

along the simulation. Mutating Asn46 to alanine results in a significant destabilization of the 

binding energy for ADPNP (see Table A3) that might be related to the loss of the hydrogen 

bond of 99.47% of occupancy between the side chain of the Asn46 and the α phosphate of the 

ADPNP as well as the interaction with the Na
+
 207 ion. 

Asp73 has been considered in many of the computational studies about DNA gyrase 

inhibitors as a cornerstone in the interactions to take into account when designing new drugs 

against this target.
24, 104, 108

 This is a key residue in the overlapping region of the binding site 

of DNA GyrB inhibitors because is involved in a hydrogen bond network with the carbamate 

of NOV, the pyrrol of CBN and the adenine of ADPNP together with a conserved water 

molecule and residues Thr165 and Gly77.
24, 148, 149

 These interactions were reproduced along 

the simulation with a 42% of occupancy for the hydrogen bond with the pyrrol (CBN), 

53.15% for the carbamate (NOV) when studying the wild type protein and 99.91% for the 

same ligand and the mutant R136H enzyme. Supporting also these explanations, the energy 

decomposition technique shows the stabilizing effect that the bridging water molecules 

Wat213, Wat218 and Wat219 have in the interaction with the ligand in the systems 1KZN-

CBN, 1AJ6-NOV and 1AJ6(R136H)-NOV respectively (see Table 2.6). 
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Table 2.6 Energy decomposition results for the bridging water molecules interacting with the 

coumarin ligands 

System 1KZN-CBN 1AJ6-NOV 1AJ6(R136H)-NOV 

Water ID Wat213 Wat218 Wat219 

ΔEvdW(T) -0.08(0.37) 0.46(0.54) 0.11(0.46) 

ΔEelect(T) -1.54(0.79) -2.64(0.68) -1.45(1.16) 

ΔGGB(T) 0.97(0.57) 0.97(0.24) 0.85(0.56) 

ΔGnonP -0.07(0.02) -0.06(0.02) -0.04(0.02) 

ΔG(GB)-subt(T) -0.72(0.54) -1.27(0.34) -0.52(0.57) 

 

The alanine scanning technique found the opposite effects of the Asp73 residue when 

analyzing the ADPNP-enzyme system. For the neutral coumarin inhibitors a desolvation 

penalty was predicted but the final binding reaction was stabilized more by the Asp than the 

Ala residue, mainly by the electrostatic component. In the 1EI1-ADPNP complex, the Ala73 

electrostatic component is more stabilizing for the binding of ADPNP than the one estimated 

for Asp73 which might be explained by the unfavourable effect of the negative charges of 

Asp73 (-1) and ADPNP (-4) when calculating the electrostatic contribution in the gas phase. 

2.4 Conclusions 

From the exploration of the conformational space of the ATP binding site we can conclude 

that the loops are the most flexible regions, especially no many residues interact directly with 

the ligands in the cavity e.g. open conformation of loop 2 in presence of phosphate free 

inhibitors. The protein with an open conformation of loop 2 seems to be a suitable structure to 

be used in modelling studies like virtual screening by molecular docking to search for new 

inhibitors of the DNA GyraseB based on the differences between the binding mode of free-

phosphate inhibitors and the ATP substrate.  

Due to the different philosophy behind the techniques based on alanine scanning and 

energy decomposition, we considered important to combine them to obtain valuable 

information about the role of the residues interacting with these inhibitors. This can be a 

useful tool to predict the possible binding mode of potential new inhibitors with an adequate 

accuracy. 
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Chapter 3. Thermodynamic Computational Approach to Capture 

Molecular Recognition in the Binding of Different Inhibitors to 

the DNA Gyrase B Subunit from Escherichia coli. How Accurate 

can we Model Inhibitors? 

 

 

This chapter is based on the following paper: 

 

Liane Saíz-Urra, Miguel Angel Cabrera, Matheus Froeyen. Thermodynamic 

Computational Approach to Capture Molecular Recognition in the Binding of Different 

Inhibitors to the DNA Gyrase B Subunit from Escherichia coli. Journal of  Molecular 

Modeling (submitted). 

 

Liane Saiz-Urra was responsible for all the sections under the supervision of the co-authors 

 

3.1 Introduction 

The pharmaceutical industry faces the challenge of incorporating new antibiotics in the 

market. Optimizing the drug discovery pipeline could contribute to this aim. High-throughput 

techniques combined with computational approaches are part of this optimization process. 

The mode of action of many drugs is related to the activation or inhibition they exert on 

biological targets. Design of new small compounds that bind the receptors with high 

inhibition strength can be guided by the in silico study of thermodynamic properties like the 

binding free energy ΔG°. Structure-based drug design techniques such as molecular docking 

aim at the prediction of the molecular interaction (docking) between drug-like molecules and 

a therapeutically relevant target estimating the binding affinity (scoring). A good scoring 

function (SF) should be able to recognize the true binding mode from the incorrect ones 

proposed per molecule and also active molecules from decoys. The different assumptions and 

simplifications proposed for the SFs reducing complexity are the reason for accuracy 

problems (the so-called docking problem). Therefore, the results from molecular docking are 

used as input for more accurate energy functions including solvent effect and entropy
73

 that 

can be used during the lead optimization step of drug design. 
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This work is intended to rationalize molecular recognition at the DNA gyrase B enzyme – 

inhibitor binding interface through the evaluation of different scoring functions in finding the 

correct pose and scoring/ranking for 50 Escherichia coli DNA Gyrase B inhibitors belonging 

to 5 different classes. Encouraged by the good results of the Molecular mechanics – Poisson-

Boltzman surface area (MM-PBSA) and generalized Born (MM-GBSA) energy calculation 

technique to the binding of aminocoumarin-like inhibitors to the DNA gyrase B subunit, 

improving the free energy binding calculation accuracy is further attempted by using these 

rescoring schemes after short Molecular Dynamic simulations of the obtained docked 

complexes. In addition, the performance of Zapbind as rescoring function was also considered 

in the study. These data are then compared with the corresponding experimental enzyme 

activity data. The results are analyzed from a structural point of view emphasizing in the 

strengths and limitations of the techniques applied in the study. 

3.2 Materials and Methods 

3.2.1 Dataset 

A set of 50 compounds, comprising 5 indazole analogues
108

, 16 4-amino-pyrazolo-

pyrimidine analogues
150

, 13 cyclothialidine derivatives
151, 152

 and 16 novobiocin derivatives
153-

156
 were used to model the inhibition of the DNA GyrB subunit (see Figure 3.1 and Table B1 

of Appendix B for structural details). The activity of the compounds was collected from 

literature sources where the in vitro supercoiling assay is described as the introduction of 

superhelical turns into a relaxed plasmid (plasmid and enzyme from E. coli.) and determined 

by gel electrophoresis. The collected activity values were expressed as the maximum 

noneffective concentration (MNEC in µg/mL)
108

 
150

 
151, 152

 or the concentration of a drug that 

is required for 50% inhibition in vitro (IC50 in µg/mL only in the case of novobiocin 

derivatives).
153-156

 

In addition, six crystallographic structures of DNA GyrB complexed with five different 

inhibitors were collected. The inhibitors with their ID in the dataset, PDB code, organism and 

resolution of the x-ray structure are: I) novobiocin(ID50) (1AJ6
140

 PDB code, Escherichia 

coli, 2.30Å and 1KIJ
111

 Thermus thermophilus 2.30Å); II) clorobiocin(ID44) (1KZN
142

 E. 

coli, 2.30Å); III) GR122222X
149

 kindly provided by Prof. D. Wigley (E. coli, 2.10Å); IV) one 

indazole
108

 (3-((4-(benzyloxy)-1H-indazol-3-yl)methylthio)benzoic acid(ID5), 12b24.pdb 

Staphylococcus aureus, 2.36Å) and V) one 4-amino-pyrazolopyrimidine
150

 (3-(4-amino-1-

(3,5-dichlorophenyl)-3-ethyl-1H-pyrazolo[3,4-d]pyrimidin-6-ylthio) benzoic acid(ID8), 

13b24.pdb Staphylococcus aureus 2.3 Å) from Prof. D. Kostrewa. 

 



Chapter 3 

 

46 

 

 

 

Figure 3.1 General structure of the compounds used in the study. 

 

3.2.2 Ligand and Receptor Preparation for Docking 

The 50 ligand molecules were sketched in the ChemDraw Ultra version 10 software 

package
157

 and their SMILES notations were created. The 3D structure of the compounds and 

atomic partial charges were generated with programs from OpenEye Scientific Software Inc, 

the makefraglib program, OMEGA version 2.3.2
158, 159

 and the Molcharge software included 

in QUACPAC version 1.3.1.
160

 The structure of the GyrB subunit complexed with 
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cyclothialidine GR122222X was used as the query file to specify the coordinates for the core 

substructure of the cyclothialidine-like input molecules. The protonation of the ligands was 

estimated using the calculator plugins for pKa included in MarvinSketch 5.4.1.1.
161

 

The use of a GyrB structure with an open conformation of loop 2 seems to be a rational 

approach to apply in virtual screening of possible gyrase inhibitors given that so far an open 

conformation of this loop has been described for the binding of phosphate free compounds.
24

 

Following this thought, the coordinates for the receptor structure were taken from the crystal 

structure of the GyrB-clorobiocin complex (1KZN PDB entry) and the missing coordinates of 

loop 1 and loop 2 were modelled as described in detail in chapter 2.
162

 A short MD simulation 

was performed including the clorobiocin (CBN) ligand to stabilize the loops while keeping the 

rest of the protein restrained
163

. The conserved water (HOH1 in 1KZN PDB code) was kept in 

the receptor structure. 

3.2.3 Docking experiments. Scoring functions 

The Lamarckian Genetic algorithm (GA) of Autodock 4.2
51

 was run 50 times per molecule 

under the following conditions: number of individuals in population equal to 150, maximum 

number of energy evaluations 2500000 and maximum number of generations 27000. The 

other Lamarckian Genetic algorithm parameters related to the local search were set to the 

default values proposed in the Autodock program. The protein structure was considered as 

rigid during the docking. Autodock4.2 atom types were assigned to the protein and ligand 

structures. Gasteiger charges were added only to the receptor and the ligands kept the charges 

previously assigned. The protein and ligand structures were saved keeping only the polar 

hydrogens (the hydrogens bound to C were united into the carbons) in the PDBQT format by 

using ADT version 1.5.4.
164

 All possible torsions were activated in the ligands and amide 

bonds were allowed to rotate. 

The binding site was defined by all the protein residues within 6Å from the atoms of the 

two biggest inhibitors (clorobiocin and GR122222X) of the database whose x-ray structures 

were at our disposal. The grid box generated by ADT had the centre in position (26.002Å, 

37.59Å, 36.35Å) with a number of points of 38×56×44 in the x, y and z dimensions 

respectively with spacing step of 0.375Å (as shown in Figure B1 of Appendix B). 

Only random starting conformations of the ligands were used as input to perform the 

docking experiments. The visual analysis of the poses of the docked ligands and their 

interactions with the protein, especially the hydrogen bonding net as well as all the molecular 

graphics images were performed using the UCSF Chimera package.
145

 

The performance of the scoring functions Shapegauss,
36

 PLP,
165

 Chemgauss3, 

Chemscore,
64

 OEChemscore and Screenscore,
166

 available in the FRED program in 
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correlating the activity values and the predicted binding energies was explored. The enzyme 

structure from the short MD simulation (described in 3.2.2 section) was used to create the 

receptor file with the FRED (Fast Rigid Exhaustive Docking) receptor program version 

2.2.5
36, 167

 to score the docked molecules resulting from Autodock4.2. This enzyme was 

aligned to the receptor structure containing the cyclothialidine GR122222X, to superimpose 

the cyclothialidine to the clorobiocin ligand. Both ligands were kept in the receptor to define 

the active site based on the same analysis used for Autodock 4.2. 

The conditions used to define the binding site will be explained in terms (put in quotation 

marks) of this software graphical interface. The docking site detection was done using the 

“molecular method” that is based on multiple molecular probes which are small molecules 

representing the shapes of drug-like molecules. The docking event is more favourable in those 

regions where more probes dock. The top docking scores of the probes are used to generate a 

shape potential field which is the negative image of the active site and it is used as a first 

quick filter to select the best docking poses of the ligand molecules.
40, 167, 168

 The “quality of 

the shape potential” parameter is determined by the number of molecular probes and alternate 

poses. The higher is the expected solvation of the docked molecules, the higher the quality 

parameter has to be set. DNA GyrB is a protein with ordered water molecules at the binding 

interface
105, 138

 with a conserved hydrogen bonding pattern involving a water molecule, 

residues Asp73, Gly77, Thr165 and ligands.
24

 For this reason, the quality of the shape 

potential was deemed medium. The resulting box volume was 10080 Å
3
, with contours of 

61Å
3 

inner and 1699Å
3 

outer. The final receptor was saved considering the hydrogen bond 

constraint with Asp73 residue and the conserved water molecule.
163

 

The docking solutions obtained by Autodock4.2 (i.e. the best pose found for the 

compounds), were first refined using the Merck Molecular Mechanics Force Field
169

 and then 

scored by the different scoring and rescoring functions included in FRED and previously 

mentioned here. This refinement allows a full coordinate optimization of the ligand atoms 

while the protein is held rigid providing a fairer basis for the comparison of the performance 

between the scoring/rescoring functions under analysis.
170

 

3.2.4 Rescoring methods. MM-PB(GB)SA and Zapbind. 

Simulations of the resulting docked structures were performed by using the AMBER 

package (version 10).
114

 Preparation of the ligands and the receptor (charges, geometry 

optimization and protonation of the histidines residues in the active site), the MD simulation 

as well as binding free energy calculations were performed as described in detail in chapter 

2
162

 but with small modifications. The production simulations covered a period of 2ns in total. 

Coordinates were saved every 200 steps (0.4ps) for a total of 5000 snapshots from which half 
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was taken for the calculation of the binding free energy by MM-PB(GB)SA and 1 out of 250 

snapshots were used in case of calculating the entropy by nmode using default conditions in 

Amber and including all the protein residues. 

The Zapbind function,
171

 implemented in FRED, was also used to rescore the molecules. 

This is a function that combines a surface area contact term and an electrostatic interaction 

calculated using the Poisson-Boltzman (PB) solvent approximation. 

3.3 Results and discussion 

3.3.1 Molecular Docking results. Binding mode analysis. 

Two measurement criteria were used for assessing the pose prediction accuracy. The Root 

Mean Square Deviation (RMSD) of the docked structure from the crystal was applied to the 5 

inhibitors whose crystallographic structures were available. Here the docking solution was 

considered correct for a value under the threshold 2.0Å. All these compounds meet this 

criterion as shown: RMSDID5=1.5Å, RMSDID8=0.84Å, RMSDID34(GR122222X)=1.66Å, 

RMSDID50(NOV)=1.50Å and RMSDID44(CBN)=1.70Å. 

The binding pose of the rest of the compounds (nine-tenth of the dataset) was evaluated 

following the ideas behind the interactions-based accuracy classification (IBAC) scheme 

described by R.T. Kroemer et al.
172

 According to this, the quality of the predicted pose is 

ascertained by visually comparing to the structurally close crystallographic reference structure 

regarding to the hydrogen-bonded and other key ligand-protein interactions by parts, first the 

scaffold and then the remaining fragments. The pose was deemed correct in case of 

conserving all the key interactions, nearly correct when some relevant interactions (up to a 

quarter) were not reproduced and incorrect if more interactions are missing. The most 

important interaction included in the IBAC criterion was the hydrogen bond between the 

conserved water molecule (HOH1), Asp73 and the ligands. Such interaction pattern was 

observed in most of the compounds. In general, the pose found by molecular docking for these 

compounds was classified in the majority of the cases as correct since all the key interactions 

with the protein were displayed. The other interactions considered for the classification of the 

pose are explained next in details for every subset of congeneric compounds. 

In the case of the pyrazolopyrimidine analogues (ID6-ID21), π-stacking to the salt bridge 

Arg76-Glu50 
28

 either from 4-hydroxy-coumarin or a 3-mercapto benzoic acid substituent was 

predicted. The phenyl group linked directly to the pyrazole moiety was involved in lipophilic 

interactions with Ile94. The acid group of 3-mercapto benzoic acid derivatives established 

ionic interactions with Arg136 while analogues with 4-hydroxy-coumarin substituents 

interacted with this residue by hydrogen bonding. Bigger substituents (in comparison with the 
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ones in the reference structure) as acetamide and butylurea (-NHCONH(CH2)3CH3) were 

located in a similar pocket as the isopentenyl group of the novobiocin (NOV) inhibitor. 

Substituents on the amino group of the pyrazolopyrimidine analogues like cyclopropyl 

(compounds ID9 and 15) and ethyl (compound ID10) interacted in the region of the 

hydrophobic pocket with residues Val43, Ala47, Val71, Gln72 and Val167, similar to the 

methylpyrrole ring of ligand clorobiocin (CBN) (see Figure B2 in Appendix B). 

The binding mode of indazole analogues (ID1-ID5) resulted similar to the one predicted 

for the pyrazolopyrimidines given the common substituents these subsets share; coumarin 

fragment and 3-mercapto benzoic acid. Only in the case of 3-phenyl-1H-indazole (compound 

ID1) the orientation differed from the rest of the compounds in this subset. Its best pose is 

predicted to be anchored in a deep hydrophobic pocket enhancing hydrophobic interactions 

between the indazole and the residues Gln72, Val71, Val167 and Val43. The phenyl 

substituent interacts with Met95 and Val120. Nevertheless, the hydrogen bond between the 

NH group of the indazole and Asp73 is observed (Figure 3.2). 

 

Figure 3.2 Binding mode prediction for indazole analogue ID1. Carbon atoms of the reference ligand 

(ID5) are in magenta colour and the ones of compound ID1 are in light blue. The interacting residues 

are in green as well as their surface. The pictures have been made with Chimera software and depicted 

in wall eyes stereo format. 

 

The 3D starting conformation for the core substructure of the cyclothialidine-like input 

molecules (12-membered ring) was generated based on the coordinates of the reference 

GR122222X x-ray structure. We followed this approach since on the one hand, reproducing 
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the conformation of the big lactone ring could be challenging and on the other hand, our 

interest was mainly to study the influence of the different substituents on the enzymatic 

activity. Positions of the resorcinol and 12-membered lactone ring moieties (ID22-ID34) were 

found to be similar to the one of the crystal-bound conformation GR122222X and comparable 

to previous docking reports.
106, 173

 However, both predictions present shifted lactone ring 

hydrogen bonding to the Asn46 side chain NH2 which is not observed in the reference 

GR122222X-GyrB x-ray structure since the Asn46 amide sidechain has a 180
o
 flipped 

conformation regarding to the docking receptor structure (see Figure B3 in Appendix B). 

The binding mode predicted for novobiocin analogues was very similar to the ones of the 

reference crystallographic structures of novobiocin and clorobiocin, which have been 

described in details before.
24, 140, 146, 149

 Lamarckian GA implemented in Autodock4.2 was able 

to find the correct bent conformation of the butenylbenzamide substituent, starting from a 

random generated input structure while previous studies have reported finding more extended 

conformations of this fragment with docking programs such as Dock4, DockIt, FlexX, Flo, 

FRED, Glide, Gold, LigFit, MOE and MVP.
106, 173

 Note that the butenylbenzamide substituent 

was included in the calculation of the RMSD values of both compounds. 

The best pose was achieved by Autodock4.2 in a rank ranging between 1 and 3 out of the 

50 conformations proposed for every compound (Table B3 Appendix B). 

3.3.2 Scoring and Rescoring Results. Experimental Enzyme Activity Data vs 

Binding Energy Prediction. Good news? 

The scoring functions were analyzed in term of the molecular interactions they describe to 

check whether they were functionally independent. Table 3.1 shows a brief outline of the 

interactions that the scoring functions include in their formulation. Despite many of them are 

aware of important interactions like hydrogen bonding and van der Waals interactions 

(described as lipophilic, steric, non-polar etc) they differ mainly in whether they consider 

desolvation or entropy terms as well as in the philosophy behind their formulations. For 

example, Chemguass3 represents all atoms as smooth Gaussian functions where the shape is 

described by a pairwise potential between atoms from ligand and protein maximizing their 

surface contact contrary to their volume overlap as Shapegauss does. However, Chemgauss3 

makes the difference by adding interaction potentials. PLP and Chemscore are empirical 

functions but the first one makes use of a piecewise linear approximation of a potential well 

for hydrogen bonds and lipophilic interactions and includes ligand metals and sulphurs while 

the second one extends the approach of Böhm to a larger training set and test sets. 

OEChemscore is an OpenEye modification of Chemscore lacking of an entropic term. 

Screencore on the other hand, is a combination of terms from empirical scoring functions 
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FlexX and PLP, the localized and directed FlexX hydrogen bond contributions and the 

entropic cost of freezing intramolecular degrees of freedom in the ligand upon complexation 

with the ability of PLP to model lipophilic interactions with a simple pair potential approach. 

Autodock 4.2 uses a semiempirical free energy force field scoring function where the different 

terms of the force field are related to the free energy by means of coefficients empirically 

optimized by using a set of experimentally-determined binding constants. This scoring 

function differs from the rest of the scoring functions under study in that it includes both 

desolvation and entropic terms. 

 

Table 3.1: Overview of the interactions included in the scoring functions.  

Scoring 

Function 
Clasfication Shape Steric 

H- 

Bonds 
Metal Aromatic Desolvation Entropy 

Shapegauss Force field X X      

PLP Empirical X X X X    

Chemgauss3 Force field X X X X X X  

Chemscore empirical X X X X   X 

OEChemscore empirical X X X X    

Screenscore Empirical  X X X X X  X 

Autodock4.2 Semi-

empirical 

free energy 

force field 

X X X X  X X 

 

Additionally, the Pearson r correlation coefficient between the predictions calculated by the 

different scoring and rescoring functions was calculated using STATISTICA 8
174

 (see Table 

B2 of Appendix B). PLP and Shapegauss showed the higher correlation with the rest of the 

functions while Zapbind, Autodock4.2 function, MM-PBSA and Chemgauss3 displayed lower 

correlations. 

The performance of the scoring and rescoring functions in scoring the compounds of every 

congeneric set of compounds was then studied by correlating the predicted energy values with 

the corresponding experimental enzyme activity data (see Table 3.2). Despite the fact that all 

the activities were reported in the original papers in μg/ml units we decided to convert them 

into μM for a better correlation with the kcal/mol units counting for the energy. Detailed 

information about scoring function energy values for individual compounds as well as activity 

can be seen in Table B3 of Appendix B. 

In this sense, the performance of the SFs varied from one subset to another. The strongest 

correlation between energy and enzyme activity as well as a perfect ranking-order was found 
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for the indazole analogues by using Autodock4.2 SF followed by Chemgauss3 in the case of 

cyclothialidine-like compounds. Pyrazolopyrimidine and novobiocin analogues were 

considered lack of any correlation. As it can be seen, the molecular docking algorithm used in 

the study had a very good performance on predicting the correct binding poses, which in 

many cases was identified as the best-docked pose with the lowest energy. However, 

predicting binding affinities was worse. 

Improved correlations were found when using rescoring functions for indazole and 

pyrazolopyrimidine analogues. Surprisingly, for cyclothialidine compounds, the rescoring 

correlation was lower (MM-PBSA R = 0.628) when comparing to the scoring functions 

Chemgauss3 (R = 0.755), Autodock4.2 (R = 0.645) and Screenscore (R = 0.650). The MM-

PBSA method performed better than the rest of the rescoring functions except for the 

pyrazolopyrimidine analogues where the correlation when using Zapbind was slightly higher 

(R = 0.417) than for the MM-PBSA method (R = 0.399). The individual values of relative 

binding free energy estimated by the rescoring functions for every compound can be seen in 

Table B4 of Appendix B. To find the source of the problems in the correlations, we will 

discuss every subset separately. 

 

Table 3.2. Values of calculated correlation between scoring and rescoring functions with the activity 

for every subset of compounds in the study. 

 

Indazole 

derivatives 

Pyrazolopyrimidine 

analogues 

Cyclothialidine 

derivatives 

Novobiocin 

derivatives 

Compounds  ID1-ID5 ID6-ID21 ID22-ID34 ID35-ID50 

Autodock4.2 0.896 -0.167 0.645 0.082 

Shapegauss 0.566 0.082 0.427 0.155 

PLP 0.568 0.133 0.584 0.168 

Chemgauss3 -0.103 -0.098 0.755 0.078 

Chemscore 0.76 0.123 0.622 0.107 

OEChemscore 0.579 0.006 0.538 0.097 

Screenscore 0.384 0.295 0.65 0.22 

Zapbind 0.84 0.417 0.416 0.041 

MM-PBSA 

(ΔG(PB)-subt) 
0.972 0.399 0.628 0.142 

MM-GBSA 

(ΔG(GB)-subt) 
0.952 0.279 0.604 0.132 
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3.3.2.1 Indazole analogues subset (ID1-ID5): 

Autodock4.2 was the only scoring function able to identify compound ID4 as the most 

active one for a perfect predicted ranking of the indazole analogues subset. Different from the 

rest of the scoring functions, the non-polar hydrogens are merged into the connected carbons 

in the ligands and receptor in Autodock4.2 reducing van der Waals penalties at short distances 

like between the tert-butyl fragment of compound ID4 and Phe104. However, the refinement 

applied to the structure, either before using the Zapbind function or the MM-PB(GB)SA 

rescoring enhanced the interactions leading to improved correlation and ranking prediction of 

the compounds of this subset. 

In general all the scoring and rescoring functions recognized the interactions of the protein 

with the bicyclic coumarin as more favourable than with the monocyclic benzoic acid moiety 

of ligands ID3 and ID5 respectively. Although this is an example of successful application of 

the rescoring methods it is worth noting that it is a very small subset where the compounds 

display significant structural differences leading to dramatic changes in the activity that are 

well captured by these rescoring functions. 

3.3.2.2 Pyrazolo-pyrimidine analogues subset (ID6-ID21): 

Scoring and rescoring methods overestimated the binding affinity of compounds with 

substituents at the amino group of the pyrazolopyrimidine analogues such as cyclopropyl (ID9 

and ID15) and ethyl (ID10), which are around 30 and 14-fold less active than the reference 

analogue (ID8) (see Table B3 and Table B4 Appendix B). Similar to the methylpyrrole 

substituent of the clorobiocin inhibitor 
162

, the alkyl substituents at the amino group of ligands 

ID9, ID10 and ID15 displace two intercalating water molecules from the deep hydrophobic 

pocket (1021.water and 1046.water in the reference x-ray structure of this set, ligand ID8). 

The role of these two water molecules in the binding affinity of novobiocin compared to 

clorobiocin has been described from experimental thermodynamic data.
140-143

 The more 

favourable enthalpy caused by the interactions of these waters is entropically penalized so that 

clorobiocin has a better binding free energy and activity. Interestingly, the enzymatic activity 

data of pyrazolopyrimidine analogues under analysis show that, in contrast to this example, 

alkylamino compounds are less active than the alkyl free analogue. These data suggest that 

freezing the alkyl substituents might cause entropic penalty comparable to keeping water in 

the pocket. To explore this, a new MD simulation was run with the docked conformation of 4-

amino- pyrazolopyrimidine ID8 including the two crystal water molecules interacting with the 

amino group. The further calculation of its binding free energy binding was done by means of 

MM-PB(GB)SA methods (for enthalpy) and the normal mode method (for entropy). In 
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addition, the entropy for 4-alkylamino-pyrazolopyrimidine analogues ID9, ID10 and ID15 

was also estimated (see Table 3.3 for values). 

 

Table 3.3. Binding free energy values for 4-alkylamino (hydrophobic pocket water free) and 4-amino 

(including water) -pyrazolopyrimidines-GyrB complexes. 

ID ΔG(PB)-subt ΔG(GB)-subt TSTOT ΔG(PB)-total ΔG(GB)-total -log(MNEC) 

ID8 -44.15 -52.83 -22.26 -21.89 -30.57 -0.27 

ID15 -45.39 -56.02 -17.64 -27.75 -38.38 0.88 

ID9 -45.61 -53.86 -19.65 -25.96 -34.21 1.20 

ID10 -41.90 -51.04 -22.06 -19.84 -28.98 1.21 

Note: TSTOT is the entropy parameter (TS = temperature multiplying the entropy). ΔG(PB)-total and 

ΔG(GB)-total  are the final binding free energy values that include the effect of the entropy. Values of 

energy are reported in kcal/mol units. 

 

Including the ordered water molecules (1021.water and 1046.water), located at the 

protein-ligand ID8 interface, had a favourable effect on the enthalpy values calculated by the 

MM-PB(GB)SA methods (from ΔG(PB)-subt = -41.30kcal/mol and ΔG(GB)-subt = -43.09kcal/mol 

to  ΔG(PB)-subt = -44.15kcal/mol and ΔG(GB)-subt = -52.83kcal/mol when including water). 

However, it did not surpass the enthalpy predicted for the N-alkyl compounds ID9 and ID15.  

Entropy evaluation helped to explain the activity ranking of the 4-alkylamino analogues. 

The higher binding free energy of ID10 (with ethyl) was given by a combination of a higher 

enthalpy and lower entropy. The increase in the enthalpy could be explained by the smaller 

size of the substituent decreasing hydrophobic contact in the pocket. The entropic cost can be 

related to the freezing of ethyl, which is more flexible than the cyclopropyl group (in ID15 

and ID9), upon complexation. This had a similar effect as introducing water molecules in the 

GyrB-ID8 simulation. 

The effect of the protonation state of the 4-hydroxyl-coumarin pyrazolopyrimidines 

analogues on the MD simulations will be discussed together with the novobiocin analogues. 

3.3.2.3 Cyclothialidine analogues subset (ID22-ID34): 

Most of the scoring functions showed the typical bias produced by the assignment of the 

more favourable score to larger compounds, due to the larger pairs-wise interactions found in 

this kind of compounds (e.g. cyclothialidine Ro 09-1437 with ID33 in data, Table B3 in 

Appendix B). 
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The majority of the scoring functions were also able to recognize the effect of the different 

possible configurations of carbon atoms 4 and 7 (C4 and C7) on the activity, identifying C4 

with R and C7 with an S configuration as the best combination in agreement with the 

experiments (See Table B3).
175

 In this sense, compounds like ID25(C4(R)/C7(R)), 

ID26(C4(S)/C7(S)) were correctly ranked by the scoring functions while the MM-PB(GB)SA 

method did not show significant differences in the predicted energies of these stereoisomers 

(See Table B4). Conversely, all the scoring and rescoring functions failed predicting the 

inactivity of compound ID27 with the worst configuration combination (C4(S)/C7(R)). 

Finally, no scoring or rescoring functions identified molecule ID32 as the most active 

compound in the subset. A closer look to the binding mode of these compounds was taken to 

explain these facts. 

A methoxyformyl substituent (COOMe) at C4 with R configuration is predicted to be 

interacting with Arg136, Arg76 and Pro79 (ligands ID24 and ID25) but an S-configuration at 

C4 changes the binding of this substituent to Pro79 and Ile94 pocket (ligands ID26 and ID27). 

Furthermore, the location of COOMe is affected by the configuration at C7. Common to all 

stereoisomers, the carbamate substructure of the t-butoxyformamide substituent at C7 was 

predicted to interact with Phe104 differing in the t-butyl fragment interactions either with 

Asp49 for C7(S) configuration (ID24 and ID26) or close to residues of loop 2 like Asp105, 

Val118, Lys110 and Tyr109 for compounds otherwise (C7(R) in ID25 and ID27). The 

proximity of the substituent at C7(R) to loop 2 causes a shift in the complete compound with 

the resulting loss of the hydrogen bonding between COOMe and Arg136 for compound ID25 

(C4(R)). Till this point, the explained differences between the binding modes of the 

stereoisomers are reflected in the correct ranking predicted by the scoring functions for 

compounds ID24, ID25 and ID26. 

The MD simulations trajectories of compounds ID24 and ID26 (C7(S)) showed that after 

the first 500ps of the MD simulation the t-butoxyformamide gets a conformation similar to the 

docked pose of compounds ID25 and ID27 (C7(R)). Also, rotations of the bond connecting 

carbonyl group from the methoxyformyl substituent to C4 are observed, which might justify 

the similar relative binding free energy values predicted by the MM-PB(GB)SA for ligands 

ID24, ID25 and ID26. However, it seems that our models shift the lactone macrocycle of 

ID27 from the reference binding mode avoiding expected clashes but still displaying 

hydrophobic interactions that lead to overestimated energy score values. 

On the other hand, compound ID32 is structurally similar to compounds ID30 and ID31. 

They have a 3-methyl-1,2,4-oxadiazol-5-yl attached to C4 and no substituent at C7. The main 

difference lies in that ID31 and ID32 are 6-thioxo lactones while ID30 is a 6-oxo lactone. 

ID32 also has a hydroxymethyl group at C8(S) configuration of the ID32 lactone ring, which 

is predicted to interact with residues Asn46 and Val118. 
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The scoring functions Autodock 4.2 and Chemscore as well as the rescoring functions 

Zapbind and MM-PB(GB)SA could not rank these compounds based on the scoring energy 

values predicting negative correlations between the two parameters, energy and activity, 

instead (Table 3.4, Correlation Exp1 row). 

Analysis of the MD simulations of the GyrB-ID32 complex based on RMSD calculations 

showed that the most flexible regions comprised residues from loop 2 and Arg136 and Asn46 

with its surrounding residues Lys110, Glu42, Val118 and Val120 (Figure B4 Appendix B) 

where the Asn46 side chain resulted to be very exposed to the solvent. Therefore, we took a 

closer look at the Asn46 side chain conformation in the enzyme structure used in the docking 

experiments (from pdb entry 1KZN) and the crystallographic structure of the DNA gyrase 

bound to the inhibitor GR122222X. 

The NH2 group from Asn46 side chain in the 1KZN structure points to the cavity making 

hydrogen bond with Water1162 and van der Waals interactions with the clorobiocin noviose 

sugar (methoxy group) while the main chain is involved in hydrogen bonds with residues 

Glu42, Val43 and Asp49. In the GyrB-GR122222X x-ray structure the Asn46 side chain NH2 

is orientated in the opposite direction and is stabilized by a hydrogen bond with Glu42 while 

the carbonyl (CO-Ans46) is involved in van der Waals interactions with GR122222X (methyl 

substituent of the aromatic ring and O9 from the macrocycle). Also the Asn46 backbone 

establishes hydrogen bonds with Glu50 and Water92. (see Figure B5 Appendix B). 

We used the MolProbity web service to analyze the Asn46 sidechain in both, pdb entry 

1KZN and the GyrB-GR122222X x-ray structure, including the respective ligands. The 

program REDUCE in MolProbity that considers all-atom steric overlaps was used to pick out 

the residues that should be flipped to improve the quality of the structure.
176

 There was no 

evidence of needing a flip for Asn46 in the GyrB-GR122222X x-ray structure (Rotamer data 

45.6% (m-80) chi angles: 281.9, 276.3). However, in the GyrB-clorobiocin structure with pdb 

entry 1KZN (6.2% (m120) chi angles: 282.9, 67.2) a flip was suggested despite there were no 

clashes with the surrounding pocket. To study the effect of this flip we performed additional 

experiments described below. 

First, a manual rotation of Asn46 sidechain was done in our docking receptor to obtain the 

same rotamer as in the GyrB-GR122222X complex x-ray. Then a new molecular docking 

experiment, followed by a MD simulation and calculations of the relative binding free energy 

for the molecules ID30, ID31 and ID32 was performed. The results are given in Table 3.4 

(Exp2 rows). 
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Table 3.4. Energy predictions for compounds ID30, ID31 and ID32 under the two different conditions 

of experiments.  

 
log(MNEC) Autodock4.2 Chemgauss3 Chemscore Zapbind ΔG(PB)-subt ΔG(GB)-subt 

ID32(Exp1) -1.66 -7.97 -86.85 -21.81 -12.29 -31.68(5.69) -41.36(3.53) 

ID31(Exp1) -1.33 -8.43 -83.81 -22.32 -12.03 -42.27(3.85) -47.44(2.89) 

ID30(Exp1) -0.91 -8.12 -79.96 -22.61 -12.18 -44.31(3.50) -47.94(3.05) 

Correlation 

Exp1
a 

--- -0.25 1.00 -0.97 0.36 -0.90 -0.87 

ID32(Exp2) -1.66 -8.53 -88.76 -19.05 -18.91 -27.85(5.83) -41.36(3.60) 

ID31(Exp2) -1.33 -8.34 -87.07 -21.03 -13.03 -39.35(4.24) -46.51(3.10) 

ID30(Exp2) -0.91 -8.2 -85.05 -20.04 -13.01 -32.81(4.46) -42.08(2.87) 

Correlation 

Exp2
a 

--- 0.99 1.00 -0.44 0.83 -0.37 -0.06 

Note: Exp1 and Exp2 denotes the conditions of the two experiments. Exp1 = NH2 of Asn46 sidechain 

pointing to the cavity; Exp2 = carbonyl of the Asn46 sidechain pointing to the cavity. 
a
 Pearson r 

correlation coefficient between activity (log(MNEC) and scoring energy values from the different 

functions calculated for the sample containing only compounds ID30 to ID32. 

 

After flipping the Asn46 side chain, the new binding mode predicted for these compounds 

showed more resemblance to the reference regarding to the position of the macrocycle. The 

hydrogen bonding pattern between the 3-methyl-1,2,4-oxadiazol-5-yl substituent at C4 and 

Arg136 was found in all the complexes while ID32 was the only ligand able to make a 

hydrogen bond with the Asn46 side chain given its hydroxymethyl substituent making the 

difference in binding energy with the rest of the subset (see Figure 3.3). In general, 

improvements in correlations were observed for the scoring and rescoring functions. It seems 

that the solvation parameter has a significant influence in the successful prediction of the 

binding energy of these compounds justifying the improvement in the predictions of 

Autodock4.2 scoring function
177

 and Zapbind function
171

 with respect to the Chemscore.
64

 It 

is important to note the advantages of the Zapbind method in this subset, since avoiding 

expensive MD simulations where some residues in the binding interface are unstable in terms 

of RMSD, is able to rank correctly these compounds starting from a correct binding pose. 

Additionally, Autodock4.2 was used to dock molecules clorobiocin, GR122222X and ID32 

into the enzyme using the same protocol as before but considering the Asn46 side chain 

flexible. In all cases, the docked solutions showed a flip in the Asn46 side chain leading to the 

rotamer observed in the Gyr-GR122222X x-ray structure in agreement with the MolProbity 

results.  
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Figure 3.3 Binding mode prediction for compounds ID30(cyan carbons),ID31(dark blue carbons) and 

ID32 (green carbons) under the conditions of experiment 2. The binding mode predicted for compound 

ID31 (element coloured) under conditions of experiment 1 has been display for comparison. 

 

On the other hand, the sampling power of the Lamarckian Genetic Algorithm of 

Autodock4.2 was explored by docking the cyclothialidine analogue ID32 considering the 

lactone ring as flexible. The lactone ring was opened between carbon 6 and 7 (see Figure 3.4) 

following the advices in the tutorial of Autodock like 1) keeping the number of rotatable 

bonds low, 2) breaking carbon-carbon bonds and 3) avoiding chiral atoms if possible. The GA 

population size was increased to 350 (from 150) as well as the local search probability to 0.26 

(from 0.06) and the experiment was carried out running the GA 10, 50 and 100 times. The 

docking was performed in two variants: 1) considering the Asn46 sidechain flexible and 2) 

keeping the protein rigid with the Asn46 side chain in the right conformation. It is important 

to notice that opening the lactone ring increased the rotatable bonds of the ligand from 5 to 13. 

The first experiment faced a more complex conformational search since it involved 15 

rotatable bonds, i.e 13 from the ligand and 2 from the Asn46 side chain and as a result, no 

successful reproduction of ligand conformation was obtained. However, a succesful ligand 

conformation was found during the second variant of the docking (keeping the protein fully 

rigid). This conformation was very close to the one we obtained before (see previous 

paragraph) by molecular docking under the conditions of using the core coordinates of the 

GR122222X x-ray structure (closed rigid ring) as starting conformation and considering the 

Asn46 side chain flexible (Figure 3.4). The RMSD value considering all heavy atoms and 

only the core substructure was 1.06Å and 0.84Å respectively when comparing both 
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conformations. From this exploration it could be concluded, that under the conditions 

proposed in our work, Autodock can handle up to 13 rotatable bonds searching problem with 

adequate reliability. Therefore, other cyclothialidine analogues with more flexibility are 

probably too complex for reproducing correctly the binding mode considering flexible ring on 

the fly in Autodock4.2. An alternative technique is creating a library of conformers of the 

lactone ring and use later a flexible ligand-based docking technique to dock several 

conformations of every compound in the active site of the protein considering the ring rigid 

and the substituents flexible. 

 

 

Figure 3.4 Comparison of the ID32 conformation found by Lamarckian GA in Autodock4.2 starting 

from core coordinates taken from the reference GR122222X x-ray structure (in green) and from 

random conformation using the open ring protocol (in pink). In the first case the Asn46 side chain is 

considered flexible and in the second one the protein was kept rigid. 

 

3.3.2.4 Novobiocin derivatives subset (ID35-ID50): 

The influence of the different protonation states on the complex stability during the MD 

simulations and the calculation of relative binding free energy by MM-PB(GB)SA methods 

was studied for the novobiocin analogues subset. Based on the pKa values calculated by 

MarvinSketch 5.4.1.1, primary and secondary 4-amine-coumarin analogues were protonated 

(ID35 to ID37) while 4-hydroxy-coumarin were deprotonated (ID45 to ID49). Novobiocin 

and clorobiocin compounds (ID50 and ID44 respectively) showed a pKa close to the 

physiological pH (7.4) and the assignment of the protonation state was not trivial (see Figure 

3.5). The rest of the compounds in the novobiocin analogues subset were considered neutral. 
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Figure 3.5 pKa values calculated by MarvinSketch 5.4.1.1 to estimate the protonation state of the 

compounds in the subset. 

 

In most of the crystal structures available in the PDB, the flexible loop 2 has not been 

resolved due to disorder of the region. So far it can be mentioned three structures, the pdb 

entry KIJ
111

 (novobiocin ligand in T. thermophilus 2.30Å), 3G7E
112

 (pyrazolthiazole based 

ligand in E. coli 2.20Å) and the very recently published structure 4DUH
113

 (4,5′-bithiazole 

based ligand in E. coli 1.5Å) whose loop 2 coordinates have been given. In these structures, 

several interactions have been described that contribute to the stabilization of loop 2. In the 

1KIJ structure, the novobiocin interacts with residues Lys102, Phe103, Lys109 and Val117 

(equivalent to Lys103, Phe104, Lys109 and Val118 in E. coli numbering). In 3G7E, residues 

Gly102, Phe104, Asp105 and Asp106 are involved in hydrophobic interactions with the 

pyrazolthiazole inhibitor while in 4DUH, a salt bridge formed by Lys103, Asp49 and Glu50, 

as well as a hydrogen bond between the amine nitrogen of inhibitor and carbonyl group of 

Gly101 residue are found. 

Likewise, the complexes involving deprotonated 4-hydroxy-coumarins novobiocin 

derivatives ID45 to ID49 and pyrazolopyrimidine analogous ID12 to ID20 were stable in our 

MD simulations giving the classical interactions in the binding pocket and residues of loop 2. 

For example, the Lys103 sidechain interacted with the deprotonated hydroxyl of the 

novobiocin derivatives (ID45 to ID49) and the Phe104 sidechain (atom CB) interacted with 4-

hydroxy-coumarin pyrazolopyrimidines (Figure B6 Appendix B). Longer residence times of 

interactions exhibited at protein-ligand interfaces were typically related to stronger interaction 

energies that were captured by MM-PB(GB)SA calculations. 
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However, this deprotonation had a detrimental effect in the simulations involving 

novobiocin (ID50) and clorobiocin (ID44) where fluctuations were seen in the 

butenylbenzamide substituent of both ligands adopting an extended conformation completely 

accessible by the solvent. 

Similar to pyrazolopyrimidine ID8, the enthalpy was underestimated for compound ID45 

by the MM-PB(GB)SA method because the two water molecules at the hydrophobic pocket 

interface were not included in the simulation. Predictions by the MM-PBSA technique 

correctly ranked compounds ID46 to ID49 identifying the more favourable effect of alkyloxy 

substituents over the alkylic ones in terms of relative binding free energy. The entropy was 

also calculated for this set. Those compounds with more rigid substituents (ID49 and ID46) 

displayed a lower entropy penalty (shown in Table 3.5). 

 

Table 3.5. Binding free energy (kcal/mol) predictions by MM-PB(GB)SA for deprotonated 4-

hydroxyl-coumarins. 

ID R1 
ΔG(PB)-

subt 

ΔG(GB)-

subt 
TSTOT 

ΔG(PB)-

total 

ΔG(GB)-

total 
log(IC50) 

ID49 
 

-43.96 -53.62 -24.35 -19.61 -29.27 -1.13 

ID48 
 

-43.59 -54.61 -25.79 -17.80 -28.82 -0.62 

ID46 
 

-42.51 -48.94 -25.16 -17.35 -23.78 0.10 

ID47 
 

-40.55 -48.66 -26.55 -14.00 -22.11 1.28 

 

Complexes involving protonated 4-amino coumarin analogues ID35 and ID36 resulted 

unstable in terms of RMSD along the MD simulation (Figure B7 Appendix B). The positively 

charged amino group of these ligands moved away from the neighbouring residue Arg76 

inducing a more open conformation of loop 2. In addition, fluctuations in solvent accessible 

residues like Arg136 and also Gly77 with the free movement of the coumarin substructure of 

the ligands were observed during the simulation leading to a highly inaccurate calculation of 

the relative binding free energy by the MM-PB(GB)SA methods. Interestingly, the MD 

simulation of compound ID37 was stable in both states (NH2 and NH3
+
 ) due to interactions 

between the N atoms of the piperazyl substituent and the Asn107 sidechain that stabilized 

loop 2 during the simulation (Figure B7 Appendix B). It seems that the more rigid the 

structure of the substituent in the coumarin the better the accommodation in the cavity and 
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more stable the MD simulations. The relative binding free energy calculated by the MM-

PB(GB)SA methods is shown in Table 3.6 for the 4-hydroxy-coumarins (ID44 to ID50), 4-

methylamine-coumarin (ID35), 4-(1-methylpiperazine)-coumarin (ID36) and 4-piperazyl-

coumarin (ID37), in neutral and charged stated. 

 

Table 3.6. The influence of the different protonation states on the MD simulation and the calculation 

of relative binding free energy by MM-PB(GB)SA methods for 4-hydroxyl-coumarins, 4-

methylamine-coumarin, 4-(1-methylpiperazine)-coumarin and 4-piperazyl-coumarin. 

ID/(charge) Log(IC50) ΔG(PB)-subt ΔG(GB)-subt ID/(charge) Log(IC50) ΔG(PB)-subt ΔG(GB)-subt 

ID49/(0) -1.13 -38.36(4.66) -51.69(4.34) ID44/(0) -0.68 -45.04(5.68)        -66.86(3.40)        

ID49/(-1) -1.13 -43.96(4.52) -53.62(4.11) ID44/(-1) -0.68 -43.54(5.56)        -52.94(5.45) 

ID48/(0) -0.62 -42.35(4.12) -51.80(3.44) ID50/(0) -0.39 -39.44(4.94)        -44.82(4.95)        

ID48/(-1) -0.62 -43.59(5.25) -54.61(4.73) ID50/(-1) -0.39 -37.34(5.01)        -41.27(6.59)        

ID45/(0) -0.48 -29.42(3.97)        -36.45(2.84) ID36/(0) -0.7 -45.82(4.20)        -56.93(3.22)        

ID45/(-1) -0.48 -39.02(5.56) -41.09(4.02) ID36/(+1) -0.7 -39.46(4.47)        -48.16(3.70)        

ID46/(0) 0.1 -38.36(4.25) -48.77(3.15) ID37/(0) -0.64 -45.20(4.64)        -57.93(3.60) 

ID46/(-1) 0.1 -42.51(5.65)      -48.94(4.31) ID37/(+1) -0.64 -43.49(4.64) -55.84(3.45)        

ID47/(0) 1.28 -35.33(4.69)    -42.24(4.32) ID35/(0) -0.54 -38.96(4.31) -45.20(3.12) 

ID47/(-1) 1.28 -40.55(4.34)        -48.66(3.36) ID35/(+1) -0.54 -34.43(4.79) -43.14(3.64) 

 

3.4 Conclusions 

Molecular docking tools like Lamarckian genetic algorithm implemented in Autodock4.2 

can be used to predict the possible binding mode of potential new DNA GyrB inhibitors with 

adequate accuracy. However, the results from virtual screenings based on molecular docking 

should be taken as the starting point for further more accurate analysis that can be applied to 

the multistep lead optimization process. Techniques like MM-PB(GB)SA can be used in this 

step provided that the MD simulations are stable. In this sense, the main limitations are related 

to the protonation state of the ligand, flexibility of substituents of the ligand located close to 

loop 2 of the protein as well as the effect of the ligand substituents at the deep hydrophobic 

pocket of the protein on the enthalpy and entropy. 
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Chapter 4. QSAR models for binary classification of ATPase 

DNA Gyrase inhibitors applying Genetic Algorithms for feature 

selection. 

 

This chapter is based on the following paper: 

 

Liane Saíz-Urra, Yunierkis Pérez-Castillo, Cosmin Lazar, Jonatan Taminau, Miguel Ángel 

Cabrera-Pérez, Mathy Froeyen, Ann Nowé. QSAR models for binary classification of ATPase 

DNA Gyrase inhibitors applying Genetic-Algorithms for feature selection. Molecular 

Diversity (submitted). 

 

Liane Saiz-Urra applied the QSAR algorithm developed by the group formed by the co-

authors Yunierkis Pérez-Castillo, Cosmin Lazar, Jonatan Taminau and Prof Ann Nowe.The 

discussion of the results was developed by Liane Saiz Urra under the supervision of the co-

authors. 

 

4.1 Introduction 

In the previous study, we have found for the E. coli gyrase B enzyme that the flexible loops 

that undergo conformational changes and the water molecules in the active site that 

entropically drives the binding affinity of the ligands represent obstacles that attempt against 

the accuracy of structure-based drug design techniques such as molecular docking (Chapter 

3). This has a disruptive impact in the early steps of the drug discovery process when such 

techniques are used for virtual screening of large datasets to identify possible hits of this 

target. 

Quantitative Structure-Activity Relationships (QSAR) is a ligand-based technique that 

essentially establishes a mathematical hypothesis where the chemical properties of molecules, 

represented by molecular descriptors, are correlated with their biological activity. More in 

detail, this process involves collecting and preparing a data set of N compounds for which a 

set of M different type of molecular descriptors is calculated to encode their structural 

information (vector of molecular descriptors as   i with i=1 to N) For every compound a value 

of activity (or physical property) is gathered as well (Yi). An important step during the 
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preparation of the data set is the chemical structure curation. This process allows removing 

invalid structures erroneously represented by descriptors, which would have a detrimental 

effect on the QSAR models performance. 

For a classical supervised learning program a training set with N compounds of the form 

{  1, Y1},…,{  N, YN} is given for some unknown function Y=f(X). The   i vectors contain the 

Xi1 to XiM molecular descriptors (features). The Yi values (inhibitory activity in our study) can 

be transformed into a discrete set of classes (active (1)/inactive (-1)) when the interest is on 

classifying or in the case of regression keeping real continuous numbers. We will focus the 

rest of the explanation on classification. Given a training set sample, a learning algorithm will 

build a classifier, which is a hypothesis (h) of the unknown true function (f). The aim of the 

supervised learning algorithm is learning from the training set to create a classifier able to 

predict accurately the corresponding Y values for given new    values, which makes it a 

powerful tool in a virtual screening situation. A crucial step in the classifier building process 

is to select the more informative molecular descriptors that significantly correlate with the 

activity/property of the compounds. Genetic algorithm is widely used for this aim. This 

stochastic and heuristic optimization algorithm belongs to the family of Evolutionary 

Algorithms, which refers to a class of stochastic, parallel search heuristics inspired by the 

biological model of evolution. The robustness of genetic algorithms has made possible to 

apply them with success to many problems.
178, 179

 

In addition, the predictive capability and generalization of a QSAR model (classifier) that 

provides an idea about the suitability of a model to be used in virtual screening needs to be 

assessed by using sets of compounds that have not been used to build (train) the models. 

However, it is difficult, for reasons of time, cost and animal wellbeing, to obtain new 

experimentally evaluated compounds that could be used for assessing the models. Thus, a 

common practice is to split the collected and curated dataset into training, test and external 

sets, which is carried out by techniques like cluster analysis.
180

 The training set is used during 

the models training stage while the selection set is used to determine the generalization 

capability of the models and aid in the model selection step. The external set that is not used 

to train or select the optimal model is used to evaluate its generalization capability. A 

statistically designed training set must be diverse and cover the whole descriptor space of the 

complete dataset. The structural domain spanned in the test set must show similarity to the 

one in the training set so that the similarity principle is adopted when using test set for 

prediction. Opposite to the test set, the external set mimics the real scenario where the model 

is used in virtual screening of large databases, thus, this set is randomly selected and does not 

necessarily show high similarity with the training set. 
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To find a suitable hypothesis for a particular prediction problem is a difficult task and 

despite the benefits of QSAR techniques, they are not exempt from problems. The main 

sources of the problems of QSAR can be found in: 1) the way the dataset is collected and 

curated, 2) the selection of the predictive model among a large number of equivalent models, 

3) insufficient effective validation strategies with a consequent overestimation of the internal 

validation, 4) the variation of a QSAR model performance across randomly selected external 

sets and 5) the activity cliffs observed between structurally close compounds.
181-185,102

 

Attempting to beat these drawbacks, it has become a regular procedure to combine 

multiple weak classifiers (ensemble) attempting to form a stronger classifier. This 

combination of individual classifiers is typically done by using weighted or unweighted 

voting whenever two conditions are met: the individual classifiers have an error rate lower 

than 0.5 and they are diverse in information.
101

 Adaboost (short for adaptive boosting) is one 

of the most popular ensemble techniques. The advantage of this algorithm relies on that it is 

simple and it adapts to classify correctly misclassified data samples in the iterations. However, 

Adaboost is a sequential forward search algorithm using a greedy selection strategy and 

therefore the found ensemble and coefficients are not always optimal. The use of Adaboost in 

combination with other search methods such as genetic algorithms to explore several 

combinations of weak classifiers has been proposed to overcome this problem.
186

 

In this chapter, the centre of our attention will be to classify possible inhibitors of DNA 

Gyrase using a ligand-based QSAR approach (see Figure 4.1 for general overview). Since 

QSAR does not take into account the protein structure, it could help averting the 

abovementioned limitations of structure-based drug design techniques. In addition, QSAR is 

also a less computational demanding approach. For this aim we apply the Genetic-Algorithm-

(Meta)-Ensembles QSAR (GA(M)E-QSAR) approach recently introduced by Pérez-Castillo 

Y. et al.
187

 and the Genetic Algorithm-Least Squares-Support Vector Machine (GA-LS-SVM). 

The first approach uses an Adaboost learning algorithm to combine the output predictions 

of 1 molecular descriptor-based Linear Discriminant Analysis (LDA) models into ensembles 

inside a GA taking the advantages of the Adaboost-GA combination abovementioned and the 

simplicity of the LDA models. The fact that single feature classifiers are computed only once 

before running the GA enables a high computational efficiency.  

The second approach builds the models using Least Squares-Support Vector Machine 

learning method and the GA is used to select the molecular descriptors to be included in the 

models. Least squares support vector machine (LS-SVM) is a variant of Support Vector 

Machine (SVM). SVM has become powerful tool of chemometrics to discriminate linearly 

non-separable classes of patterns. For this case, the SVM model can be fitted with nonlinear 

functions to provide efficient classifiers. SMV finds the optimal hyperplane by solving a 
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constrained optimization criterion using quadratic programming (QP) with a high 

computational cost. LS-SVM tries to obtain an analytical solution directly from solving a set 

of linear equations instead of QP through replacing inequality constraints in formulation of the 

conventional SVM with equality constraints. In this way, LS-SVM computing time is lower 

than the one for classical SVM. In addition, LS-SVM formulation involves fewer tuning 

parameters.  

A comparison between the Genetic-Algorithm-(Meta)-Ensembles QSAR (GA(M)E-

QSAR) approach and the Genetic Algorithm-Least Squares-Support Vector Machine (GA-LS-

SVM) is described in terms of accuracy, simplicity, applicability domain of the obtained 

models and their ability to recover correctly active compounds from a top subset of ranked 

compounds in a virtual screening situation. 
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Figure 4.1 General overview of the binary classification with a QSAR ligand-based technique 
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4.2 Materials and Methods 

4.2.1 Dataset collection and curation. 

A no-congeneric dataset of 515 compounds was collected from different literature sources 

encompassing ATP derivatives, azoles, aminocoumarins, cyclothialidines, indazoles, 

benzimidazol urea derivatives, triazines, flavonones and others.
13, 108, 150-156, 188-209

 First, each 

molecule was drawn using the ChemDraw Ultra version 10 software package
157

 to generate 

their SMILES notations. These SMILES were used for the subsequent dataset curation 

following the workflow proposed by Tropsha et al.
182

 that points out the importance of 

removing mixtures, inorganics and organometallics and salts, the normalization of specific 

chemotypes, the treatment of tautomeric forms as well as the protonation state assignment and 

the removal of duplicates that are responsible for reducing the quality of the models. 

The protonation state of every molecule was calculated by using the calculator plugins for 

pKa included in MarvinSketch 5.4.1.1
161

 considering the physiological pH equal to 7.4. 

However, compounds with pKa values close to 7 were considered in neutral state (e.g. some 

4-hydroxy-coumarin-like compounds) based on the results of molecular dynamic simulations 

stability studies for complexes between GyrB and this kind of ligands described in Chapter 3. 

The normalization of the different chemotypes was done with Standardizer of JChem 5.9.0 

from ChemAxon
210

 using, when possible, the options: add explicit hydrogens, aromatize, 

clean 2D and 3D as well as all kind of transformations (i.e. normalizing the structural pattern 

of functional groups that could be represented by multiple mesomers e.g nitro, sulphoxide 

etc).
182

 The duplicates were removed from the data and a set of 509 molecules. The Clean3D 

option from Standardizer program was used to build up conformers of fragments from which 

the lowest energy conformer was generated. Dreiding type molecular mechanics was used to 

optimize the molecules conformation.
211

 

4.2.2 Molecular Descriptors Calculation and Activity Assignation. Clustering 

technique and splitting the data for training and validation. 

An extensive variety of molecular descriptors were calculated for every compound by using 

DRAGON v.6 software 
212

. The descriptors were classified according to their dimension in 0D 

(also called constitutionals) which describe the basic compound chemical composition of a 

compound with no information about its molecular geometry or atom connectivity, 1D which 

reflect molecular composition and atom connectivities, 2D that are topology related, 3D that 

consider the spatial geometry, molecular properties and charge descriptors. 
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Since the novobiocin has been the most studied compound as inhibitor of DNA GyrB, it was 

considered a reference for inhibitory activity. Given the different conditions of the 

laboratories and the protocols to experimentally assess the activity of novobiocin, the activity 

values collected from the different literature sources for this compound turned out to be very 

different covering several kind of measurements (IC50, MNEC Ki) and a range from 0.01 to 

3.26μM. Due to this inconsistency, a threshold value relative to the activity value of the 

novobiocin reported in every collected paper was considered to assign the observed activity 

classification dealing with any possible biological measurement error. Compounds with an 

inhibitory concentration higher than 10-fold the value reported for novobiocin were 

considered inactive. This cutoff can be considered high at first sight but when applying these 

models in a virtual screening it can allow finding molecules whose substituents can be further 

modified to increase their potency. 

Herein, the k-Means Cluster Analysis (k-MCA) was performed to obtain k clusters. Given 

the large amount of available molecular descriptors (1024 molecular descriptors from 

Dragon), a linear dimensionality reduction technique, Principal Component Analysis 

(PCA),
213-215 

was needed to compute the most significant factors, keeping as much as possible 

structural information that could be used then as input for the clustering technique. The 

eigenvalues were analyzed to explore the number of significant factors based on a 

combination of Kaiser criterion
216

 and Cattell’s scree test.
217

 The first criterion states that 

factors with eigenvalues greater than 1 should be retained while the second one suggests a 

cutoff where the smooth decrease of the eigenvalues appears to level off. 

The 10-fold cross-validation method was applied to an array of numbers of clusters where 

the resulting average distance of the observations (averaging the 10-folds) from their cluster 

centres was computed as implemented in STATISTICA 8. 
174

 The appropriate number of 

clusters was determined by visual inspection of the cost function plot (averaged distance of 

the10-fold data, given the estimated parameters) similar to the Cattell’s scree test explained 

for the selection of the significant eigenvalues. The k-clusters were used to split the dataset 

into three subsets: training (~50% of the total of compounds), selection (~25% of the total) 

and external subsets (~25% of the total) that were used to train and validate the models. These 

sets were created as balance as possible
181, 182

 taking into account the number of compounds in 

every set as well as the observed classification (active or inactive, sometimes called in the text 

positive and negative respectively). First, the training and selection sets were selected based 

on the distances of every compound to the centroid of the cluster where it belongs. For this 

aim, the samples in the i-th cluster were sorted based on their distance to the cluster centroid. 

Afterwards, we moved through the ordered list and manually selected the members of each 

set. The pairs of compounds close in the cluster but with different classification were assigned 

to the training set to challenge the modeling technique to correctly classify these samples. The 
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compounds for the test set were selected following the distance similarity with the compounds 

in the training set maintaining the ratio between the number of compounds on each data 

subset. The process of assigning samples to the training and test sets was preformed until 25% 

of the cluster members remained unselected. These remaining samples were added to the 

external data set. Stereoisomer compounds were kept only in the training set. 

4.2.3 QSAR models. Methodology 

Following the workflow of the GA(M)E-QSAR algorithm,
187

 Linear Discriminant Analysis 

(LDA) models containing only one molecular descriptor were first built by using the training 

set. A Linear Discriminant Analysis classifier is a linear function y = ax + b, that is calculated 

for each class where y is the predicted score, a is the coefficient of the molecular descriptor x 

and b is a constant. The class will be predicted then by the class function yielding the highest 

score. 

Those models with sensitivity (Correctly classified positives/Total positives) and 

specificity (Correctly classified negatives/Total negatives) on the training set lower than 0.5 

were deemed random classifiers and thereby removed. The Genetic Algorithm with an 

Adaboost-based fitness function is used to obtain a linear combination of the classification 

outputs from the non-random 1-feature LDA models (the result is called Adaboost ensembles) 

improving the accuracy of the individual classifications. 

Adaboost is a learning algorithm that operates with weights over the training examples 

creating different hypotheses. This algorithm was first proposed in 1997 by Freund and 

Schapire 
218

. The weighted error of a starting ensemble is calculated and over iterations this is 

minimized and used to update the weights of each training sample. By modifying the weights 

along the iterations, those misclassified samples will receive more weight while the correctly 

classified ones will get less weight. Once the weights of each classifier (in this work the single 

feature LDA models) are computed, the final classification of each sample (individual score) 

is calculated according to the linear combination of the product of these weights and each 

classifier output. A pre-computed classification threshold is used to assign the groups 

membership and the final calculated scores can be used to rank positively predicted 

compounds for synthesis and assay prioritization.
101, 187

 

Next, a filtering process was done to remove the LDA-Adaboost ensembles models with 

accuracy lower than the mean accuracy value on both the training and selection sets, only 

keeping the most accurate and generalizable models (those with high accuracy of the 

predictions for selection and external set). At this point, the possible combinations of the local 

minimum solutions provided by the GA were explored by applying Adaboost meta ensembles 

where the predictions from different Adaboost ensembles of one-descriptor LDA models were 
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combined. For this aim, a maximum of 50 Adaboost ensembles predictions from solutions 

provided by GA were combined either considering a clustering technique to choose diverse 

models or directly from the models without performing clustering to assess the influence of 

correlations between models in the meta-ensemble classification. When considering the 

Adaboost ensembles chosen after clustering, their further combinations (Adaboost meta-

ensembles) were created by using again the Adaboost algorithm with both weighted and 

unweighted voting. 

After carrying out all these steps, Adaboost ensembles of 1-descriptor LDA models and 

meta-ensembles, whether by considering diversity (when using clustering technique) or not, 

were obtained. These results were validated to select the optimal ones based on the accuracy 

of the classifications, generalization of the models and robustness. Robustness was assessed 

by two different methods: Leave-One-Out (LOO)
219

 and 1000 cycles of Bootstrap
220

 cross-

validation on the training set. In the LOO validation technique, one compound from the 

training set is excluded from the original data and after building a new model, the response for 

this deleted compound is predicted (in this case is classified) by the new model. In the 

bootstrapping technique the validation is performed by randomly choosing samples with 

replacement from a dataset (every sample is returned to the dataset after sampling). After 

excluding the sample that will be predicted, some objects (compounds) from the remaining 

training set are selected to be repeated so that the original size of the training set is conserved. 

The accuracy on predicting the training set was an estimator of the model fitting and the 

accuracy of the external set showed the generalization capabilities of the models. The Borda-

Kendall consensus ranking approach
221

 was used to select a model from the whole pool that 

combines good fitting, generalization capabilities and robustness (the lower the Borda-

Kendall consensus ranking the better). Finally, the top ranked model according to each 

modelling strategy was selected. 

On the other hand, Least Squares Support Vector Machines (LS-SVM) models were built 

with the LS-SVMlab Toolbox for MATLAB.
222

 Following the procedure described by Hsu et 

al.
223

 the molecular descriptors (also called “feature” in the text) were scaled to mean 0 and 

standard deviation 1. The Radial Basis Function (RBF) kernel was considered for LS-SVM 

models with the pertinent optimization of the regularization parameter (γ) which determines 

the trade-off between the training error minimization and smoothness as well as the kernel 

parameter (σ
2
) that in the common case of the Gaussian RBF kernel, is the squared bandwidth. 

For this aim, a combination of Coupled Simulated Annealing (CSA) and grid search is used as 

implemented in the LS-SVMlab Toolbox for MATLAB. The CSA algorithm was used to find 

good starting values of the kernel parameters and then the grid search strategy was performed 

for the fine tuning of them. The optimization procedure of the kernel parameters was guided 

by the misclassification rate of the 10-fold cross-validated training data. The LS-SMV models 
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were finally created inside a GA to select the most informative features (also called Genetic 

Algorithm-LS-SVM (GA-LS-SVM) wrappers) keeping fixed the optimal kernel parameters 

previously found. The genetic operators for the GA-LS-SVM wrappers were the same used 

for the GA(M)E-QSAR algorithm and the selection of the optimal model was also performed 

following the same consensus ranking approach. The LS-SVM models were trained using the 

MATLAB implementation of the LS-SVM package.
222, 224

 

Details about the algorithm pseudocode of the QSAR strategy has been reported 

elsewhere.
187

 The general QSAR workflow described in this section is shown in Figure 4.2. 

These steps were done for three starting molecular descriptor pools. Pool 1 (also called Group 

1=G1 in the text) had a mixture of molecular descriptors comprising different features 

regarding to the dimensions 0D, 1D, 2D as well as molecular properties and charge 

descriptors (total of 688 descriptors). Pool 2 (G2) involved only 2D descriptors (527) while 

pool 3 (G3) had 3D descriptors (342). It is important to note that all pairs of descriptors with a 

correlation greater than 0.9 within the groups were removed. 

Last but not least, the applicability domain of the models finally selected was determined 

to check for the reliability of the predictions from such models in the external set by using 

probability density distribution approach described by Jaworska et al.
225

 implemented in 

Ambit Discovery v0.04.
226
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Figure 4.2. Workflow of the QSAR algorithm. Regions with blue background are related to GA(M)E-

QSAR algorithm, the rest corresponds to the GA-LS-SVM wrapper 

 

Training, Selection 

and External data

Build 1 feature

LDA models 

GA

Adaboost 

Ensembles

Train Adaboost 

Meta-Ensembles

Calculate distance matrix 

for Single ensembles

Iterativelycluster 

models and build 
Meta-Ensembles

Validate, Rank and 

Select Models

Adaboost Meta-Ensembles 

(Without models clustering)

Returns Optimal:

• Adaboost Ensemble.

•LS-SVM models

• Adaboost Meta-Ensemble without models’s clustering.

• Adaboost Meta-Ensemble derived from models’s clustering.

• Weighted Voting Meta-Ensemble.

• Unweighted Voting Meta-Ensemble

Filtered LDA 

models

LS-SVM models

Filter models 

Accurate and 

generalizable

Single ensembles

Distance matrix

Adaboost, and Voting 

Meta-Ensembles

GA with Adaboost –based 

fitness function

Optimization of the γ

and σ2 RBF kernel 
parameters

Optimized 

parameters



Chapter 4 

 

75 

 

4.3 Results and discussion 

4.3.1 Clustering results 

According to Kaiser criterion
216

, more than 20 significant factors turned out to be 

significant (eigenvalues > 1) from doing Principal Component Analysis (PCA) (Table C1 

from Appendix C) but Cattell’s scree test (Figure 4.3) showed that the eigenvalues leveled off 

after the 5 first factors. Clustering experiments were performed with these first five factors to 

determine the optimal combination of them (excluding one factor at the time from F3 to F5) 

and the appropriate number of clusters to build on each case.  

The analysis of variance was performed on each dimension (i.e. Factor) to explore the 

combination containing the most significant factors that could lead to distint clusters on the 

basis of high Fisher ratio values as well as a lower variability within clusters than between 

clusters. The combination of F1, F2, F3 and F5 was chosen following the analysis of variance 

as well the fact that it led to a smaller number of statistical significant clusters (the results can 

be seen in Table C2 from Appendix C).  

The analysis of the cost function for this combination of factors that supports the decision 

of building 9 clusters is shown in Figure 4.4. In addition, the means of each factor, from this 

combination, per cluster created with K-means technique can be seen in Table C3 and Figure 

C1 from Appendix C.  

The final three subsets can be described as: 261 compounds (148 actives / 113 inactives) in 

the training, 128 (71 actives / 57 actives) compounds in the selection and 120 (67 actives / 53 

inactives) compounds in the external subsets. In the case of models not including 3D 

molecular descriptors, the 10-stereoisomer compounds were excluded from the training set. 

Interestingly, the coumermycin compound (ID 340) was assigned to the external set because it 

was too far from the centroid of its cluster and is the only compound in the dataset with a very 

high molar weight being a potential outlier. 
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Figure 4.3. Graphical Cattell’s scree test to explore significant factors. 

 

 

Figure 4.4 Assessing appropriate number of clusters. Plot of cluster cost versus the number of clusters.  

 

4.3.2 QSAR models performance analysis.  

Table 4.1 shows the statistical parameters that assessed the quality of the classification 

ensembles and meta-ensembles as well as the GA-LS-SVM wrapper for the different groups 

of descriptors (G1, G2 and G3). Each column in Table 4.1 stands for: Size of the Ensemble 
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(number of 1-feature LDA models to be combined in the ensemble) or Meta-Ensemble 

(number of ensembles combined in the meta-ensemble) (Size); Overall accuracy, Sensitivity 

and Specificity on the training (Train(%)), Selection (Sel.(%)) and external (Ext.(%)) 

subsets, represented as Accuracy (Sensitivity/Specificity); Leave-One-Out cross-validation 

accuracy (LOO(%)) and Bootstrap cross-validation accuracy (Boot(%)). Here the overall 

accuracy is the percentage of the total subset correctly classified. Sensitivity is the ratio 

between correctly classified active compounds and the total number of active compounds in 

the subset. Specificity is the ratio between correctly classified inactive compounds and the 

total number of inactive compounds in the subset. As described in the workflow represented 

in Figure 4.2 the final models retrieved from the GA(M)E-QSAR algorithm are the optimal 

Adaboost Ensemble (A.E), the clustering derived Adaboost Meta-Ensemble (ME-AB), the 

Weighted Votes Meta-Ensemble (ME-Vot-W) and the Unweighted Votes Meta-Ensemble 

(ME-Vot-UW) as well as the Adaboost Meta-Ensemble trained using the classic greedy 

search strategy without model clustering (ME-AB NC). The optimal model selection process 

used in the study is based only on the training and selection datasets while the final 

generalization capabilities of this optimal model is evaluated on the external test subset as 

proposed by Tropsha.
181

 The last column stands for the area under the receiver operating 

characteristic curve (AUROC)
227

 calculated for the external set in every model. The curve is 

obtained by plotting the true positive rate (Sensitivity) versus the false positive rate 

(equivalent to 1-Specificity). Scores equal to 100% point to perfect discrimination between 

classes, 0% represents a preference for all negative samples first and 50% stands for a random 

classifier. 
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Table 4.1. Accuracy, generalization and robustness of classification Adaboost ensembles and meta-

ensembles starting from 1-molecular descriptor LDA models and GA-LS-SVM wrapper. 

Model 

kind 

Size Unique 

vars 

Train(%) Sel.(%) LOO(%) Boot(%) Ext(%) AUROC(Ext) 

0D +1D +2D descriptors (G1) 

A.E 8 8 87 (88/86) 83 (86/79) 87 84 78 (82/74) 0.83 

ME-AB 7 64 88 (90/86) 82 (89/74) 88 86 78 (84/72) 0.85 

ME-VOT-

W 
9 76 89 (90/88) 83 (83/82) - - 84 (87/81) - 

ME-VOT-

UW 
25 131 89 (90/87) 81 (83/79) - - 85 (90/79) - 

ME-AB-

NC 
2 25 88 (89/88) 81 (82/81) 88 88 78 (87/68) 0.83 

GA-LS-

SVM 
20 20 99 (99/98) 84 (89/77) 92 89 89 (93/85) 0.92 

2D descriptors (G2) 

A.E 11 11 88 (88/88) 84 (89/79) 87 83 83 (87/77) 0.90 

ME-AB 5 48 88 (91/84) 80 (85/74) 88 86 84 (88/79) 0.90 

ME-VOT-

W 
8 64 90 (92/86) 83 (87/77) - - 87 (93/79) - 

ME-VOT-

UW 
11 81 89 (90/87) 83 (85/81) - - 87 (91/81) - 

ME-AB-

NC 
2 26 88 (92/84) 80 (86/74) 88 87 85 (90/79) 0.88 

GA-LS-

SVM 
11 11 91 (93/88) 83 (85/80) 88 83 85 (91/77) 0.92 

3D descriptors (G3) 

A.E 11 11 82 (82/81) 78 (77/79) 80 77 77 (79/74) 0.83 

ME-AB 14 75 83 (84/81) 74 (76/72) 83 81 78 (85/68) 0.81 

ME-VOT-

W 
2 17 80 (89/70) 76 (83/67) - - 74 (88/57) - 

ME-VOT-

UW 
5 38 82 (85/77) 76 (79/72) - - 77 (84/68) - 

ME-AB-

NC 
2 22 84 (84/83) 74 (76/72) 84 84 76 (81/70) 0.78 

GA-LS-

SVM 
14 14 83 (88/77) 78 (86/68) 82 79 83 (90/75) 0.89 

Legend: A.E = Single Adaboost Ensemble of 1 descriptor LDA models; ME-AB = Adaboost Meta 

Ensemble clustering derived; ME-VOT-W = Meta Ensemble with weighted voting; ME-VOT-UW = 

Meta Ensemble with unweighted voting, ME-AB-NC = Adaboost Meta Ensemble with no clustering 

considered; GA-LS-SVM Genetic Algorithm Least Squares Support Vector Machine. 

 



Chapter 4 

 

79 

 

According to the heuristic rule all the models had values of ρ parameter (ratio between 

training samples and adjustable parameters) higher than 4 which is required for low 

probability of chance correlation. On the other hand, the overfitting was controlled by 

minimizing the Akaike Index (AIC)
228

 which tries to keep a balance between the fitting of the 

model and the number of ensemble members as shown by the relation: 

 

 
N

NM

Tset

LDAlogAIC  
2  ;     with      ySpecificitySensitivit 1  

 

where NMLDA and NTset are the number of LDA models used to build the ensemble and the 

number of compounds in the training set respectively. 

Global classification accuracy higher than 79% was obtained for all the models and the 

difference in accuracy between the training and both selection and external datasets covered a 

range from 0 to 15%. In addition, all models were considered robust provided the good 

classification accuracy values (higher than 76%) retrieved from cross-validation Leave-One-

Out (LOO) and Bootstrap (Boot) techniques which were very close to the values obtained 

from the models built with the training set. 

Models derived from 3D molecular descriptors (G3) displayed the lowest classification 

performance. A possible reason to explain this trend is the fact that the 3D structures of the 

molecules were built by using the Standardizer program and this starting random 

conformation was not further refined either by means of semiempirical optimization methods 

or by molecular docking of the compounds dataset into the enzyme active site to explore a 

plausible ligand conformation. The decision to skip these preprocessing steps was based on 

the purpose of using these models on a fast and automated virtual screening of large 

compounds databases. 

When comparing the rest of the model groups with non-3D based features (G1 and G2) it 

was found that GA(M)E-QSAR algorithm derived models showed a similar performance in 

classification accuracy and robustness. However, both ensemble and meta-ensemble models 

using only 2D molecular descriptors displayed better generalization capabilities which were 

measured by taking into account the accuracy in the prediction of the external set (see G2 in 

Table 4.1) and higher values of AUROC suggesting a better discrimination between classes. 

Meta-ensembles approaches yielded comparable classification prediction accuracy of the 

training and selection test as the ones produced by Adaboost Ensembles. However, 

improvements were found on the results for the external set when using Meta-ensembles 

approaches, especially Meta-Adaboost strategies derived from model clustering by Weighted 
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and Unweighted Voting scheme, which were able to increase by 6% and 7% respectively the 

performance of the Adaboost Ensemble model in G1 as well as 4% in G2. Interestingly, Meta-

Adaboost models are also more robust as observed from the improvement of the LOO and 

Bootstrap accuracies suggesting their capability to adapt to the loss of information in the 

training (less training compounds to learn from) by adjusting the models weights so that the 

prediction capability is not affected. 

On the other hand, Adaboost Meta Ensembles derived from clustering process had similar 

performance to the one not involving previous clustering but at a cost of more complexity, 

since more models and thus variables are included in the first kind of models. This can be 

explained by the two following observations. First, Adaboost Meta-Ensembles obtained 

without clustering will select the most accurate model of the whole pool in the first Adaboost 

iteration, since it is the one with the lowest weighted error. It will need fewer models than 

when clustering is previously done, since in the second case the centroids of each cluster will 

be combined in the Adaboost Meta-Ensemble and the optimal Adaboost Ensemble in general 

is not the cluster centroid. Second, Adaboost algorithm is self-adapting and this characteristic 

enables the possibility to select models that are informatively diverse when building Adaboost 

Meta-Ensembles without clustering. 

An important issue when analyzing classifiers performance is the balance between 

Sensitivity and Specificity (inter-group classification performance) since the use of 

unbalanced models in virtual screening experiments would lead to a biased prediction toward 

one of the classes, thereby having many false positive/negative predictions. Considering 

global accuracy, good inter-group classification performance and generalization capability, it 

seems that meta-ensembles with weighted and unweighted voting scheme had the best 

performance in group 1 (G1) and group 2 (G2) respectively. 

The GA-LS-SVM model displayed comparable accuracy, robustness and generalization as 

the Adaboost algorithm based models from GA(M)E-QSAR algorithm strategy in group 2 

(G2) while it clearly outperformed the rest of the models in group 1 (G1) when involving 

constitutionals, 1D and 2D descriptors. An advantage that GA-LS-SVM models and Adaboost 

Ensembles based models have over the voting scheme is the scores the first models provide to 

assign the membership based on a threshold value for the classification. These scores can be 

then used for virtual screening to establish a rank that can help to determine the most 

promising molecules that can be considered for further synthesis and experimental evaluation. 

In this sense it is crucial to have models that can predict active molecules in the top of the 

rank during the virtual screening. The enrichment factor (EF) measures how quickly active 

compounds are identified compared to random chance which is defined as
229, 230
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Eq. 4.1 

   
 

  

 
  

 

 

where a is the number of active compounds in the subset sample of the top n compounds 

while A is the total number of active compounds in the database of N compounds. 

This parameter was calculated for the external dataset in the case of GA-LS-SVM models 

retrieved from using different descriptors (from G1 and G2) and compared with the ideal case 

when all the positive cases are recovered before the negative ones (see Figure 4.5). GA-LS-

SVM from G1 was able to recover only active compounds when about the top 7.5% (9 

compounds in the top sampled subset) of the ranked 120 compounds of the external set was 

considered. Contrary, GA-LS-SVM from G2 placed in the top rank an inactive compound as 

shown by the enrichment equal to zero in the beginning of the curve. However, the number of 

positive cases recovered by GA-LS-SVM from G2 increases and eventually surpasses the 

values of GA-LS-SVM G1 as the number of the sample considered increases to 28% of the 

data (34 compounds in the top subset). In the subsequent sample their performance was 

similar. This trend is also observed in the ROC curves of both models as shown in Figure 4.6. 

Interestingly, Adaboost ensemble model from G2 had the same perfect ranking at the top of 

the ranked compounds as GA-LS-SVM from G1 and reached the so far better performance of 

GA-LS-SVM from G2 between 7.5 and 28% of the data (9 and 33 compounds respectively). 
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Figure 4.5. Comparison of enrichment curves obtained for the external set by using GA-LS-SVM 

models from Group 1 (in green) and Group 2 (in red) as well as Adaboost ensemble (in blue) with the 

ideal curve (dashed line in black). 
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Figure 4.6. Receiver operating characteristic curve represented for the performance of GA-LS-SVM 

models from Group 1 (in red) and Group 2 (in blue) in the external set prediction. 

 

Following the Organisation for Economic Co-operation and Development (OECD) 

guidelines
231

 for considering a QSAR model for regulatory purposes, the applicability domain 

(AD) of the models was determined. The AD is the range in which new molecules can be 

predicted based on interpolation with the model information leading to less “uncertain” 

predictions. The probability density via non-parametric kernel estimation was used to define 

the AD of the models based on its appeals like the fact that reflects the actual distribution of 

the dataset without assuming certain distribution (i.e. normal distribution). Principal 

component rotation was included as a pre-treatment of the data. All the training compounds 

were inside the defined AD of every model under study. The number of compounds of the 

selection and external set out of the AD is shown in Table 4.2: 
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Table 4.2. Number of compounds out of the applicability domain derived from each classification 

approach in both selection and external sets. 

Set A.E ME-AB ME-VOT-W ME-VOT-UW ME-AB-NC GA-LS-SVM 

Selection (G1) 2 16 23 75 3 6 

External (G1) 2 15 24 83 5 2 

Selection (G2) 2 10 14 27 5 1 

External (G2) 2 10 21 28 8 2 

Selection (G3) 0 22 1 3 5 1 

External (G3) 2 15 2 6 7 2 

 

As derived from Table 4.2, Adaboost ensembles (A.E), Adaboost meta ensembles without 

previous clustering models (ME-AB-NC) and GA-LS-SVM are the models with more 

compounds from selection and external sets inside the AD suggesting that the less features are 

included in the model, the broader the AD of the model is. Considering AD as one more 

criterion for comparison between the models, Adaboost ensemble models from G1 and G2 as 

well as the GA-LS-SVM in the both groups (G1 and G2) could be chosen for further use in 

virtual screening (highlighted in Table 4.2) since they show broader ADs.  

The frequency of the molecules out of the AD of the models was analyzed revealing the 

recurrent ones. Interestingly these molecules were either very small with many heteroatoms 

from cluster 3 (clusters done to split the original complete data) like compounds 331, 333 and 

328 or very big like the spyro ketal 261 and as expected the coumermycin (compound 340). 

The fact that a compound is inside/outside the AD of the model is not a determining reason 

to accept/reject its prediction but an indication of the reduced/increased uncertainty of the 

prediction respectively. Despite being out of the AD, a compound can be correctly predicted 

by the model. For example, in Table 4.3 can be seen how the misclassified compounds are 

inside the models that predicted such a classification while have been correctly classified for 

models that do not included them in their ADs. However, when choosing a model for further 

use in virtual screening, it should also be taken into account that broad AD models are more 

suitable. 

Finally, it is worth noting that the Adaboost algorithm is simpler than classical wrapper 

methods like the GA-LS-SVM approach since only involves the computation of scalar 

products without any classifier training. Nevertheless, this simpler approach can be an 

attractive less computational demanding way to classify DNA gyrase inhibitors when applied 

to the virtual screening of large databases. 
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Table 4.3. Most frequent compounds out of the domains of the different models under study. 

ID 
Observed 

Class 

Predicted Class 

Cluster Structure A.E GA-LS-SVM 

G1
a

 G2
b 

G1
c 

G2
d 

Selection set 

331
c
 0 0 0 0 0 3 

 

333
a,b,c,d

 0 0 0 0 0 3 

 
External set 

261
c
 0 1 0 0 0 4 

 

328 
a,b,d

 0 0 0 0 0 3 

 

411
c
 0 0 1 0 0 1 

 
340

 a,b,d
 1 1 1 0 1 5 (bottom row)  

 

Note: 
a, b, c, d

 represent models A.E and GA-LS-SVM from G1 and G2 respectively and are placed next 

to the ID of the compounds in the first column to point out the models where the compound is outside 

of the Applicability Domain. Wrongly predicted classes have been highlighted in bold. 
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4.4 Conclusions 

A recently published algorithm (GA(M)E-QSAR), based on the combination of Genetic 

Algorithms, Adaboost Ensembles and Adaboost and Voting Meta-Ensembles to be used for 

ligand-based drug design was used in the classification prediction of ATPase DNA Gyrase 

inhibitors. In addition, a more classical support vector machine approach, Least Squares – 

Support Vector Machine involving GA for the selection of the features (GA-LS-SVM) was 

explored for comparison. The performance of the different techniques as well as the influence 

of different kind of molecular descriptors was analyzed. The lowest classification 

performance was observed for those models retrieved from using 3D molecular descriptors 

mainly given by the lack of refinement of the conformation of the molecules in the database. 

The models involving non-3D features reached global classification accuracy higher that 86% 

while showing generalizable capabilities based on the classification accuracy of the external 

sets (higher than 77%). 

The Adaboost-based models showed comparable classification accuracy in the training set 

while the use of Meta-Ensembles tended to improve the generalization and robustness of the 

optimal Adaboost Ensembles as well as the balance between sensitivity and specificity which 

is very important on avoiding biased results in virtual screening. The main drawback of the 

Adaboost meta-ensembles was the narrower coverage of the chemical search space defined by 

the applicability domain of this kind of models. 

Despite that, the support vector machine approach outperformed Adaboost-based models, 

the Adaboost-based fitness function used to train the modified GA is still appealing due to its 

computational simplicity and its potential effectiveness in retrieving the compounds with the 

highest potency in the top of the rank when applying the models to virtual screening. 

This study showed the plethora of QSAR models that can be used with high expectations 

of good results in the classification of Gyrase B inhibitors overcoming in this way the low 

correlations found between enzymatic data and scoring from applying molecular docking as 

well as the computational demanding molecular dynamics calculations. 
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Chapter 5. Combining Molecular Docking and QSAR Studies for 

Modelling the Antigyrase Activity of Cyclothialidine Derivatives. 

 

This chapter is based on the following paper: 

 

Liane Saíz-Urra, Miguel Angel Cabrera, Aliuska Morales Helguera and Matheus Froeyen. 

Combining Molecular Docking and QSAR Studies for Modelling the Antigyrase Activity of 

Cyclothialidine Derivatives. European Journal of Medicinal Chemistry 46 (2011) 2736-2747. 

 

Liane Saiz-Urra was responsible for all the sections under the supervision of the co-

authors. 

 

5.1 Introduction 

The studies presented so far have brought us out to the idea that:  

 

1. The structure-based drug design technique of molecular modelling has proven to 

be more efficient predicting the binding mode of different DNA GyrB-inhibitor 

complexes than scoring the compounds in agreement with their inhibitory 

activity. 

2. The ligand-based design technique QSAR has shown a higher accuracy 

classifying compounds in active/inactive against this target. 

 

Given the abovementioned strengths of every technique under consideration we 

decided to focus in the combination of both techniques aiming at the guided design of 

new possible inhibitors. 

For the study, a dataset of cyclothialidine derivatives was chosen mainly for two 

reasons: the number of compounds available in the literature all measured following the 

same protocol and the fact that cyclothialidine (Ro 09-1437) and GR122222X have been 

considered promising GyrB inhibitors whose modifications might lead to more potent 

compounds against the enzyme.
151, 152, 200, 232
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The main difference between these inhibitors is that the N-terminal amino acid in 

GR122222X is alanine, while for cyclothialidine this is a serine. The natural antibiotic 

Ro 09-1437 was isolated from Streptomyces microorganisms
16

 (Figure 5.1). Experiments 

show that these two cyclothialidine compounds are more active than novobiocin, 

displaying about a twofold higher antigyrase activity.
196, 233

 However, these compounds 

present a weak antibacterial activity because of the poor penetration into most bacterial 

cells.
151

 Hence, more research is needed to get insight into the structure-activity 

relationships of this kind of GyrB inhibitors. 

 

Figure 5.1 Structure of cyclothialidines Ro 09-1437 and GR122222X. 

 

5.2 Materials and Methods 

5.2.1 Dataset 

A set of 42 cyclothialidine derivatives with a chemical structure as shown in Figure 5.2 

was used to model the inhibition of the DNA GyrB subunit.
151, 152

 

 

Figure 5.2 General structure of the compounds collected in the dataset. 

 

The activities of these compounds have been reported elsewhere.
151, 152

 The 

compounds were assessed by an in vitro supercoiling assay where the introduction of 

superhelical turns into a relaxed plasmid, is determined by gel electrophoresis and 
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expressed as the maximum noneffective concentration (MNEC) in µg/mL (see Table D1 

from Appendix D for structural details of the ligands). 

5.2.2 Ligands and Enzyme Preparation. Docking assay.  

The 42 molecules were drawn in the ChemDraw Ultra version 10 software package 
157

 and 

their SMILES notations were created. The 3D structure of the compounds and atomic partial 

charges were generated with programs from OpenEye Scientific Software Inc, makefraglib 

program, OMEGA version 2.3.2
158, 159

 and Molcharge software included in QUACPAC 

version 1.3.1
160

 as described in Chapter 3. 

Considering the results discussed in Chapter 3 when analyzing the cyclothialidine 

analogues subset, the binding mode prediction of the 42 ligands under study was done by 

molecular docking with the Autodock4.2 program given the conformational sampling 

performance of the Lamarckian genetic algorithm. The conditions to run the algorithm were 

the same as described in Chapter 3 as well as the receptor structure differing only in the 

Asn46 side chain rotamer, which was the same as described in the DNA Gyrase B-

GR122222X crystallographic structure (carbonyl pointing to the ligand). 

The best poses were visually inspected following the ideas related to the IBAC criterion 

and the final energy score was assessed by means of the Chemgauss3 scoring function for 

every ligand since this scoring function was found to be the best one correlating with the 

enzymatic data in Chapter 3 (see details in Chapter 3: 3.2.3 Docking experiments. Scoring 

functions) 

5.2.3 QSAR strategy 

Molecular descriptors were calculated using the DRAGON software version 5.4.
234

 Three 

groups of molecular descriptors were created according to their dimension for further 

development of the predictive models excluding in every group those descriptors that 

correlated in more than 0.9. The first group encompassed 0D, 1D and molecular properties 

descriptors. The second group included 2D descriptors and the last one had only 3D 

descriptors. The calculation of the 3D descriptors was done based on the output conformations 

of the docking procedure. 

Multiple Regression Analysis (MRA) was the technique applied to build the models 

and the variables were selected using a genetic algorithm as implemented in the 

MobyDigs software version 1.0. 
235

 The maximum number of independent variables was 

regulated to keep the ρ statistics, which is the proportion between the number of 

compounds (N) in the training set and the number of adjustable parameters (p’) in the 

equation, higher than 4 since this is required to avoid overfitting in the lineal models .
236
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The goodness of fit for each predictive model was assessed by examining the 

determination coefficient (R
2
), the standard deviation (s) and Fisher’s statistics (F). The 

equations describing these parameters are shown next where  ,    and     are the observed, 

estimated and average response respectively. 

 

Eq 5.1 

     
         

  
   

          
   

 

 

Eq. 5.2 

   
          

 
   

 
 

 

Eq. 5.3 

  

           
   

   
 

          
 
   

   
 

 

In Eq. 5.3 dfM and dfE refer to the degrees of freedom of the model and error 

respectively. The F calculated value is compared with the critical value F crit for the 

corresponding degrees of freedom. The higher the F-ratio test values the more reliable 

the models. 

Models with high predictor co-linearity were rejected to avoid chance correlation. For 

this aim, the QUIK rule
237

 implemented in MobyDigs was used. The rule is based on the 

K multivariate correlation index
238

 where the correlation between the predictors (Kxx) 

and also including the response variable (Kxy where the Y response as an added X 

variable for further calculation of the correlation matrix) are calculated and compared. If 

the Kxy > Kxx then the models are accepted and rejected otherwise. Internal cross-

validation (CV) techniques like leave-one-out (Q
2

LOO)
239, 240

 and bootstrapping 

(Q
2

Boot)
241

 were used to estimate the stability and predictive ability of the models. The 

Akaike Information Criterion (AIC)
242

 and the FIT Kubinyi function
243

 were used (as 

implemented in MobyDigs) also as model selection criteria for choosing between models 
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with different parameters since they describe a tradeoff between bias and variance as 

follows: 

 

Eq. 5.4 

             
 

 

   

 
    

       
 

 

Eq. 5.5 

    
  

    
 
      

      
 

 

where R
2 

is the coefficient of determination, N is the number of compounds in the 

training set and p’ is the number of model parameters. Those models with high values of 

FIT and low values of AIC are more likely chosen. 

An analysis of the applicability domain of the model was carried out to explore the 

presence of potential outliers and compounds that influence model parameters resulting 

in an unstable model. Assuming normal distribution, the leverage of a compound is 

defined in regression as: 

Eq. 5.6 

     
                                         

 

where xi  is the descriptor vector of the compound under analysis and X is the model 

matrix. The warning leverage threshold h* is defined as follows: 

Eq. 5.7 

     
  

 
                       

 

Leverage values are calculated for either training compounds to identify those ones that 

influence model parameters or new compounds to check the applicability domain of the 

model. A major problem is the presence of outliers, which are atypical data points that do not 

follow the distribution of the rest of the data with respect to the response variable ( ) and have 

a profound influence on the regression line slope and thereby on the value of the correlation 
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coefficient. Compounds whose absolute standard residual value (observed (  , minus 

predicted (  ) divided by the square root of the residual mean square) lies outside the bounds 

defined by twice the standard deviation value can be deemed to be an outlier. Thus, 

compounds in the training set with high leverage values but small residuals are called “good 

high leverage points” since they make the model more stable and precise.
225

 However, only 

compounds (in the prediction set) belonging to the applicability domain should be proposed 

when using models in virtual screening. 

Finally, the applicability domain of the model was defined from plotting the standard 

residuals (Y-axis) vs. the leverage (X-axis) for every compound in the data as the area within 

the ±2 band for residuals and a leverage threshold (h
*
)
244

. 

5.3 Results and discussion 

5.3.1 FRED docking results. 

All the docked compounds were posed close to the reference ligand reproducing key 

interactions like the hydrogen bond pattern network involving Asp73, the conserved water 

molecule and also the hydroxyl group attached to the aromatic ring (R3 see Figure 5.2) of the 

cyclothialidine derivatives ligands. Those compounds with O-methyl (R2 in Figure 5.2) in the 

aromatic ring showed interactions with hydrophobic residues like Val43, Val120 and Val167 

while a methyl substituent (R1 in Figure 5.2) interacts with Val120, Met95 and Asn46 in 

agreement with the interactions between the DNA GyrB and cyclothialidine in the x-ray 

structure described by Lewis et al.
149

 The 12-membered lactone ring of the cyclothialidine 

analogues was located in the pocket establishing van der Waals interactions with Thr165, 

Glu50, Arg76, Gly77, Ile78, Pro79, Ile94.
149

 

Despite the fact that correlation between the energy score values and the enzymatic data 

was only about 0.55 the Chemgauss3 function was able to recognize very active compounds 

in the first positions of the ranking. For example, the compounds 42 and 41 with a value of 

MNEC = 0.01µg/mL and 0.02µg/mL respectively are predicted with a binding energy of -

88.76 and –87.07kcal/mol (see Table D2 from Appendix D for scores). Both compounds have 

the substituent 3-Methyl-1,2,4-oxadiazol-5-yl (3-Me-ODA) attached to C4 that interacts by 

hydrogen bonding with Arg136 and also with Pro79. The most important interaction in these 

molecules is the cation-π interaction between the aromatic 1,2,4-oxadiazol ring and the 

positively charged residue Arg76, which is considered having a similar magnitude as 

hydrogen bond interactions or salt bridges.
245

 The only difference between these two 

compounds is the hydroxymethyl at C8(S-configuration) in compound 42 that is involved in a 

hydrogen bond with the side chain of Asn46 and van der Waals interactions with Val118. On 

the other hand, the enhanced van der Waals interactions of S attached to C6 (instead of O) 
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with residues Ile94, Ile74 and Pro79 are reflected in the values of the Chemgauss3 scoring 

function, when comparing compounds 40 (score=-83.72kcal/mol and MNEC=0.05µg/mL) 

and 36 (score=-80.54, MNEC=0.5µg/mL). 

The Chemgauss3 scoring function was able to recognize the effect of changing the 

configuration of the chiral carbons C4 and C7 on the activity (compounds 14, 20, 21 and 22), 

identifying the most favourable effect to the combination C4 with R and C7 with an S 

configuration. It also identified the different effect of stereoisomer compounds 31 and 32 with 

a 3-hydroxypropionylamino substituent at C7 in (L) and (D) configuration respectively. 

However, the function failed on identifying the more favourable effect of the L-serine 

substituent at R5 of molecule 33 on the enzyme inhibition in comparison with the D-serine 

stereoisomer 34. The binding mode proposed for both compounds differs only in the region 

where the substituent at C7 (NH- L -Ser-Boc) is located. In compound 33 the serine moiety of 

the substituent is more buried in the cavity, interacting with residues Glu49 and Asn46 while 

in compound 34 it is more solvent accessible and interacts with the loop 2 residues Ser108 

and Phe104. Chemgauss3 recognizes better van der Waals interactions for compound 33. 

However, it assigns lower desolvation energy as well as lower donor and acceptor hydrogen 

bond interaction energy to compound 34 with the resulting better score value for compound 

34 (see Figure 5.3 for binding mode prediction and Figure D1 in Appendix D for the 

representation of the protein surface around the ligands). 

 

 

Figure 5.3 Binding mode proposed for compounds 33 (carbon atoms in green) and 34 (carbon atoms 

in magenta. The interacting residues are shown in stick and specific residues involved in interactions 

with only one of the ligands has been represented also in the same colour (i.e. Asn46 interacts only 

with the substituent at C7 of compound 33 (green) and Phe104 interacts with 34 (magenta)).  
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Despite the low correlation of the docking scores values and the activity, the core position 

of the crystallographic reference and the most important interactions were reproduced. This 

justified the use of the docked conformers in building QSAR models with 3D descriptors (see 

Figure 5.4 for a graphical superimposition of docked conformers and reference structure). 

 

 

Figure 5.4 Superposition of the reference GRX122222X structure (stick representation with magenta 

carbons) with the 42 docked compounds of the dataset (wire representation with green carbons) in the 

ATP binding site. The picture was made using the Chimera software 
145

 and shown in wall eye stereo 

format. 

 

5.3.2 Building and assessment of the QSAR models. 

Three groups of models were carried out considering the nature of the molecular 

descriptors involved. Since constitutional, 1D and 2D descriptors do not consider the 3D 

features like for example chirality, the stereoisomers compounds were excluded from the first 

and second models leaving 36 compounds in the training data (see Table D1 and D2 in 

Appendix D for structural details and criteria followed for removing the compounds). This 

preprocessing step helped avoiding possible noise in the fitness of the model  

The maximum amount of independent variables to be included in the models for group 1, 2 

and 3 were 8, 8 and 9 respectively to keep the number of adjustable parameters (p’) in the 

equations higher than 4 to avoid overfitting.
236

 Then those models with high values of 

correlation between the variables and the response (R
2
, Kxy), robustness of the models 
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(Q
2

LOO, Q
2

Boot), significance of the model (p) and low standard deviation (s) were selected for 

further analysis (see Table 5.1). 

From Table 5.1, it can be seen that despite the fact that R
2
 and both validation parameters 

Q
2

LOO and Q
2

Boot improved their values when increasing the number of variables in the 

models, there is a steep rise in these values when considering 6, 6 and 8 variables in the three 

groups of models respectively. A further variable did not enhance the statistical quality of the 

models based on the increase of the AIC index and the decrease of the FIT parameter. 

 

Table 5.1 Statistical parameters obtained by MLR for the best models considering different number of 

independent variables. The best model has been highlighted inside the table. (All the statistical 

parameters have been defined in the 5.2.3 QSAR strategy section) 

 

Parameters 

Descriptors dimension 

First group: 0D + 1D 

+ molecular 

properties 

Second group: 2D Third group: 3D 

# of 

variables  5 6 7 5 6 7 7 8 9 

R
2
 0.70 0.77 0.79 0.73 0.77 0.78 0.87 0.90 0.91 

N 36 36 36 36 36 36 42 42 42 

Q
2

LOO 0.59 0.59 0.63 0.63 0.69 0.69 0.80 0.83 0.85 

Q
2

Boot 0.57 0.57 0.58 0.59 0.64 0.63 0.77 0.80 0.81 

AIC 0.25 0.21 0.21 0.23 0.21 0.22 0.14 0.10 0.11 

FIT 1.18 1.31 1.23 1.29 1.34 1.15 2.38 2.76 2.47 

Kxx 0.33 0.31 0.31 0.38 0.40 0.41 0.33 0.32 0.32 

Kxy 0.38 0.36 0.35 0.39 0.42 0.44 0.37 0.35 0.35 

F 14.16 15.80 15.04 15.82 16.11 13.97 31.18 36.97 34.17 

s 0.42 0.38 0.36 0.40 0.38 0.38 0.30 0.27 0.26 
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The regression equations accounting for the models where the coefficients have been 

standardized are shown below (Equations 5.8 to 5.10). Every descriptor is explained in Table 

5.2. No violations of the basic MLR assumptions were found that could compromise the 

reliability of the resulting predictions (see Table D3 for details). 

 

Model I: 

 Eq. 5.8
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Model II: 

Eq. 5.9 
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Model III: 

Eq. 5.10 
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Table 5.2 Symbol and meaning of all the molecular descriptor variables involved in the predictive 

models 

Symbol Meaning (dimension of the descriptor-DRAGON family) 

Model I 

nBM Number of multiple bonds (Constitutional descriptors) 

AMW Average molecular weight (Constitutional descriptors) 

nArOR Number of ethers (aromatic) (1D-Functional group counts) 

nRCOOH Number of carboxylic acids (aliphatic) (1D-Functional group counts) 

H053 

H attached to C0(sp3) with 2X attached to next C (1D-atom-centred 

fragments) 

nCIC number of rings (Constitutional descriptors) 

Model II 

T(O..S) Sum of topological distances between O..S (2D-Topological descriptors) 

X0Av Average valence connectivity index chi-0 (2D-Connectivity indices) 

X2Av Average valence connectivity index chi-2 (2D-Connectivity indices) 

IC1 

Information content index (neighbourhood symmetry of 1-order) (2D-

Information indices) 

MATS2m 

Moran autocorrelation - lag 2 / weighted by atomic masses (2D-2D 

autocorrelations) 

MATS5p 

Moran autocorrelation - lag 5 / weighted by atomic polarizabilities (2D-

2D autocorrelations) 

Model III 

Mor16u 3D-MoRSE - signal 16 / unweighted (3D-3D-MoRSE) 

Mor10m 3D-MoRSE - signal 10 / weighted by atomic masses (3D-3D-MoRSE) 

Mor27m 3D-MoRSE - signal 27 / weighted by atomic masses (3D-3D-MoRSE) 

Mor08v 

3D-MoRSE - signal 08 / weighted by atomic van der Waals volumes 

(3D-3D-MoRSE) 

G2u 

2st component symmetry directional WHIM index / unweighted (3D- 

WHIM descriptors) 

Gu G total symmetry index / unweighted (3D- WHIM descriptors) 

Du D total accessibility index / unweighted (3D- WHIM descriptors) 

R4e 

R autocorrelation of lag 4 / weighted by atomic Sanderson 

electronegativities (3D-GETAWAY descriptors) 
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A further step in the analysis of the models was to establish the applicability domain of the 

model (AD). According to the graph (Figure 5.5), compounds 13 and 31 are out of the domain 

of model I (hcompound13=0.614 > h*=0.583 < hcompound31=0.614). With standardized residual 

values higher than 2 standard deviation units, compound 25 in model II (σ = -3.254) as well as 

compound 2 (σ = -2.471) in model III are considered outliers. The structure of these 

compounds can be seen in Figure 5.6. 

 

 

Figure 5.5 The applicability domain of the three models under study. The colours and symbols are 

explained in the legend. The limit of the domain related to the threshold leverage of every model has 

been set according to the legend, keeping the same colours as the models. The first vertical line 

(threshold value of leverage) corresponds to model I and II while the second one to model III. For 

models I and II the threshold value is the same. 
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Figure 5.6 Compounds out of the applicability domain of the model or considered as outliers. 

 

The analysis of the variables included in model I and the structural diversity of the data 

shows that variable H053 makes the difference in the case of compounds 13 and 31 leading to 

their high leverage. For these compounds, the variable has a value of 2 while for the rest of 

the data it is 0. The fragments whose structure corresponds to this value have been highlighted 

in red in Figure 5.6 (OH-CH-CH2-CH2-N) and using a rectangle for the H connected to C0 

(see Table 5.2). However, compounds 13 and 31 fit well in model I and they were not 

excluded.  

Compound 25 is predicted by model II with a value of –log(MNEC) of 0.22 yielding a 

standard deviation of -3.25 units (observed response is -1). The structural features of 

compound 25 are very similar to the ones of other compounds from the data such as 26, 19 

and 14 and model II predicts compound 25 with a similar value of activity as the rest of the 

compounds in accordance with the congenericity principle, which states: “similar compounds 

display similar responses”. However, compound 25 is one of the less active ones (MNEC = 

10µg/mL) in the training set. This could be explained by the high desolvation energy of the 

carboxylic acid group, which is not captured by the descriptors in model II. Table 5.3 shows 

the predictions of the activity for these compounds based on model II as well as the ability of 

model II to predict different values of activity for structural isomers like compound 25 and 14. 

The same principle can be seen when analyzing the outlier behaviour of compound 2 in model 

III whose observed activity value is MNEC= 2.5µg/mL (-log(MNEC)=-0.40). However, its 

structural features are comparable to the ones of compound 38 (observed MNEC = 0.4µg/mL, 

-log(MNEC)=0.40), so are the predictions (see Table 5.3). The final models after removing 

the outliers and standardizing the coefficients are shown in Table 5.4 with their statistical 

parameters. 
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Table 5.3. Comparison between outliers from models II and III and structurally similar compounds based on the descriptor values.  

A) From model II (compound 25) 

ID 

 

T(O..S) X0Av X2Av IC1 MATS2m MATS5p 
Predicted 

-log(MNEC)
a 

R2 R4 

25 OMe COOH 49 0.601 0.19 3.709 -0.042 0.175 0.22 

26 OMe CONH2 45 0.605 0.191 3.703 -0.047 0.181 0.48 

19 OMe COOMe 49 0.612 0.19 3.579 -0.04 0.203 0.41 

14 OH COOMe 49 0.601 0.19 3.709 -0.042 0.211 0.40 

 

B) From model III (compound 2) 

ID Structure Mor16u Mor10m Mor27m Mor08v G2u Gu Du R4e 
Predicted 

-log(MNEC)
a 

2 

 

0.036 0.557 0.049 -0.488 0.151 0.178 0.459 1.841 0.26 

38 

 

0.301 0.415 -0.026 -0.579 0.169 0.163 0.417 1.906 0.27 

a  
Predicted -log(MNEC) has been calculated before removing the outlier compounds from the data. 
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Table 5.4 Regression coefficients and statistical parameters for the MLR final models II and III after 

removing outliers.  

Model II  

)050.0(629.05)086.0(521.02)081.0(320.0

1)063.0(366.02)086.0(716.00)093.0(768.0)..()064.0(271.0log





pMATSmMATS

ICAvXAvXSOTMNEC

 

R
2
 N Q

2
LOO AIC FIT Kxx Kxy F s 

0.84 35 0.76 0.13 1.99 0.40 0.42 23.66 0.30 

Model III 

)037.0(468.04)065.0(731.0)042.0(310.0)052.0(234.02)050.0(309.0

08)056.0(700.027)047.0(223.010)050.0(208.016)052.0(248.0log





eRDuGuuG

vMormMormMoruMorMNEC

 

R
2
 N Q

2
LOO AIC FIT Kxx Kxy F s 

0.92 41 0.86 0.09 3.51 0.32 0.36 46.70 0.24 

 

5.3.3 Interpretation of the QSAR models. 

When establishing quantitative models relating the structures of a set of molecules with a 

determined biological response by using molecular descriptors, two important issues have to 

be taken into account: the predictive ability of the model and its possible interpretation based 

on the chemical information of the molecules. Unfortunately, these two aims cannot be 

accomplished always when a model is created. Simple modelling techniques such as multiple 

linear regressions, ordinary least squares, linear discriminant analysis, etc, are easier to 

interpret than other techniques like neural networks and support vector machine which in 

return, have been pointed out to be in occasions more accurate. On the other hand, similar 

scenery can be found when analyzing the role of the molecular descriptors, since they can 

provide insight into the interpretation of the molecular properties and/or can have a very high 

predictive power for some interesting property of the molecules. In this study three models 

were built considering the predictive power of the descriptors and their ability to encode 

structural chemical information. Models I and II are less accurate than model III; however, 

these descriptors are more helpful when extracting information from the SAR. 

According to model I, increasing the number of multiple bonds (nBM), the average 

molecular weight (AMW), the number of aromatic ethers (nArOR) and the hydrogen atoms 

attached to a carbon atom with formal oxidation number equal to zero having 2 hetero atoms 

attached to the next carbon, has favourable contribution to the antigyrase activity. Conversely, 
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adding rings and aliphatic carboxylic acids to the molecules could decrease the activity of the 

compounds. 

Derived from an interpretation of model II, it can be stated that an increment in the sum of 

topological distances between oxygen and sulfur (T(O..S)) enhances the activity of the 

compounds. This can be accomplished by adding substituents that include S and O atoms and 

in cyclothialidines where the O in position C6 has been substituted by S. 

IC1 is a measure of structural complexity per vertex in the multigraph of the molecules and 

is related to their equivalent atoms. Two atoms (vertices of the multigraph) are topologically 

equivalent when the corresponding neighbourhoods of the rth order (in this case 1) are the 

same. The equivalence classes are then formed by equivalent atoms.
86

 According to model II, 

it is favourable to increase the value of IC1 to improve the activity of the molecule. For 

comparison of molecules with similar total number of atoms it can be stated that the more 

equivalent classes the molecule presents, the higher the value of this descriptor. This can be 

seen already when analyzing a simplified structure of the compounds in the dataset, where the 

best substituents of the aromatic moiety are kept (R1=Me, R2=OMe and R3=OH) and the 12-

membered ring shows only the minimal requirement for displaying biological activity.
151

 

Replacing O by S at C6 leads to one more equivalence class in the multigraph, increasing the 

value of the descriptor (Figure 5.7 A). This is observed in all the cyclothialidines analogues 

having S at position C6. 

In addition, if the number of equivalent classes is the same when comparing two 

molecules, the one with a higher number of total atoms will display a lower value for this 

descriptor. When substituents are added to the simplified molecule in Figure 5.7 A (O at C6) 

so that new equivalence classes are not generated but existing ones are repeated, the number 

of total atoms in the molecule increases and the value of IC1 decreases. Figure 5.7 B shows 

the effect of different substituents on the IC1 descriptor. For example, molecule 42 has 53 

atoms and almost all the atoms in the substituents generate new classes (5 new classes) 

showing the highest value of IC1 in the comparison. Molecule 13 has 79 atoms. This molecule 

shows a decrease in its IC1 value since in the substituents added to the core there are repeating 

substructures like –NH-CO-C and only 3 new equivalence classes are generated. Finally, 

molecule 25 displays the lowest value of IC1 because it has a substituent with the same 

substructures as present in the core while the total number of atoms is increased, decreasing 

the IC1 value. 
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Figure 5.7 A) Influence of the S atom at C6 on the IC1 descriptor. The class generated by substituting 

O at C6 by S has been highlighted in blue. B) The effects of adding substituents to the 12-membered 

ring. Atoms of the same equivalence classes have the same colours in the picture. Atoms belonging to 

new equivalence classes are highlighted with an asterisk. 

 

X0Av and X2Av are connectivity indices which account for the multiplicity of the bond 

and also for the presence of hetero atoms in the molecule, given that they make use of the 

valence vertex degree.
86
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In equations 5.11 and 5.12, δ
v
x is the valence vertex degree of x atom, k runs all over the 

2th order subgraphs and B is the number of edges in the molecular graph. There is an inverse 

relation between the values of the connectivity descriptors and the valence vertex degree. The 

valence-vertex-degree formula changes according to the principal quantum level as is stated 

next (Equations 5.13 and 5.14): 
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                      for higher levels            Eq. 5.14 

 

where Zi
v
 is the number of valence electrons (σ electrons, π electrons and lone pair 

electrons n) of the ith atom, hi is the number of hydrogen atoms bonded to it and Zi is the total 

number of electrons of the ith atom, i.e. its atomic number. It can be expected that the value of 

the descriptor increases in presence of S atoms more than for O and also for N better than for 

O. On the other hand, the increase in the multiplicity of the bonds in the molecules and in the 

molecular branching lead to a higher value of valence vertex degree of the atoms involved. As 

a result, the values of the connectivity descriptors decrease. 

X0Av is related to the characteristics of every atom. However, X2Av accounts for the 

topology of the subgraphs constituted by 3 atoms connected. X0Av and X2Av have contrary 

effects in model II. Increasing the value of X0Av and decreasing X2Av has a favourable 

influence on the antigyrase activity. The value of X2Av can be decreased by adding 

substituents to the bicyclic core connecting heteroatoms in the subgraph of 3 atoms or 

increasing the multiplicity of the bonds in these subgroups. 

Variables MATS2m and MATS5p belong to the Moran autocorrelation descriptors 

calculated from the molecular graph and yield values in the interval [-1, +1].
246

 A positive 

autocorrelation corresponds to positive values of the descriptor whereas a negative 

autocorrelation produces negative values. From this definition and the model II equation one 

can conclude that for good values of activity the compounds should have atoms at a 

topological distance of 2 with different masses as a tendency. This means that one atom i 

should have an atomic mass higher than the average atomic mass of the molecule and the 

other atom j should display the opposite. In addition, atoms at a topological distance 5 should 

correlate in polarizability weights. 

3D descriptors involved in model III are more abstract and therefore, more difficult to 

interpret in comparison to the previous ones explained above. Nevertheless, an analysis of 

these variables was carried out as well. R4e forms part of the GETAWAY descriptors 

available in the DRAGON software. It is a kind of spatial autocorrelation descriptor which 

considers the leverage of the atoms and their interatomic distance in the molecule from each 

other and also their autocorrelation weighted with different physicochemical properties at a 

certain topological distance.
247

 For R4e the topological distance is 4 and the weight has been 

made by atomic Sanderson electronegativities as stated above (Table 5.2). The largest values 

of this descriptor can be expected when high electronegative atoms are far from the centre of 

the molecule at a topological distance of 4 and at the same time next to each other in the 

molecular space having a detrimental effect on the activity of the molecule. 
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Symmetry of the molecule is encompassed in variables G2u and Gu. G2u is a directional 

WHIM symmetry descriptor which encodes the symmetry along the second component while 

Gu accounts for the total molecular symmetry that tends to 1 as the molecule shows a central 

symmetry along each axis and to 0 when there is a decrease in the symmetry along at least one 

axis.
86

 These variables are related since Gu is a total index which implies G2u. However, their 

effects on the antigyrase activity are opposite. To improve the biological response, lower 

values in the symmetry along the second component and an increase of the symmetry in the 

rest of the components are needed. On the other hand, Du accounts for the total density of the 

atoms in the molecule. The greater this value, the greater is the projected unfilled space which 

has an unfavourable effect on the antigyrase activity according to model III.
248

 

3D-MoRSE descriptors are based on the idea of obtaining information from 3D atomic 

coordinates by the transform used in electron diffraction studies for preparing theoretical 

scattering curves.
249

 Four of the eight independent variables of the predictive model III belong 

to this family of descriptors being the most correlated with the biological response under 

study: the Mor16u, Mor10m, Mor27m and Mor08v. 

5.3.4 Design of new cyclothialidine derivatives. 

Using the SAR information encoded by the molecular descriptors involved in the different 

models, a set of cyclothialidine derivatives were designed. For this aim, the methyl group in 

R1, O-methyl in R2 and OH in R3 were kept. To explore different aspects of the molecular 

space in an attempt to design more efficient gyrase inhibitors the substituents in the rest of the 

positions were modified and the O in C6 was replaced by a S.  

Table 5.5 shows the structural features of the newly designed molecules, their values of –

log(MNEC) derived from the three models previously built, as well as the energy score from 

the Chemgauss3 scoring function. Compounds 13 (cyclothialidine Ro 09-1437) and 42 are 

included in Table 5.5 as references to be compared with the new designed compounds. The 

new designed compounds whose predictions are superior to the ones of compound 42 have 

been highlighted in bold in Table 5.5. A consensus analysis of the predicted responses has 

been carried out to consider the average prediction made by the three models. 

Aiming to keep the predictions of the new designed compounds inside the applicability 

domain of the QSAR models, different combinations of substituents from the compounds of 

the data were used. For example, the first compounds (from L1 to L22) of Table 5.5 combine 

substituents from reference compounds, 13 (R5 = NH-L-3Hyp-Ser in L3 and L4) and 42 (R4 = 

3-Me-ODA in L5 to L10), with substituents from other compounds in the training set that 

showed a favourable effect on the activity (R4 = COOMe and R5 = NH-L-Ser-Boc and NH-L-

3cHyp-Boc from compounds 23, 31 and 33; see Table D1, Appendix D). Likewise, structural 
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related substituents are explored like NH-L-3Hyp-Thr (R5 in L1 and L2), CO-Ser-Me and 

CO-Thr-Me (R4 in L11 to L22). On the other hand, the effect of different substituents at C8 of 

the lactone ring like CH3, CH2-NH2, CH2-OH, CH2-SH (L5-L6, L11-L14 and L13-L47) were 

explored as well as other substituted aromatic rings at C4 position like thiazole, furan and 

imidazole (L27-L35, L42-L47). 

In general, good values of activity were predicted for the new compounds. The S at C6 of 

the lactone ring was recognized as more favourable for the inhibitory activity than the O by all 

the QSAR models while Chemgauss3 scoring function was not consistent with this in every 

pair of analogues. All the compounds were included inside the applicability domain of the 

models I and III. However, compounds L27 to L29 and L42 to L44 had leverage values higher 

than the threshold value calculated for model II (h
*
=0.6 after removing the outlier). The 4-

substituted thiazole attached to the lactone ring at C4 is coded by very high values of the 

molecular descriptors, specially T(O..S), which are beyond the information used for the model 

to train thus leading to leverage values higher than the threshold. The activity predicted for 

these compounds have to be carefully considered since it is an extrapolation of the model. 

Compound L42, among this 4-thiazole-cyclothialidine analogues subset, was predicted 

with the highest potency according to model III (2.45) and Chemgauss3 score (-95.95) 

surpassing the predicted potency of the reference compound 42 as well. Similar to the 

reference, compound L42 displays hydrogen bonding between the 4-methanolyl substituent of 

the thiazole at C4 of the lactone ring and Arg136, π-cation interaction between Arg76 and the 

thiazole ring and hydrogen bonding involving the methanolyl at C8 of the lactone ring and 

Asn46. Despite the better correlation between the enzymatic activity data and the structural 

features found in QSAR models when compared to the docking results, QSAR models can be 

biased to what they have learned. In this sense, the binding mode prediction of the ligands can 

be used to validate QSAR results shedding more light on the relations between structure and 

antigyrase activity. 

For example, cyclothialidine derivatives with NH-L-3Hyp-Thr attached to C7 (L1 and L2) 

have better values of predicted inhibitory activity by QSAR models than the ones with NH-L-

3Hyp-Ser (L3 and L4). However, the bigger size of NH-L-3Hyp-Thr makes it more difficult to 

be accommodated in the binding pocket close to loop 2. Likewise, derivatives with NHCO-3-

t-butyl-ODA substituents at C7 (L15 to L18) showed potential clashes between the t-butyl 

group and Ser108 side chain that is not captured by QSAR models (see Figure 5.8). Replacing 

this bulky group by methyl led to better predictions by all models (see compounds L19 to L22 

in Table 5.5). 
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Table 5.5 Structural details of the designed compounds. Prediction provided by the three QSAR models, the average prediction from model I, II and III, and 

the score from the Chemgauss3 scoring function from the FRED docking software. 

ID R4 R5 R6  X Model I Model II Model III 
Consensus 
response 

FRED score 

(kcal/mol) 
L1 COOMe NH- L-3Hyp-Thr H O 1.87 1.61 1.21 1.56 -71.97 
L2 COOMe NH- L-3Hyp-Thr H S 2.05 2.56 2.39 2.33 -89.79 
L3 COOMe NH- L-3Hyp-Ser H O 1.98 1.29 1.93 1.73 -101.05 
L4 COOMe NH- L-3Hyp-Ser H S 2.18 2.39 1.08 1.88 -94.64 
L5 3-Me-ODA H CH2-NH2 O 1.34 1.96 1.70 1.67 -86.50 
L6 3-Me-ODA H CH2-NH2 S 1.61 2.10 2.18 1.96 -90.84 
L7 3-Me-ODA NH-L-Ser-Boc H O 2.38 2.06 1.91 2.11 -87.53 
L8 3-Me-ODA NH-L-Ser-Boc H S 2.57 3.07 1.95 2.53 -85.51 
L9 3-Me-ODA NH-L-3cHyp-Boc H O 2.93 2.10 2.29 2.44 -87.76 
L10 3-Me-ODA NH-L-3cHyp-Boc H S 3.11 3.06 2.38 2.85 -88.81 
L11 CO-Ser-Me H CH2-NH2 O 0.72 1.47 0.78 0.99 -80.69 
L12 CO-Ser-Me H CH2-NH2 S 0.96 2.45 2.13 1.85 -90.73 
L13 CO-Thr-Me H CH2-NH2 O 0.58 1.63 0.29 0.83 -88.47 
L14 CO-Thr-Me H CH2-NH2 S 0.81 2.50 1.12 1.48 -88.15 
L15 CO-Ser-Me NHCO-3-t-butyl-ODA

 
H O 3.10 1.15 2.65 2.30 -81.75 

L16 CO-Ser-Me NHCO-3-t-butyl-ODA
 

H S 3.30 2.39 1.31 2.33 -81.02 
L17 CO-Thr-Me NHCO-3-t-butyl-ODA H O 2.99 1.32 1.93 2.08 -77.74 
L18 CO-Thr-Me NHCO-3-t-butyl-ODA H S 3.17 2.50 1.75 2.47 -71.66 
L19 CO-Ser-Me

 
NHCO-3-Me-ODA H O 3.51 2.60 3.11 3.07 -84.35 

L20 CO-Ser-Me
 

NHCO-3-Me-ODA H S 3.72 3.82 2.05 3.20 -92.30 
L21 CO-Thr-Me

 
NHCO-3-Me-ODA

 
H O 3.36 2.83 2.79 2.99 -79.09 

L22 CO-Thr-Me NHCO-3-Me-ODA
 

H S 3.56 3.99 3.00 3.52 -84.21 
L23 COOMe H CH2-OH S 0.58 1.31 0.86 0.92 -89.79 
L24 CONH2 H CH2-OH S 0.61 1.46 0.17 0.75 -89.35 
L25 CONHCOMe H CH2-OH S 1.20 1.88 0.83 1.30 -88.16 
L26 3-Me-ODA H CH2-SH S 2.05 2.90 1.11 2.02 -83.98 
L27 4-Me-TA

 
H CH2-OH S 1.89 4.29 0.46 2.21 -92.02 
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L28 4-Me-TA
 

H CH2-SH S 2.16 4.64 0.95 2.58 -92.69 
L29 4-Me-TA

 
H CH3 S 1.76 3.93 1.12 2.27 -89.83 

L30 2-Ac-furan-5-yl H CH2-OH S 2.23 2.86 1.96 2.35 -95.45 
L31 2-Ac-furan-5-yl H CH2-SH S 2.50 3.62 1.71 2.61 -91.40 
L32 2-Ac-furan-5-yl H CH3 S 2.11 2.57 1.86 2.18 -91.01 
L33 1H-imidazole-2-carbonyl H CH2-OH S 2.42 2.21 1.71 2.11 -88.86 
L34 1H-imidazole-2-carbonyl H CH2-SH S 2.70 2.89 1.36 2.32 -87.12 
L35 1H-imidazole-2-carbonyl H CH3 S 2.30 1.94 2.43 2.22 -86.14 
L36 ODA-5 carbonyl H CH2-OH S 2.76 2.56 1.93 2.42 -87.57 
L37 ODA-5 carbonyl H CH2-SH S 3.05 3.49 1.54 2.69 -83.34 
L38 ODA-5 carbonyl H CH3 S 2.63 2.29 2.30 2.41 -85.58 
L39 3-MeOH-ODA H CH2-OH S 1.91 2.40 2.01 2.11 -87.48 
L40 3-MeOH-ODA H CH2-SH S 2.17 3.39 1.59 2.38 -85.27 
L41 3-MeOH-ODA H CH3 S 1.78 2.25 1.77 1.93 -87.54 
L42 4-MeOH-TA H CH2-OH S 2.01 4.54 2.45 3.00 -95.95 
L43 4-MeOH-TA H CH2-SH S 2.27 5.16 1.84 3.09 -92.62 
L44 4-MeOH-TA H CH3 S 1.89 4.38 1.91 2.73 -91.15 
L45 5-MeOH-1H-imidazole-2-carbonyl  H CH2-OH S 2.36 2.30 1.59 2.08 -93.44 
L46 5-MeOH-1H-imidazole-2-carbonyl  H CH2-SH S 2.61 3.37 1.46 2.48 -91.14 
L47 5-MeOH-1H-imidazole-2-carbonyl  H CH3 S 2.23 2.20 1.46 1.96 -86.90 
42 3-Me-ODA H CH2-OH S 1.78 2.16 2.06 2.00 -88.76 

13  

1.18 1.17 1.32 1.22 -84.01 

3-Me-ODA = 3-metyl-1,2,4-oxadiazol-5-yl ; CO-Ser-Me = CO-NH-CH(CH2OH)COOMe. The nomenclature of CO-Thr-Me follows the same principle. 3-t-butyl-ODA 

= 3-t-butyl-1,2,4-oxadiazol-5-yl ; C8 (S) configuration when substituent.is attached 4-Me-TA = 4-methylthiazole-2-yl ; ODA-5 carbonyl = 1,2,4-oxadiazol-5- carbonyl ; 
3-MeOH-ODA = 3-methanolyl-1,2,4-oxadiazol-5yl ; 4-MeOH-TA = 4-methanolylthiazole-2-yl. Consensus response is underlined when its value and model III 

prediction surpasses the ones for reference compound 42. 
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Figure 5.8. Steric hindrance of the t-butyl group of compounds L15 to L18 in the active site. 

 

Compounds L7 to L10 improved in the potency to their analogues 33 and 31 in the training 

and NH-L-3cHyp-Boc derivatives displayed better predicted activity than the NH-L-Ser-Boc 

in agreement with the observed activity for the analogues in the training set as well. 

Substituent CO-Ser-Me had a better effect on the activity than its starting derivative CO-Ala 

in the reference compound 13. The additional OH and Methyl improve descriptors like 

average molecular weight, number of carboxylic acids, sum of topological distances between 

O..S and information content index but also the score calculated from Chemgauss3. The OH 

of the Ser moiety can make intramolecular hydrogen bond with the amide (CO) next to the C7 

of the lactone stabilizing the conformation of the ligand while changing the COOH of the Ser 

into COOMe improve the desolvation energy. On the other hand, the extra methyl in CO-Thr-

Me does not interact with the protein and is exposed to the solvent. 

Chemgauss3 scoring function predicts better van der Waals interaction energy for 

compound L6 with CH2-NH2 at C8 of the lactone ring than for its analogue reference 42 with 

CH2-OH instead. However, only QSAR model III identifies L6 as a more active compound 

than 42. Compounds bearing hetero five membered aromatic rings at position C4 (L30-L32, 

L39-L41) of the lactone showed good activity predicted values derived from QSAR models as 

well as from Chemguass3 scoring function. These compounds were predicted with a similar 

binding mode as the reference compound 42. The double possibility to establish hydrogen 

bond with Arg136 from the 2-Acetylfuran-5-yl as well as its π-cation interaction with Arg76 

makes of compound L30 a very interesting potential inhibitor. 
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Another example of the controlling role of the docking when combined with QSAR is the 

fact that methanolyl was predicted with a less favourable activity than its thiol analogues by 

the QSAR models however; Chemgauss3 is able to identify the better role of the hydroxyl in 

hydrogen bonding interactions. In addition, only the docking score reflected the loss of the π-

cation interaction in cyclothialidne derivatives with the hetero five membered aromatic rings 

attached to the lactone ring by a carbonyl group. Compounds lacking of substituents at C7 and 

with no aromatic rings at C4 like L11 to L14 as well as L23 to L25 displayed the lowest 

effectiveness according to models I and III. 

5.4 Conclusions 

A low computational resources demanding methodology was presented to get insight into 

the structure-activity relationships of DNA gyrase B inhibitors, by using a set of 

cyclothialidine derivatives as example. Taking the output conformation from the docking 

experiment as input for the generation of the MLR model involving 3D descriptors increased 

the reliability of the model prediction. The design of new molecules was done considering the 

applicability of the domain of the models, trying to keep the structural spaces contained in the 

initial training set used for building the models. Interpretation of the molecular descriptors 

was a key step in the methodology that allowed extracting the SAR(s) encoded by the 

predictive models thereby facilitating the design of new compounds. Since QSAR is a ligand-

based technique, the use of the molecular docking was considered a theoretical validation to 

check the feasibility of the new ligands in the light of the interactions with key residues of the 

active site by binding mode prediction. Modifications were suggested for those molecules 

with steric hindrance like replacing a t-butyl group by methyl. Those compounds with the best 

predicted activity values have been proposed for possible synthesis in collaboration with Prof. 

Maria del Carmen Núñez Carretero from Universidad de Granada, Spain. Priority was given 

to compounds with the highest binding efficiency indices (BEI), defined as pIC50 per MW in 

kDa 
250

, although pMNEC was used in this work instead (i.e  L20, L30-L32 and L39-L41). 

The methodology proposed in this paper has proven to be very useful in the guided design of 

DNA gyrase inhibitors. 
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Chapter 6. 3D Structure-based design of chromone-based DNA-

Gyrase inhibitors.   

 

Liane Saiz-Urra was responsible for the biological enzymatic evaluation and the molecular 

modeling. Prof. Fernanda Borges from Porto University performed the synthesis as part of a 

collaboration project.  

 

6.1 Introduction 

Flavonoids are an active part of the human diet as well as the medicinal plants traditionally 

used.
251

 In addition, many of these compounds have antimicrobial activity.
252

 Quercetin is a 

flavone that inhibits the supercoiling activity of DNA gyrase. It has been proposed that its 

mode of action involves DNA binding, where the DNA-Gyrase complex is stabilized leading 

to DNA cleavage
253

, but also competes with ATP for the binding site in the B subunit of the 

DNA Gyrase.
254

 The molecular model proposed for the complex between the 24kDa fragment 

of DNA Gyrase B and quercetin places the chromone ring in the same binding pocket as the 

adenine ring of ATP. A complex hydrogen bond net is the responsible for the binding affinity 

of quercetin to DNA GyrB. This interaction is found between the Tyr109 side chain and both, 

the 4-carbonyl and 5-OH of the chromone, Thr165 side chain and the 7-OH of the chromone, 

Asn46 side chain and 3´-OH group at the phenyl ring as well as Glu50 side chain and the 5-

OH of the chromone ring (see Figure 6.1).  

In general, several flavonoids inhibit other enzymes like tyrosine kinase by binding to the 

ATP binding site.
255

 Quercetin inhibits both prokaryotic and eukaryotic topoisomerase II and 

its genotoxicity has been explained by the DNA strand scission in the presence of active 

oxygen species. Thus, a main goal in the design of new flavonoid analogues as antimicrobial 

drugs is the increase of the specificity for bacterial gyrase. When comparing the binding mode 

of quercetin with the one displayed by other phosphate-free DNA GyrB inhibitors like 

novobiocin (Figure 6.2) it can be seen they differ regarding the region they bind to in the 

gyrase. Opposite to novobiocin (and similar to ATP), quercetin does not show interactions 

with the enzyme like π-stacking to the Arg76-Glu50 salt bridge and hydrogen bonding with 

Arg136 (E. coli numbering). As explained in the first chapter, the interaction with these 

residues could contribute to achieve selectivity for bacterial gyrase when designing GyrB 

inhibitors.  
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Introducing a linker between the chromone and the phenyl ring of the flavonone structure 

could change the binding mode of chromone analogues increasing the possibilities to interact 

with other aminoacids of the active site. In this work a set of 2- and 3-carboxamide chromone 

analogues, kindly provided by Prof. Fernanda Borges from Porto University within a 

framework of a collaboration project, (see Figure 6.3) were investigated by screening their 

possible inhibitory effect on the supercoiling action of the DNA Gyrase. Molecular docking 

was used to study the possible binding mode of these analogues and to propose potential 

modifications to optimize the activity potency. 

 

 

 

Figure 6.1 Schematic binding mode of the quercetin to the ATP binding site of DNA Gyrase B (24 

kDa fragment). Quercetin is represented by sticks and the interacting residues in wire. Solvent 

accessible surface of the gyrase B residues is also shown. Taken from Plaper A. et al.
254
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Figure 6.2 Superposition of quercetin (thick dark lines) and novobiocin (medium lines) in the gyrase 

B cavity (residues in thin lines). Taken from Plaper A. et al.
254

 

 

 

Figure 6.3 Chromone based compounds. Quercetin structure and scaffold of the 2- and 3-carboxamide 

chromone analogues under study. 
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6.2 Materials and Methods 

6.2.1 Supercoiling assay 

The supercoiling assay kit was bought from BIOKE labs. Despite the enzyme is supplied 

as at a minimum of 5U/µL where 1U (1 unit) is the amount of DNA gyrase required to just 

supercoil 0.5 μg of relaxed pBR322, it is recommended to titrate the enzyme. After 

performing the titration, it was confirmed that 2.5 U of the enzyme completely supercoiled 0.5 

μg of relaxed pBR322. 

For the supercoiling inhibition assay, the E. coli Gyrase assay buffer containing 35 mM 

Tris.HCl (pH 7.5), 24 mM KCl, 4 mM MgCl2, 2 mM DTT, 1.8 mM spermidine, 1 mM ATP, 

6.5 % (w/v) glycerol, and 0.1 mg/ml albumin was added to a 1.5 ml eppendorf tube. 

Furthermore, relaxed pBR322 plasmid, water and the drug to be tested were added to the 

eppendorf and briefly vortexed. The mixture was treated with dilution buffer containing 50 

mM Tris.HCl (pH 7.5), 100 mM KCl, 2 mM DTT, 1 mM EDTA, and 50 % (w/v) glycerol as 

well as E. coli Gyrase enzyme. The final 30 μl of reaction volume contained 2.5 U of gyrase 

from E. coli, 0.5μg of relaxed pBR322 plasmid, and 1.5 μl of inhibitors solution in DMSO 

and water making the percentage of DMSO as low as possible since about 10% can have 

inhibitory effects on the suppercoiling reaction. The mixture was incubated at 37 C and the 

reaction was stopped after 30 minutes by adding 30 μl of stop buffer STEB (40% sucrose, 100 

mM Tris.HCl (pH 7.5), 1 mM EDTA, 0.5 mg/ml bromophenol blue) and 30 μl of 

chloroform/isoamyl alcohol (v:v, 24:1). Afterwards the mixture was vortexed briefly and 

centrifuged for 2 minutes. 20 μl of the aqueous phase was loaded onto a 1 % (w/v) agarose gel 

and the electrophoresis was run for about 6 hours at 90V in Tris-acetate-EDTA buffer (TAE 

buffer = 40mM Tris.acetate, 2nM EDTA). The gel was stained with ethidium bromide 

solution 10% during 15 minutes and destained in water for 5 minutes for further visualization 

with a UV filter. This procedure was run for a preliminary screening of the eighteen 2-

carboxamide chromone analogues under study at 150μM concentration. All actives were 

further tested at 100 and 75μM. The molecular docking of these compounds was performed 

by using Autodock4.2 following the same protocol explained in Chapter 3. 

6.3 Results and discussion 

Thirteen 2- and 3-carboxamide chromone analogues were evaluated for enzymatic 

inhibition and antibacterial potency. Only compounds identified as crom23 and crom24 

displayed inhibition at 150μM concentration, but no activity at further dilutions (see Table 6.1 

for structural details and Figure 6.4 for enzymatic data).  
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Table 6.1. Structural details of the dataset of 4-oxo-4H-chromene-2- and 3-carboxamide analogues 

compounds tested by the supercoiling assay together with the predicted autodock energy scores. 

 

       

Compound ID
[X]

 R1 Autodock Score 

Crom23
[a] 

4-NO2-Ph -7.14 

Crom24
[b] 

4-NO2-Ph -6.55 

Crom27
[a] 

cyclohexyl -6.23 

Crom28
[b] 

cyclohexyl -5.79 

Crom54
[a] 

4-Me-Ph -6.76 

Crom55
[b] 

4-Me-Ph -6.32 

Crom56
[a] 

4-COOEt-Ph -6.25 

Crom57
[b] 

4-COOEt-Ph -5.58 

Crom66
[a] 

4-SO2Me-Ph -5.81 

Crom68
[a] 

2-Me-Ph -6.43 

Crom69
[b] 

2-Me-Ph -6.11 

Crom70
[a] 

3-Me-Ph -6.51 

Crom71
[b] 

3-Me-Ph -6.14 

[x] Indicates the core structure of the compounds where [a] 

represents 2-carboxamide analogues and [b] 3-carboxamide 

analogues. 

 

 

   

Figure 6.4. Inhibition of supercoiling. Lane 1 represents the negative control (relaxed plasmid) and 

lane 2 shows the positive control which is the reaction product after gyrase supercoiling. Crom23 was 

added to the reaction mixture at concentrations 150, 100 and 75 μM (Lanes 3, 4 and 5 respectively) 

while Crom24 was added in lanes 6, 7 and 8 respectively at the same concentrations. 
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Compounds crom23 and crom24 were the 2- and 3-carboxamide analogues respectively, 

which had the lowest energy predicted by the scoring function of autodock4.2 in agreement 

with the enzymatic experimental data (see Table 6.1). Molecular docking results propose a 

binding mode for these compounds where the chromone ring is firmly anchored in a deep 

hydrophobic pocket formed by residues Val43, Val71 and Val167 similar to the pyrrole in the 

well studied aminocoumarin clorobiocin. Only the chromone moiety of crom23 interacts with 

residues Val120 and Met95. Other common residues interacting with the chromone part of 

both compounds are residues Asp73 and Thr165 as well as the conserved water molecule but 

not by hydrogen bonding which might explain the weak enzymatic inhibitory activity of both 

compounds. The 2-carboxamide-N-(4-nitrophenyl) fragment overlaps in both compounds and 

is involved in key interactions like the π-stacking
256

 from 4-nitrophenyl substituent to the salt 

bridge Arg76-Glu50 and the hydrogen bonding of the amide with the main and side chain of 

Asn46 as well as between the nitro substituent and Arg136 side chain (see Figure 6.5).  

The binding mode predicted for inactive 2-carboxamide chromone analogues with polar 

substituents at the para position of the phenyl linked to the carboxamide moitey like crom56 

and crom66 was also analyzed. Similar to the nitro substituent in the crom23 compound, the 

carbonyl in crom56 is planar and thus they overlap in the cavity. Contrary, the tetrahedric 

sulfonyl group in crom66 is located higer in the cavity, further from the Glu50-Arg76 salt 

bridge because of its bigger van der Waals volume. In addition, the carboxamide moiety of 

crom66 looses the hydrogen bond with Asn46 (see Figure 6.6). Although compounds crom56 

and crom66 are predicted to establish a hydrogen bond with the Arg136 side chain, only in 

crom23 and crom24 this interaction has an ionic nature because of the nitro group in these 

ligands. This seems to be the key to explain the inhibitory effect found only in the chromones 

23 and 24. This kind of interaction has been reported to be responsible for the inhibitory 

action of other ligands, for example in the case of the alsterpaullone (9-nitro-paullone), a 

strong inhibitor of the glycogen synthase kinase 3 (GSK-3) that competes with ATP where the 

nitro group of the ligand interacts with the side chain amino group of Lys85.
257

 

Our efforts were focused on improving the inhibitory activity of Crom23 and Crom24. For 

this aim, the influence of adding hydroxyl substituents at different positions of the molecules 

Crom23 and Crom24 was explored by molecular docking. This was done, based on previous 

knowledge about compounds like quercetin
254

 and cyclothialidines
152

 where phenolic hydroxy 

groups have been pointed out to have a crucial role maintaining the hydrogen-bond network 

together with Asp73 and a conserved bound water molecule. In addition, anilinic NH2 groups 

were also investigated. 
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Figure 6.5. Molecular docking binding mode predicted for compounds Crom23 (magenta carbons) 

and Crom24 (yellow carbons). Superimposition of Crom23 and Crom24 with novobiocin. The surface 

has been represented for the residues in the back of the ligands and the ones in the front are 

represented by sticks in element colour. 

 

 

 

Figure 6.6. Binding mode difference between ligands with polar groups attached to the phenyl 

substituent. Crom23 has been depicted with the carbon atoms in magenta colour while Crom56 and 

Crom66 show carbon atoms in blue and green colour respectively. The picture has been prepared with 

Chimera software using wall eyes stereo for 3D features. 
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Table 6.2 shows the scores resulting from molecular docking a set of 20 derivatives of 

crom23 and crom24 into the GyrB 24kDa fragment, the values of crom23 and crom24 have 

been included for comparison. In general, anilinic derivatives displayed higher energy score 

values than the phenolic analogues. 

Autodock4.2 estimates the conformational entropy lost upon binding and is based on the 

number of torsional degrees of freedom i.e. the number of rotatable bonds including rotatable 

bonds in hydroxyls and other groups where only hydrogen atoms are moved and excluding 

bonds that are within cycles. This approach despite being useful simplifies the entropy 

contribution to the binding energy. In this case can be seen how adding one OH or NH2 

substituent increases the entropy cost in 0.3. Since OH and NH2 could contribute more in the 

changes of the solvation entropy more than the conformational entropy, we decided to neglect 

this contribution from the analysis and focused more in the intermolecular energy term that 

involves van der Waals (vdW), hydrogen bonding (Hbond), desolvation energy and 

electrostatic energy. 

According to the docking results (see Table 6.2), the hydroxyl groups had more favourable 

effect at C8 (R1) of the chromone (crom23.1 and crom24.1) and the most promising 

combination was adding two OH groups, one at R1 and the other one at the C2’ of the phenyl 

substituent at the N-carboxamide (R6 i.e. crom23.10 and crom24.10). The analysis of the 

predicted binding mode of such compounds revealed the crucial role of the OH at R1 in the 

possible reproduction of the hydrogen-bonding network involving the conserved 

crystallographic water molecule and residues Asp73, Gly77, and Thr165. On the other hand, 

OH at C2’ allowed establishing a direct hydrogen bond with the crystallographic water. 

In general, compounds derived from crom23 were better accommodated in the 

hydrophobic pocket than crom24 analogues. Interestingly, only compound crom23.10 

displays the possibility to form an intramolecular hydrogen bond between the OH at C2’ and 

the oxygen position 1 of the chromone ring that is not possible in the crom24.10 derivative 

(see Figure 6.7). Intermolecular hydrogen bond has been found in an indolinone DNA 

GyraseB inhibitor, between the indolinone and imidazole rings.
258

 This micromolar 

indolinone inhibitor (MNEC= 25 μM) reproduces all the interactions with the hydrophobic 

pocket and the conserved hydrogen bonding network but is lacking of interactions with 

Arg136 and the salt bridge Arg76-Glu50 (see Figure 6.8). So, it can be expected that molecule 

crom23.10 could reach better values of binding affinity to the Gyrase enzyme than its 

predecessor crom23. 
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Table 6.2. Autodock score predicted for the best pose found for designed analogues of Crom23 and Crom24. 

 

ID R1 R2 R3 R4 R5 R6 Autodock Score Intermolecular energy Torsional Free Energy 

 Crom23 H H H H H H -7.14 -8.04 +0.89 

Crom23.1 OH H H H H H -7.09  -8.28 +1.19 

 Crom24 H H H H H H -6.55 -7.44 +0.89 

Crom24.1 OH H H H H H -6.65  -7.85 +1.19 

Crom23.2 H OH H H H H -7.01  -8.20 +1.19 

Crom24.2 H OH H H H H -5.78  -6.98 +1.19 

Crom23.3 H H OH H H H -6.88  -8.07 +1.19 

Crom24.3 H H OH H H H -6.54  -7.73 +1.19 

Crom23.4 H H H OH H H -5.46  -6.65 +1.19 

Crom24.4 H H H OH H H -5.56  -6.75 +1.19 

Crom23.5 H OH H OH H H -5.07  -6.56 +1.49 

Crom24.5 H OH H OH H H -5.29  -6.78 +1.49 

Crom23.6 H NH2 H OH H H -4.11  -5.60 +1.49 

Crom24.6 H NH2 H OH H H -3.75  -5.08 +1.49 

Crom23.7 NH2 H H H H H -6.25  -7.44 +1.19 

Crom24.7 NH2 H H H H H -5.01  -6.20 +1.19 

Crom23.8 OH H H H OH H -6.64  -8.13 +1.49 

Crom24.8 OH H H H OH H -6.32  -7.81 +1.49 

Crom23.9 NH2 H H H OH H -5.74  -7.23 +1.49 

Crom24.9 NH2 H H H OH H -4.99  -6.48 +1.49 

Crom23.10 OH H H H H OH -6.67  -8.16 +1.49 

Crom24.10 OH H H H H OH -6.63  -8.12 +1.49 
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Figure 6.7. Binding mode predicted for compounds crom23.10 (green carbons) in the top picture and 

crom24.10 (blue carbons) in the bottom picture. Crom23 (in the top picture with magenta carbons) and 

crom24 (in the bottom picture with yellow carbons) are shown for comparison. The picture has been 

prepared with Chimera software using wall eyes stereo for 3D features. The surface has been 

represented for the residues in the back of the ligands and the ones in the front are represented by 

sticks in element colour. 
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Figure 6.8. Binding mode proposed for indolinone Gyrase inhibitor taken from Marko Oblak et al.
258

 

 

6.4 Conclusions 

In summary, thirteen 2- and 3-carboxamide chromone analogues were evaluated for 

enzymatic inhibition of the DNA Gyrase B. Two compounds were found to be weak inhibitors 

since they showed inhibition at 150μM. Molecular docking was used to model the possible 

binding mode of these compounds. A further optimization of these compounds was designed 

by adding donor hydrogen bond groups to both, chromone ring and the 4-nitrophenyl attached 

to the 2- and 3-carboxamide moiety. This was done in an attempt to reproduce key 

interactions that were lacking in the predecessor weak inhibitors, like the hydrogen bonding 

network including Asp73, Thr165, Gly77 and a tightly bound water molecule conserved 

across all the DNA GyrB inhibitors so far described in the literature. The synthesis of the 

compounds is in progress by the research group of Prof. Fernanda Borges in Porto University. 

Further biological evaluation is also needed to confirm the predictions of our computational 

models. 
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Chapter 7. General conclusions and future work 

7.1 Looking back at the beginning of the road: Antibiotics and DNA 

gyrase B. 

The rapid distribution of antibiotic resistance derived from bacterial evolution among 

gram-positive and gram-negative pathogens in a timescale of hours, puts strain on the current 

possibilities to treat serious and life threatening infections. Thus, there is a need to continue 

investigating to search for new antimicrobial agents. Sequencing of the bacterial genome gave 

some hope to find new antibacterial targets that could be explored in the search of new 

chemicals with new mechanisms of action and no resistance problems. However, finding an 

appropriate antibacterial lead using a target-based screening approach is not an easy and cheap 

task. A more affordable alternative is to investigate validated antibacterial targets searching 

for new agents with different binding modes so that the mechanism of resistance can be 

circumvented. 

DNA Gyrase is a validated target that can be used in the pursuit of novel antibacterial 

agents. It is a ubiquitous, essential prokaryotic type II topoisomerase that does not have a 

mammal counterpart. This enzyme participates in DNA replication, transcription, and 

recombination by introducing negative supercoiling in DNA at the expense of ATP 

hydrolysis. It is formed by two subunits GyrA which are involved in DNA breakage and 

reunion and two GyrB subunits that catalyze the hydrolysis of ATP. The persistent problems 

of resistance found against GyrA inhibitors have generated an increasing interest in inhibitors 

of the ATPase catalytic domain (GyrB). 

The fact that ATP-binding sites can be considered as conserved across both eukaryotic and 

prokaryotic ATPase enzymes has led to skepticism about designing an inhibitor that selects 

for the bacterial enzyme. However, designing compounds whose binding site overlaps a 

region of the ATP binding site and a neighbouring pocket is a promising approach to obtain 

the desired selectivity toward bacterial ATPase enzyme. 

In this thesis, a research about DNA gyraseB ATPase inhibition was conducted by using 

both structure and ligand-based modelling techniques. A long road assessing different 

modelling techniques that contributed to explore both conformational space of the enzyme 

flexible regions and key residues involved in the binding of inhibitors, as well as similarity 

based methods accounting only for the structural information of the ligands, was covered 

along 6 chapters. 

 



General Conclusions 

 

123 

 

7.2 Getting to know DNA Gyrase B in Newton’s world. Molecular 

Dynamics simulation and Thermodynamic Computational Approach.  

From the analysis of a structure-based alignment created from a 3D structure superposition 

of eukaryotic and prokaryotic ATPase enzymes (chapter 1) it was concluded that the Arg76-

Glu50 salt bridge and Arg136 (E. coli numbering) are important spots that phosphate free 

inhibitors could bind to target selectively the DNA GyrB enzyme over eukaryotic enzymes. In 

addition, a high homology between DNA gyrase and topoisomerase IV (Topo IV), another 

bacterial enzyme from the topoisomerase II family, was confirmed. Both enzymes are 

structurally related but with different vital functions (Topo IV relaxes DNA supercoils and 

decatenates daughter chromosomal DNA) and they differ from the eukaryotic ATPases used 

in the alignment. These facts suggested that it could be possible to design selective 

compounds that could defeat resistance mechanism by probably inhibiting 2 bacterial 

enzymes at the same time (Gyrase and Topo VI).  

The availability of crystallographic data on the N-terminal fragments of GyrB in a complex 

with different ligands enables the use of structure based approaches on designing GyrB 

inhibitors. The fact is that although the crystallography picture gives us the basis for structure-

based design, it is also a snapshot of reality. For this reason, molecular dynamics simulation 

was used to explore possible conformational changes in the protein in free and in complex 

with the coumarin based inhibitors novobiocin and clorobiocin as well as 5’-adenylyl-β-γ-

imidodiphosphate (ADPNP). For studying the different frames from the simulation we used 

clustering data-mining technique, analysis of the time dependent root-mean-squared 

coordinate deviation (RMSD) to the initial structure and also in a pairwise map, together with 

temperature factors. We found that the two loops (we called them loop 1 and loop 2) are the 

most flexible regions in the protein and that key interactions between the inhibitors and the 

residues of the active site are conserved during the MD simulations (Chapter 2). 

Endpoint methods that combine molecular mechanics and continuum solvent calculations 

to analyze binding free energies (MM-PB(BG)SA) and its derivatives computational alanine 

scanning and energy decomposition) were used to identify the most important residues 

involved in the DNA GyrB- inhibitor interactions. A disruptive effect in the binding energy 

was estimated by computational alanine scanning when mutating residues Asn46, Ile78, Ile94, 

Val120, Val43, Val71, Arg76 and Arg136 into alanine in agreement with experimental site-

directed mutagenesis data. The differences between the closed and open conformation 

adopted by loop 2, in the GyrB-ADPNP and GyrB-coumarin based inhibitors complexes 

respectively, was reflected also by computational technique. Residues from loop 2 like 

Lys103, Hip116, Val118 and Val120 were denoted as favourable for the binding energy in the 

presence of ADPNP and despite glycine residues could not be studied by the technique, a high 
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occupancy percentage was found for hydrogen bonds involving Gly102, Gly117 and Gly119 

from loop 2 as well. Interestingly, favourable interactions between residue Phe104 from loop 

2 and coumarin-like inhibitors were seen during MD simulations despite the open 

conformation of the loop. In general, similar results were obtained when applying energy 

decomposition. In addition, its ability to split the energy contributions at an atomic level, 

contributed to gain an insight into the role of the backbone and side chain of these residues 

(Chapter 2). 

Encouraged by these results, we continued rationalizing molecular recognition at the DNA 

gyrase B enzyme – inhibitor binding interface by means of molecular docking and further 

refinement of the obtained poses with short Molecular Dynamic simulations which enabled 

the use of rescoring schemes based on MM-PB(GB)SA and Zapbind (Chapter 3). 

From this study, we learned that the Lamarckian genetic algorithm implemented in 

Autodock4.2 is a valuable tool that could be used to predict the possible binding mode of 

potential new DNA GyrB inhibitors. Interestingly, this algorithm was able to handle the 

flexibility of Asn46 side chain whose conformation is affected upon ligand binding with 

adequate accuracy. However, as in the case of many studies addressed to other targets, the 

performance of the different assessed scoring functions in the in silico calculation of the 

binding free energy ΔG aiming at the prediction of the DNA GyrB24 subunit of E. coli 

inhibition was not successful enough to correlate with experimental enzyme activity data. 

Although rescoring schemes introduced improvement, these techniques are of limited value 

when used in virtual screening. These energy calculations are very dependent on the stability 

of the structure along the MD simulations, which is also reliant on the stabilizing effects of the 

ligand on residue Arg136 and at least few anchoring points in the flexible loop 2. In this 

sense, ligand substituents close to loop 2 can help whenever they are as rigid as possible. On 

the other hand, the MM-PB(GB)SA method overestimates the enthalpy contribution of large 

ligand substituents in the hydrophobic pocket formed by residues Val43, Ala47, Val71 and 

Val167 compared with the one from two interacting water molecules in absence of such 

substituents. The normal mode method captured the entropic cost of either keeping the two 

water molecules in the protein-ligand interface or displacing the water molecules by flexible 

substituents of the ligands interacting in the deep pocket. This hinted at the importance of the 

planarity and rigidity of ligand substituents in the hydrophobic pocket when designing new 

GyrB inhibitors. 



General Conclusions 

 

125 

 

7.3 Welcome to the congenericity principle: “similar compounds display 

similar responses”. 

The challenges that represent the purported conformational changes of the flexible loops 

and the entropically driven binding affinity of the ligands by water molecules in the active site 

when applying structure-based drug design techniques led us to embrace ligand-based 

techniques like Quantitative Structure-Activity Relationships (QSAR) to apply in the 

classification of potential inhibitors of DNA GyrB enzyme. 

A recently published algorithm, based on the combination of Genetic Algorithms, 

Adaboost Ensembles and Adaboost and Voting Meta-Ensembles as well as a more classical 

support-vector-machine approach, Least Squares – Support Vector Machine involving GA for 

the selection of the features (GA-LS-SVM) were explored using molecular descriptors that 

encoded diverse structural information (Chapter 4). In general all the best models found per 

technique showed a global classification accuracy higher than 87% and generalizable 

capabilities based on the classification accuracy of the external set (higher than 77%). The 

lowest classification performance was observed for those models retrieved from using 3D 

molecular descriptors probably given by the lack of refinement of the conformation of the 

molecules in the database. 

Despite the support vector machine approach outperformed Adaboost-based models, the 

Adaboost-based fitness function used to train the modified GA is still appealing due to its 

computational simplicity and its potential effectiveness in retrieving the compounds with the 

highest potency in the top of the rank when applying the models to virtual screening. 

7.4 When structure and ligand-based design techniques shake hands 

Modifying the substituents of a drug class whose activity has been confirmed is a classical 

route that has been used in drug discovery for years with the aim to improve potency profiles 

and physicochemical properties. Following this strategy, a set of cyclothialidine analogues 

was used to build predictive regression models involving different molecular descriptors. 

Molecular docking was done to generate the most likely conformation of the ligands. The 

conformation refinement of congeneric ligands with similar binding modes enables 3D feature 

to encode important information that yielded the best prediction performance, contrary to the 

binary classification models previously analyzed (Chapter 5). 

Structure-activity-relationships (SAR) are far beyond of our knowledge and we try to 

simplify the phenomena by using “readable” parameters like hydrophobicity (logP), molecular 

weight, polar surface area, to use them as clues when designing new molecules. In this work, 

information extracted from constitutionals, 1D and 2D descriptors was used to guide the 
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design of new molecules trying to keep the structural spaces contained in the initial training 

set used for building the models. The binding mode prediction by molecular docking was 

considered as a theoretical validation to control the size of the new substituents as well as 

their interactions in the cavity. Combining, the better prediction capability of the models 

involving 3D features and the information from the poses predicted by molecular docking, the 

most promising compounds were suggested for possible synthesis in collaboration Prof. Maria 

del Carmen Núñez Carretero from Universidad de Granada, Spain. 

7.5 Taking shortcuts. Practical application. 

Molecular docking has proven to be helpful in drug discovery mainly when predicting 

poses of ligands in active sites. In general, this can be done about 30% of the time starting 

from random conformations of the ligands,
259

 which is no little attainment, albeit, successful 

stories are more related to moderately rigid targets or whose crystallographic structures show 

the right protein conformation of the desired docked complex. It is difficult in docking to 

consider protein flexibility on the fly and as opposed to the claimed utility of flexible docking; 

increasing the number of protein configurations can increase the false positive rate in cases of 

virtually screening to-be-determined binders since scoring functions are far from assessing the 

energy of different protein states accurately. The feasibility of supplanting experimental 

screenings by in silico virtual screenings that use binding energy based methods is as distant 

as in the beginning of the docking era. 

An appealing alternative way for designing new compounds is to screen a set of available 

compounds (an in-house small library of compounds) that share some structural similarity 

with proven inhibitors. In case of finding hits, molecular modelling techniques can then be 

used for optimization of potency and selectivity profiles. 

Following this strategy, we took advantage of a set of 2(3)-carboxamide-chromone 

analogue compounds, previously synthesized in Prof. Fernanda Borges lab in Porto 

University. These compounds had the chromone moiety in common with the gyrase inhibitor 

quercetin (Chapter 6). The supercoiling assay revealed that two out of the eighteen analogues 

showed weak inhibition. Molecular docking proposed a different binding mode for these 

compounds, when compared to quercetin, where interactions with the salt bridge Arg76-

Glu50 and hydrogen bonding with Arg136 (E. coli numbering) where predicted. However, the 

conserved interaction of the ligand with the hydrogen-bonding network that includes Asp73, 

Thr165, Gly77 and a tightly bound water molecule was not seen in the predicted binding 

mode, which might explain the weak inhibition that these compounds showed in the 

supercoiling assay and gave a hint for further optimization of the potency profile. According 

to this information, structural modifications were proposed. The synthesis is in progress. 
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7.6 Final considerations and further directions 

The use of computational chemistry techniques has become routine in the drug discovery 

field. Although improvements have been introduced we face many limitations ahead that 

attempt against the dreamed idea of a rational design that rule the “make” step. On the 

structure based approaches side, the main drawbacks are based on:  

1) Assumptions and simplifications of the scoring functions defined in molecular docking 

techniques  

2) Limitations of molecular mechanics force field based free energy calculations of ligand-

receptor systems  

3) Insufficient sampling of configurational space and inaccuracies in the force fields (i.e. 

fixed charge force fields neglecting polarization effects and the use of simple water models).  

Further improvement of these methods require a better understanding of the 

(inter)molecular interactions, that helps in reformulating the force fields. Another hot spot is 

the estimation of the conformational entropy by using normal modes analysis. In this 

approach, the coupled harmonic oscillators are multi-dimensionally treated to evaluate 

binding entropies. Although this approach cannot account for the anharmonicity or the effects 

of solvent, which dominate the flexibility of the protein at physiological temperature, it is still 

widely used. 

Ligand-based approaches have outperformed target based methods in many occasions. 

Nevertheless, they are not the magic bullet in the field and have limitations. Training a model 

depends on the descriptors used, the diversity of collected molecules and the learning machine 

technique. The congeneric principle is central and it is thought that predictions of candidate 

molecules sharing similarity to molecules from the training set are less uncertain. In nature, 

nonetheless, changing a single atom can affect to a large extent affinity for the target as well 

as physicochemical properties, metabolism, etc. This is called “activity cliff” and challenges 

the chemists’ intuition about similarity rules. The applicability domain of the models is the 

boundary that frames predictions, which are expected to be less uncertain since they are based 

on interpolation with what has been learnt from the training data by the models. However, 

narrow applicability domains are also a limitation here since diversity of the chemotypes is 

discarded. 

To take computational methods to the next level we must face the current obstacles and 

open our minds to accept powerful and complex machine-learning methodologies that provide 

the most accurate structure–property predictions notwithstanding they challenge human grasp. 

Only highly sophisticated simulation and modelling can help gaining insight into how all of 

the diverse properties work together in the real world. 
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Another promising short-term strategy to be followed in the future for the design of new 

diverse GyrB inhibitors is to screen ATPase inhibitors of other enzymes from the GHKL 

superfamily and use structure-based and computational methodologies to optimize selectivity 

for bacterial enzymes. There are precedents that validate this idea. For example, the 

nanomolar gyrase inhibitor novobiocin was successfully converted into a selective inhibitor of 

Hsp90.
260

 To end our conclusions, an overview of different practical approaches involving 

modelling techniques and explained so far, that can be used carefully despite their limitations 

to address the search for new GyrB inhibitors is shown in the following figure. 

 

 

 

 

Figure 7.1 Different approaches to address the search for new GyrB inhibitors 
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Appendices  

Appendix A: Chapter 2 

 

  

 

Figure A1. RMSD plot for the backbone atoms during the MD simulations after equilibration in every 

system A) unliganded and B) complexed. Plots were created using the Gnuplot tool 
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Figure A2. Results for All-to-all RMSD calculations for the 8 systems under study. The free protein simulation results are on the left and the complexed 

systems on the right in the picture. Every matrix indicates the relation between configurations over time intervals by using the color scale at the right. 
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Table A1: RMSD values for the residue fluctuation found during the MD simulation of every system. Residues have been split in groups: Ligand, Loop 1, 

Loop 2 and Active site (i.e. rest of the residues in the active site). 

Residue 
ID 

1EI1-
ADPNP 
a 

1EI1-
ADPNP 
CA 

b 

1EI1 
free 
protein 

1AJ6(R136H)-
NOV 

a 
1AJ6(R136H)-
NOV  CA 

b 
1AJ6(R136H) 
free protein 

1AJ6-
NOV 
a 

1AJ6-
NOV 
CA 

b 

1AJ6 
free 
protein 

1KZN-
CBN 

a 
1KZN-
CBN 
CA 

b 

1KZN 
free 
protein 

Loop 1 
Ile 82 2.11 1.43 1.74 1.31 0.93 2.36 0.84 0.60 1.54 2.16 1.90 1.67 

His 83 3.14 2.49 2.21 0.84 0.78 2.14 0.88 0.66 2.37 2.20 1.96 1.58 

Pro 84 4.09 3.95 2.92 1.18 1.13 3.39 1.89 1.75 2.59 2.56 2.42 2.27 

Glu 85 5.17 4.52 3.86 1.59 1.13 3.01 1.67 1.15 3.47 2.95 2.42 2.66 

Glu 86 3.47 3.29 2.38 1.22 0.93 2.44 1.39 1.13 2.65 2.12 1.81 1.86 

Gly 87 2.40 2.61 1.64 1.62 1.57 2.16 1.23 1.40 1.76 1.43 1.48 1.64 

Val 88 1.25 1.13 1.24 1.36 1.10 2.11 0.88 0.75 1.27 1.16 1.06 1.25 

Loop 2 

Ala 100 1.08 0.80 1.39 2.28 2.21 1.58 0.90 0.79 1.09 1.88 1.89 2.11 

Gly 101 0.91 0.81 1.39 2.49 2.73 1.91 1.21 1.12 1.35 2.19 2.21 3.82 

Gly 102 0.80 0.82 1.69 2.42 2.66 2.52 1.08 1.19 1.75 1.97 2.10 4.13 

Lys 103 0.73 0.68 1.76 2.69 2.08 4.41 1.71 0.94 3.82 2.69 2.09 5.99 

Phe 104 1.92 1.20 2.34 1.75 1.54 3.81 0.85 0.79 3.51 2.76 2.37 4.33 

Asp 105 1.50 1.28 2.45 1.77 1.53 3.41 1.04 0.74 2.70 2.89 2.64 3.09 

Asp 106 1.80 1.39 2.99 1.59 1.21 4.29 1.07 0.79 1.81 3.04 2.79 4.83 

Asn 107 1.87 1.52 3.40 1.41 1.10 6.14 0.79 0.65 1.63 2.87 2.68 4.99 

Ser 108 1.21 1.17 2.97 1.11 0.94 6.38 0.93 0.81 1.47 2.38 2.31 4.18 

Tyr 109 0.84 0.84 2.61 1.16 0.81 6.91 2.53 1.10 3.06 2.75 1.87 4.76 

Lys 110 1.67 0.95 3.97 0.90 0.77 5.01 0.84 0.55 2.05 1.53 1.12 3.26 

Val 111 1.18 0.91 3.26 0.97 0.80 4.31 0.68 0.53 2.84 1.33 1.08 3.16 

Ser 112 0.83 0.73 2.59 1.29 1.02 3.14 0.86 0.64 3.47 1.94 1.59 2.87 

Gly 113 0.76 0.75 2.87 1.09 1.11 2.79 0.64 0.63 2.05 2.02 1.86 1.76 

Gly 114 0.62 0.61 2.15 1.07 1.01 2.23 0.66 0.64 1.41 2.12 2.34 1.13 

Leu 115 1.00 0.62 2.40 1.18 1.02 1.35 0.65 0.58 1.37 2.15 1.82 0.97 

His 116 1.30 0.68 3.29 2.50 1.76 1.69 1.50 0.74 1.46 2.31 1.52 2.02 
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Gly 117 0.63 0.62 3.02 0.92 0.92 0.89 0.80 0.76 0.98 0.97 1.01 0.90 

Val 118 0.93 0.59 1.99 1.44 1.07 1.25 1.20 0.94 1.48 0.85 0.69 0.93 

Gly 119 0.50 0.49 1.12 0.65 0.60 0.69 0.56 0.58 0.98 0.53 0.54 0.68 
Val 120 0.68 0.51 0.88 0.58 0.48 0.83 0.58 0.45 0.88 0.55 0.46 0.92 

Active site 
Glu 42 0.73 0.44 0.95 0.52 0.45 0.78 0.45 0.38 1.16 0.59 0.44 0.78 
Val 43  ---  0.76 0.48 0.74 0.70 0.42 0.72 0.58 0.42 0.93 
Asn 46 0.50 0.43 1.13 0.79 0.68 1.10 0.54 0.40 1.03 0.67 0.56 0.96 
Ala 47 0.49 0.44 0.79 0.51 0.46 0.85 0.44 0.39 0.72 0.59 0.54 0.85 
Glu 50 0.50 0.42 1.17 0.55 0.45 1.28 0.42 0.38 0.87 0.54 0.44 1.03 

Val 71 --- --- --- --- --- --- --- --- --- 0.49 0.40 0.74 
Asp 73 0.66 0.40 0.70 0.65 0.40 0.92 0.42 0.37 0.61 0.62 0.41 0.55 
Gly 75 --- --- --- 0.55 0.55 1.46 0.41 0.40 1.00 0.50 0.47 0.77 
Arg 76 0.57 0.46 1.20 0.68 0.55 1.37 0.47 0.40 0.84 0.69 0.52 1.10 

Gly 77 0.49 0.47 0.71 0.54 0.48 1.39 0.42 0.39 0.79 0.52 0.48 0.88 
Ile 78 0.58 0.51 1.12 0.59 0.51 1.50 0.67 0.43 1.10 0.75 0.62 1.00 

Pro 79 0.74 0.63 0.84 0.63 0.55 1.38 0.54 0.45 0.91 1.03 0.98 1.10 

Ala 90 --- --- --- 0.63 0.55 1.27 0.54 0.46 0.88 0.79 0.75 0.89 
Ala 91 --- --- --- 0.82 0.75 1.00 0.55 0.50 0.80 0.73 0.64 0.95 

Ile 94 0.64 0.52 0.70 0.81 0.51 1.21 0.54 0.43 0.94 0.94 0.69 1.01 

Met 95 --- --- --- 0.67 0.50 0.82 0.71 0.49 0.74 0.83 0.64 0.67 
Ser 121 --- --- --- 0.58 0.54 0.65 0.51 0.42 0.68 0.55 0.47 0.56 
Arg 
136/His136 --- --- --- 1.34 0.84 1.61 0.92 0.58 0.96 1.14 0.72 1.32 

Thr 165 0.49 0.42 0.70 0.45 0.37 0.93 0.47 0.38 0.56 0.48 0.40 0.61 
Val 167 --- --- --- 0.70 0.40 0.62 0.63 0.43 0.72 0.75 0.43 0.61 

Note: RMSD values of residues from loop 2 close to the active site have been highlighted in red, italic and underlined numbers. RMSD values higher than 

0.90 have been highlighted in bold. 
a
 all atoms have been used in the fluctuation calculations, 

b 
only α carbons have been used in the calculations. 
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Figure A3. Atomic fluctuation of residues from MD simulations of the free wild type protein with the 

closed loop 2 and the ADPNP-enzyme complex taking into account all the atoms (left of the picture) 

and α-carbon (right). Picture has been created with Gnuplot. 
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A) 

 

 

B) 

 

Figure A4. Main deviations in the active site of 1EI1-ADPNP complex specifically A) on loop 1 and 

B) loop 2. Residues labelled by name and highlighted in colours. The starting structure of the MD 

simulations is in brown colour for comparison with the snapshots from the trajectories. Picture has 

been created with Chimera and depicted in wall-eye stereo format. 
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Figure A5. Atomic fluctuation of residues from MD simulations of the free R136H mutated protein 

with the open loop 2 and the NOV-enzyme complex taking into account all the atoms (left of the 

picture) and α-carbon (right). Picture has been created with Gnuplot. 

 

 

 

 

Figure A6. Main deviations in the active site of 1AJ6(R136H)-NOV complex. Residues labelled by 

name and highlighted in colours. The starting structure of the MD simulations is in brown colour for 

comparison with the snapshots from the trajectories. Picture has been created with Chimera and 

depicted in wall-eye stereo format. Residues 39 to 58 have been removed to avoid a crowded picture.  
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Figure A7. Atomic fluctuation of residues from MD simulations of the free wild type protein with the 

open loop 2 and the NOV-enzyme complex taking into account all the atoms (left of the picture) and 

α-carbon (right). Picture has been created with Gnuplot. 

 

 

 

 

Figure A8. Main deviations in the active site of 1AJ6-NOV complex. Residues labelled by name and 

highlighted in colours. The starting structure of the MD simulations is in brown colour for comparison 

with the snapshots from the trajectories. Picture has been created with Chimera and depicted in wall-

eye stereo format.  
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Figure A9. Atomic fluctuation of residues from MD simulations of the free wild type protein with the 

open loop 2 and the CBN-enzyme complex taking into account all the atoms (left of the picture) and α-

carbon (right). Picture has been created with Gnuplot. 

 

 

 

 

Figure A10. Main deviations in the active site of 1KZN-CBN complex. Residues labelled by name 

and highlighted in colours. The starting structure of the MD simulations is in brown colour for 

comparison with the snapshots from the trajectories. Picture has been created with Chimera and 

depicted in wall-eye stereo format. Residues 39 to 58 have been removed to avoid a crowded picture.   
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Table A2: Energy decomposition results. For every residue under study, contribution to the relative binding free energy has been split into components and 

substructures and they are given in kcal/mol units. 

 System ΔEvdW(T) ΔEelect(T) ΔGGB(T) ΔGnonP ΔG(GB)-subt(S) ΔG(GB)-subt(B) ΔG(GB)-subt(T) 

Asn46 

1KZN-CBN -2.2(0.60) -2.84(0.94) 1.93(0.52) -0.27(0.03) -1.19(0.68) -2.19(0.48) -3.38(0.86) 

1AJ6-NOV -2.04(0.56) -1.32(0.82) 1.75(0.59) -0.27(0.03) -0.7(0.45) -1.19(0.47) -1.89(0.63) 

1AJ6(R136H)-NOV -1.86(0.62) -3.57(0.77) 2.12(0.49) -0.23(0.03) -0.74(0.42) -2.81(0.66) -3.55(0.74) 

Glu50(-) 

1KZN-CBN -2.55(0.26) 1.77(1.57) 0.69(1.72) -0.18(0.03) 0.04(0.72) -0.31(0.07) -0.27(0.73) 

1AJ6-NOV -2.38(0.29) -0.58(0.93) 3.17(1.23) -0.12(0.02) 0.43(0.69) -0.33(0.08) 0.09(0.69) 

1AJ6(R136H)-NOV -1.34(0.4) 0.81(1.18) 0.98(1.41) -0.09(0.02) 0.63(0.41) -0.28(0.07) 0.36(0.41) 

Asp73(-) 

1KZN-CBN -0.25(0.62) -5.51(1.04) 4.64(0.91) -0.02(0.01) -0.86(0.68) -0.28(0.09) -1.15(0.7) 

1AJ6-NOV 0.23(0.63) -6.68(0.99) 4.59(0.73) -0.01(0) -1.83(0.6) -0.04(0.04) -1.87(0.61) 

1AJ6(R136H)-NOV 0.32(0.62) -6.25(1.01) 3.95(0.95) -0.01(0) -1.97(0.76) -0.02(0.04) -1.99(0.76) 

Ile78 

1KZN-CBN -2.82(0.44) -0.14(0.18) 0.63(0.18) -0.27(0.05) -2.12(0.47) -0.48(0.14) -2.6(0.49) 

1AJ6-NOV -2.53(0.35) 0.09(0.12) 0.44(0.19) -0.26(0.03) -1.97(0.36) -0.28(0.18) -2.25(0.38) 

1AJ6(R136H)-NOV -2.63(0.32) -0.17(0.14) 0.79(0.16) -0.35(0.04) -2.23(0.34) -0.14(0.13) -2.37(0.35) 

Ile94 

1KZN-CBN -1.22(0.37) -0.2(0.08) 0.31(0.1) -0.16(0.04) -1.2(0.39) -0.08(0.03) -1.27(0.4) 

1AJ6-NOV -1.74(0.34) -0.11(0.05) 0.24(0.07) -0.17(0.03) -1.68(0.34) -0.1(0.04) -1.78(0.34) 

1AJ6(R136H)-NOV -1.91(0.38) -0.12(0.07) 0.31(0.1) -0.25(0.05) -1.84(0.4) -0.13(0.06) -1.97(0.41) 

Val120 

1KZN-CBN -0.65(0.17) 0.07(0.07) 0.01(0.08) -0.06(0.02) -0.59(0.15) -0.05(0.05) -0.63(0.17) 

1AJ6-NOV -0.43(0.11) 0.05(0.07) 0.11(0.06) -0.04(0.02) -0.34(0.11) 0.03(0.02) -0.31(0.12) 

1AJ6(R136H)-NOV -0.33(0.09) 0.01(0.04) 0.1(0.05) -0.02(0.02) -0.28(0.09) 0.03(0.02) -0.25(0.09) 

Thr165 

1KZN-CBN -1.8(0.29) -0.45(0.43) 0.74(0.37) -0.11(0.03) -1.19(0.37) -0.43(0.15) -1.62(0.4) 

1AJ6-NOV -0.77(0.21) -0.32(0.33) 0.41(0.32) -0.02(0.02) -0.62(0.22) -0.09(0.07) -0.71(0.22) 

1AJ6(R136H)-NOV -1.02(0.22) -0.13(0.51) 0.47(0.47) -0.06(0.02) -0.67(0.29) -0.07(0.07) -0.74(0.29) 

Val43 

1KZN-CBN -0.74(0.14) -0.12(0.12) 0.26(0.13) -0.03(0.01) -0.44(0.13) -0.19(0.09) -0.63(0.14) 

1AJ6-NOV -0.14(0.03) -0.6(0.08) 0.57(0.08) 0.00(0) 0.00(0.03) -0.17(0.07) -0.17(0.06) 

1AJ6(R136H)-NOV -0.1(0.02) -0.27(0.1) 0.24(0.11) 0.00(0) -0.04(0.03) -0.09(0.04) -0.13(0.04) 
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Ala47 

1KZN-CBN -1.59(0.26) 0.17(0.14) 0.02(0.13) -0.08(0.02) -0.4(0.22) -1.08(0.18) -1.48(0.29) 

1AJ6-NOV -0.7(0.13) 0.07(0.13) -0.13(0.11) -0.01(0) -0.17(0.04) -0.61(0.15) -0.77(0.17) 

1AJ6(R136H)-NOV -0.86(0.21) 0.08(0.15) 0.08(0.14) -0.01(0.01) -0.13(0.05) -0.58(0.2) -0.71(0.23) 

Arg76(+) 

1KZN-CBN -4.12(0.4) -2.87(3.73) 3.61(3.08) -0.39(0.08) -3.15(0.9) -0.63(0.18) -3.77(0.99) 

1AJ6-NOV -3.64(0.38) -0.06(0.82) 1.04(0.86) -0.34(0.04) -2.62(0.53) -0.38(0.1) -3.00(0.55) 

1AJ6(R136H)-NOV -1.33(0.89) -1.72(0.88) 2.21(0.9) -0.24(0.09) -0.89(0.74) -0.18(0.08) -1.07(0.8) 

Arg136(+)/ 

His136 

1KZN-CBN -0.5(0.37) -7.89(2.85) 7.91(2.45) -0.1(0.06) -0.61(0.58) 0.03(0.01) -0.58(0.58) 

1AJ6-NOV -0.58(0.31) -7.29(2.34) 7.48(2.01) -0.11(0.05) -0.53(0.52) 0.03(0.01) -0.51(0.52) 

1AJ6(R136H)-NOV -0.05(0.02) -0.01(0.19) 0.14(0.19) 0.00(0) 0.06(0.02) 0.02(0.01) 0.08(0.02) 

Gly77 

1KZN-CBN -0.74(0.25) 1.11(0.29) -0.85(0.24) -0.02(0.01) -0.03(0.04) -0.46(0.34) -0.49(0.34) 

1AJ6-NOV -0.6(0.2) 0.56(0.24) -0.51(0.3) -0.02(0.01) -0.01(0.04) -0.56(0.31) -0.57(0.31) 

1AJ6(R136H)-NOV -0.28(0.14) 0.02(0.2) -0.04(0.15) -0.01(0.01) -0.04(0.03) -0.27(0.11) -0.31(0.12) 

Pro79 

1KZN-CBN -3.38(0.76) -0.58(0.28) 1.03(0.27) -0.47(0.1) -2.7(0.72) -0.7(0.17) -3.4(0.82) 

1AJ6-NOV -3.23(0.48) -0.76(0.15) 1.06(0.15) -0.48(0.05) -2.78(0.47) -0.63(0.12) -3.41(0.52) 

1AJ6(R136H)-NOV -2.81(0.67) -0.48(0.19) 0.89(0.21) -0.48(0.07) -2.31(0.66) -0.57(0.17) -2.88(0.75) 

His83 

1KZN-CBN -0.05(0.14) 0.00(0.07) 0.03(0.09) -0.01(0.03) -0.03(0.09) 0.00(0.06) -0.04(0.15) 

1AJ6-NOV -1.21(0.31) -0.32(0.35) 0.73(0.32) -0.12(0.04) -0.56(0.33) -0.36(0.21) -0.93(0.39) 

1AJ6(R136H)-NOV -1.26(0.26) -0.26(0.28) 0.43(0.24) -0.08(0.03) -0.58(0.24) -0.58(0.19) -1.16(0.33) 

Pro84 

1KZN-CBN -0.02(0.08) -0.01(0.03) 0.01(0.03) 0(0.02) -0.01(0.09) 0(0.01) -0.02(0.1) 

1AJ6-NOV -0.49(0.35) -0.1(0.14) 0.1(0.11) -0.11(0.08) -0.55(0.41) -0.04(0.04) -0.6(0.44) 

1AJ6(R136H)-NOV -1.08(0.31) -0.19 (0.17) 0.21(0.14) -0.24(0.06) -1.18(0.33) -0.12(0.04) -1.3(0.35) 

Ala90 

1KZN-CBN -0.41(0.3) -0.07(0.09) 0.2(0.12) -0.06(0.06) -0.25(0.24) -0.09(0.11) -0.34(0.32) 

1AJ6-NOV -0.79(0.27) -0.19(0.16) 0.45(0.21) -0.06(0.02) -0.34(0.25) -0.25(0.16) -0.59 (0.3) 

1AJ6(R136H)-NOV -0.99(0.29) -0.12(0.16) 0.29(0.19) -0.08(0.02) -0.41(0.25) -0.49(0.19) -0.9(0.3) 

Phe104 

1KZN-CBN -1.66(0.89) -0.03(0.19) 0.7(0.38) -0.28(0.17) -1.15(0.83) -0.12(0.26) -1.27(0.96) 

1AJ6-NOV -3.31(0.51) -0.1(0.23) 0.55(0.27) -0.38(0.05) -2.33(0.51) -0.9(0.25) -3.23(0.54) 

1AJ6(R136H)-NOV -2.7(0.52) -0.39(0.28) 0.93(0.29) -0.37(0.07) -2.09(0.48) -0.44(0.24) -2.53 (0.5) 
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Asn107 

1KZN-CBN -1.09(0.75) -0.34(0.98) 1.24(1.18) -0.2(0.13) -0.33(0.48) -0.07(0.14) -0.4(0.51) 

1AJ6-NOV -1.41(0.27) 0.26(0.24) 0.55(0.29) -0.12(0.03) -0.69(0.27) -0.04(0.05) -0.72(0.29) 

1AJ6(R136H)-NOV -1.67(0.67) -0.16(0.65) 1.11(0.66) -0.25(0.08) -0.7(0.57) -0.27(0.15) -0.97(0.66) 

Lys110 

1KZN-CBN -0.57(0.41) -1.45(1.84) 2.56(2.43) -0.12(0.09) 0.4(0.79) 0.02(0.03) 0.42(0.79) 

1AJ6-NOV -0.59(0.21) -1.04(0.84) 2.02(1.37) -0.12(0.05) 0.2(0.6) 0.07(0.02) 0.27(0.6) 

1AJ6(R136H)-NOV -1.01(0.48) -1.65(1.55) 1.55(1.21) -0.14(0.03) -1.3(1.25) 0.05(0.04) -1.25(1.26) 

Val71 

1KZN-CBN -0.65(0.15) -0.03(0.08) -0.01(0.05) -0.02(0.01) -0.29(0.14) -0.43(0.1) -0.72(0.17) 

1AJ6-NOV -0.05(0.01) 0.00(0.04) 0.04(0.05) 0(0) -0.01(0.02) -0.01(0.01) -0.02(0.02) 

1AJ6(R136H)-NOV -0.05(0.01) 0.00(0.03) 0.00(0.04) 0.00(0) -0.04(0.02) -0.01(0.01) -0.05(0.03) 

Val167 

1KZN-CBN -0.64(0.23) 0.11(0.1) 0.00(0.05) -0.06(0.02) -0.48(0.19) -0.11(0.07) -0.59(0.2) 

1AJ6-NOV -0.09(0.03) 0.00(0.04) 0.02(0.05) 0(0.01) -0.04(0.03) -0.03(0.01) -0.07(0.04) 

1AJ6(R136H)-NOV -0.14(0.05) 0.12(0.06) -0.13(0.06) -0.02(0.01) -0.11(0.06) -0.05(0.02) -0.16(0.07) 

Glu42(-) 

1KZN-CBN -0.06(0.02) -0.87(0.29) 0.87(0.31) 0(0) 0.01(0.02) -0.07(0.02) -0.06(0.04) 

1AJ6-NOV -0.09(0.02) -1.62(0.3) 1.6(0.3) 0(0) 0.03(0.05) -0.13(0.04) -0.1 (0.06) 

1AJ6(R136H)-NOV -0.09(0.01) -1.02(0.28) 0.98(0.31) 0.00(0) -0.01(0.07) -0.12(0.05) -0.13(0.1) 

Ala100 

1KZN-CBN -0.01(0.01) -0.01(0.02) 0.05(0.02) 0(0) -0.01(0.00) 0.03(0.02) 0.02(0.02) 

1AJ6-NOV -0.04(0.01) -0.03(0.02) 0.07(0.03) 0(0) -0.02(0) 0.01(0.02) 0.00(0.02) 

1AJ6(R136H)-NOV -0.02(0.02) 0.01(0.03) 0.02(0.04) 0.00(0) -0.01(0.01) 0.02(0.02) 0.01(0.03) 

Gly101 

1KZN-CBN -0.04(0.03) 0.01(0.02) 0.05(0.04) 0(0.01) 0.03(0.02) -0.01(0.03) 0.01(0.03) 

1AJ6-NOV -0.04(0.02) 0.01(0.03) 0.07(0.04) 0(0) 0.00(0.01) 0.03(0.04) 0.03(0.03) 

1AJ6(R136H)-NOV -0.03(0.02) -0.06(0.05) 0.1(0.06) 0.00(0) 0.01(0.01) 0.00(0.03) 0.01(0.03) 

Gly102 

1KZN-CBN -0.05(0.05) 0.00(0.03) 0.05(0.05) 0(0.01) 0.01(0.01) -0.01(0.03) 0.00(0.03) 

1AJ6-NOV -0.07(0.03) -0.04(0.03) 0.12(0.06) 0(0) 0.01(0.01) -0.01(0.02) 0.01(0.02) 

1AJ6(R136H)-NOV -0.03(0.01) -0.06(0.04) 0.09(0.03) 0.00(0) 0.01(0.01) -0.01(0.01) 0.01(0.02) 

Lys103 

1KZN-CBN -0.16(0.12) -0.04(0.59) 0.28(0.59) -0.01(0.03) 0.05(0.09) 0.02(0.04) 0.07(0.1) 

1AJ6-NOV -0.68(0.57) -0.32(0.67) 0.77(0.88) -0.1(0.11) -0.25(0.36) -0.08(0.09) -0.34(0.41) 

1AJ6(R136H)-NOV -0.34(0.25) -0.47(0.84) 0.77(0.93) -0.04(0.06) -0.04(0.14) -0.03(0.06) -0.07(0.17) 
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Note: Δ corresponds to ΔX=ΔXcomp-ΔXrec-ΔXlig where X is every term displayed in the first column. Egas counts for the absolute energy in the gas phase 

which encompasses the terms for electrostatic energy (Eelect), the van der Waals interaction energy (EvdW) as Egas = Eelect + EvdW. The solvation free energy 

(ΔGsolv) includes the contribution of the polar (GPB/GB) and non-polar components (GnonP) as Gsolv = GnonP + GPB/GB where PB is related to Poisson Boltzmann 

and GB to generalized Born. The relative binding free energy (G(PB/GB)-subt) does not include the entropy term as is given by G(PB/GB)-subt = Egas + Gsolv. T, S, B 

counts for Total i.e. all residues atoms included, Side chain and Backbone respectively. 

         

Tyr109 

1KZN-CBN -0.11(0.05) -0.08(0.11) 0.18(0.11) 0(0.01) -0.02(0.01) 0.01(0.03) -0.01(0.04) 

1AJ6-NOV -0.03(0.01) -0.01(0.01) 0.04(0.02) 0.00(0) 0.00(0) 0.01(0.01) 0.01(0.01) 

1AJ6(R136H)-NOV -0.1(0.02) 0.03(0.06) 0.04(0.07) 0.00(0) -0.03(0.01) -0.01(0.02) -0.03(0.03) 

Gly114 

1KZN-CBN 0.00(0) 0.02(0.01) -0.01(0.01) 0.00(0) 0.0(0) 0.01(0) 0.01(0.01) 

1AJ6-NOV -0.01(0) 0.05(0.01) -0.02(0.01) 0(0) 0.01(0) 0.01(0) 0.03(0) 

1AJ6(R136H)-NOV 0.00(0) 0.04(0.01) 0.00(0.01) 0.00(0) 0.02(0.01) 0.01(0) 0.03(0.01) 

Leu115 

1KZN-CBN -0.01(0) -0.01(0.02) 0.03(0.02) 0(0) 0(0) 0.02(0.01) 0.02(0.01) 

1AJ6-NOV -0.01(0) 0.02(0.01) 0.01(0.01) 0(0) 0(0) 0.02(0.01) 0.02(0.01) 

1AJ6(R136H)-NOV -0.01(0) -0.02(0.01) 0.05(0.02) 0.00(0) 0.00(0) 0.02(0.01) 0.02(0.01) 

His116 

1KZN-CBN -0.01(0) -0.2(0.2) -0.12(0.2) 0(0) 0.01(0.01) 0.06(0.01) 0.07(0.02) 

1AJ6-NOV -0.01(0) 0.34(0.08) -0.27(0.08) 0.00(0) 0.01(0) 0.06(0.01) 0.06(0.01) 

1AJ6(R136H)-NOV -0.01(0) 0.37(0.1) -0.3(0.09) 0.00(0) 0.01(0) 0.06(0.01) 0.07(0.01) 

Gly117 

1KZN-CBN -0.02(0.01) 0.05(0.02) 0.04(0.04) 0(0) 0.03(0.01) 0.04(0.02) 0.06(0.03) 

1AJ6-NOV -0.02(0) 0.00(0.02) 0.09(0.02) 0(0) 0.03(0.01) 0.04(0.01) 0.07(0.01) 

1AJ6(R136H)-NOV -0.01(0) -0.02(0.01) 0.1(0.02) 0.00(0) 0.02(0.01) 0.04(0.01) 0.06(0.01) 

Val118 

1KZN-CBN -0.38(0.26) 0.08(0.07) 0.02(0.11) -0.02(0.03) -0.21(0.21) -0.09(0.09) -0.3(0.27) 

1AJ6-NOV -0.56(0.17) 0.02(0.04) 0.11(0.07) -0.05(0.02) -0.44(0.17) -0.03(0.03) -0.47(0.16) 

1AJ6(R136H)-NOV -0.33(0.18) -0.02(0.03) 0.11(0.05) -0.02(0.01) -0.21 (0.17) -0.05(0.04) -0.26(0.2) 

Gly119 

1KZN-CBN -0.06(0.02) 0.09(0.03) -0.05(0.03) 0(0) 0.07(0.02) -0.09(0.04) -0.02(0.02) 

1AJ6-NOV -0.06(0.02) 0.08(0.03) -0.02(0.02) 0(0) 0.07(0.01) -0.06(0.02) 0.01(0.02) 

1AJ6(R136H)-NOV -0.05(0.01) 0.04(0.02) 0.02(0.03) 0.00(0) 0.07(0.01) -0.05(0.03) 0.01(0.02) 



Appendices 

 

143 

 

Table A3: Relative binding free energies for the starting systems and for the respective alanine mutant structures. The residue mutated into alanine is 

highlighted in every case. The energies are in kcal/mol. 

 1KZN-CBN  1AJ6-NOV  1AJ6(R136H)-NOV  1EI1-ADPN  

ΔEvdW -70.43(6.06) -64.01(3.42) -58.08(3.88) -47.9(4.92) 

ΔEelect -40.44(9.88) -49.13(6.22) -56.56(5.92) -360.95(48) 

ΔGPB 76.73(11.23) 83.00(7.07) 81.21(5.79) 341.18(39.09) 

ΔGnonP-PB -8.48(0.66) -8.15(0.2) -8.27(0.22) -6.15(0.09) 

ΔG(PB)-subt -42.62(7.37) -38.3(4.93) -41.69(5.36) -73.83(11.28) 

ΔGGB 60.9(9.28) 65.98(5.01) 68.2(4.37) 320.21(38.72) 

ΔGnonP-GB -8.48(0.66) -8.15 (0.2) -8.27(0.22) -6.15(0.09) 

ΔG(GB)-subt -58.44(6.01) -55.31(3.44) -54.71(4.02) -94.8(11.85) 

 1KZN-CBN 1AJ6-NOV 1AJ6(R136H)-NOV 1EI1-ADPN 

 mut Delta-delta mut Delta-delta mut Delta-delta mut Delta-delta 

Asn46 

ΔEvdW -68.29(6.08) -2.14(0.50) -62.49(3.39) -1.52(0.47) -56.78(3.86) -1.3(0.50) -45.05(4.83) -2.85(0.98) 

ΔEelect -40.9(9.97) 0.46(1.34) -50.58(6.38) 1.45(0.68) -57.03(6.06) 0.47(0.70) -372.01(47.71) 11.06(4.48) 

ΔGPB 78.29(11.3) -1.56(2.09) 83.23(7.21) -0.23(1.30) 81.98(6.09) -0.77(2.61) 364.14(39.06) -22.96(3.24) 

ΔGnonP-PB -8.54(0.67) 0.06(0.08) -8.21(0.19) 0.06(0.07) -8.36(0.23) 0.09(0.06) -6.21(0.09) 0.06(0.05) 

ΔG(PB)-subt -39.43(7.34) -3.19(2.14) -38.05(4.93) -0.25(1.31) -40.19(5.61) -1.5(2.58) -59.13(11.17) -14.7(2.64) 

ΔGGB 62.2(9.52) -1.3(1.05) 67.04(5.12) -1.06(0.61) 69.28(4.46) -1.08(0.74) 341.46(38.34) -21.25(3.37) 

ΔGnonP-GB -8.54(0.67) 0.06(0.08) -8.21(0.19) 0.06(0.07) -8.36(0.23) 0.09(0.06) -6.21(0.09) 0.06(0.05) 

ΔG(GB)-subt -55.53(5.86) -2.91(1.09) -54.24(3.38) -1.07(0.59) -52.89(4.02) -1.82(0.71) -81.82(11.68) -12.98(2.44) 

Glu50 

ΔEvdW -66.47(6.08) -3.96(0.45) -61.08(3.34) -2.93(0.47) -56.51(3.95) -1.57(0.59) -45.77(4.92) -2.13(0.39) 

ΔEelect -43.74(9.66) 3.30(3.15) -46.89(6.13) -2.24(1.93) -57.63(5.89) 1.07(2.50) -490.4(48.19) 129.45(5.03) 

ΔGPB 86.09(11.73) -9.36(3.62) 87.21(7.26) -4.21(3.00) 79.53(5.92) 1.68(3.12) 462.54(39.04) -121.36(4.11) 

ΔGnonP-PB -8.57(0.67) 0.09(0.09) -8.21(0.19) 0.06(0.05) -8.3(0.22) 0.03(0.05) -6.24(0.09) 0.09(0.05) 

ΔG(PB)-subt -32.7(7.34) -9.92(3.45) -28.97(5.17) -9.33(2.99) -42.91(6.95) 1.22(4.20) -79.88(11.58) 6.05(3.93) 

ΔGGB 64.1(8.68) -3.20(3.10) 64.65(4.81) 1.33(1.84) 68.63(4.64) -0.43(2.16) 447.8(38.9) -127.59(4.91) 
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ΔGnonP-GB -8.57(0.67) 0.09(0.09) -8.21(0.19) 0.06(0.05) -8.3(0.22) 0.03(0.05) -6.24(0.09) 0.09(0.05) 

ΔG(GB)-subt -54.68(5.93) -3.76(0.74) -51.53(3.36) -3.78(0.74) -53.8(4.1) -0.91(0.99) -94.62(11.88) -0.18(0.56) 

Asp73(-) 

ΔEvdW -70.98(5.96) 0.55(1.24) -64.88(3.23) 0.87(1.26) -59.08(3.71) 1(1.25) -47.48(4.85) -0.42(0.59) 

ΔEelect -29.06(9.71) -11.38(2.11) -35.44(6.12) -13.69(2.01) -43.7(6.02) -12.86(2.03) -469.22(47.94) 108.27(2.04) 

ΔGPB 77.2(11.02) -0.47(3.02) 87.37(7.21) -4.37(2.92) 83.22(6.17) -2.01(3.15) 442.48(38.67) -101.3(2.84) 

ΔGnonP-PB -8.53(0.67) 0.05(0.05) -8.18(0.2) 0.03(0.05) -8.29(0.22) 0.02(0.06) -6.2(0.09) 0.05(0.06) 

ΔG(PB)-subt -31.37(7.05) -11.25(3.08) -21.14(5.21) -17.16(3.07) -27.86(5.57) -13.83(3.10) -80.42(11.42) 6.59(2.63) 

ΔGGB 56.55(9.04) 4.35(1.68) 60.5(5.09) 5.48(1.39) 63.68(4.88) 4.52(1.80) 427.64(38.6) -107.43(1.84) 

ΔGnonP-GB -8.53(0.67) 0.05(0.05) -8.18(0.2) 0.03(0.05) -8.29(0.22) 0.02(0.06) -6.2(0.09) 0.05(0.06) 

ΔG(GB)-subt -52.02(5.91) -6.42(1.10) -48.01(3.36) -7.3(1.02) -47.39(3.82) -7.32(1.38) -95.26(11.87) 0.46(0.79) 

Ile78 

ΔEvdW -67.35(5.81) -3.08(0.82) -60.96(3.35) -3.05(0.66) -55.14(3.81) -2.94(0.63) -45.33(4.94) -2.57(0.50) 

ΔEelect -40.44(9.88) 0.00(0.09) -49.33(6.22) 0.2(0.07) -56.57(5.92) 0.01(0.09) -358.35(48.01) -2.6(0.28) 

ΔGPB 76.24(11.14) 0.49(0.90) 82.84(6.99) 0.16(1.16) 80.42(5.73) 0.79(1.27) 338.57(39.12) 2.61(1.19) 

ΔGnonP-PB -8.59(0.67) 0.11(0.09) -8.22(0.2) 0.07(0.07) -8.32(0.23) 0.05(0.08) -6.22(0.09) 0.07(0.06) 

ΔG(PB)-subt -40.14(7.21) -2.48(1.17) -35.67(4.88) -2.63(1.42) -39.61(5.3) -2.08(1.40) -71.33(11.27) -2.5(1.25) 

ΔGGB 60.99(9.3) -0.09(0.16) 66.08(4.99) -0.1(0.16) 67.97(4.37) 0.23(0.19) 318.24(38.74) 1.97(0.23) 

ΔGnonP-GB -8.59(0.67) 0.11(0.09) -8.22(0.2) 0.07(0.07) -8.32(0.23) 0.05(0.08) -6.22(0.09) 0.07(0.06) 

ΔG(GB)-subt -55.39(5.79) -3.05(0.85) -52.43(3.41) -2.88(0.69) -52.06(3.97) -2.65(0.65) -91.66(11.83) -3.14(0.54) 

Ile94 

ΔEvdW -68.93(6.01) -1.5(0.76) -61.48(3.38) -2.53(0.67) -55.52(3.79) -2.56(0.68) -45.8(4.91) -2.1(0.50) 

ΔEelect -40.29(9.88) -0.15(0.05) -49.06(6.22) -0.07(0.04) -56.48(5.92) -0.08(0.06) -360.04(47.98) -0.91(0.41) 

ΔGPB 76.55(10.96) 0.18(1.11) 83.9(6.98) -0.9(0.89) 81.08(5.73) 0.13(1.07) 340.1(39.08) 1.08(0.97) 

ΔGnonP-PB -8.63(0.65) 0.15(0.08) -8.35(0.2) 0.2(0.06) -8.42(0.21) 0.15(0.09) -6.23(0.09) 0.08(0.04) 

ΔG(PB)-subt -41.3(7.52) -1.32(1.39) -34.99(4.86) -3.31(1.10) -39.34(5.27) -2.35(1.33) -71.97(11.28) -1.86(1.05) 

ΔGGB 60.81(9.3) 0.09(0.10) 65.92(5.01) 0.06(0.09) 68.16(4.37) 0.04(0.10) 319.85(38.73) 0.36(0.38) 

ΔGnonP-GB -8.63(0.65) 0.15(0.08) -8.35(0.2) 0.2(0.06) -8.42(0.21) 0.15(0.09) -6.23(0.09) 0.08(0.04) 

ΔG(GB)-subt -57.03(5.91) -1.41(0.77) -52.96(3.38) -2.35(0.69) -52.26(3.95) -2.45(0.69) -92.22(11.8) -2.58(0.57) 
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Val120 

ΔEvdW -69.67(6.07) -0.76(0.24) -63.55(3.42) -0.46(0.18) -57.69(3.88) -0.39(0.12) -46.54(4.92) -1.36(0.55) 

ΔEelect -40.23(9.88) -0.21(0.08) -48.96(6.23) -0.17(0.06) -56.46(5.92) -0.1(0.04) -344.72(47.73) -16.23(1.36) 

ΔGPB 76.62(11.14) 0.11(0.76) 82.73(7.1) 0.27(0.96) 80.39(5.68) 0.82(1.17) 333.67(38.93) 7.51(1.39) 

ΔGnonP-PB -8.54(0.66) 0.06(0.08) -8.2(0.2) 0.05(0.06) -8.3(0.22) 0.03(0.05) -6.21(0.09) 0.06(0.05) 

ΔG(PB)-subt -41.83(7.39) -0.79(0.83) -37.97(4.91) -0.33(0.97) -42.06(5.3) 0.37(1.18) -63.8(11.28) -10.03(1.53) 

ΔGGB 60.69(9.28) 0.21(0.14) 65.72(5.02) 0.26(0.06) 68.14(4.37) 0.06(0.10) 316.24(38.55) 3.97(1.11) 

ΔGnonP-GB -8.54(0.66) 0.06(0.08) -8.2(0.2) 0.05(0.10) -8.3(0.22) 0.03(0.05) -6.21(0.09) 0.06(0.05) 

ΔG(GB)-subt -57.75(6.03) -0.69(0.28) -54.99(3.42) -0.32(0.22) -54.31(4) -0.4(0.14) -81.23(11.68) -13.57(1.38) 

Thr165 

ΔEvdW -68.63(6.12) -1.93(0.46) -63.34(3.41) -0.67(0.23) -56.87(3.86) -1.21(0.38) -47.19(4.88) -0.71(0.68) 

ΔEelect -40.29(9.83) 0.76(1.93) -48.77(6.61) -0.36(0.54) -56.45(5.69) -0.11(0.84) -353.74(47.98) -7.21(2.67) 

ΔGPB 78.04(11.18) -2.3(2.51) 83.58(7.01) -0.58(0.96) 81.87(5.8) -0.66(1.31) 336.81(39.17) 4.37(2.14) 

ΔGnonP-PB -8.51(0.66) 0.06(0.04) -8.16(0.2) 0.01(0.06) -8.3(0.23) 0.03(0.04) -6.18(0.09) 0.03(0.05) 

ΔG(PB)-subt -39.38(7.49) -3.41(2.01) -36.69(4.94) -1.61(1.01) -39.74(5.34) -1.95(1.38) -70.31(11.21) -3.52(1.32) 

ΔGGB 61.2(9.24) -0.86(1.67) 66.09(4.91) -0.11(0.44) 68.24(4.26) -0.04(0.68) 314.23(38.73) 5.98(2.03) 

ΔGnonP-GB -8.51(0.66) 0.06(0.04) -8.16(0.2) 0.01(0.06) -8.3(0.23) 0.03(0.04) -6.18(0.09) 0.03(0.05) 

ΔG(GB)-subt -56.22(6.05) -1.97(0.65) -54.17(3.4) -1.14(0.34) -53.37(3.94) -1.34(0.45) -92.89(11.85) -1.91(0.81) 

Val43 

ΔEvdW -69.95(6.05) -0.48(0.25) -63.94(3.43) -0.07(0.02) -58.04(3.88) -0.04(0.02) -47.75(4.92) -0.15(0.05) 

ΔEelect -40.08(9.89) -0.36(0.11) -49.21(6.24) 0.08(0.08) -56.63(5.93) 0.07(0.04) -362.46(48.01) 1.51(0.66) 

ΔGPB 77.62(11.19) -0.89(0.68) 82.97(7.05) 0.03(0.77) 80.97(5.74) 0.24(0.93) 341.68(39.15) -0.5(1.28) 

ΔGnonP-PB -8.53(0.66) 0.05(0.05) -8.15(0.2) 0(0.05) -8.27(0.22) 0(0.03) -6.14(0.09) -0.01(0.03) 

ΔG(PB)-subt -40.94(7.42) -1.68(0.72) -38.34(4.92) 0.04(0.77) -41.96(5.37) 0.27(0.93) -74.67(11.21) 0.84(1.12) 

ΔGGB 60.9(9.29) 0.00(0.14) 66.1(5.02) -0.12(0.09) 68.38(4.38) -0.18(0.07) 322.46(38.75) -2.25(0.65) 

ΔGnonP-GB -8.53(0.66) 0.05(0.05) -8.15(0.2) 0(0.05) -8.27(0.22) 0(0.03) -6.14(0.09) -0.01(0.03) 

ΔG(GB)-subt -57.66(6) -0.78(0.28) -55.21(3.44) -0.1(0.08) -54.55(4.02) -0.16(0.07) -93.9(11.82) -0.9(0.15) 
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Arg76(+) 

ΔEvdW -64.23(6.08) -6.2(0.64) -58.05(3.37) -5.96(0.60) -55.81(4.29) -2.27(1.52) -47.61(4.92) -0.29(0.06) 

ΔEelect -35.0(12.85) -5.44(7.16) -48.67(6.49) -0.46(1.50) -53.47(6.17) -3.09(1.62) -252.67(47.92) -108.28(2.75) 

ΔGPB 70.89(14.13) 5.84(6.17) 81.02(7.1) 1.98(2.38) 76.52(5.91) 4.69(2.28) 236.67(38.97) 104.51(2.57) 

ΔGnonP-PB -8.15(0.74) -0.33(0.14) -8.01(0.2) -0.14(0.07) -7.99(0.24) -0.28(0.11) -6.15(0.09) 0(0.04) 

ΔG(PB)-subt -36.49(7.59) -6.13(2.25) -33.71(4.69) -4.59(2.14) -40.74(5.62) -0.95(2.10) -69.76(11.33) -4.07(0.78) 

ΔGGB 55.29(12.62) 5.61(6.20) 65.73(5.44) 0.25(1.50) 64.87(4.66) 3.33(1.79) 213.95(38.67) 106.26(2.64) 

ΔGnonP-GB -8.15(0.74) -0.33(0.14) -8.01(0.2) -0.14(0.07) -7.99(0.24) -0.28(0.11) -6.15(0.09) 0(0.04) 

ΔG(GB)-subt -52.09(6.34) -6.35(1.38) -49(3.37) -6.31(0.77) -52.4(4.28) -2.31(1.66) -92.48(11.83) -2.32(0.28) 

Arg136(+)/His136 

ΔEvdW -69.51(5.91) -0.92(5.66) -62.91(3.35) -1.10(0.62) -58.01(3.88) -0.07(0.04) -47.73(4.92) -0.17(0.07) 

ΔEelect -25.13(8) -15.31(0.75) -34.92(4.64) -14.21(4.66) -56.69(5.89) 0.13(0.39) -270.1(47.38) -90.85(4.65) 

ΔGPB 61.41(9.65) 15.32(4.47) 68.15(5.94) 14.85(3.92) 81.2(5.73) 0.01(0.92) 253.01(38.38) 88.17(4.34) 

ΔGnonP-PB -8.4(0.67) -0.08(0.09) -8.06(0.19) -0.09(0.06) -8.27(0.22) 0(0.05) -6.15(0.09) 0(0.06) 

ΔG(PB)-subt -41.63(7) -0.99(1.95) -37.74(4.82) -0.56(1.57) -41.77(5.35) 0.08(0.85) -70.97(11.31) -2.86(0.68) 

ΔGGB 46.51(7.55) 14.39(4.55) 52.46(3.84) 13.52(3.64) 68.27(4.32) -0.07(0.38) 230.62(38.05) 89.59(4.54) 

ΔGnonP-GB -8.4(0.67) -0.08(0.09) -8.06(0.19) -0.09(0.06) -8.27(0.22) 0(0.05) -6.15(0.09) 0(0.06) 

ΔG(GB)-subt -56.53(5.59) -1.91 (1.44) -53.43(3.15) -1.88(1.32) -54.7(4.02) -0.01(0.07) -93.35(11.83) -1.45(0.22) 

His83 

ΔEvdW -70.36(6.06) -0.07(0.20) -62.35(3.36) -1.66(0.53) -56.49(3.9) -1.59(0.43) -47.89(4.92) -0.01(0.01) 

ΔEelect -40.44(9.87) 0.00(0.10) -48.86(6.24) -0.27(0.73) -56.62(5.88) 0.06(0.40) -360.55(48.04) -0.4(1.35) 

ΔGPB 76.57(11.16) 0.16(0.64) 81.49(6.92) 1.51(1.20) 80.88(5.71) 0.33(1.04) 340.74(39.2) 0.44(1.31) 

ΔGnonP-PB -8.48(0.66) 0.00(0.06) -8.22(0.22) 0.07(0.07) -8.31(0.23) 0.04(0.08) -6.15(0.09) 0(0.04) 

ΔG(PB)-subt -42.72(7.38) 0.1(0.61) -37.93(4.88) -0.37(1.13) -40.56(5.29) -1.13(1.06) -73.86(11.26) 0.03(0.16) 

ΔGGB 60.9(9.27) 0.00(0.13) 65.19(5.03) 0.79(0.68) 67.97(4.41) 0.23(0.50) 319.84(38.82) 0.37(1.32) 

ΔGnonP-GB -8.48(0.66) 0.00(0.06) -8.22(0.22) 0.07(0.07) -8.31(0.23) 0.04(0.08) -6.15(0.09) 0(0.04) 

ΔG(GB)-subt -58.38(6) -0.06(0.19) -54.23(3.39) -1.08(0.57) -53.46(3.99) -1.25(0.44) -94.76(11.85) -0.04(0.06) 
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Phe104 

ΔEvdW -68.81(5.62) -1.62(1.33) -61.38(3.42) -2.63(0.66) -54.49(3.9) -3.59(1.09) -47.73(4.91) -0.17(0.09) 

ΔEelect -40.4(9.88) -0.04(0.20) -49.03(6.21) -0.1(0.16) -56.51(5.88) -0.05(0.33) -362.61(47.98) 1.66(0.56) 

ΔGPB 76.34(11.26) 0.39(0.96) 82.37(6.88) 0.63(1.12) 80.05(5.73) 1.16(1.12) 343.16(38.99) -1.98(0.81) 

ΔGnonP-PB -8.38(0.64) -0.1(0.16) -8.25(0.21) 0.1(0.06) -8.13(0.27) -0.14(0.12) -6.15(0.09) 0(0.05) 

ΔG(PB)-subt -41.25(6.93) -1.37(1.25) -36.29(4.85) -2.01(1.34) -39.08(5.32) -2.61(1.45) -73.33(11.34) -0.5(0.60) 

ΔGGB 60.79(9.31) 0.11(0.33) 65.93(5) 0.05(0.15) 67.79(4.33) 0.41(0.37) 322.16(38.7) -1.95(0.64) 

ΔGnonP-GB -8.38(0.64) -0.1(0.16) -8.25(0.21) 0.1(0.06) -8.13(0.27) -0.14(0.12) -6.15(0.09) 0(0.05) 

ΔG(GB)-subt -56.81(5.61) -1.63(1.20) -52.73(3.41) -2.58(0.62) -51.34(3.99) -3.37(1.04) -94.33(11.84) -0.47(0.27) 

Asn107 

ΔEvdW -69.28(5.73) -1.15(0.87) -62.4(3.4) -1.61(0.38) -56.34(3.77) -1.74(0.79) -47.9(4.92) 0(0.00) 

ΔEelect -39.82(9.36) -0.62(1.91) -49.43(6.24) 0.3(0.44) -55.91(5.7) -0.65(1.25) -360.05(48.08) -0.9(1.73) 

ΔGPB 75.09(10.48) 1.64(2.00) 82.76(7.02) 0.24(1.16) 78.82(5.62) 2.39(1.65) 340.31(39.15) 0.87(1.65) 

ΔGnonP-PB -8.38(0.64) -0.1(0.12) -8.11(0.2) -0.04(0.05) -8.13(0.22) -0.14(0.08) -6.15(0.09) 0(0.04) 

ΔG(PB)-subt -42.39(7.29) -0.23(1.68) -37.19(4.88) -1.11(1.20) -41.56(5.22) -0.13(1.43) -73.79(11.29) -0.04(0.16) 

ΔGGB 59.61(8.53) 1.29(1.88) 65.73(5.02) 0.25(0.05) 66.9(4.18) 1.3(1.17) 319.32(38.79) 0.89(1.71) 

ΔGnonP-GB -8.38(0.64) -0.1(0.0.12) -8.11(0.2) -0.04(0.42) -8.13(0.22) -0.14(0.08) -6.15(0.09) 0(0.04) 

ΔG(GB)-subt -57.88(5.82) -0.56(0.78) -54.21(3.42) -1.1(0.43) -53.49(3.92) -1.22(0.90) -94.78(11.85) -0.02(0.04) 

Lys110 

ΔEvdW -69.41(5.64) -1.02(0.80) -62.92(3.37) -1.09(0.41) -56.24(3.79) -1.84(0.96) -47.9(4.92) 0(0) 

ΔEelect -37.6(8.87) -2.84(3.66) -47.07(5.95) -2.06(1.65) -53.01(6.54) -3.55(3.02) -291.85(47.57) -69.1(2.86) 

ΔGPB 70.03(9.41) 6.7(4.71) 77.96(6.3) 5.04(3.18) 86.46(6.81) -5.25(4.66) 272.91(38.72) 68.27(2.85) 

ΔGnonP-PB -8.39(0.62) -0.09(0.12) -8.09(0.19) -0.06(0.08) -8.33(0.22) 0.06(0.07) -6.15(0.09) 0(0.05) 

ΔG(PB)-subt -45.37(6.47) 2.75(3.95) -40.11(4.78) 1.81(2.48) -31.12(6.37) -10.57(4.08) -72.99(11.29) -0.84(0.30) 

ΔGGB 58.45(8.44) 2.45(2.45) 64.32(4.88) 1.66(1.62) 72.27(4.95) -4.07(2.37) 251.99(38.35) 68.22(2.82) 

ΔGnonP-GB -8.39(0.62) -0.09(0.12) -8.09(0.19) -0.06(0.08) -8.33(0.22) 0.06(0.07) -6.15(0.09) 0(0.05) 

ΔG(GB)-subt -56.95(5.06) -1.49(2.00) -53.76(3.29) -1.55(0.94) -45.31(3.94) -9.4(1.63) -93.91(11.84) -0.89(0.06) 
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Val71 

ΔEvdW -70.14(6.05) -0.29(0.27) -63.96(3.42) -0.05(0.01) -58.04(3.88) -0.04(0.01) -47.87(4.92) -0.03(0.01) 

ΔEelect -40.6(9.87) 0.16(0.12) -49.06(6.22) -0.07(0.08) -56.55(5.9) -0.01(0.08) -361.15(47.95) 0.2(0.33) 

ΔGPB 76.49(11.16) 0.24(0.76) 82.76(7.02) 0.24(0.76) 80.99(5.76) 0.22(0.90) 341.38(39.19) -0.2(1.01) 

ΔGnonP-PB -8.51(0.66) 0.03(0.06) -8.15(0.2) 0(0.04) -8.27(0.22) 0(0.04) -6.15(0.09) 0(0.05) 

ΔG(PB)-subt -42.77(7.4) 0.15(0.79) -38.41(4.9) 0.11(0.76) -41.86(5.35) 0.17(0.89) -73.8(11.18) -0.03(1.01) 

ΔGGB 61.02(9.27) -0.12(0.12) 65.99(5) -0.01(0.08) 68.35(4.36) -0.15(0.10) 320.76(38.68) -0.55(0.34) 

ΔGnonP-GB -8.51(0.66) 0.03(0.06) -8.15(0.2) 0(0.04) -8.27(0.22) 0(0.04) -6.15(0.09) 0(0.05) 

ΔG(GB)-subt -58.24(6.01) -0.2(0.31) -55.18(3.44) -0.13(0.07) -54.5(4) -0.21(0.08) -94.42(11.84) -0.38(0.10) 

Val167 

ΔEvdW -69.88(6.02) -0.55(0.37) -63.92(3.42) -0.09(0.04) -57.94(3.88) -0.14(0.07) -47.8(4.93) -0.1(0.03) 

ΔEelect -40.78(9.87) 0.34(0.15) -49.2(6.23) 0.07(0.06) -56.75(5.92) 0.19(0.07) -362.15(48.03) 1.2(0.41) 

ΔGPB 76.83(11.19) -0.1(0.77) 82.73(7.01) 0.27(0.85) 80.81(5.71) 0.4(1.20) 342.51(39.13) -1.33(1.15) 

ΔGnonP-PB -8.53(0.66) 0.05(0.09) -8.15(0.2) 0(0.05) -8.26(0.22) -0.01(0.04) -6.15(0.09) 0(0.05) 

ΔG(PB)-subt -42.37(7.39) -0.25(0.84) -38.54(4.89) 0.24(0.84) -42.14(5.25) 0.45(1.18) -73.6(11.27) -0.23(1.17) 

ΔGGB 61.08(9.29) -0.18(0.14) 66.13(5.02) -0.15(0.08) 68.54(4.38) -0.34(0.11) 321.86(38.77) -1.65(0.43) 

ΔGnonP-GB -8.53(0.66) 0.05(0.09) -8.15(0.2) 0(0.05) -8.26(0.22) -0.01(0.04) -6.15(0.09) 0(0.05) 

ΔG(GB)-subt -58.11(5.99) -0.33(0.40) -55.13(3.43) -0.18(0.09) -54.42(3.99) -0.29(0.11) -94.25(11.82) -0.55(0.12) 

Glu42(-) 

ΔEvdW -70.39(6.06) -0.04(0.02) -63.93(3.42) -0.08(0.02) -57.99(3.88) -0.09(0.02) -47.59(4.93) -0.31(0.11) 

ΔEelect -38.81(9.7) -1.63(0.50) -46.37(6.26) -2.76(0.52) -54.67(5.91) -1.89(0.49) -545.9(49.69) 184.95(12.09) 

ΔGPB 74.28(10.89) 2.45(1.11) 79.18(7.13) 3.82(1.04) 77.89(5.57) 3.32(1.62) 515.75(41.47) -174.57(10.30) 

ΔGnonP-PB -8.48(0.66) 0(0.07) -8.15(0.19) 0(0.04) -8.27(0.22) 0(0.05) -6.14(0.09) -0.01(0.05) 

ΔG(PB)-subt -43.41(7.22) 0.79(0.99) -39.26(4.93) 0.96(0.96) -43.04(5.09) 1.35(1.57) -83.88(10.57) 10.05(2.78) 

ΔGGB 59.4(9.03) 1.5(0.50) 63.51(5.02) 2.47(0.52) 66.79(4.38) 1.41(0.53) 500.29(40.29) -180.08(10.87) 

ΔGnonP-GB -8.48(0.66) 0(0.07) -8.15(0.19) 0(0.04) -8.27(0.22) 0(0.05) -6.14(0.09) -0.01(0.05) 

ΔG(GB)-subt -58.29(6.02) -0.15(0.09) -54.94(3.44) -0.37(0.10) -54.14(3.99) -0.57(0.16) -99.34(11.89) 4.54(1.31) 
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Lys103 

ΔEvdW -70.29(6.02) -0.14(0.16) -63.52(3.36) -0.49(0.75) -57.84(3.89) -0.24(0.35) -45.98(4.7) -1.92(1.58) 

ΔEelect -40.42(9.99) -0.02(1.20) -48.85(6.19) -0.28(1.22) -56.09(5.81) -0.47(1.59) -127.09(47.45) -233.86(5.10) 

ΔGPB 76.21(11.22) 0.52(1.41) 81.32(6.71) 1.68(2.27) 79.86(5.45) 1.35(2.14) 153.91(38.38) 187.27(4.96) 

ΔGnonP-PB -8.47(0.66) -0.01(0.07) -8.09(0.16) -0.06(0.12) -8.23(0.2) -0.04(0.09) -6.31(0.09) 0.16(0.06) 

ΔG(PB)-subt -42.97(7.37) 0.35(0.75) -39.14(4.89) 0.84(1.13) -42.29(5.29) 0.6(1.10) -25.47(12.04) -48.36(4.56) 

ΔGGB 60.73(9.31) 0.17(1.19) 65.38(4.87) 0.6(1.38) 67.59(4.07) 0.61(1.66) 108.79(38.62) 211.42(3.58) 

ΔGnonP-GB -8.47(0.66) -0.01(0.07) -8.09(0.16) -0.06(0.12) -8.23(0.2) -0.04(0.09) -6.31(0.09) 0.16(0.06) 

ΔG(GB)-subt -58.45(5.99) 0.01(0.13) -55.07(3.4) -0.24(0.55) -54.56(4.03) -0.15(0.25) -70.59(10.98) -24.21(2.52) 

Tyr109 

ΔEvdW -70.39(6.07) -0.04(0.03) -63.99(3.42) -0.02(0.01) -58.01(3.88) -0.07(0.02) -45.89(4.91) -2.01(0.46) 

ΔEelect -40.4(9.86) -0.04(0.06) -49.13(6.22) 0(0.03) -56.43(5.91) -0.13(0.05) -363.24(47.84) 2.29(1.41) 

ΔGPB 76.63(11.16) 0.1(0.62) 82.98(7.03) 0.02(0.72) 80.94(5.74) 0.27(0.85) 341.28(38.66) -0.1(2.44) 

ΔGnonP-PB -8.48(0.66) 0(0.08) -8.15(0.2) 0(0.05) -8.27(0.22) 0(0.03) -6.08(0.08) -0.07(0.06) 

ΔG(PB)-subt -42.65(7.38) 0.03(0.62) -38.29(4.91) -0.01(0.72) -41.77(5.36) 0.08(0.85) -73.93(11.41) 0.1(1.67) 

ΔGGB 60.89(9.26) 0.01(0.05) 65.99(5) -0.01(0.03) 68.11(4.36) 0.09(0.06) 321.79(38.5) -1.58(1.55) 

ΔGnonP-GB -8.48(0.66) 0(0.08) -8.15(0.2) 0(0.05) -8.27(0.22) 0(0.03) -6.08(0.08) -0.07(0.06) 

ΔG(GB)-subt -58.38(6.02) -0.06(0.09) -55.28(3.44) -0.03(0.05) -54.59(4.01) -0.12(0.06) -93.42(11.87) -1.38(0.70) 

Leu115 

ΔEvdW -70.42(6.06) -0.01(0) -64(3.42) -0.01(0) -58.07(3.88) -0.01(0.00) -47.72(4.92) -0.18(0.05) 

ΔEelect -40.44(9.88) 0(0) -49.14(6.23) 0.01(0.01) -56.56(5.92) 0(0.01) -363.2(48.02) 2.25(0.34) 

ΔGPB 76.67(11.2) 0.06(0.59) 83.07(7.03) -0.07(0.73) 81.14(5.75) 0.07(0.86) 342.76(39.05) -1.58(0.32) 

ΔGnonP-PB -8.48(0.66) 0(0.06) -8.15(0.2) 0(0.05) -8.26(0.22) -0.01(0.03) -6.15(0.09) 0(0.05) 

ΔG(PB)-subt -42.67(7.39) 0.05(0.59) -38.22(4.92) -0.08(0.73) -41.76(5.36) 0.07(0.86) -74.3(11.35) 0.47(0.33) 

ΔGGB 60.9(9.28) 0(0.01) 65.99(5.01) -0.01(0.01) 68.21(4.37) -0.01(0.01) 322.02(38.75) -1.81(0.30) 

ΔGnonP-GB -8.48(0.66) 0(0.06) -8.15(0.2) 0(0.05) -8.26(0.22) -0.01(0.03) -6.15(0.09) 0(0.05) 

ΔG(GB)-subt -58.43(6.01) -0.01(0.06) -55.3(3.44) -0.01(0.05) -54.69(4.02) -0.02(0.03) -95.05(11.84) 0.25(0.33) 
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Note: Δ corresponds to ΔX=ΔXcomp-ΔXrec-ΔXlig where X is every term displayed in the first column. Egas counts for the absolute energy in the gas phase which 

encompasses the terms for electrostatic energy (Eelect), the van der Waals interaction energy (EvdW) as Egas = Eelect + EvdW. The solvation free energy (ΔGsolv) 

includes the contribution of the polar (GPB/GB) and non-polar components (GnonP) as Gsolv = GnonP + GPB/GB where PB is related to Poisson Boltzmann and GB to 

generalized Born. The relative binding free energy (G(PB/GB)-subt) does not include the entropy term as is given by G(PB/GB)-subt = Egas + Gsolv. The first data is 

related to the original 4 complexed systems without alanine mutations, next the energy calculations results are shown for mutating the residue stated in bold 

letters and finally Delta-delta is the difference between the values of relative binding free energy of wildtype and alanine mutant structures.  

Hip116 

ΔEvdW -70.42(6.06) -0.01(0.01) -64.01(3.42) 0(0) -58.07(3.88) -0.01(0.00) -47.46(4.9) -0.44(0.66) 

ΔEelect -40.87(10.05) 0.43(0.39) -49.9(6.21) 0.77(0.18) -57.33(5.91) 0.77(0.20) -168.76(34.79) -192.19(21.51) 

ΔGPB 77.16(11.48) -0.43(0.80) 83.78(7.01) -0.78(0.77) 81.76(5.77) -0.55(0.92) 160.48(29.04) 180.7(17.33) 

ΔGnonP-PB -8.48(0.66) 0(0.06) -8.15(0.19) 0(0.04) -8.27(0.22) 0(0.04) -6.14(0.09) -0.01(0.05) 

ΔG(PB)-subt -42.62(7.38) 0(0.70) -38.27(4.92) -0.03(0.76) -41.9(5.38) 0.21(0.89) -61.87(8.92) -11.96(4.60) 

ΔGGB 61.26(9.49) -0.36(0.38) 66.65(5) -0.67(0.18) 68.87(4.37) -0.67(0.20) 141.62(29.77) 178.59(16.13) 

ΔGnonP-GB -8.48(0.66) 0(0.06) -8.15(0.19) 0(0.04) -8.27(0.22) 0(0.04) -6.14(0.09) -0.01(0.05) 

ΔG(GB)-subt -58.51(6.02) 0.07(0.06) -55.4(3.44) 0.09(0.04) -54.79(4.02) 0.08(0.05) -80.73(8.31) -14.07(5.60) 

Val118 

ΔEvdW -70.07(6.04) -0.36(0.31) -63.42(3.42) -0.59(0.29) -57.71(3.84) -0.37(0.25) -47.44(4.92) -0.46(0.25) 

ΔEelect -40.37(9.89) -0.07(0.08) -49.16(6.22) 0.03(0.07) -56.56(5.92) 0(0.03) -342.44(47.67) -18.51(1.48) 

ΔGPB 76.77(11.22) -0.04(0.99) 84.44(7.14) -1.44(1.70) 81.88(5.85) -0.67(2.00) 329.79(39.55) 11.39(1.39) 

ΔGnonP-PB -8.5(0.67) 0.02(0.07) -8.22(0.19) 0.07(0.06) -8.31(0.23) 0.04(0.06) -6.15(0.09) 0(0.05) 

ΔG(PB)-subt -42.16(7.35) -0.46(1.14) -36.36(5.04) -1.94(1.73) -40.69(5.42) -1(2.12) -66.25(10.61) -7.58(1.50) 

ΔGGB 60.92(9.27) -0.02(0.10) 66.1(5.01) -0.12(0.13) 68.26(4.38) -0.06(0.07) 313.17(39.23) 7.04(1.39) 

ΔGnonP-GB -8.5(0.67) 0.02(0.07) -8.22(0.19) 0.07(0.06) -8.31(0.23) 0.04(0.06) -6.15(0.09) 0(0.05) 

ΔG(GB)-subt -58.01(6.01) -0.43(0.33) -54.7(3.43) -0.61(0.30) -54.31(3.98) -0.4(0.27) -82.87(10.96) -11.93(1.69) 
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Appendix B: Chapter 3 

 

Table B1. Structural details of the dataset used in the study. 

 

ID
 

R1 R2 R3 R4 R5 

ID6 H H Cl Cl --- 

ID7 H -CH3 Cl Cl --- 

ID8 H -C2H5 Cl Cl --- 

ID9 cyclopropyl -C2H5 Cl Cl --- 

ID10 -C2H5 -C2H5 Cl Cl --- 

ID11 H -C2H5 F H --- 

ID12 H H Cl Cl H 

ID13 H -CH3 Cl Cl H 

ID14 H -C2H5 Cl Cl H 

ID15 cyclopropyl -C2H5 Cl Cl H 

ID16 H -C2H5 F H H 

ID17 H -C2H5 Cl Cl -COCH3 

ID18 H -C2H5 Cl Cl -COOCH2CH3 

ID19 H -C2H5 Cl Cl -NCOCH3 

ID20 H -C2H5 Cl Cl -NHCONH(CH2)3CH3 



Appendices 

 

152 

 

 

ID22-ID34 derivatives of cyclothialidine 

ID R1 R2 R3 R4 R5 R6 X 
Configuration 

at C4/C7/C8 

ID22 -CH3 -OH -OH -H -H -H O --- 

ID23 -CH3 -OCH3 -OH -COOCH3 -OH -H O R/S/- 

ID24 -H -OH -OH -COOCH3 

 

-H O R/S/- 

ID25 -CH3 -OH -OH -COOCH3 

 

-H O R/R/- 

ID26 -CH3 -OH -OH -COOCH3 

 

-H O S/S/- 

ID27 -CH3 -OH -OH -COOCH3 

 

 

-H O S/R/- 

ID28 -CH3 -OCH3 -OH -COOCH3 

 

-H O R/S/- 

ID29 -CH3 -OH -OH -COOCH3 -CONHCH2CH2OH -H O R/S/- 

ID30 -CH3 -OCH3 -OH 3-Me-ODA
a -H -H O R/-/- 

ID31 -CH3 -OCH3 -OH 3-Me-ODA
a -H -H S R/-/- 

ID32 -CH3 -OCH3 -OH 3-Me-ODA
a -H -CH2OH S R/-/S 

ID33 -CH3 -OH -OH -NH-Ala-OH -NH-3Hyp-Ser H O R/S/- 

ID34 -CH3 -OH -OH -NH-Ala-OH -NH-3Hyp-Ala H O R/S/- 

a
: 3-Methyl-1,2,4-oxadiazol-5-yl 
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ID35-ID50 derivatives of Novobiocin 

ID R1 R2 R3 R4 R5 

ID35 
 

-CH3 -CH3 -H -CH2NH3
+ 

ID36 
 

-CH3 -CH3 -H 
 

ID37 
 

-CH3 -CH3 -H 
 

ID38 
 

-CH3 -CH3 -H 
 

ID39 
 

-CH3 -CH3 -H 
 

ID40 
 

-CH3 -CH3 -H 
 

ID41 
 

-H -H -H 
 

ID42 
 

-H -H -H 
 

ID43 
 

-H -CH3 -H  

ID44 
 

-CH3 -Cl 

 

-OH 

ID45 -NH2 -CH3 -CH3 -COOEt -O
-
 

ID46 
 

-CH3 -CH3 -COOEt -O
-
 

ID47 
 

-CH3 -CH3 -COOEt -O
-
 

ID48 
 

-CH3 -CH3 -COOEt -O
-
 

ID49  -CH3 -CH3 -COOEt -O
-
 

ID50 -NH2 -CH3 -CH3 

 

-OH 
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Table B2. Pearson r correlation coefficient between the predictions calculated by the different scoring and rescoring functions used in the study. 

  Autodock4.2 Shapegauss PLP Chemgauss3 Chemscore OEChemscore Screenscore Zapbind MM-PBSA MM-GBSA 

Autodock4.2  0.49 0.74 0.58 0.52 0.45 0.68 0.25 0.50 0.47 

Shapegauss 0.49  0.87 0.74 0.55 0.85 0.82 0.37 0.58 0.71 

PLP 0.74 0.87  0.83 0.73 0.78 0.91 0.37 0.61 0.69 

Chemgauss3 0.58 0.74 0.83  0.64 0.76 0.76 0.30 0.42 0.50 

Chemscore 0.52 0.55 0.73 0.64  0.65 0.77 0.67 0.70 0.71 

OEChemscore 0.45 0.85 0.78 0.76 0.65  0.72 0.52 0.57 0.71 

Screenscore 0.68 0.82 0.91 0.76 0.77 0.72  0.56 0.65 0.69 

Zapbind 0.25 0.37 0.37 0.30 0.67 0.52 0.56  0.54 0.62 

MM-PBSA 0.50 0.58 0.61 0.42 0.70 0.57 0.65 0.54  0.87 

MM-GBSA 0.47 0.71 0.69 0.50 0.71 0.71 0.69 0.62 0.87  

 

Table B3. Results from applying molecular docking. Energy values resulting from applying different scoring functions.  

ID Ranka Autodock4.2 Shapegauss PLP Chemgauss3 Chemscore OEChemscore Screenscore Biological 

Activity 

(μg/ml) 

Biological 

Activity 

(μM) 

Log(Act)b 

ID1 1 -6.59 -310.22 -29.82 -57.09 -13.66 -23.82 -81.70 8 41.19 1.61 

ID2 3 -8.26 -441.51 -48.98 -74.63 -15.75 -31.32 -152.14 8 24.82 1.39 

ID3 1 -9.82 -585.13 -70.58 -103.84 -25.73 -41.68 -199.51 0.25 0.58 -0.23 

ID4 3 -9.91 -438.32 -49.52 -38.10 -20.84 -31.78 -128.23 0.03 0.06 -1.21 

ID5 1 -9.15 -504.54 -53.07 -82.03 -19.23 -36.08 -141.77 0.25 0.64 -0.19 

ID6 1 -9.36 -509.55 -61.51 -84.30 -21.10 -34.60 -154.77 1 2.31 0.36 

ID7 1 -9.61 -536.49 -65.37 -90.53 -22.89 -37.20 -163.53 1 2.24 0.35 

ID8 1 -9.78 -543.95 -63.25 -92.40 -22.44 -39.60 -160.74 0.25 0.54 -0.27 
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ID9 1 -9.56 -635.84 -82.53 -117.15 -29.67 -47.20 -198.41 8 15.99 1.2 

ID10 1 -10.58 -603.26 -75.93 -103.50 -26.27 -42.95 -183.90 8 16.38 1.21 

ID11 1 -8.74 -503.24 -51.05 -70.31 -14.86 -33.72 -118.12 8 19.54 1.29 

ID12 3 -8.99 -558.55 -67.06 -84.46 -22.43 -32.22 -171.55 0.5 1.10 0.04 

ID13 1 -9.25 -582.52 -69.38 -88.69 -22.78 -34.93 -183.11 0.25 0.53 -0.27 

ID14 1 -9.24 -585.66 -69.97 -89.84 -22.25 -39.23 -187.52 0.06 0.12 -0.91 

ID15 1 -10.71 -678.03 -84.12 -107.52 -27.96 -43.46 -201.32 4 7.63 0.88 

ID16 1 -8.6 -566.68 -66.41 -81.82 -20.48 -39.06 -180.02 1 2.31 0.36 

ID17 1 -9.45 -614.53 -70.62 -87.81 -21.89 -40.30 -188.77 2 3.80 0.58 

ID18 1 -9.11 -648.72 -74.71 -86.16 -24.22 -38.88 -191.04 2 3.59 0.56 

ID19 2 -8.83 -637.83 -71.36 -84.70 -21.72 -38.05 -187.62 0.5 0.92 -0.03 

ID20 2 -9.24 -664.29 -74.73 -87.29 -23.48 -41.36 -193.15 0.5 0.84 -0.08 

ID21 1 -8.72 -510.15 -46.19 -72.41 -11.86 -26.58 -138.16 8 22.84 1.36 

ID22 1 -5 -416.24 -46.79 -65.99 -18.81 -30.61 -110.96 20 64.24 1.81 

ID23 1 -6.83 -515.33 -54.20 -79.21 -21.47 -35.71 -126.92 0.1 0.25 -0.6 

ID24 1 -6.93 -564.83 -52.15 -80.94 -13.57 -36.93 -130.08 0.5 1.06 0.03 

ID25 1 -6.83 -561.37 -55.30 -77.94 -11.79 -37.41 -130.21 1 2.06 0.31 

ID26 1 -6.79 -537.83 -47.59 -74.07 -11.15 -31.53 -123.77 4 8.26 0.92 

ID27 1 -7.4 -595.62 -56.32 -75.01 -14.10 -38.40 -131.56 10 20.64 1.31 

ID28 1 -7.72 -616.43 -60.50 -92.00 -16.60 -41.24 -140.89 0.2 0.40 -0.4 

ID29 2 -6.31 -550.35 -53.26 -79.00 -16.31 -38.13 -124.62 0.2 0.44 -0.36 

ID30 1 -8.12 -529.92 -55.37 -79.96 -22.61 -36.70 -136.17 0.05 0.12 -0.91 

ID31 1 -8.43 -537.93 -60.19 -83.81 -22.32 -38.58 -143.55 0.02 0.05 -1.33 

ID32 1 -7.97 -568.39 -63.40 -86.85 -21.81 -39.70 -152.21 0.01 0.02 -1.66 
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ID33 1 -11.31 -745.55 -86.84 -98.96 -18.15 -56.16 -189.07 0.05 0.08 -1.11 

ID34 1 -10.64          

ID35 3 -8.79 -598.66 -66.56 -103.36 -24.49 -47.29 -181.61 0.14 0.29 -0.54 

ID36 1 -9.37 -642.35 -74.57 -99.21 -24.83 -50.84 -185.87 0.11 0.20 -0.7 

ID37 1 -9.08 -624.34 -65.06 -96.62 -24.20 -46.90 -180.01 0.125 0.23 -0.64 

ID38 1 -9.69 -642.68 -75.41 -107.32 -25.19 -49.39 -188.33 0.25 0.47 -0.33 

ID39 1 -8.58 -701.25 -80.14 -108.37 -27.80 -53.67 -213.92 1.14 2.01 0.3 

ID40 1 -9.57 -619.47 -71.95 -100.69 -23.91 -47.55 -180.09 0.05 0.10 -1.01 

ID41 2 -8.54 -586.68 -62.22 -92.69 -20.61 -44.20 -165.62 0.76 1.56 0.19 

ID42 1 -8.95 -584.98 -65.32 -98.43 -24.83 -46.87 -162.20 8.06 16.07 1.21 

ID43 1 -9.19 -596.03 -65.93 -96.38 -22.58 -45.09 -170.22 0.5 1.03 0.01 

ID44 2 -8.75 -683.27 -73.85 -91.84 -29.29 -50.43 -186.46 0.147 0.21 -0.68 

ID45 3 -6.07 -479.64 -44.97 -54.49 -14.73 -32.81 -134.96 0.16 0.33 -0.48 

ID46 2 -6.93 -542.55 -51.56 -71.95 -20.80 -40.46 -148.17 0.66 1.27 0.1 

ID47 3 -6.67 -564.66 -50.62 -70.35 -20.00 -38.42 -148.80 10 19.10 1.28 

ID48 1 -7.53 -580.49 -55.82 -78.99 -22.55 -43.24 -163.63 0.13 0.24 -0.62 

ID49 1 -6.34 -587.48 -57.62 -85.18 -21.57 -40.36 -161.95 0.04 0.07 -1.13 

ID50 1 -7.42 -604.98 -59.27 -72.68 -26.59 -43.07 -174.65 0.25 0.41 -0.39 

a
 Rank is related to the Autodock4.2 search algorithm output models. 

b
 log(Act) = log[Biological Activity (μM)]. The experimental activity collected for 

GR122222X (ID34) was not measured under the same laboratory conditions as the rest of the compounds in this subset. For this reason, we used it for the 

assessment of the binding mode prediction, but it was not included in the energy/activity correlation study. 
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Table B4. Energy values resulting from applying rescoring functions. 

ID Zapbind MM-PBSA MM-GBSA Log(Act)
a 

ID1 -14.88 -24.15 -32.12 1.61 

ID2 -15.73 -30.78 -38.85 1.39 

ID3 -17.12 -40.19 -49.56 -0.23 

ID4 -23.45 -44.8 -52.65 -1.21 

ID5 -16.59 -39.02 -44.62 -0.19 

ID6 -16.07 -39.98 -45.65 0.36 

ID7 -17.40 -42.01 -45.33 0.35 

ID8 -18.47 -41.3 -43.09 -0.27 

ID9 -21.19 -45.61 -53.86 1.2 

ID10 -20.26 -41.9 -51.04 1.21 

ID11 -14.94 -30.6 -37.79 1.29 

ID12 -17.80 -36.62 -45.71 0.04 

ID13 -18.50 -39.22 -46.9 -0.27 

ID14 -20.30 -43 -51.07 -0.91 

ID15 -15.35 -45.39 -56.02 0.88 

ID16 -18.92 -38.02 -45.9 0.36 

ID17 -21.45 -40.05 -55.3 0.58 

ID18 -22.17 -36.22 -46.6 0.56 

ID19 -20.12 -44.56 -53.29 -0.03 

ID20 -22.55 -47.92 -55.91 -0.08 

ID21 -6.80 -27.51 -29.74 1.36 

ID22 -7.76 -24.67 -32.81 1.81 

ID23 -12.21 -39.15 -45.35 -0.6 

ID24 -13.37 -29.1 -38.57 0.03 

ID25 -12.28 -30.08 -37.62 0.31 

ID26 -14.13 -30.46 -39.46 0.92 

ID27 -3.86 -34.18 -45.74 1.31 

ID28 -12.71 -43.19 -50.97 -0.4 

ID29 -11.99 -30.89 -45.29 -0.36 

ID30 -12.18 -44.31 -47.94 -0.91 

ID31 -12.03 -42.27 -47.44 -1.33 

ID32 -12.29 -31.68 -41.36 -1.66 

ID33 -7.95 -40.82 -53.12 -1.11 

ID34  ------ ----  

ID35 -24.01 -34.43 -43.14 -0.54 

ID36 -23.99 -39.46 -48.16 -0.7 

ID37 -25.42 -43.49 -55.84 -0.64 
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ID38 -29.08 -40.73 -51.02 -0.33 

ID39 -27.38 -44.81 -54.16 0.3 

ID40 -22.85 -41.27 -53.44 -1.01 

ID41 -19.87 -39.92 -50.03 0.19 

ID42 -27.89 -39.64 -53.11 1.21 

ID43 -24.49 -39.92 -47.23 0.01 

ID44 -35.96 -45.04 -66.86 -0.68 

ID45 -20.17 -39.02 -41.09 -0.48 

ID46 -21.58 -42.51 -48.94 0.1 

ID47 -22.15 -40.55 -48.66 1.28 

ID48 -24.51 -43.59 -54.61 -0.62 

ID49 -22.34 -43.96 -53.62 -1.13 

ID50 -26.19 -39.44 -44.82 -0.39 

                                a
 The same as 

b
 in Table B1. 

 

 

Figure B1. Grid box defined for ligands clorobiocin and GR122222X. Carbon atoms from ligands 

clorobiocin and GR122222X are depicted in magenta and green colour respectively. The interacting 

residues surface is shown.   



Appendices 

 

159 

 

 

 

 

Figure B2. Binding mode prediction for pyrazolopyrimidines (top picture) and novobiocin (bottom 

picture) analogues. X-ray structure of the reference ligands are depicted in stick representation with 

carbon atoms in magenta colour while the rest of the ligands are represented by wire and coloured by 

element. For pyrazolopyrimidines special substituents are highlighted with stick representation and 

carbon atoms in green. The residues interacting with them are represented in the same way and the 

surface is shown. The pictures have been made with Chimera software using the wall eyes stereo 

format to show the 3D features.   
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Figure B3. Binding mode prediction for GR122222X cyclothialidine. The carbon atoms of the docked 

conformation of compound GR122222X are depicted in brown and the protein is represented by 

ribbons, in cyan for the structure of the protein used in the docking and magenta for the x-ray one. 

 

 

 

Figure B4.  Atomic fluctuation of residues from MD simulations of GyrB-ID32 complex (Exp 1 

conditions) taking into account all the atoms (in red) and α-carbon (in blue). Picture has been created 

with Gnuplot. 
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Figure B5.  Comparison of the interaction of Asn46 with the surrounding residues and the ligands 

clorobiocin (Cbn1 at the left side) and GR122222X (122 1(B) at the right side) using the respective x-

ray structures. The picture has been prepared by using Ligplot software.   
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Figure B6. Similarities in stability of the MD simulation for 4-hydroxy-coumarin compounds ID18 

(pirazolo-pyrimidine subset in left side) and ID49 (novobiocin derivatives subset in the right side) in 

deprotonated state. In the top of the picture, snapshots from the trajectories of the MD simulations 

have been shown in different colours, where the starting conformation is highlighted in purple and 

Loop 2 has been highlighted in green ribbons for the rest of the snapshots. In the middle and bottom 

pictures the carbon atoms of the protein and ligand have been colour in gray expect for the residues 

interacting with the charged oxygen (in magenta). In the bottom picture ID18 has been element 

coloured while ID49 has carbons in magenta. 
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Figure B7. Comparing snapshots from the MD simulations of compounds ID35 (4-methylamine-

coumarin in A and B) and ID37 (4-piperazyl-coumarin in C) in protonated state. Starting structures are 

coloured in cyan.   
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Appendix C: Chapter 4  

 

Table C1. Principal component resulting eigenvalues. Variance analysis.  

Factors Eigenvalue % Total 
Cumulative 

eigenvalue 

Cumulative 

variance 

1 201.69 19.70 201.69 19.70 

2 87.40 8.54 289.09 28.23 

3 61.15 5.97 350.24 34.20 

4 57.40 5.61 407.64 39.81 

5 41.07 4.01 448.71 43.82 

6 35.22 3.44 483.92 47.26 

7 30.54 2.98 514.46 50.24 

8 24.12 2.36 538.58 52.60 

9 20.95 2.05 559.52 54.64 

10 19.39 1.89 578.91 56.53 

11 16.48 1.61 595.39 58.14 

12 13.69 1.34 609.08 59.48 

13 13.64 1.33 622.72 60.81 

14 12.21 1.19 634.93 62.01 

15 11.51 1.12 646.45 63.13 

16 11.37 1.11 657.82 64.24 

17 10.65 1.04 668.47 65.28 

18 9.38 0.92 677.85 66.20 

19 9.14 0.89 686.99 67.09 

20 8.31 0.81 695.30 67.90 
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Table C2: Analysis of variance of the factors involved in different combinations of factors 

and number of clusters created with K-means technique 

 

Factors Between Within F Significance 

Combination 1: 5 factors and 12 clusters 

Factor1 443.57 64.43 311.07 0.00 

Factor2 452.90 55.10 371.41 0.00 

Factor3 413.35 94.65 197.32 0.00 

Factor4 325.88 182.12 80.85 0.00 

Factor5 380.54 127.46 134.89 0.00 

Combination 2: 4 factors and 12 clusters 

Factor1 446.31 61.69 326.88 0.00 

Factor2 458.83 49.17 421.66 0.00 

Factor3 425.26 82.74 232.21 0.00 

Factor4 410.60 97.40 190.47 0.00 

Combination 3: 4 factors and 9 clusters 

Factor1 441.48 66.52 414.82 0.00 

Factor2 456.50 51.50 554.04 0.00 

Factor3 393.13 114.87 213.91 0.00 

Factor5 352.36 155.64 141.50 0.00 

Combination 4: 4 factors and 10 clusters 

Factor1 417.13 90.87 254.52 0.00 

Factor2 447.78 60.22 412.26 0.00 

Factor4 344.10 163.90 116.40 0.00 

Factor5 372.31 135.69 152.13 0.00 
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Table C3: The means of each factor per cluster created with K-means technique 

Factors Factor1 Factor2 Factor3 Factor5 

Cluster1 0.49 -0.62 -0.61 0.36 

Cluster2 -0.79 -0.16 0.23 -0.08 

Cluster3 2.61 -0.31 3.31 -2.34 

Cluster4 -1.52 -1.09 0.75 0.72 

Cluster5 -1.27 -0.48 0.63 -0.44 

Cluster6 0.84 -0.95 -1.56 -1.2 

Cluster7 0.17 1.7 -0.45 0.26 

Cluster8 -0.38 1.73 -0.02 -0.77 

Cluster9 0.96 -0.29 0.57 1.36 

 

 

Figure C1. Plot of the mean of each factor in every cluster generated by K-means method. 
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Appendix D: Chapter 5 

 

Table D1: Structure of the compounds included in the dataset 

 

Cases
  

R1 R2 R3 R4 R5 Configuration at 

C4/C7 

01 Me OH OH H H -/- 

02 Me OMe OH CH2OAc H R/- 

03 Me OMe OH COOMe NHAc R/S 

04 Me OMe OH CONHCH2CH2COOH NHAc R/S 

05 Me OMe OH COOMe NHCHO R/S 

06 Me OMe OH COOMe NHCOOMe R/S 

07 Me OMe OH CONHCH2CH2OH NHBoc 
a 

R/S 

08 Me OMe OH CONHCH2CH2OMe NHCHO R/S 

09 Me OMe OH COOMe NH2 R/S 

10 Me OMe OH COOEt NHCSMe R/S 

11 Me OMe OH COOMe OH R/S 

12 Me OMe OH CONHCH2CHCH2 NHAc R/S 

13 Me OH OH CO-Ala NH-3Hyp-Ser R/S 

14 Me OH OH COOMe NHBoc 
a
 R/S 

15 H OH OH COOMe NHBoc 
a
 R/S 

16 Me H OH COOMe NHBoc 
a
 R/S 

17 Me OH OH H NHBoc 
a
 -/S 

18 Me OH OH COOMe H R/- 

19 Me OMe OH COOMe NHBoc 
a
 R/S 

20 Me OH OH COOMe NHBoc 
a
 S/R 

21 Me OH OH COOMe NHBoc 
a
 R/R 

22 Me OH OH COOMe NHBoc 
a
 S/S 

23 H H OH COOMe NH- L -Ser-Boc 
a
 R/S 

24 Me OMe OH CH2OH NHBoc 
a
 R/S 

25 Me OMe OH COOH NHBoc 
a
 R/S 

26 Me OMe OH CONH2 NHBoc 
a
 R/S 

27 Me OMe OH CONHCH2CHCH2 NHBoc 
a
 R/S 

28 Me OH OH COOMe H R/- 
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29 Me OH OH COOMe NHAc R/S 

30 Me OH OH COOMe NH- L -Pro-Boc 
a
 R/S 

31 Me OH OH COOMe NH- L -3cHyp-Boc 
a
 R/S 

32 Me OH OH COOMe NH- D -3cHyp-Boc 
a
 R/S 

33 Me OH OH COOMe NH- L -Ser-Boc 
a
 R/S 

34 Me OH OH COOMe NH- D -Ser-Boc 
a
 R/S 

35 Me OH OH COOMe NHCOCH2CH2OH R/S 

36 Me OMe OH COOMe H R/- 

37 Me OMe OH 3-Me-ODA
b
 H R/- 

 

 

Cases
 

R4 R6 X Configuration at 

C4/C8 

38 COOMe Me O R/R 

39 COOMe Me O R/S 

40 COOMe H S R/- 

41 3-Me-ODA
b
 H S R/- 

42 3-Me-ODA
b
 CH2OH S R/S 

a
  Boc = t-butoxy formyl 

b
: 3-Methyl-1,2,4-oxadiazol-5-yl 
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Table D2: Values of the activity used for building the QSAR models and the predictions derived from them for every compound in the dataset. For models II 

and III the predictions were collected after removing the outliers. The Chemgauss3 score energy values have been added as well. 

 

Molecular ID Observed Activity 

-log(MNEC) 

Predicted Activity 

–log(MNEC) (Model I) 

Predicted Activity 

–log(MNEC) (Model II) 

Predicted Activity 

–log(MNEC) (Model III) 

Chemgaus3 

Score 

01 -1.30 -0.67 -1.30 -1.09 -69.39 

02 -0.40 0.15 -0.08 outlier -77.23 

03 0.70 0.93 0.77 0.68 -87.76 

04 1.00 0.46 0.65 1.27 -89.05 

05 1.00 1.11 0.78 1.01 -82.18 

06 0.70 1.06 0.90 0.92 -89.22 

07 0.70 0.46 0.75 0.69 -78.15 

08 1.00 0.75 0.90 0.85 -76.47 

09 0.00 0.31 0.48 0.16 -81.46 

10 0.70 1.02 0.76 0.60 -88.02 

11 1.00 0.49 0.90 0.98 -80.70 

12 1.30 1.28 1.25 1.00 -82.93 

13 1.30 1.18 1.17 1.32 -84.01 

14 0.70 0.28 0.49 0.74 -87.27 

15 0.30 0.44 0.52 0.01 -78.80 

16 0.00 0.16 -0.29 0.11 -84.86 

17 0.00 -0.47 -0.10 -0.05 -74.22 

18 0.60 0.11 0.02 0.28 -75.78 

19 0.70 0.59 0.49 0.96 -88.82 

20 -1.00 --- --- -0.86 -64.26 

21 0.00 --- --- -0.17 -80.20 

22 -0.60 --- --- -1.05 -78.03 
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23 0.40 0.90 0.47 0.33 -83.03 

24 -0.40 -0.18 0.25 -0.22 -87.12 

25 -1.00 -0.34  -0.60 -83.07 

26 1.00 0.60 0.55 0.86 -86.08 

27 1.00 1.00 0.92 0.65 -87.02 

28 0.00 0.08 0.34 0.18 -79.08 

29 0.40 0.67 0.73 0.81 -83.04 

30 -0.40 -0.58 0.09 -0.13 -85.01 

31 1.30 1.42 1.09 1.24 -86.81 

32 0.00 --- --- -0.14 -71.47 

33 1.00 0.87 1.09 1.28 -86.05 

34 0.00 --- --- -0.11 -87.87 

35 0.70 0.61 0.78 0.63 -86.26 

36 0.30 0.34 0.11 0.38 -80.54 

37 1.30 1.56 1.22 0.94 -85.05 

38 0.40 0.15 0.36 0.31 -85.09 

39 -0.60 --- --- -0.48 -82.20 

40 1.30 0.65 0.98 1.08 -83.72 

41 1.70 1.85 1.79 1.77 -87.07 

42 2.00 1.78 2.16 2.06 -88.76 

Note: --- Represents compounds that are not taken into account while building the models I and II because of the stereoisomerism the display. They have 

been highlighted in the table as follow: Compounds 14, 20, 21 and 22 in red colour; 14 was kept for the analysis in models I and II since shows the same 

configurations as the natural cyclothialidine. Compounds 38 and 39 in blue colour; 38 was kept because of the better value of activity. Compounds 31 and 32 

in green colour as well as compounds 33 and 34 in orange; 31 and 33 were kept since the L isomers are more common to be found on the nature.  
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Figure D1. Surface around the ligands 33(green carbons) and 34 (magenta carbons) together with the 

score values assigned by Chemgauss3 scoring function split by terms involved in the function. 

 

This section provides details about the checking of the pre-adopted parametric 

assumptions, a very important aspect in the application of linear multivariate statistical-based 

approaches (MLR techniques) 
262

. In fact, once the linear regression model has been set up, it 

is very important to check the parametric assumptions to assure the validity of extrapolation 

from the sample to the population. These include the linearity of the modelled property, 

normal distribution as well as the homoscedasticity and non-multicollinearity descriptors. 

Notice that severe violations of one or various of these assumptions can markedly 

compromise the reliability of the predictions resulting from our MLR models 
262

. 

We first check the linearity hypothesis by looking at the distribution of the standardized 

residuals for all cases. Indeed the plots in Table D3 (1
st
 row) do not show any specific pattern, 

reinforcing the idea that our models do not exhibit a non-linear dependence 
262

. Next, we 

check the hypothesis of homoscedasticity (i.e.: homogeneity of variance of the variables), 

which can be confirmed by simply plotting the standardized residuals related to each 

dependent variable 
262

 (2
nd

 row of plots in Table D3). These plots reveal significant scatter of 

points, without any systematic pattern, post-mortem validating the pre-adopted assumption of 

homoscedasticity for all the PMs. They also provide a check for the no auto-correlation of the 

residuals. Moving on to the hypothesis of normally distributed residuals, one can easily 

confirm that the residuals follow a normal distribution by applying the Kolmogorov-Smirnov 

statistical test (3
rd

 row of Table D3).   
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Table D3. Checking the main parametric assumptions related to the MLR models used to fit the 

desirability functions. 

MLR Parametric Assumptions 

Linearity 

 

 

Homoscedasticity 

 

Model I

Model II

Model III-5 0 5 10 15 20 25 30 35 40 45
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Normality of 
Residuals 

 
 

 
 

 

Model I

K-S d=.07338, p> .20; Lilliefors p> .20
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