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Abstract  
Tuberculosis killed an estimated 1.5 million people in 2020 and the spread of drug-resistant 

strains is an increasing threat. Fluoroquinolones are among the safest and most effective 

drugs used to treat drug-resistant tuberculosis, but fluoroquinolone resistance has emerged. 

Rapid resistance diagnosis is key to provide patients with effective treatment and monitor 

the spread of resistant strains. Sequence-based tools, including whole genome sequencing 

(WGS), provide a promising solution whereby known resistance associated mutations can be 

quickly detected and used to infer resistance. Several catalogues of mutations with known 

associations have now been produced, however, these catalogues will never be exhaustive 

owing to the inevitable emergence of novel and rare resistant mutations.  

 

In this thesis I explore a geographically diverse dataset of thousands of Mycobacterium 

tuberculosis isolates with WGS and phenotypic resistance measurements, to improve our 

understanding of patterns associated with fluoroquinolone resistance. I investigate the 

reliability of the assumptions of current sequence-based diagnostics and show how 

resistance patterns can affect the performance of predictive tools. I apply and evaluate two 

methods, that utilise the chemical and structural interactions resulting from genetic 

mutations, to predict the effects of mutations on fluoroquinolone resistance; machine 

learning algorithms and free energy calculation.  

 

I find that fluoroquinolone resistance is widespread and the associations with resistance are 

complex; genetic and geographic background, resistance to other antitubercular drugs and 

minor populations with resistance associated mutations are important. I show that 
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structure-based predictive methods, and the machine learning approach particularly, can 

successfully predict fluoroquinolone resistance and susceptibility. Such tools could increase 

the success of resistance prediction from WGS data by complimenting the catalogue-based 

predictive approach and predicting the effects of novel mutations. Overall, this work shows 

that genetics-based predictive diagnostics have the potential to provide personalised, 

effective treatment regimens for tuberculosis. 
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1 Chapter 1: Introduction 

Worldwide, infectious disease is at the forefront of the lives of many families, where a 

disproportionately high burden remains a constant threat for those with low incomes3, 4. The 

COVID-19 pandemic has re-alerted the western world to the catastrophe posed by an 

infectious disease outbreak; between January 2020 and December 2021, COVID-19 was 

estimated to be responsible for 18.2 million deaths5. Rapid research has enabled effective 

vaccines to be developed and produced and treatments identified, reducing the impact of   

the COVID-19 pandemic, and allowing our lives here in the United Kingdom to slowly return 

to normal.  But as a result of the pandemic, there have been disastrous consequences for 

the control of tuberculosis6 (TB); a deadly infectious disease most prevalent in low- and 

middle-income countries that, prior to COVID-19, was the biggest killer from infectious 

disease.  

 

As a result of COVID-19, we are now also looking to how and where the next global 

pandemic could emerge, but a silent pandemic is already upon us in the form of 

antimicrobial resistance (AMR). Since the discovery of penicillin almost a century ago, 

antimicrobial drugs have become essential for treating common infections, preventing 

infections after injury or during surgery, and protecting patients with compromised immune 

systems (for example during cancer chemotherapy). The entire foundation of modern 

medicine is threatened by the spread of infectious pathogens that no longer respond to 

these drugs.  It is vital that we monitor this silent pandemic and take action to ensure that 

our defences against infectious diseases remain viable.  
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My objective in this thesis, ‘Predicting fluoroquinolone resistance in Mycobacterium 

tuberculosis’, is to increase our understanding of, and provide tools for diagnosing resistance 

to fluoroquinolone antimicrobials in TB. The following introductory chapter provides a 

background to TB, drug resistant TB, diagnosis of drug resistance, the fluoroquinolone class 

of antibiotics and an outline of the subsequent thesis. 

 

1.1 Tuberculosis 

Tuberculosis (TB) is an infectious disease that has affected humans for thousands of years. 

The first known written descriptions of the disease date from 3,300 years ago7 but there is 

evidence that the common causative agent of the disease, the bacterium Mycobacterium 

tuberculosis,  has infected humans as long as 9,000 years ago8. Around a quarter of the 

world’s population are now estimated to have a  latent TB infection9, where no disease 

symptoms are present, and the infection cannot be spread. Although not life threatening in 

this form, there is a 5-10% risk of progression to active disease10 and immunocompromised 

patients are even more at risk11. Around 10 million people were estimated to have 

developed active TB in 202012. The most common form is pulmonary TB which is 

characterised by symptoms including a chronic cough with bloody mucus, weight loss, 

excessive sweating and fever, but TB can infect any part of the body. Of those with active TB, 

1.5 million died from the disease in 202012, making TB the biggest killer from infectious 

disease worldwide, second only to the recent COVID-19 pandemic. Although TB occurs in 

every part of the world, 95% of deaths were reported in low- and middle-income countries 

and 86% of new cases were from just 30 countries12.  

 



 3 

 

Active TB typically spreads from person to person through M. tuberculosis contaminated 

airborne water droplets, for example when a person with active disease coughs or sneezes. 

The infectious cycle of M. tuberculosis is shown in Figure 1. Once the bacteria are inhaled by 

another host and reaches the lungs, it is phagocytosed by macrophages in the alveoli where 

normally, the human immune response kills the bacteria13. If the bacteria survive, they can 

begin clonally replicating within the macrophage, diffuse to nearby cells and grow 

exponentially within the lungs or spread through the blood or lymphatic systems. The host 

immune response mobilises neutrophils and lymphocytes to the sites of infection that form 

granulomas to prevent further spread of the infection, probably by starving the bacteria of 

oxygen and promoting persistence in a dormant state14, i.e. latency. However, the immune 

response may be insufficient, or the structure of the granuloma can decompose resulting in 

rapid bacterial growth and the destruction of lung tissue. This constitutes active TB disease: 

symptomatic, contagious, and requiring antibiotic treatment. 



 4 

 

Figure 1 An example of progression of M. tuberculosis infection to active tuberculosis disease.  

 

Despite giving no clinical symptoms in cases of latent infection, some M. tuberculosis 

bacteria are metabolically active15 and can be found in tissues outside of granulomas16-18. A 

proposed explanation is that during latent infection most of the bacteria persist in a 

dormant state with a few bacteria actively replicating19. The replicating bacteria are killed by 

the immune system but are replenished by the reservoir of dormant TB. If the immune 

system is unable to kill the actively replicating bacteria (for example if the patient has a 

compromised immune system), uncontrolled replication is promoted resulting in a switch to 

active disease20. 
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1.1.1 Mycobacterium tuberculosis 

Human TB can be caused by M. tuberculosis, M. africanum and M. canetti21, as well as other 

zoonotic members of the M. tuberculosis complex (MTC); M. bovis, M. caprae and M. orygis 

found in bovine animals, M. microti found in rodents and M. pinnipedii found in seals22-26. 

The main causative agent of human TB, the M. tuberculosis bacteria, was discovered by 

Robert Koch in 188227, and is a small, slow growing, aerobic bacillus that divides only once 

every 18-24 hours forming a cord-like colony structure. The complete genome sequence of 

the well characterized H37Rv M. tuberculosis reference strain is 4.4 million base pairs in 

length and is estimated to encode around 4,000 genes28.  

 

There are several key differences between M. tuberculosis and non-Mycobacterial 

pathogens. Pathogenic bacteria are often characterised as Gram negative or Gram positive 

based on the structure of their cell wall, however Mycobacteria do not respond to Gram 

staining because their unusual cell wall is composed of mycolic acid lipids. These lipids are 

essential for the survival and pathogenesis of TB-causing Mycobacteria; they help prevent 

dehydration and support growth in macrophages29. Compared to other bacteria, the M. 

tuberculosis genome has a high content of guanine and cytosine nucleotides (> 65% of the 

genome) and the bacterium significantly favours the amino acids Alanine, Glycine, Proline, 

Arginine and Tryptophan which are encoded by GC rich codons28. The high GC content could 

be a useful trait to survive in the warm conditions of the human host; GC pairs are more 

thermally stable than AT in structured nucleic acids30 and there is a positive corelation 

between the GC content of bacteria and their optimal growth temperature31. 

 



 6 

Whole genome sequencing data used to reconstruct the evolutionary history of MTC 

suggests that it emerged around 70,000 years ago and accompanied the migration of 

humans out of Africa32. Study of the global genetic population structure of MTC shows that 

M. tuberculosis and M. africanum form seven distinct phylogenetic lineages that have locally 

adapted to, and likely evolved with, sympatric human populations33-35, making lineage a 

proxy for geography in many cases36. Lineage 2 (East Asian) and Lineage 4 (Euro-American) 

are the most widespread, and together with Lineage 3 (East-African-Indian) form the 

“modern” clade that is characterised by a thousands of years old genetic deletion that 

increased virulence37, 38. The “ancient” lineages are more endemic, with recently discovered 

Lineage 7 generally restricted to Ethiopia39 and M. africanum (Lineages 5 and 6) generally 

restricted to West Africa (with rare cases outside the region being in West African 

migrants)40. Lineage 1 is slightly more widespread, with the highest burden in South and 

South East Asia and East Africa41. As human migration has become more widespread, we 

now begin to see more infections outside of their historical geographical regions33, 42.   

 

1.1.2 Diagnosis of tuberculosis 

Sputum culture is still widely considered the reference standard for diagnosis of active TB 

infection43. Here a patient sample may be cultured using Löwenstein–Jensen (LJ) or 

Middlebrook 7H10/11 solid agar medium, which can take up to 8 weeks to confirm 

diagnosis44. A quicker turn-around time is possible when using a liquid-based culture system 

such as for Mycobacteria Growth Indicator Tubes (MGIT). MGIT use a Middlebrook 7H9 

Broth to culture the bacteria and a fluorescent indicator to detect growth. Despite the faster 

turn-around time compared to use of solid LJ media for culture, use of MGIT is more costly 

and can be more prone to contamination45.  



 7 

 

In countries with a high burden of TB, culture based diagnosis may not be affordable and 

diagnosis is instead most commonly performed using sputum smear microscopy46. The 

technique is relatively low cost and has fewer equipment requirements than culture46, 

however it has lower diagnostic sensitivity47. In low-income countries many TB cases are still 

not bacteriologically confirmed, and diagnosis may rely on presented symptoms and chest X-

rays to detect lung lesions; this kind of diagnosis has been shown to have low (< 70%) 

sensitivity and specificity for the diagnosis of TB48. 

 

Recently, the WHO updated guidelines to include recommendations for the use of PCR-

based molecular tests that detect genetic regions specific to M. tuberculosis as a primary 

diagnostic tool for active TB49. These tests are recommended as they are accurate, and faster 

and easier to perform than culture49. Several molecular diagnostic tests have the added 

benefit of being able to predict drug resistance, which is discussed later in Section 1.3.2. The 

cost of using PCR-based tests can be cheaper in comparison to culture-based methods50, 

although some tests are too costly for widespread implementation in low and middle 

income countries51.  

 

1.1.3 Tuberculosis treatment and prevention 

Despite the grim statistics of global burden and deaths, TB is both curable and preventable. 

Antibiotics that target a variety of essential M. tuberculosis biochemical pathways can be 

used to treat TB and many target processes involved in the manufacture of the unusual 

mycolic acid rich cell wall (Table 1). The first antibiotic treatment for TB, streptomycin, was 
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first used in 194452 and further antibiotic development during the decade facilitated the 

successful use of a “triple therapy” comprised of streptomycin, para-aminosalicylic acid 

(PAS) and isoniazid in the 1950s53. However, PAS was difficult to tolerate and the treatment 

regimen took two years to complete54. PAS was later replaced by ethambutol as it was 

better tolerated, reducing treatment duration to 18 months55. Treatment time was then 

halved in the 1970s by the introduction of isoniazid and rifampicin in combination, and 

finally in the 1980s the addition of pyrazinamide reduced treatment duration to six 

months53. The 1980s saw a range of other drugs introduced for the treatment of TB including 

the fluoroquinolones56, but the four drugs, isoniazid, pyrazinamide, ethambutol and 

rifampicin, still comprise the most common treatment regimen for drug-susceptible TB 

today. Since the 1980s no new drug classes were developed and approved for treating TB, 

until 2012 and 2014 when bedaquiline and delamanid were introduced57, 58 and by the end 

of 2020, bedaquiline had been used to treat TB in 109 countries12. Other advances in TB 

treatment options include repurposing the drugs linezolid and clofazimine originally used for 

the treatment other Mycobacterial infections such as leprosy59, 60. 
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Drug Target(s) Mechanism 
Rifamycins: rifampicin (rifampin), 
rifabutin, rifapentine 

RNA polymerase (RpoB) Inhibits RNA synthesis 

Isoniazid enoyl acyl carrier protein 
reductase 
(InhA) 

Inhibits cell wall synthesis 

Thioamides: ethionamide, 
prothionamide 

enoyl acyl carrier protein 
reductase 
(InhA) 

Inhibits cell wall synthesis 

Ethambutol Glutamate racemase (MurI)61 Inhibits cell wall synthesis 
Pyrazinamide Aspartate decarboxylase 

(PanD)62 
Inhibits coenzyme A 
synthesis 

Fluoroquinolones: levofloxacin, 
moxifloxacin 

DNA gyrase (GyrA/GyrB) Inhibits DNA ligation and 
synthesis 

Aminoglycosides: amikacin, 
streptomycin, capreomycin*, 
kanamycin* 

16S ribosomal RNA Inhibits protein synthesis 

Bedaquiline F-ATP synthase (AtpE)63 Inhibits ATP synthesis 
Clofazimine Outer membrane, respiratory 

chain and ion channels64 
Respiratory poisoning, 
membrane disruption 

Nitroimidazole pro-drugs: 
delamanid, pretomanid 

Mycolic acid biosynthesis65 
and respiratory chain66 

Inhibits cell wall synthesis, 
respiratory poisoning 

para-aminosalicyclic acid Dihydrofolate reductase 
(DfrA)67 

Inhibits folate synthesis 

Carbapenems: imipenem-
cilastatin, meropenem, 

Penicillin binding protein 3 
(FtsL) 

Inhibits cell wall synthesis 

Linezolid 23S Ribosomal RNA Inhibits protein synthesis 
Cycloserine, terizidone alanine racemase (Alr) and D-

alanine:D-alanine ligase (DdlA) 
Inhibits cell wall synthesis 

Table 1 Drugs used to treat tuberculosis. The molecular targets are not yet elucidated for clofazimine 
and nitroimidazoles. *Capreomycin and kanamycin are no longer recommended in treatment 
programs68 

 

The standard treatment for drug susceptible TB today therefore consists of a six month 

regimen using daily doses of four drugs; isoniazid, rifampicin, pyrazinamide and ethambutol 

for two months and isoniazid plus rifampicin for four months69. Shorter regimens can be 

used, but these have special considerations. Using the same four drugs as the standard 

regimen, patients under 16 can be treated over four months; isoniazid, rifampicin, 

pyrazinamide and ethambutol for two months and isoniazid plus rifampicin for two 

months69. Another four-month regimen consisting of rifapentine, isoniazid, pyrazinamide 

and moxifloxacin, may also be used to treat drug susceptible TB but fluoroquinolone drug 

susceptibility testing is recommended and the cost of this treatment programme is 
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significantly more expensive than the standard regimen due the inclusion of rifapentine69. In 

the case a patient cannot be treated using one of these  standard regimens, an 

individualised treatment regime can be devised based on priority groupings of other 

antitubercular drugs68, 70 (Table 2). 

 

Group A Levofloxacin/moxifloxacin, bedaquiline, 
linezolid 

Group B Clofazimine, cycloserine/terizidone 
Group C Ethambutol, delamanid, pyrazinamide, 

imipenem-cilastatin/meropenem, 
amikacin/streptomycin, p-aminosalicylic acid, 
ethionamide/prothionamide 

Table 2 Priority groupings of antitubercular drugs. Agents are ranked according to their effectiveness 
and safety profile68, 70, group A drugs should be prioritised, followed by group B, then group C.   

 

In addition to treatment there are several prevention measures that can reduce the 

incidence of TB, including TB preventative treatment (TBT), vaccination, and addressing of 

poverty-associated risk factors. TBT usually consists of 6-9 months of daily isoniazid and can 

be offered to anyone who has been in close contact with someone who has active TB or 

people with a compromised immune system, such as HIV infection71. TBT has been shown to 

reduce the progression of latent TB to active TB by up to 62% in HIV infected individuals72-74, 

however the protection from TBT may wane soon after treatment completion74. Another 

preventative option is vaccination: the Bacille Calmette-Guérin (BCG) vaccine, based on live 

attenuated M. bovis, was first introduced over 100 years ago and remains effective at 

reducing the risk of active TB infection in children by around 74%75. However, the vaccine 

does not offer significant protection in older individuals75 and the level of protection reduces 

to zero between ten and fifteen years after childhood vaccination76. Encouragingly, recent 

tests of a new vaccine against TB, based on two M. tuberculosis antigen proteins, 

significantly reduced the progression of latent TB to active disease and had 50% efficacy in 
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clinical trials77. Finally malnutrition, air pollution and overcrowded living conditions are 

significantly associated with TB prevalence78 and social initiatives to address these problems 

can help significantly reduce TB incidence. 

 

1.2 Drug resistant tuberculosis 

Soon after the first introduction of antibiotic treatment for TB, patients were found to have 

M. tuberculosis bacilli that had acquired resistance to the treatment79, and the phenomenon 

was eventually reduced by the introduction of combination therapy. Despite use of 

combination therapies for all TB treatment today, drug resistance remains a concern6. Any 

combination of mono- or poly-drug resistance can occur in TB, but the World Health 

Organisation (WHO) have defined several clinically important resistance phenotypes (Table 

3). Of these, multi-drug resistance (MDR), which comprises resistance to the two most 

potent first-line drugs, isoniazid and rifampicin, is the most common; for patients with no 

prior history of TB, an estimated 3-4% of cases are MDR. For previously treated infections 

the global rate of MDR is 18-21%12 and for some eastern European countries, such as 

Belarus, over 50% of previously treated infections have MDR12, 80. It is important to be aware 

that the MDR label encompasses a range of common resistance phenotypes and is not just 

limited to isoniazid and rifampicin resistance: a study showed that 40% of the MDR strains in 

Germany had resistance to all four first line drugs and streptomycin81. The spread of MDR 

strains is of particular concern because of its association with an increased risk of death82 

and the more resistant a strain, the higher the association83.  
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Phenotype Resistant to at least: 
Rifampicin susceptible, isoniazid resistant (Hr 
TB) 

Isoniazid but not rifampicin 

Rifampicin resistant (RR) Rifampicin 
Multidrug resistant (MDR) Rifampicin and isoniazid 
Pre extensively drug resistant (pre-XDR) Rifampicin and a fluoroquinolone 
Extensively drug resistant (XDR) Rifampicin, a fluoroquinolone and another 

group A agent (currently bedaquiline or 
linezolid) 

Table 3 WHO defined M. tuberculosis resistance phenotypes. Reference84. 

 

1.2.1 Mechanisms of drug resistance in M. tuberculosis 

Generally, acquired drug resistance is attributed to single nucleotide polymorphism (SNPs) 

or genetic insertions or deletions in either the drug targets or pro-drug activators85. For 

example, rifampicin resistance is most commonly conferred by a mutation of Serine to 

Leucine at amino acid position 450 in the target gene rpoB86 and isoniazid resistance is most 

commonly conferred by a Serine to Threonine mutation at amino acid position 315 in katG, 

which encodes an enzyme that converts isoniazid into the active form87. Genetic mutations 

in promotor regions can also confer resistance by decreasing target expression, for example 

low-level resistance to isoniazid can be conferred by several mutations in the promoter of 

the antibiotic target inhA88. 

 

More general mechanisms of drug resistance relating to intracellular accumulation of the 

drug are also at play in M. tuberculosis. The M. tuberculosis genome contains a range of 

putative efflux pumps and transporters89 for which increased expression or mutation are 

associated with increased resistance to a range of drugs including bedaquiline, clofazimine, 

isoniazid, streptomycin, amikacin, ethambutol, pyrazinamide and fluoroquinolones89. In 

addition to exporting drugs from the cytoplasm, M. tuberculosis can reduce the amount of 

drug molecules that enter the cell to increase the level of resistance. The mycolic acid rich 
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cell wall is hydrophobic which provides an intrinsic defence against the entry of hydrophilic 

drug molecules90, 91 and Mycobacteria can also adapt to decrease the expression of porins to 

further prevent entry of hydrophilic drugs91. 

 

1.2.2 Evolution and transmission of drug resistance in M. tuberculosis 

Isoniazid resistance tends to evolve prior to other drug resistance and almost always before 

rifampicin resistance92. Interestingly, this is not because of its earlier introduction into 

clinics, but could instead be due to the most common isoniazid conferring resistance 

mutation, katG S315T, not being associated with a fitness cost92, 93. This may also explain 

why Hr TB is much more common than RR TB94. Studies of historical TB samples from South 

Africa have suggested that after acquisition of isoniazid resistance, there is generally a 

stepwise acquisition of resistance to ethambutol, rifampicin (leading to MDR) and 

pyrazinamide95. Then, during MDR treatment, resistance to fluoroquinolones and other 

second-line drugs arises96 and, despite their only recent introduction to clinics, resistance to 

the new drugs bedaquiline and delamanid have now been observed, both separately and 

together97, 98.  

 

Resistance and MDR has arisen independently in all lineages and countries investigated1, 92 

but it has been shown that Lineage 2 isolates are particularly associated with resistance96, 99 

and the transmission of resistance99, 100. In addition to genetic factors, the causes of an 

increase in local resistant TB levels may be different in different areas. For example the 

average ancestral age of resistance was found to be older in wealthier nations, suggesting 

that, in this setting, more resistance arises from transmission of strains from person to 

person rather than the emergence of resistance in patients during treatment 
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(amplification)101. Amplification frequently occurs if treatment courses are not adhered to or 

if the treatment courses are short and repeated102, 103, which may be more likely in resource 

limited settings. 

 

Interestingly, resistance doesn’t always occur in the entire M. tuberculosis population in the 

host; mixed populations that have both wild-type and resistance-associated alleles at a 

particular locus can co-exist. Mixed M. tuberculosis infections are relatively common and can 

either be from transmission of multiple strains or evolution of an initially homogeneous 

infecting strain within the host104. In the latter instance, over time during treatment, even a 

very minor population with a resistance associated allele may completely outcompete the 

wild-type population105, 106, but this is not always the case as the strains are also selected 

based on their fitness105. It is also suggested that within host evolution of part of the 

population may occur due to drugs having different penetration profiles in different areas of 

the lung107. This phenomenon, often termed ‘hetero-resistance’ in the literature, has been 

implicated in resistance to many antitubercular drugs including isoniazid, rifampicin, 

ethambutol, fluoroquinolones and bedaquiline101,108. 

 

1.2.3 Treatment of drug resistant tuberculosis 

The WHO treatment recommendations were recently updated to advocate the use of a 

shorter (6-9 month) all-oral treatment programme that includes bedaquiline for drug 

resistant TB109. The clinically important TB resistance phenotypes (Table 3) are used to help 

direct the treatment a patient with resistant TB should be put on and the current 

recommendations for each phenotype are presented in Table 4. Alarmingly, it is estimated 

that only 38% of RR or MDR patients were enroled in an appropriate treatment regimen in 
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2019110 and, despite yearly increases in treatment success for rifampicin resistant (RR) or 

MDR cases, the current level of treatment success sits at just 59%6. This is much lower than 

for drug susceptible TB6, but it is hoped that these new recommendations may help increase 

the level of successful treatment for resistant infections. 

 

Phenotype Current treatment recommendations: 
Rifampicin susceptible, 
isoniazid resistant (Hr TB) 

6 month regimen comprising rifampicin, ethambutol, 
pyrazinamide and levofloxacin69 

Rifampicin resistant (RR) 6-month regimen, comprising bedaquiline, pretomanid, linezolid 
and moxifloxacin (BPaLM)109  
OR 
9-month regimen comprising bedaquiline (used for 6 months), 
in combination with levofloxacin/moxifloxacin, ethionamide, 
ethambutol, isoniazid (high-dose), pyrazinamide and clofazimine 
for 4 months (with the possibility of extending to 6 months if 
the patient remains sputum smear positive at the end of 4 
months); followed by 5 months of treatment with 
levofloxacin/moxifloxacin, clofazimine and ethambutol. 
Ethionamide can be replaced by 2 months of linezolid109  
OR 
Individualised longer regimen for patients who are not eligible 
for or have failed shorter treatment regimens designed using 
the priority grouping of medicines recommended in current 
WHO guidelines109 

Multidrug resistant (MDR) 6-month (BPaLM) regimen, comprising bedaquiline, pretomanid, 
linezolid and moxifloxacin109  
OR 
9-month regimen comprising 6 months bedaquiline, in 
combination with levofloxacin/moxifloxacin, ethionamide, 
ethambutol, isoniazid (high-dose), pyrazinamide and clofazimine 
for 4 months, followed by 5 months of treatment with 
levofloxacin/moxifloxacin, clofazimine and ethambutol. 4 
months Ethionamide can be replaced by 2 months of linezolid109  
OR 
Individualised longer regimen for patients who are not eligible 
for or have failed shorter treatment regimens designed using 
the priority grouping of medicines recommended in current 
WHO guidelines109 

Pre extensively drug resistant 
(pre-XDR) 

6-month BPaLM regimen without moxifloxacin109 
OR 
Individualised longer regimen for patients who are not eligible 
for or have failed shorter treatment regimens designed using 
the priority grouping of medicines recommended in current 
WHO guidelines109 

Extensively drug resistant 
(XDR) 

Individualized longer regimen designed using the priority 
grouping of medicines recommended in current WHO 
guidelines109  

Table 4 Current WHO treatment recommendations for drug resistant TB. 



 16 

1.3 Diagnosis of drug susceptibility and resistance in M. 

tuberculosis 

In order to reduce TB incidence by 80% and deaths by 90%, meeting END TB goals111, the 

World Health Organisation (WHO) identifies universal drug susceptibility testing (DST) as a 

key component111, 112. The proportion of patients having DST for rifampicin in particular is 

increasing, and 71% of patients with confirmed TB in 2020 were tested for rifampicin 

resistance12. Increased use of DST is also important for resistance surveillance, so that 

outbreaks can be monitored and prevented from spreading further. Rapid DST will be 

particularly important to enable patients to be placed on the most effective and least toxic 

treatment regimens as soon as possible to increase the chance of successful treatment and 

prevent the spread of resistant strains. This section will introduce the current methods used 

for DST; phenotypic DST, molecular diagnostic tests and next generation sequencing (NGS).  

 

1.3.1 Phenotypic drug susceptibility testing 

Traditional culture based DST is considered the gold standard DST method by the WHO113. 

The most common phenotypic DST method is the indirect proportion method using solid 

media, which was first proposed by Canetti et al.114. In this qualitative method, a culture is 

used to inoculate media containing a critical concentration of an antitubercular and two 10-

fold serial dilutions of the culture are used to inoculate control media. The growth (i.e. the 

number of colonies corrected for the dilution factor) on the control media is compared with 

the growth on the drug containing-media and resistance is detected when at least 1% of the 

control growth is seen in the media containing the critical concentration of the drug. The 

critical concentrations used are based on clinical evidence and expert opinion115, although 
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have been subject to updates115, 116, and are defined as the lowest concentration of a drug 

that inhibits growth of 99% of wild-type M. tuberculosis strains in the selected media.  

 

The proportion method can also be implemented using liquid culture. In particular, the WHO 

recommended BACTEC-MGIT-960 system113 can deliver DST results within 2 weeks and the 

turn-around time is significantly quicker than for using solid media117-120. Briefly, two MGIT 

tubes are inoculated with the M. tuberculosis culture, one diluted 100-fold compared to the 

other. A predetermined critical concentration115 of a drug is added to the MGIT tube with 

the undiluted culture, and both tubes are incubated. Bacterial growth increases the 

fluorescence of the medium which is monitored by the MGIT 960 instrument and is directly 

proportional to bacterial growth. Growth in the tube containing the drug is compared with 

the control growth once growth in the control tube reaches a predetermined threshold. If 

the growth in the drug-containing tube is equal to or exceeds the growth in the control tube, 

the isolate is labelled drug resistant, else the isolate is called drug susceptible121.	 

 

Quantitative culture-based dilution methods also can be used, where the amount of 

resistance an isolate has to a particular drug is interpreted in the form of a minimum 

inhibitory concentration (MIC), which can be used to inform the critical concentrations used 

for qualitative methods. The MIC is defined as the lowest concentration (in mg/L) of a drug 

that completely inhibits visual growth of the M. tuberculosis isolate in vitro. The MIC will be 

dependent on the media used, but a reference protocol to measure the MIC using a broth 

dilution susceptibility test in enriched Middlebrook 7H9 media has recently been validated 

by the European Committee on Antimicrobial Susceptibility Testing (EUCAST)122, 123. After 

two weeks of pre-culture on solid media, an inoculum of the M. tuberculosis sample is 
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diluted in broth to give two preparations with one being a 100-fold dilution of the other. 

These are used to each inoculate two control wells on a 96 well plate, and the more 

concentrated suspension is used to inoculate at least eight wells containing sequential 

doubling dilutions of antitubercular drug in broth. After 7 to 21 days of plate incubation, and 

assuming there is adequate growth in the control wells, positive or negative growth in each 

well can be detected using an inverted mirror and the MIC determined. Several 96 well 

microtitre plate designs containing different concentrations of different antitubercular drugs 

have been developed and validated for MIC measurement using broth dilution124-126. 

 

Due to culturing requirements, all phenotypic DST methods are time-consuming, with the 

quickest method, MGIT, having an average of 17.9 days turn-around time from delivery of 

clinical specimens to reporting DST results in a routine lab setting127, and it could take longer 

to report DST results for pyrazinamide113. A further limitation of phenotypic DST as a 

universal DST solution is that laboratory testing is not always possible in resource limited 

settings due to the infrastructure and trained personnel required113.  

 

1.3.2 Molecular diagnostic tests 

By omitting the culturing steps, polymerase chain reaction (PCR)-based molecular diagnostic 

tests offer a simpler and more rapid solution to detect both the presence of M. tuberculosis 

and drug resistance in comparison to phenotypic methods. TB lends itself to this technology 

because the majority of drug resistance can be attributed to well characterized genetic 

mutations, including single nucleotide polymorphisms (SNPs) and insertions or deletions85. 

Several molecular diagnostic tests for drugs including rifampicin, isoniazid, pyrazinamide, 

aminoglycosides and fluoroquinolones have now been approved by the WHO49. The Xpert 
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MTB/RIF assay is the most widely used globally; it can detect both the presence of TB and 

RIF resistance in as little as two hours128, and has facilitated increased testing and resistance 

surveillance in areas of high TB burden110, 129.  

 

There are two main flavours of molecular diagnostic tests: line probe assays (LPAs) and real-

time PCR technology. LPAs are implemented by amplifying genetic material from clinical 

samples using PCR, with resistance detected by nitrocellulose hybridised probes in one of 

two ways; either the amplified material does not bind to wild type probes implying that 

there is a mutation present, or the amplified material binds to a resistant probe which 

specifically detects a known resistance conferring mutation. Alternatively for real-time PCR 

assays such as Xpert MTB/RIF, during PCR molecular beacons fluoresce when bound to a 

matching wild type sequence; if a particular beacon does not fluoresce this implies the 

presence of a resistance conferring mutation130.  More recently, the GeneXpert technology 

has been combined with melting analysis, whereby specific mutation patterns can be 

identified using the melting temperatures of sloppy molecular beacon probes, this allows a 

greater number of targets and specific mutations to be interrogated in the Xpert MTB/XDR 

assay131.  

 

However, reliance on singular tests can be problematic as they may not be comprehensive. 

This is exemplified by the rpoB I491F mutation that was behind an MDR outbreak in 

Eswatini, the mutation is not detected by Xpert MTB/RIF132 which led to further spread of 

the RIF resistant strain in South Africa133. A further limitation is that tests cannot always 

identify the exact resistance conferring mutation, which could be important as different 

mutations can confer higher or lower level resistance which may be an important 
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consideration when devising a suitable treatment plan134. Molecular diagnostic tests can also 

give false positive resistance diagnosis; this can prevent patients being treated with the most 

effective drugs and result in either more toxic or last line antitubercular drugs being used 

unnecessarily. For instance, a mutation that does not confer resistance, gyrA A90G, prevents 

binding of a wild-type probe in the Hain Genotype MTBDRsl v1 and v2 assays leading to a 

test interpretation of resistant to fluoroquinolones135, 136. Several tests also use the proxy of 

rifampicin resistance for diagnosing MDR, and therefore could result in a high false positive 

rate of MDR prediction in areas where RMR is prevalent1.  Finally, there are currently no 

tests designed to detect resistance to the new and repurposed drugs; bedaquiline, 

clofazimine, delamanid and linezolid.  

 

1.3.3 Next generation sequencing (NGS) and catalogue-based prediction 

Next-generation sequencing (NGS) offers a more comprehensive alternative to molecular 

diagnostic testing; there is no limitation in the number of regions that can be probed and 

complete information is available for all the genetic mutations present within said regions. 

Therefore, one could identify; resistance to many drugs simultaneously, the presence of 

high- and low-level resistance markers, and resistance patterns that may not be detected by 

molecular diagnostic tests.  

 

Whole genome sequencing (WGS) has the capability to provide a complete picture of the 

genetic variation present in a M. tuberculosis isolate. WGS is well suited to M. tuberculosis in 

comparison to other bacteria, as M. tuberculosis has a relatively small genome and generally 

does not contain extrachromosomal genetic information on plasmids – drug resistance 
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exclusively evolves through chromosomal mutations137. The plasmid copy number, which is 

associated with different levels of resistance in other bacteria, is hard to estimate and the 

presence of multiple plasmids can make the full genome difficult to assemble using short 

read sequencing. It should be noted however that short read sequencing can struggle to 

map highly repetitive reads in some regions of the M. tuberculosis genome138, 139. 

 

A description of a typical WGS pipeline138, 140 is presented in Figure 2. The process begins 

with decontamination of the clinical sputum sample which is then cultured. The DNA is then 

extracted, and a library of DNA fragments with oligonucleotide adaptors comprising the 

whole M. tuberculosis genome is prepared. Short read sequencing can then be performed, 

for example using the Illumina MiSeqTM platform, which amplifies single stranded DNA 

fragments and uses DNA polymerase to synthesise complimentary strands of DNA to the 

single stranded targets, emitting a unique fluorescent signal depending on the nucleotide 

added which is detected by the MiSeqTM system. The sequencing process continues until a 

desired length of DNA is reached, for Illumina sequencing this can be up to 300 bases, and 

this fragment DNA is called a read. The process happens in a massively parallel fashion for all 

the library fragments. Occasionally, there may be a sequencing error because the wrong 

nucleotide is incorporated or the signal is misinterpreted; typically sequencing error occurs 

in 0.1-1% of bases sequenced141. 
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Figure 2 A typical whole genome sequencing pipeline for detecting drug-resistant M. tuberculosis 
from a clinical sample.  

 

The reads for all the fragments are then separated based on their unique adapters, similar 

sequences are clustered, and matching forward and reverse strands are paired to build a 

contiguous sequence. The ‘pileup’ of clustered, ordered reads is then ‘mapped’ by aligning 

to a reference sequence, usually H37Rv142, to detect genomic variants. At this point, quality 

control filters can be put in place to remove potential false positive variants arising from 

sequencing error or contamination. These can include only removing variants where there 

are an insufficient number of reads covering the position in the reference (minimum depth), 
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or where there is not a sufficiently high proportion of reads supporting one nucleotide at a 

certain position (fraction of read support). However, these filters can lead to difficulty in 

identifying variants for M. tuberculosis samples that contain more than one strain. The final 

list of variants in the sample is then compared to a catalogue of known variants associated 

with resistance to predict whether the sample is susceptible or resistant to each drug. WGS 

with a catalogue-based approach has been shown to successfully predict resistance and 

susceptibility to several first and second line antitubercular drugs143-145, although the 

approach tends to perform less well for second-line drugs146. 

 

The major benefit of WGS is that it has a faster turnaround time for DST results compared to 

phenotypic methods147 and the costs have greatly reduced in recent years. As such WGS 

pipelines are used in some high-income countries for M. tuberculosis DST, including England, 

Scotland and Wales where all TB samples now undergo WGS148. WGS also has other benefits; 

it can be used to improve TB surveillance via analysis of global movement and 

transmission149, 150 and importantly WGS information is needed to build and enrich 

catalogues of resistance conferring mutations42. However, there are some disadvantages to 

the WGS pipeline. Firstly there is currently no standardized workflow meaning that genomes 

collected by different countries may be inconsistent and incomparable151. Secondly, 

similarly to phenotypic DST, the current WGS pipeline has time and infrastructure limitations 

because M. tuberculosis bacilli generally need to be isolated and cultured from the clinical 

sample prior to sequencing to ensure there is sufficient DNA152. With this being said, 

performing WGS directly from clinical samples is feasible, potentially reducing the turn-

around time for DST results to c. 5 days153. Another option, targeted NGS (tNGS), can also be 

implemented directly from clinical samples and has been shown to perform comparably to 

WGS platforms for identifying resistance conferring mutations154-156 and the technology 
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could be more appropriate for resistance diagnosis in resource limited settings157. Although 

tNGS can be used to amplify many genetic regions in order to provide a broad picture of 

drug resistance present in a TB isolate, less information can be gleaned from the resulting 

output in comparison to WGS data. 

 

Ultimately, the success of any NGS-based method for resistance prediction relies on the 

production of comprehensive catalogues of genetic mutations associated with resistance. 

This requirement has resulted in the collection of large, global, matched genotypic and 

phenotypic datasets, from which statistical tests, machine learning or genome wide 

association studies can be used to identify the mutations that are associated with 

phenotypic resistance and those that are not1. Most recently, the WHO has produced a 

catalogue of over 17,000 such mutations from a collection of 50,306 M. tuberculosis isolates 

using a standardized statistical approach that it recommends for interpretation of TB 

sequencing data42, 145. This catalogue is not exhaustive42, 145, 158; indeed no catalogue will ever 

be exhaustive as novel and rare resistance conferring mutations will arise and when 

detected are unlikely to meet the statistical thresholds required to be highlighted as 

associated with resistance. Therefore, novel predictive approaches will always be necessary 

to compliment the catalogues.  

 

1.4 Fluoroquinolones 

The first fluoroquinolone was developed in 1976159, and the general scaffold is based on a 

quinoline ring system with a fluorine atom at the C6 position (Figure 3). Additions or 

modifications can be introduced at several points on the scaffold and the keto acid part of 
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the molecule can form complexes with metal ions including Magnesium, Copper, Rhenium 

and Technetium160. 

 

 

Figure 3 The fluoroquinolone scaffold. R shows where additional moieties may be introduced to the 
scaffold. Note: structures drawn using molview software161. 
 

 

Many different fluoroquinolone antibiotics have been developed to specifically treat a wide 

range of Gram positive and Gram negative bacterial infections and their use is particularly 

implicated in respiratory, urinary tract and sexually transmitted infections162. Despite their 

many uses, fluoroquinolone drugs are often over- or inappropriately prescribed163. 

Fluoroquinolones are now are one of the most commonly prescribed classes of antibiotics 

worldwide164 and their global usage in humans is increasing165. Concerningly, but not 

unexpectedly, an increased usage, in both humans and animals, has been associated with 

increased levels of resistance in several bacteria166-169.  
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1.4.1 Fluoroquinolones for the treatment of M. tuberculosis 

Fluoroquinolones have been used in tuberculosis treatment programs since the 1980s when 

ofloxacin was trialled for treatment of pulmonary tuberculosis56, and are now essential in 

many MDR and drug-susceptible TB treatment regimens (Table 4). Since ofloxacin, several 

newer generation fluoroquinolones have been developed which have greater in vitro and in 

vivo activity against M. tuberculosis170-172. Specifically, substituents at the C8 and C7 carbon 

and N1 nitrogen and the presence of fluorine at C6 (Figure 3) are desirable structural 

features for targeting M. tuberculosis as they can form interactions with the fluoroquinolone 

binding pocket in the target, DNA gyrase173. The newer fluoroquinolones include 

levofloxacin, the S form optical isomer of ofloxacin, and moxifloxacin and gatifloxacin which 

contain an 8-methoxy moiety that increases the bactericidal activity by forming a stronger 

complex with the DNA gyrase target172 (Figure 4).  

 

Figure 4 Chemical structures of fluoroquinolones used to treat TB. Note: structures drawn using 
molview software161 
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The fluoroquinolones are generally safe and well tolerated for TB treatment174, but there is a 

small risk of fatal arrythmia due to a prolonged QT interval time175 and the QT interval is less 

prolonged when patients are treated with levofloxacin compared to moxifloxacin176. 

Gatifloxacin is not currently recommended for the treatment of TB because it has been 

removed from the market over concern about its effects on blood glucose levels70, 177. The 

WHO considers both levofloxacin and moxifloxacin ‘group A’ agents, with high effectiveness 

and a good safety profile (Table 2) and a Korean study showed no difference in clinical 

outcome when using recommended doses of levofloxacin versus moxifloxacin to treat MDR 

TB178. However, in vitro, moxifloxacin has been shown to have better performance than 

levofloxacin179 and kills bacteria more quickly180, suggesting moxifloxacin may be a 

preferable choice in settings where there is a higher risk of non-compliance or treatment 

interruption.  

 

1.4.2 Mechanism of action 

The cellular target of fluoroquinolones in M. tuberculosis is DNA gyrase, a type II 

topoisomerase enzyme formed by a tetrameric complex of two gyrA and two gyrB subunits 

(Figure 5). The DNA gyrase creates and re-ligates double stranded breaks in DNA in an 

energy (adenosine triphosphate) dependent manner165. Creating and re-ligating double 

stranded breaks is necessary to unwind and untangle DNA prior to the essential processes of 

transcription and translation165. In M. tuberculosis, the DNA gyrase is the sole enzyme 

responsible for this task28, making it a good antibiotic target. Humans also have type II 

topoisomerase enzymes although they are, generally, sufficiently different from bacterial 

ones as the gyrA and gyrB domains are fused to not lead to off target effects181. 
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Figure 5 Schematic figure of a bacterial DNA gyrase. The DNA gyrase is formed of two gyrA and two 
gyrB subunits. The gyrA N terminal domains are responsible for breaking and re-ligating DNA and the 
gyrA C terminal domains bind DNA non-specifically for untangling. The gyrB N-terminal domain is 
responsible for ATP hydrolysis and the C-terminal domain for binding the subunits together and 
coordinating catalytic ions.  

 

The DNA gyrase enzyme carries out its function using a “two metal mechanism”182, 183, that in 

M. tuberculosis relies on Magnesium ions (Mg2+) coordinated by the two gyrB subunits184. 

The reaction results in a staggered double stranded break in the DNA backbone and, to 

maintain genomic integrity prior to re-ligation, an evolutionarily conserved Tyrosine residue 

in each gyrA subunit forms a covalent bond with one of the newly cleaved 5’ DNA ends165,185. 

In this state the complex is called a ‘cleavage complex’185. Fluoroquinolone bound DNA 

gyrase cleavage complex structures show how the drugs exploit the enzymatic process; the 

fluoroquinolones intercalate into the DNA to produce a physical block that prevents DNA re-

ligation184 (Figure 6). Through the continued action of fluoroquinolones, the function of DNA 

gyrase (and thus transcription) is impaired and the concentration of poisoned cleavage 

complexes increases over the genome186. When the replication or transcription machinery 
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encounter the cleavage complexes, permanent chromosomal breaks are formed and if there 

are more permanent breaks than can be repaired, apoptosis is triggered and the bacterium 

dies185, 186.  

 

 

Figure 6 Mycobacterium tuberculosis DNA gyrase cleavage complex with a 19bp strand of double 
stranded DNA (black) and two bound moxifloxacin molecules (yellow). Moxifloxacin molecules are 
shown in a surface representation. Image created from PDB 5BS8184 using VMD187. Note: the structure 
of the cleavage complex does not include the gyrB N-terminal ATPase (Figure 5). 

 

Crystal structures show that levofloxacin and moxifloxacin interact with the M. tuberculosis 

DNA gyrase complex in a highly similar manner184 (Figure 7). The drug molecules form only 

one direct interaction with DNA gyrase through coordination of a magnesium ion (Mg2+) by 

the C3-C4 keto acid group. The Mg2+ forms a water bridge network with gyrA Aspartate 

residues at position 94. Both levofloxacin and moxifloxacin also bind in close enough 

proximity to potentially form contacts with a range of other gyrA and gyrB residues that are 

highlighted in Figure 7.  
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Figure 7 Levofloxacin and moxifloxacin binding poses in M. tuberculosis DNA gyrase cleavage 
complex. For clarity, DNA residues have been removed. Mg2+ coordinated crystal waters are shown as 
red dots and the water-ion bridge as red dashed lines. gyrA and gyrB residues within 5Å of either 
levofloxacin or moxifloxacin are highlighted. Image created in VMD187 from PDB structures 5BS8 and 
5BTG184. 

 

1.4.3 Fluoroquinolone resistance  

Fluoroquinolone resistance arises during the treatment of MDR TB188 and is associated with 

fluoroquinolone usage188-190, although resistance may be able to arise independently of 

usage188, 191. Most fluoroquinolone resistance is found in MDR TB isolates, although a small 

proportion (1-3%) can be found in drug-susceptible backgrounds192-194. Using data from the 

past 15 years, the WHO estimates that around 20% of MDR TB infections are 

fluoroquinolone resistant110, however there is limited data compared to rifampicin, because 

of more limited drug susceptibility testing12. In 2020, only 50% of notified MDR TB cases 

were tested for fluoroquinolone resistance and in some high burden TB regions, levels were 

below 30%12. 
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Resistance to fluoroquinolones can be conferred by several mutations in the gyrA and gyrB 

genes195-197 that can impact the structure and properties of the DNA gyrase fluoroquinolone 

binding site. These mutations tend to occur in the gyrA “quinolone resistance determining 

region” (QRDR), which spans gyrA residues 74 to 113198, or less frequently, the proposed 

gyrB QRDR that encompasses gyrB residues 461 to 501197. The most observed resistance 

conferring mutations are gyrA D94G, which is thought to disrupt the ion water bridge 

network, and gyrA A90V, which likely causes a steric hinderance to fluoroquinolone 

binding184, 199-201 (Figure 7). These common mutations have also been seen as part of mixed 

M. tuberculosis infections that have fluoroquinolone resistance202.  

 

The WHO catalogue of M. tuberculosis resistance-associated mutations identified 14 

mutations associated with both levofloxacin and moxifloxacin resistance (Table 5) and some 

mutations that are not associated with resistance42, 145. The resistance-associated mutations 

are the same for both fluoroquinolones, however the gyrB E501D mutation is more 

confidently associated with moxifloxacin resistance than levofloxacin, which is unsurprising 

as there is evidence of a difference in the amount of resistance conferred to levofloxacin 

compared to moxifloxacin by this mutation203, 204. All 14 of the resistance associated 

mutations are in the target genes gyrA and gyrB, are located within the proposed QRDR 

regions (bar gyrB A504V) and are close to the fluoroquinolone binding site (Figure 8), 

suggesting disruption of drug-binding is the primary resistance mechanism. Genome wide 

association studies have uncovered few other potential genes implicated in fluoroquinolone 

resistance205, and in vitro studies suggest that efflux may play a role as various efflux pump 

inhibitors decreased resistance levels to fluoroquinolones206-208.  
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Mutation Association with levofloxacin 
resistance 

Association with moxifloxacin 
resistance 

gyrA_D94G Associated with resistance Associated with resistance 
gyrA_A90V Associated with resistance Associated with resistance 
gyrA_D94N Associated with resistance Associated with resistance 
gyrA_D94A Associated with resistance Associated with resistance 
gyrA_S91P Associated with resistance Associated with resistance 
gyrA_D94Y Associated with resistance Associated with resistance 
gyrA_G88C Associated with resistance Associated with resistance 
gyrA_D94H Associated with resistance Associated with resistance 

gyrB_E501D Associated with resistance Associated with resistance - 
interim 

gyrB_D461N Associated with resistance - 
interim 

Associated with resistance - 
interim 

gyrB_A504V Associated with resistance - 
interim 

Associated with resistance - 
interim 

gyrA_G88A Associated with resistance - 
interim 

Associated with resistance - 
interim 

gyrB_N499D Associated with resistance - 
interim 

Associated with resistance - 
interim 

gyrB_E501V Associated with resistance - 
interim 

Associated with resistance - 
interim 

Table 5 WHO catalogue mutations associated with resistance to fluoroquinolones42, 145. Interim 
reflects that there is some uncertainty in the association with resistance, for example if the 
association is based on phenotypic tests that have not been fully validated. 
 

 

Figure 8 Positions of WHO catalogue mutations associated with fluoroquinolone resistance relative 
to the DNA gyrase fluoroquinolone binding site. Moxifloxacin and its coordinated Mg2+ ion are 
shown in yellow, gyrA chains are in white and gyrB chains are in grey. Image created in VMD187 from 
PDB structure 5BS8184. 
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To treat fluoroquinolone resistant TB, assuming the isolate is MDR, one should use the 6-

month BPaLM treatment regimen without moxifloxacin109 (Table 4). However, if this is not 

appropriate for the patient, a longer 18 to 20 month individualised longer treatment 

program is required (Table 4) 109. There is evidence that high dose moxifloxacin could be 

used to treat low level fluoroquinolone resistance209, 210, but a recent clinical trial in India 

showed no difference in the treatment outcome211.  

 

1.5 Thesis outline 

In this thesis I aim to build upon our knowledge of fluoroquinolone resistance and test new 

methods to predict fluoroquinolone resistance from WGS data. These findings will be 

important to improve the performance of sequencing-based methods for fluoroquinolone 

DST in comparison to the current gold-standard but time-consuming phenotypic methods.   

 

I will begin in chapter 2 by introducing the predictive methods I have selected to test, 

machine learning and free energy calculation. In chapter 3 I will introduce the CRyPTIC 

Consortium’s dataset of WGS M. tuberculosis isolates and matched phenotypic DST results 

that form the underlying dataset for my work. Here I particularly focus on exploring the 

diversity of the isolates present in the dataset, identifying important resistance patterns and 

examining the limitations of the data. In chapter 4 I will use the CRyPTIC isolates to uncover 

and untangle genetic and geographical associations with phenotypic fluoroquinolone 

resistance and susceptibility. I will then evaluate the reliability of the assumptions of current 

sequence-based diagnostics, PCR-based molecular diagnostic tests and WGS with catalogue-

based prediction, and assess their expected performance for detecting fluoroquinolone 
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resistance in the CRyPTIC isolates. In chapters 5 and 6 I will apply and evaluate machine 

learning algorithms and free energy calculations as rapid tools for predicting 

fluoroquinolone resistance based on structural changes associated with DNA gyrase 

mutations. Finally, in chapter 7, I will summarize my key findings and discuss their 

significance, limitations, and suggestions for further work.  
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2 Chapter 2: Predictive methods 

2.1 Introduction 

The quick and reliable prediction of drug resistance and susceptibility is important if the 

proposed next generation sequencing (NGS) approaches are to replace traditional culture-

based phenotypic drug susceptibility testing (DST) for TB144, 212. A switch to using NGS could 

have a multitude of benefits as discussed in Section 1.3.3, but most importantly, using NGS 

in place of phenotypic DST would significantly decrease the time taken to return DST 

results147, and therefore patients could be prescribed an effective TB treatment regimen 

more quickly. However, the current catalogue-based approach recommended to predict 

resistance from NGS data is not exhaustive145, 158 and is unable to account for rare or novel 

resistance signatures until they have been seen a sufficient number of times in 

phenotypically resistant isolates42, 145. Rapid new computational predictive approaches are 

therefore essential to flag up resistance that may be missed by the current NGS predictive 

pipeline. 

 

There are a range of computational predictive methods that can be considered and these 

can be divided into two contrasting groups; methods that are inference-based, versus 

methods that are theoretically exact. This chapter describes the predictive methods used in 

this thesis, machine learning (an inference-based method) and free energy calculations (a 

theoretically exact approach), and introduces the relevant theoretical background and 

rationale for particular methodological choices.  
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2.2 Machine learning 

Artificial intelligence encompasses a range of technologies, including machine learning, that 

enable computers to simulate human behaviour to solve complex problems. Machine 

learning uses algorithms to learn patterns from data without being given specific 

instructions. For example, in supervised learning, a machine learning algorithm is used to 

train a statistical model using underlying patterns specific to a labelled dataset, and the 

resultant model can then be used to make predictions for new data. In the most basic form, 

a machine learning model predicts a label (𝑦) and a function of predictors (𝓍) that are also 

referred to as features: 

𝑦	 = 	𝑓(𝓍𝑖) 

The machine learning algorithm is used to learn a statistical function of 𝓍!  using underlying 

patterns in the dataset so that 𝑦 can be predicted for new data. The learning process is 

referred to as ‘supervised’ because throughout the training of the model, the labels for the 

dataset are provided to ensure the algorithm is learning the data patterns relevant to the 

labels. 

 

The supervised machine learning approach is well suited to predicting antibiotic resistance 

and susceptibility as there are many complex underlying patterns that could be, and are, 

associated with resistance. Indeed, a range of machine learning models have been used to 

successfully predict antibiotic resistance in previous studies213. Unsupervised learning does 

not learn associations specific to labels, but rather learns patterns in unlabelled data and is 

therefore not appropriate for the goal of this thesis. Standard statistical modelling, upon 

which machine learning has its foundation, is also a useful inferential method that can be 
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used for prediction; however, the emphasis is on uncovering significant relationships and 

patterns within data, compared to the machine learning approach that concentrates more 

on the performance of the predictive aspect. 

 

To evaluate the performance of a machine learning model, the dataset is first split into 

training and testing sets (usually 80% of the data is for training and 20% for testing). The 

‘performance’ of a model can be assessed in multiple ways depending upon the desired 

characteristics of the model and this will be discussed later in the chapter. Once a model is 

trained using 80% of the data, it is used to predict the labels of the 20% of data that has not 

been seen by the model during training to evaluate how the model generalizes to new data. 

If the performance of a model is stronger on the training dataset than the test dataset, then 

the model can be considered overfit, meaning that it is too specific to the patterns seen in 

the training data and will not generalise well to make predictions for new data. This problem 

is common to all machine learning algorithms and needs to be considered and mitigated 

during training.  

 

The feasibility and success of machine learning is ultimately reliant on the amount and 

quality of data used to train the algorithms, i.e. a large amount of accurate data are 

required. Thanks to the increased accuracy and decreased cost of NGS214, it is now viable to 

sequence large numbers of clinical isolates and, in doing so, collect a wealth of genetic data. 

This has enabled major efforts by the CRyPTIC Consortium to collect whole genome 

sequencing (WGS) data for over 60,000 M. tuberculosis isolates from diverse backgrounds. 

The consortium has also collected matched phenotypic information in the form of minimum 

inhibitory concentration measurements (MIC) for 13 antibiotics for a subset of these 
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isolates. The WGS and phenotypic data of this subset were collected according to a standard 

operating procedure to ensure the quality and consistency of sample information. The 

resulting dataset is unparalleled in terms of its size and the wealth of information available. 

This makes it an excellent source of data with which to train machine learning models to 

predict antibiotic resistance in TB. 

 

There are a range of supervised machine learning algorithms that can be considered for 

training models to predict antibiotic resistance or susceptibility (binary classifiers) or the MIC 

to a particular antibiotic, using the CRyPTIC dataset. However, it is important that the 

models considered for such resistance prediction tasks are easy to interpret, in that the 

rationale used for prediction should be understood, to build trust for use in clinical 

settings213. 

 

2.2.1 Binary classification 

Binary classification is the task of predicting one of two categorical variables, and is 

therefore appropriate for predicting antibiotic resistance and susceptibility. There are many 

different machine learning algorithms that can be used for binary classification, including 

neural networks and support vector machines, but I chose to use forest-based models 

founded on decision trees, and logistic regression in this thesis due to their higher degree of 

interpretability. 
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2.2.1.1 Decision Trees 

A decision tree describes a series of logical conditions that can be used to classify a dataset. 

An example of a three-layer tree classifying data as belonging to either group A or group B is 

shown in Figure 9. A decision tree machine learning algorithm iteratively constructs a tree 

that can then be used to make classifications. All the data instances are set at the root node 

of the tree and at this node, for each of the predictors, the data is partitioned based on a 

conditional value of the predictor. The information gain from the split is computed (i.e. how 

well the group A and group B data are split) for each predictor and the one that gives the 

largest information gain forms the logical condition at this node.  If one of the branches from 

this criterion only contains group A or group B, the child node at the end of the branch is 

assigned as a leaf. If the branch contains both group A and group B labels then the child 

node at the end of the branch can be treated in the same way as the root node to further 

separate the group A and group B data in that branch. The tree continues to grow in layers 

this way until all the branches end in group A or group B leaves (i.e. all the data is 

partitioned) or until a user defined maximum tree depth is reached. When one has a new 

datapoint with an unknown label then one follows the tree until a leaf is reached, predicting 

the label.  
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Figure 9 Three layered decision tree to classify whether a data entry is group A or B. The root node 
is depicted by a brown diamond, child nodes by light brown diamonds, leaf nodes as green squares 
and branches as brown lines. 

 

A major advantage of decision trees is that, because a condition can occur in one branch but 

not another, it is possible to model interactions between different predictors that is not 

possible with other methods such as logistic regression. However, the method has the 

disadvantage in that it is prone to overfitting and so often does not generalise well when 

making new predictions. 

 

2.2.1.2 Random Forest 

Random forests were first introduced by Breiman215 and comprise an ensemble of 

independent decision trees (see Section 2.2.1.1), each of which makes a class prediction for 

a datapoint, and the winning class prediction is the one with the majority vote from the 
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trees in the forest (Figure 10). By using many independent trees, the predictions are less 

dependent on errors from individual trees and therefore are less prone to overfitting. In 

order to make sure that the trees are independent the models are trained using ‘bagging’; 

the original training data is randomly sampled and some data are replaced with other data in 

the training set (i.e. some datapoints are not used for a particular tree and others may be 

used twice). To further increase diversity among the trees, instead of considering all 

predictors when partitioning the data at a node, each tree is only allowed to use a random 

subset of predictors in the data. 

 

 

Figure 10  A prediction made by a random forest comprising four independent decision trees. The 
prediction of a random forest model is the majority vote from the independent trees, the proportion 
of the vote can be interpreted as a confidence score for the overall prediction.  
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Importantly, forest-based methods are interpretable; one can evaluate how important each 

of the predictors used is for making predictions. Each tree calculates the importance of each 

of the predictors used according to how well it increases the purity of the groups in the 

leaves. A more important feature will give a higher purity in the leaves. The average score 

for each predictor is taken from across the trees and is normalized to 1, so that the sum of 

all the predictor importance scores is 1. 

 

2.2.1.3 XGBoost 

XGBoost is an extension of the random forest model which uses gradient boosting to 

improve performance by creating new trees to predict the errors of prior models in an 

additive manner216. As this can result in overfitting, regularization factors such as shrinkage 

are also employed in the model. Shrinkage scales newly added weights from each step of 

tree boosting i.e. newly added trees are given less importance. 

 

2.2.1.4 Logistic Regression 

Logistic regression, although not a classification algorithm, can also be used for binary 

classification problems. Of the two groups, A and B, one is assigned the value 1 and the 

other 0. The log odds of 𝑦 having a value of 1 can be calculated using the logistic regression 

model:  

log
Ρ(𝓍")

1	 − 	Ρ(𝓍")
	= 	𝛽# 	+ 	𝓍" 	 ∙	 𝛽" 
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Where bi are coefficients (weights) and 𝓍i the independent variables (predictors). From the 

logistic regression equation, the probability (P) that 𝑦 takes on a value of 1 can then be 

calculated and a threshold can then be used to classify the datapoint as either 1 or 0. 

Generally, observations with a probability greater than or equal to 0.5 will be classified as 1 

and those less than 0.5 as 0.  

 

The task of the machine learning algorithm is to fit a model by learning the best weights for 

predicting which datapoints are ‘1’, with the least error in predicting the groups. There are 

many different cost or loss functions (referred to as ‘solvers’) that can be used to estimate 

weights of the predictors, the most widely used are coordinate descent algorithms, such as 

LIBLINEAR217, and algorithms based on Newton’s method, such as the Limited-memory 

Broyden–Fletcher–Goldfarb–Shanno algorithm218-221. 

 

A regularisation term can be added to the equation to prevent overfitting of the model.  

There a many different regularization terms that can be used, but the two most common 

regularization terms, L1 and L2, penalize high coefficients in the model. If a feature occurs 

only in one class it will be assigned a very high coefficient by the logistic regression algorithm 

and thus the model will learn the training set too perfectly. The amount of regularization can 

be tuned using a hyperparameter ‘C’ which increases or decreases the amount of 

penalization and therefore dictates how closely the model fits the training data; high values 

of C will return a more highly fitted model to the training data and low values will result in a 

more general model. 
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To interpret the logistic regression model, one considers the size of the assigned weightings 

(β coefficients) associated with each predictor (𝓍), as this represents the expected change in 

log odds of 𝑦 being 1, per unit change of 𝓍.  

 

2.2.2 Minimum inhibitory concentration (MIC) prediction 

MICs are conventionally measured using doubling dilutions and are therefore better 

described as a categorical variable rather than continuous. A more informative description 

of MIC is a series of ordered intervals. For example, supposing a bacterial population grows 

at a MIC of 1 mg/L but not at 2 mg/L, the true MIC is greater than 1 and less than or equal to 

2 mg/L. A range of algorithms can be considered to predict MIC, and I again chose to test 

models that are extensions to the random forest and logistic regression approaches 

described in section 2.2.1, due to their interpretability. 

 

2.2.2.1 Multiclass classification with random forests 

Multinomial classification with random forest is an extension of the binary approach, where 

decision tree nodes are split until isolates are classified into one of any number of classes 

rather than just two. Again, the resultant class prediction is the one with the most votes 

across all the individual trees. This model does not consider that the MIC classes have order 

and therefore treats the problem as truly multiclass. 
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2.2.2.2 Ordinal methods 

Ordinal methods such as ‘all threshold’222, ‘immediate threshold’222 and ‘squared error’223 

consider ordering of classes. This is important as, for example, predicting an MIC of 0.5 mg/L 

when the real MIC is 4 mg/L would worse than predicting an MIC of 2 mg/L. These models 

are extensions of logistic regression, in that the probability P is split into a number of 

sections using thresholds which distinguish between group predictions.  

 

The difference between ‘all threshold’, ‘immediate threshold’ and ‘squared error’ methods is 

how the models are penalised for making incorrect predictions by the loss function. For the 

‘all threshold’ model, the amount of penalization increases over each threshold there is 

between the prediction and the true class. Therefore solutions (b weights) that minimise the 

number of thresholds that are crossed are encouraged and the method therefore minimises 

the mean absolute error between truth and prediction. The ‘squared error’ approach takes 

this a step further, as penalization increases logistically over each threshold crossed, and the 

method minimises mean squared error between truth and prediction. The ‘immediate 

threshold’ does not penalise for the number of thresholds between the true value and the 

predicted value, but rather has a blanket penalty for crossing any threshold. 

 

Another method, ordinal ridge223, works differently; a linear least squares model is fit with 

L2 regularisation, thereby treating the MIC as a continuous variable. Once an MIC is 

predicted it is rounded to the nearest group. 
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The amount of regularization can be tuned for all ordinal models using a hyperparameter 𝛼, 

where high values of 𝛼 will return a model more highly fitted to the training data and low 

values will result in a more general model. 

 

2.2.3 Evaluation of machine learning models 

The ‘performance’ of a model can be assessed in multiple ways depending upon the desired 

characteristics of the model. For example, one could assess the performance of a binary 

classification algorithm by accuracy; simply the proportion of predictions that are correct. 

However, when using machine learning for medical applications, the performance of 

predicting one class may be more important than the other. For example, when predicting 

whether a patient has a disease it is most important to minimise the number of predictions 

of ‘no disease’ when a patient has disease. One therefore needs to consider the 

performance of a model in terms of sensitivity (the true positive rate) and specificity (1 – the 

false positive rate). To evaluate the overall performance in terms of both sensitivity and 

specificity one can use a receiver operating characteristic curve (ROC) and the probabilities 

of the class predictions. The curve begins at a point where all samples are classed as the 

negative class (0) and ends at a point corresponding to all samples are predicted as the 

positive class (1). The curve is then computed using different decision thresholds between 0 

and 1, calculating the resultant true positive and false positive rates. The area under the 

curve (AUC) can be calculated to give the ROC AUC score, for which a value of 0.50 indicates 

that a model that performs no better than chance and a value of 1.0 indicates perfect 

performance. 
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To help prevent overfitting it can also be useful to evaluate the model performance during 

training. One can split the training set into a training and a validation set that is used as a 

mimic of the test set to tune models by identifying how well the model might generalize. 

However, the validation set is a relatively small sample compared to the rest of the dataset 

and therefore may not be an accurate representation of the population due to sampling 

bias. A further limitation is that splitting the training data to create a validation set decreases 

the amount of data one uses to train the model. An alternative approach is to use cross 

validation, where several ‘folds’ are created from the training data. In the case of five-fold 

cross validation, the data is split so that 20% of samples form a validation set. Each fold uses 

a different 20% of the training data as its validation set. Machine learning models are trained 

for each fold, using the remaining 80% of data and the models are evaluated on that fold’s 

validation set. The best model can be selected as the one that has the highest mean 

performance across all the folds. In this way we can train and fine tune machine learning 

algorithms using all the available training data. Figure 11 shows an example process for how 

a dataset may be split for training and evaluating machine learning algorithms. 

 

 

Figure 11 Splitting of a dataset to evaluate machine learning algorithms. In this example, the full 
dataset is split into training and test sets, 20% of samples are randomly assigned as the test group. 
The training set is further split into training (T) and validation sets (V) to facilitate model tuning using 
5-fold cross validation.  
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2.2.4 Methods to improve model performance 

To improve the performance of a machine learning model without impacting the 

interpretability, the simplest methods (asides from the obvious addition of more data with 

which to train the model) include feature selection and hyperparameter tuning.  

 

2.2.4.1 Feature selection 

Feature selection is a process used to reduce the number of features used to train a machine 

learning algorithm by removing irrelevant, redundant or noisy features. Reducing the 

number of features can reduce the likelihood of model overfitting, thereby improving 

performance on independent test sets compared to models trained without feature 

selection224, 225. Feature selection can also decrease the computational cost of training 

models by reducing dimensionality. 

 

Although there are many approaches that can be used to reduce the number of features226, 

227, the method used in this thesis is based on recursive feature elimination (RFE)228. RFE is 

an example of a ‘wrapper’ method which is implemented using the desired machine learner. 

This is important because optimal features have been shown to depend on the particular 

biases of the machine learning model225. RFE performs backward feature elimination where 

the model is first fit using all the possible predictive features and then the least significant 

features are removed sequentially, until a desired number of features is reached. Backwards 

feature elimination has the advantage over a forward selection approach (where one starts 

with small set of features and adds more if they contribute to the prediction) in that it is 

more likely to identify features that interact with each other228. 
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A problem with the RFE approach as described is that it is difficult to know upfront what the 

optimal number of features to use is. In this case, one can combine RFE with cross validation 

to automatically select the number of features to use. For every iteration where a feature is 

removed, the score of the resultant model trained is calculated on the validation set. The 

number of features left at the iteration which gives the maximum score on the validation set 

is taken as the optimal number of features. 

 

2.2.4.2 Hyperparameter tuning 

A hyperparameter is a value that can be used help improve the performance of machine 

learning models. There are many different hyperparameters that can be tuned to optimize 

models and reduce overfitting. For example, different values of C can be used in logistic 

regression to increase or decrease the level of regularisation and for forest-based models 

one can consider how the number of trees or the depth the trees are allowed to reach can 

influence how the models fit the training data.  

 

Hyperparameter tuning also employs cross validation to train and evaluate a range of 

models each with different combinations of hyperparameter values. There are two main 

approaches that can be considered to find the best combination of hyperparameters, grid 

search229 and random search230. For grid search, a user imputes a series of defined values for 

each hyperparameter whilst the grid search algorithm methodically tests all possible 

combinations of hyperparameter values on the training and validation sets. The grid search 

strategy may end up missing optimal models due to the constraints on the values of 

hyperparameters it can test and, as some hyperparameters may be more important than 
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others, grid search can unnecessarily explore hyperparameters that have little effect on the 

model performance. For random search one instead imputes a range between which values 

are randomly selected for each hyperparameter and defines the number of different 

random combinations of hyperparameters to try. Therefore where a larger number of 

hyperparameters are to be considered, a random search approach is favourable and has 

been shown to find models with equal or even improved performance using less compute 

time than the grid search approach230.   

 

2.3 Free energy calculations 

The change in Gibbs free energy, DG, tells us whether a reaction is feasible or not in an 

isobaric-isothermal ensemble.  It is defined in terms of the enthalpy (H), entropy (S) and 

temperature (T) of a system:  

∆𝐺	 = 	∆𝐻	 − 	𝑇∆𝑆 

If it is negative, then the reaction will proceed, unless it is kinetically constrained. This 

property can be calculated for any reaction in a closed system, including the free energy 

associated with a binding process i.e. the binding affinity. The affinity can be affected by a 

range of factors including the number and strength of bonds formed between the ligand and 

the protein, the displacement of binding site waters, the flexibility of the ligand in the 

binding site and the ligand induced effects on protein conformation or flexibility. If one 

assumes that a protein mutation that causes resistance decreases the affinity of the drug for 

that protein, then one can use the binding free energy of the drug-ligand interaction to 

predict resistance.  
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There are several methods that can allow us to estimate the binding free energy of a 

protein-ligand interaction. These include molecular docking, endpoint methods, and 

alchemical free energy methods. Molecular docking is a two-step process which first docks a 

ligand into the binding site and then uses a scoring function to predict the binding affinity. 

There are a range of different scoring functions available, however they are unlikely to be 

accurate enough for this application due to their treatment of solvent as a continuous 

medium, limited ability to consider protein flexibility and in some cases an inability to 

account for entropy231, 232. Endpoint methods such as molecular mechanics/Poisson–

Boltzmann surface area are more accurate than docking scoring functions and separately 

calculate enthalpic and entropic contributions to free energy using samples of the final 

states of a system233. However these methods typically make several approximations, 

especially when calculating the entropic contribution, and therefore are also unlikely to be 

accurate enough able to distinguish between relatively small differences in systems234. Some 

amino acid mutations constitute very small perturbations to a system, for example the 

resistance conferring mutation gyrA A90V184, 199-201 only results in the addition of two methyl 

groups in place of two hydrogen atoms (Figure 12a,b). I assume that the molecular docking 

and endpoint approaches will not have sufficient accuracy to distinguish between the 

binding free energies of the ligand and a wild type compared to a mutated protein. I will 

therefore use alchemical free energy methods to predict binding affinities, as these are the 

most theoretically accurate methods, being rooted in classical statistical mechanics.  
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Figure 12 Structures of Alanine (a) and Valine (b) 

 

2.3.1 Alchemical free energy methods 

Assuming that a ligand forms a reversible noncovalent complex with the protein at 

thermodynamic equilibrium, the free energy difference between the bound complex in 

solution and the unbound ligand and protein in solution can be estimated as follows: 

∆𝐺 = −𝑅𝑇	𝑙𝑛	𝐾 

where R is the gas constant, T is temperature and K is the equilibrium constant, which is the 

ratio of product (in this case the protein-ligand complex) to reactants (the protein and the 

ligand) in solution. Whilst the equilibrium constant, and therefore DG, can be calculated 

experimentally using isothermal titration calorimetry, it is more challenging to calculate 

computationally. 

 

A macroscopic thermodynamic property, such as DG, is an average over an ensemble of 

many different microstates of the system. In our case the microscopic system comprises one 

protein molecule and one ligand molecule either bound or unbound in solution. A given 
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microstate refers to a unique positional configuration of the atoms in the system, and the 

ensemble of microstates that are averaged over must obey a probability density 

proportional to Boltzmann’s factor (guaranteeing that higher energy states are less 

sampled). The energies of each microstate can be computed and the sum of all the states 

can be used to derive an ensemble average of the absolute binding free energy235. 

∆𝐺 = 	𝐺"#$%& 	− 	𝐺$%"#$%& 		 

∆𝐺 =	< ∆𝐺 >	

= −𝑅𝑇𝑙𝑛 9
𝑍"#$%&
𝑍$%"#$%&

; 

where 

𝑍	 = 	<𝑒'	
)!
*"+

!#

!$

 

where i are individual microstates, Ei is the energy of the given microstate, kB is Boltzmann’s 

constant and T is temperature.  

 

Calculating the absolute binding free energy of a ligand binding to a wild-type protein and a 

ligand binding to a mutated protein in this way (ΔG1 and ΔG2, Figure 13) can be time 

consuming and inaccurate as there is a large difference between starting and end states (i.e. 

the ligand solvated in water and the ligand bound to the protein) and thus the calculations 

can take a long time to converge. In this thesis I will therefore use relative binding free 

energy calculations; since one is only interested in whether a mutation increases or 

decreases the antibiotic’s affinity for the target, we need only calculate the difference in 

binding free energy between the wild type and mutant systems (DDGbinding, Figure 13).  
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Figure 13 Free energy cycle of a ligand binding a wild type and mutated protein in a closed 
isothermal-isobaric system. As the system is closed and in NPT ensemble (constant temperature, 
pressure and number of particles), the total DG of the cycle is zero. Red lines represent the alchemical 
pathways. 

 

Travelling around a free energy cycle of the closed system in an NPT ensemble (where there 

is no change in the number of particles (N) and a constant pressure (P) and temperature (T)), 

one ends at the same state that has the same free energy no matter the path taken, and 

therefore the sum of all the energies in the cycle is zero (Figure 13). Taking advantage of the 

path independence we can show that the Gibbs free energy of the wild-type protein 

transmuting into the mutant protein in the apo state (ΔG3, Figure 13) and the free energy of 

the wild-type protein transmuting into the mutant protein with the ligand bound (ΔG4, 

Figure 13) can be calculated to estimate the difference in relative binding free energy (RBFE) 

between the states: 

	DG, 	+ 		DG- 	− 		DG. −		DG/ 	= 	0	

	DG- −		DG/ 	= 		DG. −		DG,	

DDG"!%&!%0 	= 		DG. −		DG,. 
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Calculating ΔG3 and ΔG4 instead of ΔG1 and ΔG2 to estimate DDGbinding is more tractable. 

Assuming the ligand remains bound to the protein throughout the alchemical pathway ΔG4 

(Figure 13), we avoid having to  wait for ligand binding (or dissociation) events as one must 

do if trying to calculate ΔG1 or ΔG2 directly. Further, the smaller difference in the end states 

for ΔG3 and ΔG4 (where one amino acid is different) compared to ΔG1 and ΔG2 (where a 

ligand is solvated or bound) means that the time taken for calculations to converge is much 

shorter.  

 

To transmute one amino acid into another along an alchemical pathway, a three-step 

process is considered best practice to avoid inaccuracy in the free energy estimate236, 237. 

One starts by assuming that it is favourable to perturb as few atoms as possible to minimise 

the error introduced during the alchemical transformation, maximising the similarity 

between the states. I will take the assumed most favourable transmutation of Serine to 

Threonine as an example to illustrate the three-step process (Figure 14). Firstly, the partial 

charges on the Serine hydrogen atom to be perturbed are removed in step 1 (qoff step). 

Then in step 2, the van der Waals (vdW) radii of the additional methyl group of Threonine is 

gradually phased in as the Serine specific hydrogen vdW radii at that position in phased out 

(vdW step). Finally in step 3 the partial charges of the Threonine molecule are gradually 

phased in (qon step). The ordering of the steps is important because if the partial charges 

were retained while the vdW radii of the atoms were removed, the charges would become 

exposed and two positive or two negative charges could move toward one another resulting 

in huge electrostatic forces and instability237.  
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Figure 14 Alchemical transmutation of Serine to Threonine in three steps. Each step (qoff, vdW, qon) 
is performed gradually along a progress coordinate, l. 

 

2.3.2 Thermodynamic integration 

A thermodynamic integration approach can be used to calculate the free energies ΔG3 and 

ΔG4. There are alternative methods that can be used to calculate the relative binding free 

energies, namely free energy perturbation (FEP)238 and methods based on Bennett’s 

acceptance ratio (BAR)239. The thermodynamic integration approach was used in this thesis, 

and I chose this method due to its relative ease of implementation and understanding 

compared to FEP and BAR methods.  
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Firstly, one defines a progress coordinate, l, for the ΔG3 and ΔG4 alchemical transmutation 

reactions where 0 represents the wild-type amino acid state (A) and 1 represents the mutant 

amino acid state (B). Each state has a potential energy, U (internal energy of the system), 

and by constructing a pathway of intermediate states (l-windows) between A and B that 

have values of the progress coordinate between l = 0 and l = 1, the free energy difference 

between the two states can be calculated as thus: 

∆𝐺 =	∫ 〈!"($)
!$

〉$ 𝑑𝜆	
&
' . 

The values of the derivative ∂U/∂l at each value of l are calculated and stored by the 

molecular dynamics software at each timestep, permitting the ensemble average ∂U/∂l of 

each l-window to be calculated. The integral of these averages with respect to l can then 

be approximated using an integration method, such as the trapezoidal rule, to give the 

alchemical free energy change (DG) between A (l = 0) and B states (l = 1). As such, the 

accuracy of the calculated free energy is dependent on the l-window points chosen and the 

smoothness of the integrand. Thermodynamic integration has the benefit of allowing the 

user to flexibly place extra l-windows where needed as each l-window is treated 

independently. As the alchemical transformation should be completed in three steps (see 

section 2.3.1), the free energy contribution from each the qoff, vdW and qon steps can be 

estimated separately using thermodynamic integration and then added together to give ΔG3 

and ΔG4 (Figure 15).  
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Figure 15 Calculation of ΔG3 and ΔG4 using the three step best practice alchemical method and 
thermodynamic integration 

 

2.3.2.1 The singularity problem 

A drawback of the thermodynamic integration approach is encountered when scaling the 

potential energy of vdW interactions between atoms (V) by l. The vdW interactions are 

modelled using a Lennard-Jones potential:  

𝑉(𝑟) 	= 	 .12
$%

3$%
	− 	.12

&

3&
	, 

where r is the atomic distance between a pair of atoms, 𝜀 is the well depth at the optimal 

potential energy (how strongly the atoms attract one another) and 𝜎 is a measure of how 

close the two atoms can get. The part of the equation modelling the attractive potential is in 

blue and the repulsive part in red. A graphical representation of the potential helps show 

how, when one scales the potential by l, a singularity can occur due to the removal or 

addition of atoms (Figure 16). Singularities can make the integration difficult to estimate and 

breaks thermodynamic integration’s assumption that ∂U/∂l is a continuous function.  
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Figure 16 Graphical representation of the Lennard-Jones potential. r is atomic distance between a 
pair of interacting atoms. 𝜀 is the well depth at the optimal potential energy which measures how 
strongly the atoms attract one another and 𝜎 is a measure of how close the two atoms can get (i.e. 
the vdw radii). 

 

This problem can be addressed using ‘soft-core’ potentials that keep the energies finite for 

all values of l240. The soft-core potential takes advantage of free energy being a state 

function by modifying the Lennard-Jones potential for appearing and disappearing atoms so 

they are unphysical but finite at all values of l except at l=0 and l=1 where they collapse 

into the standard Lennard Jones form. The soft-core potential used in this thesis241 is: 

Vsc(𝑟) = λ,
4𝜀𝜎12

A12
−
4𝜀𝜎6

A6
- 	+ 	(1 − 𝜆) ,

4𝜀𝜎12

B12
−
4𝜀𝜎6

B6
-		 

where 

A	 = 	 (𝛼𝜎&(1 − 𝜆)' 	+ 	r&)
(
&			 

B	 = 	 (𝛼𝜎&𝜆' 	+ 	r&)
(
& 
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where 𝛼 is the soft-core parameter (a constant, default value of 0.5 used), 𝑝 is the soft-core 

power (a constant, default value of 1 used), 𝜎 is the interaction radius and r is the atomic 

distance. 

 

2.3.2.2 Replica exchange 

In order to accelerate the sampling of microstates to achieve accurate free energy 

predictions using thermodynamic integration, one may choose to use Hamiltonian replica 

exchange242. At each l window the system has a different total energy because of how the l 

value scales the forcefield’s parameterisation of atoms which in turn affects the dynamics of 

the system. After a specified number of time steps the total energy of each pair of 

conformations is compared to the total energy after swapping the values of  l. If the energy 

is reduced, the swap is made permanent. If it the energy is higher, the swap is accepted with 

a probability proportional to the Boltzmann factor243. If a swap is made each l window has 

the opportunity to sample more microstates. The testing and swapping process is repeated 

periodically to increase sampling at the different l windows. However, if choosing to run the 

calculations using replica exchange, the l windows cannot be flexibly placed and must be 

chosen up front because each l-window is no longer independent of the others. 

 

2.3.3 Molecular dynamics simulations 

In order to generate an ensemble of microstates for free energy calculations using 

thermodynamic integration one needs to simulate the dynamics of the system in atomistic 

detail. This can be done using classical molecular dynamics (MD) 244. In an MD simulation, all 

forces acting on all atoms by all the other atoms in the system are calculated at a point in 
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time and Newton’s laws of motion are then applied to calculate the resultant forces and 

thence the velocities and accelerations of all the atoms, allowing their positions to be 

updated and time to be advanced. The process is repeated many times allowing the 

dynamics of the system to evolve, building up a simulation trajectory. In order to conserve 

energy the timesteps must be smaller than the fastest motion in a system, which for 

proteins are the vibrations of bonds involving hydrogen, which constrains the timestep to 

not be more than 1 fs. Importantly, over the MD trajectory, the distribution of energy states 

sampled is inherently proportional to the Boltzmann distribution (higher energy states are 

less likely to be observed) and hence the simulation naturally samples from the correct 

ensemble.   

 

Several codes have been developed to run MD simulations; these include GROMACS245, 

AMBER246, NAMD247 and CHARMM248. Due to the large number of force calculations 

(dominated by electrostatics, which naively requires N2 calculations, where N is the number 

of atoms) that must be performed at each timestep, the production of MD trajectories is 

time-consuming and computationally expensive, which prohibited their use to study large 

systems at their inception244, 249. However, improvements in parallel computing, the 

continued increase in CPU speeds, optimisation of MD codes, the adoption of particle-mesh 

Ewald methods for calculating electrostatics and the use of graphical processing units (GPUs) 

have continually reduced the wall clock time to run simulations, which has led to increased 

popularity of the method in recent years250.  
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2.3.3.1 Forcefields 

Forcefields describe the potential energies and parameters of all the atoms in the system. A 

forcefield includes the potential energies for interactions between covalently bonded atoms 

(including bond stretching, angle flexing between two adjacent bonds, and the dihedral 

torsion) plus the interactions between atoms that are not bonded to one another such as 

van der Waals and electrostatic interactions (Figure 17).  

 

 

Figure 17 Bonded (a) and non-bonded (b) interactions modelled by forcefields 

 

The accuracy of all thermodynamic properties calculated from ensembles generated by 

molecular dynamics is dependent on the accuracy of parameters in the forcefield. The 

parameters used to describe bonds between atoms often are calculated experimentally, for 
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example, bond equilibrium lengths can be measured from crystallography studies and bond 

spring constants can be determined using infrared spectroscopy whereby the strength of a 

bond corresponds to the vibrational frequency. For non-bonded interactions, to model the 

distribution of electronic charge over a molecule at the atomistic level, a partial charge 

approximation is employed and quantum mechanical calculations are used to assign a point 

charge, usually to each atomic centre. There are many different forcefields that can be used 

for parameterisation of small molecules and macromolecules such as proteins and nucleic 

acids including AMBER251, 252, CHARMM253, 254 and GROMOS255 and these differ in their 

parameterisation of the different bonded or non-bonded interactions251-253, 255-257. The form 

of the AMBER forcefield used in this thesis is described: 

 

𝑈(𝑅) = < 𝐾3G𝑟 − 𝑟45H
-
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Bonded atoms are modelled using springs to represent bond lengths (blue), where r is the 

actual bond length, req is the empirical bond length and Kr is a stretching force constant. 

Similarly, the angles between two bonds with a common central atom (green) are modelled 

using springs where q  is the actual bond angle, qeq is the empirical bond angle and Kq is a 

bending force constant. Interactions between dihedral atoms are modelled using a function 

to approximate the differences in energy between the different possible confirmations (red) 

where Vn is the barrier to free rotation of the bond, n is the 360° rotational periodicity, 𝜙 is 

the torsion angle and 𝛾 is the angle where the potential energy is at its minimum value.  
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For the non-bonded interactions, the vdW interactions between pairs of atoms i and j are 

modelled using the 6-12 Lennard-Jones potential (purple). Rij represents the atomic distance 

between i and j and A and B are constants that represent a measure of how strongly the 

atoms attract each other and the vdW radii. The electrostatic potential energy of all pairs of 

atoms in the system is modelled using Coulomb’s law (orange), where Rij represents the 

atomic distance between atoms i and j, qi and qj are the point charges on the atoms and e is 

the permittivity of free space. 

 

2.3.3.2 Integrators 

To advance the timestep of an MD simulation, given the atomic positions and velocities at 

time t one can use Newtons second law of motion to find the force at time t, F(t) and then 

integrate to find the positions and velocities at the next timestep, t + ∆t. A number of 

integrators exist which have different advantages and disadvantages; they are all obtained 

by starting from the Taylor expansions of the position, r, and velocity, v, where m is mass 

and F is force: 

𝐫(𝑡	 +	∆𝑡) = 	𝐫(𝑡) + 		𝐯(𝑡)∆𝑡 +	
𝐅(𝑡)
2𝑚

∆𝑡- 	+ ⋯, 

𝐯(𝑡	 +	∆𝑡) = 	𝐯(𝑡) +	
𝐅(𝑡)
𝑚

	∆𝑡 + ⋯. 

The simplest is the Euler algorithm which truncates the expansions so that position and 

velocity at the next timestep are calculated as follows, 

𝐫(𝑡	 +	∆𝑡) = 	𝐫(𝑡) + 		𝐯(𝑡)∆𝑡 +	𝐅(=)
->

∆𝑡-	, 
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𝐯(𝑡	 +	∆𝑡) = 	𝐯(𝑡) +	𝐅(=)
>
	∆𝑡. 

In practice, the Euler algorithm is inappropriate as it does not conserve energy and is not 

time reversible.  

 

Commonly used MD integrators such as Verlet258, velocity Verlet259 and leap-frog260 conserve 

energy and truncate the Taylor expansion less, however some truncation error will remain 

and there are other factors to consider when choosing the integrator. A Verlet algorithm 

combines the Taylor expansions for the positions at time t and at the previous timestep, t − 

∆t, and can be used to calculate the positions at the next timestep: 

𝐫(𝑡	 +	∆𝑡) 	= 	2𝐫(𝑡) 	− 	𝐫(𝑡	 −	∆𝑡) 	+	𝐅(=)
->

∆𝑡-	. 

Although this does not include velocity, it can also be calculated: 

𝐯(𝑡	 +	∆𝑡) 	= 	 𝐫(=	D	∆=)	'	𝐫(=	'	∆=)
-∆=

, 

however this is dependent on first having calculated r(t + ∆t) as above. One disadvantage of 

the Verlet algorithm is the velocity is calculated by subtracting two numbers which, if similar, 

can introduce numerical problems. The velocity Verlet algorithm is more commonly used 

and it is mathematically identical to the original Verlet algorithm presented here, but 

incorporates velocity explicitly to allow calculation of r and v without requiring the previous 

timestep, however you can only calculate the new velocities after the new positions and 

thence forces have been calculated, 

𝐫(𝑡	 +	∆𝑡) = 	𝐫(𝑡) + 		𝐯(𝑡)∆𝑡 +	
𝐅(𝑡)
2𝑚

∆𝑡-	 
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𝐯(𝑡	 +	∆𝑡) = 	𝐯(𝑡) +	
𝐅(𝑡 +	∆𝑡) + 𝐅(𝑡)

2𝑚
	∆𝑡. 

Another way to calculate velocity at the new timestep without first having to calculate the 

new timestep positions, is the leap-frog algorithm where velocities are calculated a half step 

before the positions: 

𝐯(𝑡	 +	∆=
-
) 	= 	𝐯(𝑡	 −	∆=

-
) 	+	 	𝐅(=)

>
∆𝑡, 

𝐫(𝑡	 +	∆𝑡) 	= 	𝐫(𝑡) 	+ 	𝐯(𝑡	 +	∆=
-
)∆𝑡. 

 

2.3.3.3 Maintaining constant temperature and pressure 

In order to estimate the Gibbs free energy (DG) of reactions at physiological conditions, the 

microstates generated by molecular dynamics simulations must belong to the NPT 

ensemble: the system should be closed with no change in the number of particles (N) and be 

isothermal-isobaric (at constant pressure (P) and temperature (T)). Thermostatic algorithms, 

such as those based on Langevin dynamics, can be used to keep the temperature constant 

by modifying Newton’s laws of motion261.  To keep the pressure constant, the system can be 

coupled to a pressure bath using a barostat such as the Parrinello-Rahman approach, which 

also involves a modification of Newton’s laws262.  

 

2.3.3.4 LINCS 

When running a MD simulation, the time step used needs to be slower than the fastest 

movement in a system in order to allow the dynamics to be accurately simulated. For 
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biological molecules the time step is therefore limited by high frequency covalent bond 

oscillations involving hydrogen atoms which have minimal effect on the dynamics of the 

overall system. There are several algorithms that can be used to constrain these bonds but 

the linear constraint solver (LINCS) is commonly used in GROMACS, which is our MD engine 

of choice. This algorithm can be used to reset bond lengths involving hydrogen atoms to the 

‘correct’ length in the forcefield after an unconstrained update to the system, thereby in 

effect constraining the length of all bonds involving a hydrogen atom263.  This allows a longer 

timestep of up to 2 fs to be used when evolving the dynamics, which reduces the number of 

timesteps needed to create a trajectory of a defined length and therefore the number of 

calculations to be solved, cutting down on the computational resources required to 

complete the MD simulation.  
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3 Chapter 3: Description of the CRyPTIC dataset 

3.1 Introduction 

The collection of M. tuberculosis isolates with matched genetic and phenotypic drug 

susceptibility testing (DST) information is particularly important for antibiotic resistance 

prediction from sequencing data. A matched dataset is necessary to associate individual 

mutations or genetic signatures with phenotypic effects. To date, several datasets, each 

larger than its predecessors, have facilitated the creation of catalogues of genetic mutations 

which can successfully predict resistance and susceptibility to several first and second line 

antitubercular drugs from sequencing data143-145. The success of genetic sequencing and 

catalogue-based resistance prediction relies on the production of comprehensive catalogues 

of resistance conferring mutations, however rare and novel resistance conferring mutations 

may not be identified or included in catalogues if they do not meet sufficient statistical 

confidence criteria145.  

 

Whole genome sequencing (WGS) data, as opposed to targeted sequencing of specific 

genomic regions, can help address these problems. WGS data has facilitated genome wide 

association studies85 and the training of machine learning models264-266 to identify rare, and 

predict putative, resistance conferring mutations throughout the genome. Identified 

mutations could be included in catalogues after confirmatory studies or flagged as putative 

resistance conferring mutations in bioinformatic pipelines. Further, the collection of WGS 

data, as opposed to other forms of sequencing data, has the added benefit of improving TB 

surveillance via analysis of global movement and transmission149, 150.   
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To ensure that catalogues or predictive models are as generalisable as possible, it is 

important that the M. tuberculosis isolates on which they are based are diverse, as certain 

resistance or hyper-susceptibility conferring mutations can be associated with distinct 

geographic locations, lineages, sub-lineages, and phenotypic backgrounds. For example, (i) 

there is a high prevalence of the rifampicin resistance conferring mutation rpoB I491F in M. 

tuberculosis isolates in Southern Africa132, 133, (ii) the majority of Lineage 2 isolates have a 

frameshift mutation in tap which may result in hyper-susceptibility to streptomycin even in 

the presence of other resistance conferring mutations267, 268, (iii) the capreomycin resistance 

conferring mutation tlyA N236K is associated with Lineage 4.6.2 strains269,  and (iv) there are 

differences in the resistance conferring mutations seen in multi drug resistant (MDR) isolates 

versus those with rifampicin and pyrazinamide mono-resistance 270, 271. It is therefore 

important that the biases and limitations of any data employed for these purposes are 

explored and acknowledged.  

 

This chapter introduces the Comprehensive Resistance Prediction for Tuberculosis: an 

International Consortium (CRyPTIC) compendium, the largest, globally diverse, matched 

genotypic-phenotypic dataset of M. tuberculosis isolates to date1. The CRyPTIC consortium is 

a collaboration of 51 institutions from around the world that have the collective aim of 

improving TB control by achieving accurate prediction of resistance to anti tubercular drugs 

from WGS data. Ultimately the goal is to replace phenotypic DST with WGS, enabling a more 

rapid turn-around time for diagnosis, hence allowing patients to be quickly started on 

effective treatment in addition to advancing towards the goal of universal DST. In order to 

achieve these aims, the CRyPTIC consortium has collected a globally diverse dataset that 

contains 15,211 M. tuberculosis isolates. The whole genome of each isolate was sequenced 

and the minimum inhibitory concentration (MIC) to 13 antitubercular drugs was measured. 
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The 13 drugs include three of the four first line drugs; rifampicin, isoniazid and ethambutol, 

second line drugs; fluoroquinolones (levofloxacin and moxifloxacin), aminoglycosides 

(amikacin and kanamycin), ethionamide, rifabutin, two repurposed drugs; clofazimine and 

linezolid and two newer antibiotics; bedaquiline and delamanid.   

 

My aims in this chapter are to highlight the diversity of isolates present in this dataset, 

identify the important resistance patterns and their implications, and recognise any biases 

and limitations of the data. This chapter has been published1 and, unless otherwise stated, is 

my own work. 

 

3.2 Methods 

In this section I will outline how the CRyPTIC consortium collected and processed the 15,211 

M. tuberculosis samples. Unless explicitly stated, all the work described was carried out by 

other members of the CRyPTIC consortium. 

 

3.2.1 Sample collection and data processing overview 

A full description of the methods for CRyPTIC data collection and processing has been 

published272. A brief overview is depicted (Figure 18) and outlined here, and details with 

relevance for this thesis are described in detail. As the dataset is publicly accessible, all files 

and data tables used for the analyses presented in this thesis, and are accessible via a file 

transfer protocol site (available at http://ftp.ebi.ac.uk/pub/databases/cryptic/reuse/). 
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The CRyPTIC consortium aimed to oversample for M. tuberculosis isolates with drug 

resistance and multi-drug resistance, however participating collection centres varied in their 

isolate collection approaches and timescales. For example, some sites used longitudinal 

sampling, rolling patient visits or biobank stocks. Metadata about each isolate (including 

country of origin and processing laboratory) was recorded and a summary table of the 

information was created. Each M. tuberculosis isolate was cultured, sequenced using an 

Illumina machine, and inoculated onto a 96-well broth microdilution plate to measure the 

MICs of 13 antitubercular drugs. After quality control procedures, phenotypic MIC data for 

2,922 isolates were removed due to plate inoculation problems, labelling errors or 

contamination. The dataset therefore contains 15,211 isolates with WGS data, and 12,289 

isolates with matched WGS and phenotypic data. 
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Figure 18 Collection and processing of sequencing and MIC data for 15, 211 global M. tuberculosis 
isolates. Briefly: Each isolate was DNA sequenced using an Illumina machine and plated onto 96 well 
plates containing 5-10x doubling dilutions of 13 antitubercular drugs for drug susceptibility testing. 
Associated metadata (including country of origin and processing laboratory) was recorded. DNA 
variant calling and analysis was performed using Clockwork and minos. After 14 days, MIC 
measurements were measured by a trained scientist using Vizion, and the plate was photographed to 
measure the MIC using the automated AMyGDA software and citizen scientists from BashTheBug. 
After quality control procedures, phenotypic MIC data for 2,922 isolates were removed. The dataset 
contains 15, 211 isolates with WGS data, 12,289 of which have matched phenotypic data, which are 
presented in “CRyPTIC_reuse_table_20211019.csv” on the FTP site (see Section 3.2.1)). Note: figure 
reproduced from The CRyPTIC Consortium1. 

 

3.2.2 Sequence data processing 

Short reads produced by Illumina sequencing were first processed using the Clockwork 

variant caller using its default filters (available at https://github.com/iqbal-lab-

org/clockwork). The pipeline removes common contaminants, maps reads to the H37Rv 
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reference genome (version 3)142, applies both Cortex and SAMtools to independently call 

insertions/deletions and SNPs, and, via Minos273, merges both sets of calls to produce a 

consensus set. The output from Clockwork is a variant call format (.vcf) file for each sample 

which lists all the positions where there is evidence that the genome may differ from the 

H37Rv reference genome142. In addition to single nucleotide variants, this can include 

insertions and deletions and positions where there is no or insufficient evidence to make a 

definitive assignment. 

 

The samples next underwent a process called ‘joint genotyping’ by the Consortium; this aims 

to capture more of the genetic variation in each sample by simultaneously considering all 

genetic loci where there is evidence of variation in any sample in the entire dataset. This was 

done using Minos273 and produces more comprehensive variant call files the Consortium 

calls ‘regenotyped’ .vcfs. These have an entry at all variable positions. As part of the joint 

genotyping process, several filters were applied to ensure only high confidence variants 

were called. These comprised a minimum read depth of two, a maximum read depth of less 

than the mean read depth plus three standard deviations and a minimum fraction of read 

support for the called allele of >= 90%. Finally, a minimum genotype confidence percentile 

filter was applied to remove low confidence calls using a statistical measure described in 

Hunt et al.273 . As described elsewhere1, a genome mask was applied to remove 

untrustworthy loci, such as highly repetitive regions, and positions where fewer than 90% of 

the isolates passed default clockwork or Minos filters were removed from the 

regenotyped.vcfs. Pass or fail information for each of the filters are included as columns in 

the summary tables VARIANTS.csv and MUTATIONS.csv which are produced from the 

regenotyped .vcf files using gumpy (available at  https://github.com/oxfordmmm/gumpy). 

These tables contain all single nucleotide polymorphisms and insertion or deletion variants 
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in genes and intergenic regions of interest for antibiotic resistance. The tables only include 

variants that are not called as wild type compared to version 3 of the H37Rv ATCC 27294 

reference genome142 and this means that the fraction read support for the wild-type allele 

must be < 50% (this is important later). Lineages were assigned by Mykrobe274 and are 

recorded in GENOTYPES.csv.  

 

3.2.3 Minimum inhibitory concentration measurement 

M. tuberculosis isolates were cultured on solid media and then suspended in Middlebrook 

7H9 broth according to a standard operating procedure275. A 100-fold dilution of suspension 

was prepared and 100 µl was used to inoculate each well of either a UKMYC5 or UKMYC6 96 

well plate. These plates were designed by the CRyPTIC project and are based on the 

MYCOTB plate that is commercially available from Thermo Fisher.  The UKMYC6 plate design 

is a slight modification of the original UKMYC5 design based on the results of a validation 

study275. Both plates include 5-10 doubling dilutions of 13 antitubercular drugs: rifampicin 

(RIF), isoniazid (INH), ethambutol (EMB), levofloxacin (LEV), moxifloxacin (MXF), amikacin 

(AMI), kanamycin (KAN), bedaquiline (BDQ), clofazimine (CFZ), delamanid (DLM), linezolid 

(LZD), ethionamide (ETH) and rifabutin (RFB) that are freeze dried to the base of the wells272 

(Figure 19a,b). Pyrazinamide was not included on either plate due to poor performance 

because the broth was not sufficiently acidic, and para-aminosalicylic acid was not included 

on the UKMYC6 plate because the growth on the UKMYC5 plate was not reproducible275.  
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Figure 19 UKMYC5 (a) and UKMYC6 (b) 96 well plate designs. The first and last concentrations (mg/L) 
in the series are shown, the wells in between have intermediate sequential doubling dilutions. The 
wells labelled ‘control’ are positive control wells containing no antibiotic. PAS = para-aminosalicylic 
acid. Note: reproduced from the CRyPTIC Consortium272. 
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After 14 days of incubation, the MICs were measured by a trained scientist using a VizionTM 

digital viewing system, which also photographed the plate. All photographs were uploaded 

to a central database via a web browser. Since assessing the growth of M. tuberculosis is a 

difficult and subjective task, CRyPTIC chose to also measure the MICs using two alternative 

approaches; the automated AMyGDA software276 and consensus measurements derived 

from growth classifications made by the citizen scientists of the BashTheBug project277. After 

quality control procedures, phenotypic MIC data for 2,922 isolates were removed.  

 

Of the 12,289 remaining isolates, 88.1% returned an MIC reading for all 13 drugs on the 

plate. For each drug, the number of isolates with an MIC measurement, and the associated 

quality of the reading, is presented in Table 6.  The quality of an MIC reading is classified 

based on concurrence between the different approaches used to measure MIC. MICs were 

classified as high quality if at least two methods concurred on the MIC and low if all three 

methods differed. A MIC measurement was assigned medium quality if the laboratory 

scientist recorded the Vizion measurement but did not capture a plate image, or if the Vizion 

and AMyGDA MIC measurement disagreed and there was no BashTheBug measurement.  
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  MIC MEASUREMENTS  HIGH QUALITY  MEDIUM QUALITY  LOW QUALITY  

INH  12,070  9,519  1,351  1,200  
RIF  12,099  8,955  1,356  1,788  
EMB  12,158  7,506  1,355  3,297  
LEV  12,163  7,774  1,354  3,035  
MXF  12,194  6,785  1,353  4,056  
AMI  12,072  8,973  1,350  1,749  
KAN  12,130  9,333  1,355  1,442  
BDQ  12,068  8,536  1,355  2,177  
CFZ  12,049  7,763  1,352  2,934  
DLM  11,927  8,095  1,349  2,483  
LZD  12,189  7,141  1,355  3,693  
ETH  12,132  8,821  1,355  1,956  

RFB  12,150  10,042  1,352  756  
TOTAL  157,401  109,243  17,592  30,566  
Table 6 Quality metrics for phenotype data. Stated for each drug is the total number of MIC 
measurements stratified into “high” quality (at least two MIC measurement methods agree), 
“medium” quality (either Vizion and AMyGDA disagree, or there is no plate picture) or “low” quality 
(all three MIC measurements methods disagree) phenotype classifications as described in Methods.  

 

3.2.4 Binarisation of MIC measurements into resistant and susceptible 

Binary resistant and susceptible phenotypes were assigned to the isolates from their MICs by 

applying epidemiological cut-off (ECOFF) values which were proposed by the CRyPTIC 

consortium (Table 7)272. The ECOFF is defined as  the MIC that encompasses 99% of 

phenotypically wild-type isolates. Isolates with MICs at or below the ECOFF are wild-type by 

definition and therefore are susceptible to the drug in question and isolates with MICs above 

the ECOFF are considered to be non-wild type, having acquired resistance to the drug278. 

 

 

 

 



 78 

DRUG  ECOFF (mg/L) 

Isoniazid  0.1  
Rifampicin  
Rifabutin  
Ethambutol  
Ethionamide  
Levofloxacin  
Moxifloxacin  
Amikacin  
Kanamycin  
Bedaquiline  
Clofazimine  
Delamanid  
Linezolid  

0.5  
0.12  
4  
4  
1  
1  
1  
4  
0.25  
0.25  
0.12  
1  

Table 7 Epidemiological cut-off values (ECOFFs) used to binarize MIC measurements into resistant 
and susceptible. Isolates with an MIC above the cut-off are considered resistant and those at or 
below the cut-off as susceptible. These ECOFFs were proposed by the CRyPTIC Consortium272. 

 

The distribution of MICs for each drug for each of the UKMYC5 and UKMYC6 plates is shown 

in Figure 20a-b. The MIC measurements of drugs such as isoniazid, rifampicin, rifabutin, 

amikacin and kanamycin follow a bimodal distribution which easily separates into distinct 

resistant and susceptible distributions upon application of the ECOFF. For ethambutol, 

ethionamide, levofloxacin and moxifloxacin the distributions are more complex, making 

identifying resistant samples more difficult, and the new and repurposed drugs (bedaquiline, 

clofazimine, delamanid and linezolid) have very few isolates with high MIC.  
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Figure 20 Per drug MIC (mg/L) distributions of isolates plated on CRyPTIC designed variations on the 
Thermo Fischer Sensititre MYCOTB MIC plates; UKMYC5 (a) and UKMYC6 (b). The solid black line 
represents the epidemiological resistance cut-off (ECOFF) for each drug as determined by The 
CRyPTIC Consoritum272. Isolates with an MIC above the cut-off are considered resistant. N denotes the 
total number of isolates tested on each plate that returned a phenotype for each drug. Where a bar 
represents less than 200 isolates, the number of isolates is labelled.  
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3.2.5 Data Analysis 

Unless otherwise stated, I performed all data analysis in the remainder of this chapter. All 

data analyses were conducted and graphs were prepared using Python juypter notebooks 

and packages. For statistical tests, 95% confidence intervals were used throughout. Two 

proportion z-tests were used when comparing two proportions, and Wilson’s method was 

used for estimating 95% confidence intervals for individual percentages279. Please see 

https://github.com/alicebrankin/thesis_notebooks for the codebase to reproduce the 

analyses and figures in this chapter.  

 

3.3 Results 

3.3.1 12,289 Mycobacterium tuberculosis Isolates 

The 12,289 isolates with matched phenotypic and genotypic data originate from 20 

countries across Africa, Asia, Europe, and South America (Figure 21). Almost two thirds 

(63.4%) of the isolates are from five countries: Peru (2,638 isolates), South Africa (1,641 

isolates), India (1,468 isolates), China (1,107 isolates), and Vietnam (935 isolates). Just under 

a fifth (2,369, 19.3%) of the isolates had no country of origin recorded, which could arise as 

some isolates came from freezer stocks or because metadata was incompletely recorded at 

processing laboratories.   

 

Just over half of the isolates in the dataset are from Lineage 4 (50.4%), with the largest 

contributor of these isolates being Peru. The next most common lineages in the dataset are 

Lineage 2 (35.2% of isolates), of which the largest contributor was China, Lineage 3 (8.6% of 

isolates), of which the largest contributor was India, and Lineage 1 (5.6% of isolates), of 
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which the largest contributor was India. No Lineage 5 isolates are present in the dataset and 

only six isolates in the dataset are from Lineage 6; these originated from Burkina Faso and 

Germany. The remaining 14 isolates were determined to be Mycobacterium bovis, an animal 

restricted pathogenic mycobacterium which can cause disease in humans280. There was a 

significant association between country of origin and lineage (Pearson’s chi-squared test, X-

squared = 7707.9, p = 0.0). 
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3.3.2 Resistance to 13 antitubercular drugs 

Resistance to each of the 13 antitubercular drugs is represented within the dataset, which 

was expected given the size and bias towards collection of resistant isolates (Figure 22). 

Isoniazid had the highest percentage of resistant isolates (49.0%), followed by the other first 

line drugs rifampicin (38.7%) and ethambutol (18.6%). Although not a first-line drug, since it 

belongs to the same drug class as rifampicin, rifabutin also has a high prevalence of 

resistance (36.7%). The second line drugs generally had lower levels of resistance, with 

levofloxacin having the highest proportion of resistant isolates (17.6%), followed by 

ethionamide (14.2%), moxifloxacin (14.1%) and then the injectable drugs kanamycin (9.2%) 

and amikacin (7.3%). Reassuringly, a relatively small of isolates were assessed to be resistant 

to the new and repurposed drugs clofazimine (4.4%), delamanid (1.6%), linezolid (1.3%) and 

bedaquiline (0.9%). 

 

 

Figure 22 Prevalence of resistance to each of 13 drugs in the CRyPTIC dataset. N shows the total 
number of isolates with an MIC measurement (of any quality) for the corresponding drug.  
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Because all isolates with resistance to each of the drugs have corresponding whole genome 

sequencing data, I can survey the prevalence of known resistance conferring mutations 

present in the resistant isolates (Table 8). As resistance conferring mutations are not yet well 

characterised for the new and repurposed drugs (NRDs), bedaquiline, delamanid, 

clofazimine and linezolid, these have been omitted.  For rifampicin, isoniazid, amikacin and 

kanamycin the most common resistance conferring mutation was present in over 50% of the 

resistant isolates. As expected, for isolates resistant to rifampicin or isoniazid, rpoB S450L 

and katG S315T were the most prevalent resistance conferring mutations respectively and 

more than half of isolates resistant to aminoglycosides contained the rrs a1401g mutation. 

Although a specific mutation was not present in the majority of ethambutol resistant 

isolates, greater than 50% of the isolates contained mutations at the embB M306 locus.  For 

both fluoroquinolones, the most prevalent resistance conferring mutation was gyrA D94G 

followed by gyrA A90V. 
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DRUG N GENE MUTATION % 
RIF 4,685 rpoB S450L 62.2  

 
 

D435V 10.8  
 

 
H445D 4.3  

 
 

H445Y 3.1  
 

 
D435Y 2.4 

INH 5,909 katG S315T 77.5  
 fabG1 c-15t 19.0  
 

 
g-17t 3.4  

 
 

t-8c 2.8  
 inhA I194T 1.0 

EMB 2,261 embB M306V 36.9 
 

 
 

M306I 20.9 
 

 
 

Q497R 14.1  
 

 
G406A 2.9  

 
 

G406D 1.5 

KAN 1,121 rrs a1401g 57.8  
 eis c-14t 5.1  
 

 
g-10a 2.8 

AMI 883 rrs a1401g 71.0  
 

 
g1484t 0.6 

LEV 2,146 gyrA D94G 35.1  
 

 
A90V 21.6  

 
 

D94N 7.1  
 

 
D94A 5.5  

 
 

S91P 4.1 

MXF 1,724 gyrA D94G 40.4 
 

 
 

A90V 18.3 
 

 
 

D94N 8.6 
 

 
 

D94A 5.0  
 

 
D94Y 3.7 

ETH 1,727 fabG1 c-15t 49.4  
 

 
L203L 6.8 

Table 8 The most prevalent mutations associated with phenotypic drug resistance in the CRyPTIC 
dataset. Depicted is a survey of the resistance-associated mutations present in CRyPTIC isolates 143, 

144. GENE: genic region of interest in which resistance conferring mutations can be found; MUTATION: 
most common resistance conferring mutations to each drug as seen in previous mutation catalogues 
143, 144. Non-synonymous amino acid mutations are denoted by upper case letters while nucleotide 
substitutions for non-coding sequences are denoted by lower case letters. Negative numbers denote 
substitutions in promoter regions; %: percentage of total phenotypically resistant isolates with the 
mutation, total number of resistant isolates to each drug is shown by N.  
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For each isolate, phenotypic measurements were taken for all 13 drugs in parallel and I 

could therefore examine co-occurrence of drug resistance, and whether resistance to a 

particular drug increases the likelihood of resistance to another within the dataset. Isolates 

containing all possible two-drug resistant combinations were present within the 

compendium (Figure 23).  The most strongly associated resistant combination was 

ethambutol resistance with isoniazid resistance, where 98.5% of ethambutol resistant 

isolates were also resistant to isoniazid. The least frequent combination was isoniazid 

resistance with bedaquiline resistance – only 1.5% of isoniazid resistant isolates in the 

dataset had resistance to bedaquiline.  

 

Resistance to any of the drugs was strongly associated with resistance to the first line drugs 

isoniazid and rifampicin (Figure 23). A higher proportion of rifampicin resistant isolates were 

resistant to isoniazid than isoniazid resistant isolates that were resistant to rifampicin. 

Isoniazid resistance was the most strongly associated with resistance to each of the other 

drugs bar rifabutin and moxifloxacin, where drugs from the same class are also being 

compared in these cases. These findings were expected as isoniazid resistance typically 

evolves prior to other drug resistance92, 95. 

  

Resistance to both drugs in the rifamycin class was common in the dataset; 96.8% of 

rifabutin resistant isolates were also resistant to rifampicin although significantly fewer 

rifampicin resistant isolates were resistant to rifabutin (91.3%, p <0.00001) (Figure 23). In a 

similar fashion for the aminoglycosides, a smaller proportion of kanamycin resistant isolates 

were resistant to amikacin than amikacin resistant isolates that were resistant to kanamycin 

(72.0%, 90.4%, p <0.00001). There were further differences between the two 
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aminoglycosides in that amikacin resistance was less commonly seen as a second resistant 

phenotype than kanamycin except for linezolid and delamanid resistant isolates which were 

more likely to have amikacin resistance. For the fluoroquinolones, a smaller proportion of 

levofloxacin resistant isolates were resistant to moxifloxacin than moxifloxacin resistant 

isolates that were resistant to levofloxacin (78.5%, 97.6%, p <0.00001) and moxifloxacin 

resistance was less commonly seen as a second resistance phenotype than levofloxacin for 

all other drugs.  

 

Of the second line drugs, levofloxacin and moxifloxacin were more commonly seen as a 

second resistant phenotype than the injectable drugs kanamycin and amikacin (Figure 

23).  Besides isoniazid, rifampicin and rifabutin, levofloxacin resistance was most strongly 

associated with resistance to each of the other second line agents and NRDs, even more so 

than the other first line drug ethambutol.  

  

Isolates resistant to the NRDs (bedaquiline, clofazimine, delamanid and linezolid) were most 

likely to also be resistant to isoniazid, followed by rifampicin and rifabutin (Figure 23).  The 

NRDs were less commonly seen as a second resistance phenotype, but within the NRDs co-

occurrence of resistance was proportionally higher; bedaquiline, linezolid and delamanid 

resistance was commonly seen with clofazimine resistance (52.4%, 34.2% and 26.3% of 

isolates had co-resistance with clofazimine respectively).   Most concerningly, resistance to 

the two new drugs, delamanid and bedaquiline, was seen in combination despite WHO 

recommendations not to use the drugs in combination to prevent development co-

resistance281 (12.9% of bedaquiline resistant isolates were resistant to delamanid and 7.1% 

of delamanid resistant isolates were resistant to bedaquiline). Compared to the other NRDs, 
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a particularly high proportion of linezolid resistant isolates were resistant to second line 

injectable drugs and high proportions of linezolid and bedaquiline resistant isolates had 

fluoroquinolone resistance.  

 

 
Figure 23 Co-occurrence of antibiotic resistance in CRyPTIC M. tuberculosis isolates. The heatmap 
shows the probability of an isolate being resistant to Drug 2 if it is resistant to Drug 1. Only samples 
with phenotypes for both Drug 1 and Drug 2 are included.  

 

3.3.3 Clinically important resistance phenotypes 

For the purpose of describing the prevalence of clinically important resistance categories 

(e.g. MDR, XDR) present in the dataset I assumed that all MICs that could not be read had 

susceptible phenotypes. Consequently, the calculated prevalence of R (resistant to at least 
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one drug), MDR, XDR etc. in the dataset are likely underestimates. Within the compendium, 

55.4% of isolates had resistance to at least one of the 13 drugs, with the remainder assumed 

totally drug susceptible (Figure 24).  Of these 6,184 drug resistant isolates, 68.8% were 

either RR or MDR. Of the RR/MDR isolates, 38.8% were pre-XDR and 3.0% were XDR. The 

proportion of pre-XDR is surprisingly high given that the WHO estimates RR/MDR cases with 

fluoroquinolone resistance to be around 20%110.  One hypothesis is that a large number of 

resistant samples were contributed by India, an area associated with high levels of 

fluoroquinolone resistance (Figure 25)28. However, even without including samples of Indian 

or Nepalese (another country associated with high levels of fluoroquinolone resistance282) 

origin, the proportion of RR/MDR isolates in the dataset that had fluoroquinolone resistance 

was 33.0% (95% CI 31.5-34.6%) suggesting that the WHO estimate may be too low. 

 

 
Figure 24 Phenotypes of 12, 289 CRyPTIC isolates with a binary phenotype for at least one drug. 
Where an isolate did not have a phenotypic reading for a particular drug the isolate was assigned 
susceptible to that drug for this analysis. R = resistant to at least one drug.  

 

Two of the XDR isolates returned a resistant phenotype to all 13 of the drugs assayed and 

therefore can be described as totally drug resistant (TDR). One TDR isolate belonged to 
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Lineage 4 and was contributed by South Africa, and the other belonged to Lineage 2 with an 

unknown country of origin contributed by Sweden (Table 9). Given that the two isolates are 

from different lineages, the TDR isolates cannot be part of the same outbreak. 

UNIQUEID  COUNTRY OF ORIGIN LINEAGE  

site.11.subj.XTB-18-224.lab.XTB-18-224.iso.1  UNKNOWN, processed 

in Sweden 

Lineage 2  

site.10.subj.YA00026182.lab.YA00026182.iso.1  South Africa Lineage 4  

Table 9 Sample information for isolates classified as resistant to all 13 CRyPTIC drugs tested.  

 

The resistant isolates originated from 18 out of the 20 countries that contributed samples, 

although 818 of the resistant isolates had an unknown country of origin. Peru contributed 

the most resistant isolates (n = 1260), followed by South Africa (n = 988) and India (n = 913) 

(Figure 25). The proportion of resistant isolates in each country’s contribution varied 

between 2.6% and 100%, but this reflects the different sampling strategies used in different 

countries rather than the prevalence of resistance. RR/MDR, pre-XDR and XDR isolates were 

found in isolates from all countries that contributed > 100 resistant isolates bar Peru, 

Vietnam and Nepal where no XDR isolates were collected (Figure 25). The relative 

proportions of RR/MDR, pre-XDR and XDR isolates are also likely reflective of sampling 

strategy, for example Vietnam and Brazil sampled a high proportion of non-MDR/RR 

resistant phenotypes compared to other countries; 73.9% and 55.1% of resistant isolates 

contributed by Vietnam and Brazil, respectively, were neither MDR nor RR, whereas the 

proportion for other countries varied between 1.4% and 40.3%. A high proportion of 

RR/MDR resistant isolates sampled by Nepal and India were either pre-XDR or XDR (92.9% 

and 69.8% of RR/MDR isolates), which is consistent with previous observations of a high 

prevalence of fluoroquinolone resistance in these countries193, 282. 
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Isolates with resistance to at least one drug were present within the four major lineages in 

the dataset; 66.7% of Lineage 3 isolates, 59.1% of Lineage 2 isolates, 49.1% of Lineage 4 

isolates and 35.6% of Lineage 1 isolates had resistance to at least one drug. The highest 

number of resistant isolates had a Lineage 4 background (3,043 isolates), followed by 

Lineage 2 (2,886), Lineage 3 (625) and Lineage 1 (256). RR/MDR, pre-XDR and XDR resistance 

phenotypes were well represented in the four major M. tuberculosis lineages (Figure 26). 

The relative proportions of resistance categories will have been influenced by different 

resistance sampling approaches in different countries as the lineages are geographically 

distinct (see Section 3.3.1). Bearing this in mind, within the compendium, Lineage 3 isolates 

contained the most MDR/RR isolates as a proportion of resistant isolates (77.6%), Lineage 2 

isolates contained the most pre-XDR isolates as a proportion of MDR/RR isolates (54.2%) and 

Lineage 2 contained the most XDR isolates as a proportion of MDR/RR isolates (4.7%) (Figure 

26). 

 

 
Figure 26 Proportions of resistance phenotypes in the 4 major M. tuberculosis lineages. N is the 
number of isolates of the lineage called resistant to at least one of the 13 drugs. Acronyms: R = 
resistant (to at least one of the 13 drugs but not rifampicin), MDR = multi drug resistant, RR = 
rifampicin resistant, XDR = extensively drug resistant.  
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I next investigated the levels of resistance to additional drugs in the different phenotypic 

backgrounds including rifampicin susceptible, RR/MDR, pre-XDR and XDR.   

 

Of the isolates that were rifampicin susceptible, 20.3% were resistant to isoniazid and 

therefore could be described as isoniazid mono-resistant; this phenotype is seen in 1,470 

isolates, representing a significant portion of resistance in the dataset (Figure 27a).  The next 

most prevalent resistance in a rifampicin susceptible background was ethionamide 

resistance, which is somewhat expected as resistance to ethionamide can occur via the same 

mutations in the inhA promoter as isoniazid resistance283, 284. Concerningly, resistance to all 

second line and NRD drugs was seen in the rifampicin susceptible background suggesting 

that resistance to secondary agents can occur prior to development of RR/MDR. Further, 

clofazimine, levofloxacin, kanamycin and moxifloxacin resistance was significantly more 

prevalent than resistance to the first line drug ethambutol in this phenotypic background. 

Clofazimine and levofloxacin resistance (3.4% and 2.8% respectively) was significantly higher 

than all the other drugs bar isoniazid and rifampicin, and resistance to group A agents, 

bedaquiline and linezolid, was significantly lower than any other drug (0.3% and 0.6% 

respectively). 

 

For rifampicin resistant isolates, 93.5% were resistant to isoniazid (Figure 27b), meaning a 

total of 4,353 isolates in the dataset satisfy the definition of MDR and 302 of these isolates 

are rifampicin mono-resistant (6.5%). This is higher than the WHO’s estimated global 

prevalence of 1%110, although a large number of resistant samples in this study were from 

South Africa, where there is a high prevalence of rifampicin mono-resistance285. After 

removing the samples of South African origin and repeating the analysis, the proportion of 
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rifampicin mono-resistant samples in the dataset was 4.7%, suggesting the WHO estimate 

may be too low. Asides from rifabutin resistance, the next most common resistance was to 

the other first line drug ethambutol (46.3%) and significantly more rifampicin resistant 

isolates were resistant to ethambutol than any fluoroquinolone, aminoglycoside or NRD. 

Significantly more of the rifampicin resistant isolates were resistant to either of the 

fluoroquinolones than either of the aminoglycosides and there was significantly more 

levofloxacin resistance present (41.4%) than moxifloxacin resistance (34.1%) and 

significantly more kanamycin resistance was present (20.8%) than amikacin resistance 

(17.2%). The prevalence of resistance to any of the NRDs in this background was lower than 

for any second line drug. Of the NRDs, clofazimine resistance was seen at significantly higher 

prevalence (6.0%) than linezolid (2.3%), delamanid (1.7%) and bedaquiline (1.8%) for which 

there was no significant difference in resistance prevalence to the three drugs.  

 

For pre-XDR isolates, more were resistant to levofloxacin (98.3%) than moxifloxacin (80.1%) 

and nearly all (99.0%, CI 98.5-99.6%) of the isolates were resistant to isoniazid (Figure 27c). 

As seen with RR isolates (Figure 27b), significantly more kanamycin resistance was present 

(33.8%) than amikacin resistance (29.1%) and the prevalence of resistance to any of the 

NRDs in pre-XDR isolates was lower than for any second line drug. Within the NRDs, 

clofazimine resistance was significantly more prevalent (9.3%) than resistance to any other 

NRD. 

 

In XDR isolates, significantly more were resistant to linezolid (65.7%) than bedaquiline 

(44.6%) and 11.1% of isolates were resistant to both the group A drugs (Figure 27d). Nearly 

all the XDR isolates were isoniazid resistant (97.9%), and it is possible that all isolates were 
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truly isoniazid resistant as the confidence interval included 100%. As with the pre-XDR 

isolates, a greater proportion of XDR isolates were resistant to levofloxacin (97.9%) than 

moxifloxacin (86.4%), but the difference was not significant at p < 0.05. The prevalence of 

resistance to NRDs was not significantly lower than for second line injectable drugs, as was 

seen for pre-XDR isolates (Figure 27c), except for delamanid resistance which was 

significantly lower than for any other drug at 18.8%.  
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Figure 27 Percentage of isolates that are resistant to additional drugs in a background of (a) 
rifampicin susceptible, (b) rifampicin resistant (RR/MDR), (c) rifampicin resistant and resistant to a 
fluoroquinolone (pre-XDR), (d) rifampicin resistant and resistant to a fluoroquinolone and resistant 
to either bedaquiline or linezolid (XDR). Only samples with phenotypes for rifampicin and the 
additional drug are included, and this number is indicated by N. Error bars show 95% confidence 
intervals calculated using the method of WIlson279
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3.4 Discussion 

Through the scale of the project, the collection of isolates from across four continents and 

23 countries, and the emphasis on oversampling for resistance, the CRyPTIC compendium 

provides an invaluable and diverse reservoir of information regarding resistance to the 13 

antitubercular drugs studied. Via the simultaneous collection of phenotypic and genetic 

information for all 13 drugs in parallel, this resource also offers a uniquely detailed view into 

combinations of drug resistance and susceptibility.  

 

A particular strength of the CRyPTIC compendium is the data collated for second-line drugs, 

for which global data from the past 15 years is less substantial than for first line drugs, due 

to limited drug susceptibility testing110. The dataset shows that a greater proportion of 

RR/MDR isolates were additionally resistant to a fluoroquinolone than any other second line 

drug with 41.4% and 34.1% of RR/MDR isolates being resistant to levofloxacin and 

moxifloxacin respectively (Figure 27b). Comparatively, the WHO estimated RR/MDR cases 

with fluoroquinolone resistance to be around 20%; the proportions present in the 

compendium may be higher due to the large number of resistant samples contributed by 

areas associated with a high level of fluoroquinolone resistance. However when excluding 

samples of such orgins from the dataset the proportion of RR/MDR isolates in the dataset 

that had fluoroquinolone resistance was still signifcantly higher than the 20% estimate (see 

Section 3.3.3).  
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It is also concerning that in a rifampicin susceptible background, resistance to both 

fluoroquinolones and second line injectable drugs was seen significantly more than 

resistance to another first line drug, ethambutol (Figure 27a). This suggests that there is a 

significant level of resistance to second-line drugs that pre-dates the evolution of RR/MDR, 

as corroborated by a systematic review that found patients previously prescribed 

fluoroquinolones (even if this was for a non-mycobacterial infection) were three times more 

likely to have fluoroquinolone resistant TB190. I therefore hypothesise that these patients 

had latent TB and when using fluoroquinolone treatment for another (non-mycobacterial) 

infection, any actively replicating bacilli outside of granulomas15-18 or slow replicating bacilli 

within granulomas acquired resistance, then once the latent TB progresses to active disease 

the bacilli are resistant.  

 

Isolates resistant to any individual drug were more likely to be resistant to fluoroquinolones 

than second line injectable drugs (Figure 23). This could be due to more widespread use of 

fluoroquinolones as they are recommended over injectable drugs because of their 

comparative ease of administration110; fluoroquinolones are recommended for most 

RR/MDR TB treatement regimens (Table 4). The careful stewardship, study and surveillance 

of fluoroquinolone resistance in both TB and other infectious diseases will be paramount for 

the success of TB treatment.  

 

When building an MDR treatment regime, the appropriate selection of second-line drugs 

from each drug class could improve treatment outcomes, as there were differences in 

resistance between drugs of the same class (Figure 23). There was more resistance to 

levofloxacin and kanamycin than moxifloxacin and amikacin respectively in all phenotypic 
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backgrounds (Figure 27a-d) which suggests that amikacin and moxifloxacin may be the most 

appropriate drugs to recommend as part of treatment regimens. This also supports, from a 

resistance standpoint, recommendations for switching from kanamycin to amikacin when 

treating MDR TB patients286. Interestingly, 28.0% of kanamycin resistant isolates were not 

resistant to amikacin and 21.5% of levofloxacin resistant isolates were not resistant to 

moxifloxacin and therefore these isolates could still be treatable with the respective drug 

class.  However, these conclusions are dependent on the cut-off used to infer resistance (see 

section 3.2.4). 

 

This dataset is the first global survey of resistance to the NRDs bedaquiline, clofazimine, 

delamanid and linezolid. Reassuringly, fewer isolates were resistant to these drugs than for 

first and second line drugs in the dataset both as a whole and in RR/MDR and pre-XDR 

backgrounds (Figure 22, Figure 27b,c). However, similarly to the second-line drugs there may 

be some propensity to the development of resistance to clofazimine and delamanid prior to 

some first-line drugs; there was a significantly higher level of resistance to these drugs 

compared to ethambutol in a rifampicin susceptible background (Figure 27a). One hedges 

that this result is dependent on the ECOFFs used to infer resistance, which may be less 

reliable for the NRDs as comparatively fewer resistant samples were collected272.   

 

Co-resistance between the NRDs was also common in the dataset, and the link previously 

observed between bedaquiline and clofazimine resistance287 is evident; 52.4% of bedaquiline 

resistant isolates were also resistant to clofazimine. Of particular concern is that co-

resistance between the two new drug classes was seen despite recommendations against 

use of the drugs in combination specifically to prevent development of co-resistance281; 
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12.9% of bedaquiline resistant isolates had delamanid resistance and 7.1% of delamanid 

resistant isolates had bedaquiline resistance (Figure 23). As the rate of spontaneous 

evolution of resistance to bedaquiline and delamanid is comparable to the first line drugs 

rifampicin and isoniazid respectively288, vigilant stewardship and genetic and phenotypic 

surveillance of these compounds is of utmost importance to ensure their clinical utility lasts 

for as many years as possible.  

 

Molecular diagnostic tests have increased global capabilities to detect resistance, these tests 

work by identifying the most common genetic determinants for resistance to different drugs 

(see Section 1.3.2). The survey of common resistance conferring mutations present in 

resistant isolates lends support to the likely effectiveness of molecular diagnostic tests; for 

most first and second line drugs > 50% of the isolates the carried the most common 

resistance conferring mutation to the corresponding drug (Table 6).  

 

Many molecular diagnostic tests infer isoniazid resistance upon detection of rifampicin 

resistance, and although this a good proxy (93.5% of rifampicin resistant isolates in the 

dataset were isoniazid resistant (Figure 23)), reliance solely on these tests would mean 

RR/MDR cases become inseparable. The tests may be particularly unreliable in regions with 

high prevalence of rifampicin mono-resistance289 where such patients could be denied 

effective isoniazid treatment. Furthermore, there are implications for resistance surveillance 

as studies have shown that these isolates are qualitatively different; it has been shown that 

there are differences in the genetic determinants of rifampicin mono-resistance and MDR1, 

270. In this dataset, 302 of the RR/MDR isolates (6.5%) could be described as rifampicin 

mono-resistant (Figure 27b).  
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The emphasis on rifampicin resistance testing could also mean the detection and 

surveillance of isoniazid mono-resistant cases is overlooked; these cases are important as 

they can rapidly evolve into MDR cases290. Of the rifampicin susceptible isolates in this study, 

20.3% were resistant to isoniazid (Figure 27a) and therefore the compendium contains 1470 

isoniazid mono-resistant isolates, significantly more than rifampicin mono-resistant isolates 

(n = 302) which is consistent with a global prevalence survey291. 

 

The CRyPTIC dataset is biased in several ways. Firstly, the dataset is enriched for resistance 

and therefore prevalence of resistance to all drugs in the dataset and specific resistance 

phenotypes will be much higher than in reality (Figure 22, Figure 24). Secondly, not all 

countries contributed the same number of isolates, therefore the dataset will be more 

reflective of some countries than others and the extent of the bias will be difficult to unravel 

as country metadata for 2,369 samples was not provided (Figure 21). Furthermore, as some 

countries oversampled for resistant isolates more than others, the dataset will be more 

reflective of the resistance present in some countries than others (Figure 25). Thirdly, 

different countries sampled resistance differently, with some prioritising MDR or mono-

resistance, there is therefore limited ability to make compare the types of resistance 

observed in different countries (Figure 25).  Finally, lineages were not collected 

representatively with Lineage 4 and Lineage 2 isolates dominating the dataset (Figure 21). As 

lineages are geographically distinct (see Section 3.3.1), the same limitations apply for making 

comparisons between lineages as for countries in this dataset.  

 

In addition to bias, the dataset has several other limitations. For example, the ECOFFs used 

to define resistance could be wrong as it is difficult to culture and read growth of M. 
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tuberculosis on 96 well plates (although CRyPTIC did use three different reading techniques 

to try and minimise errors, see Section 3.2.3). Further, because the plates have limited 

numbers of wells, the MIC dilutions are truncated (Figure 19), and therefore isolates that 

have an MIC over the limit of detection will not be accurately measured. In addition, 

although some samples with known labelling errors were removed during quality control, 

others will remain and are difficult to identify. Another limitation is the comparatively 

restricted sample metadata, for instance the consortium was unable to measure MICs for 

the first line drug pyrazinamide, and other useful information, for example regarding any 

previous TB treatment, was not able to be recorded.  

 

Despite its limitations, this dataset provides the TB community with a greater insight into 

global resistance patterns and has the potential to facilitate and inspire numerous future 

studies through the wealth of both genetic and phenotypic data provided. Although the 

dataset presents exciting opportunities to better understand drug resistance in TB, the 

finding of two unrelated isolates that were resistant to all 13 drugs tested also provides a 

stark warning of the future if we do not successfully diagnose and treat drug resistant 

infections (Table 9).    
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4 Chapter 4: Fluoroquinolone resistance case study  

4.1 Introduction 

As I discussed in the previous chapter, the CRyPTIC dataset offers a wealth of information 

about resistance to second line antitubercular drugs (see Section 3.4), for which there is 

limited global data due to a paucity of drug susceptibility testing. Of particular importance is 

the study of fluoroquinolone resistance. Levofloxacin or moxifloxacin are recommended for 

all MDR TB treatment regimens (Table 4), and the WHO now estimates that around 20% of 

MDR TB isolates have fluoroquinolone resistance47,12, and the CRyPTIC data suggests the true 

proportion could be significantly higher (see Section 3.3.3). Reliance on fluoroquinolone 

drugs for TB treatment may further increase as the WHO recommends the phasing out of 

other second line antibiotics (amikacin, kanamycin and streptomycin68) and 

fluoroquinolones may also form the backbone of a shorter treatment regimen for drug 

susceptible TB69. It is therefore imperative that fluoroquinolone resistance is diagnosed as 

early as possible to treat patients and prevent further spread of fluoroquinolone resistant 

strains. However worldwide, only 50% of MDR M. tuberculosis isolates were tested for 

fluoroquinolone resistance in 202012. 

  

The WHO catalogue of resistance associated mutations has identified 14 DNA gyrase 

mutations which it recommends using for the detection of both levofloxacin and 

moxifloxacin resistance by WGS42, 145 (Table 5). The success of catalogue-based prediction 

relies on the quality and comprehensiveness of the resistance catalogue and thus our 

understanding of the mechanisms of resistance. For levofloxacin and moxifloxacin resistance 

prediction the catalogue achieved sensitivities of 84.4% and 87.7% respectively and 



 

 104 

specificities of 98.3% and 91.6% respectively on the dataset of 38,000 isolates used to 

produce it. Due to overfitting performance is likely an upper limit and so it is particularly 

noteworthy that more than 10% of fluoroquinolone resistance was not explained by the 

mutation catalogue, despite acquired fluoroquinolone resistance being well characterised as 

attributable to the gyrA and gyrB genes292. A recent genome wide association study of the 

CRyPTIC isolates found only one other gene containing a variant associated with 

fluoroquinolone resistance which was seen at very low frequency205.  This is a paradox since 

it suggests that the determinants of fluoroquinolone resistance are still not fully understood 

but there are no obvious candidate genes or variants.  

 

Although WGS technology offers a myriad of additional diagnostic benefits (see Section 

1.3.3), it is not yet feasible in many areas of high TB burden. Commercially available 

molecular diagnostic tests that detect specific resistance conferring mutations could be a 

more appropriate tool to increase fluoroquinolone resistance diagnosis and surveillance in 

these regions (see Section 1.3.2). For rifampicin resistance detection, the GeneXpert 

MTB/RIF molecular diagnostic test has facilitated increased testing for RIF resistance in areas 

of high TB burden 110, 129. A range of molecular diagnostic tests have been developed to 

diagnose fluoroquinolone resistance and some tests have now been approved by the WHO 

(Table 10).  
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Assay Manufacturer Type 
Wild type 
probes 

Resistant 
mutation 
probes 

Susceptible 
probes/ 
agnostic Re

fe
re

nc
es

 

AID TB 
FQ/EMB Kit 

Autoimmun 
Diagnostika  

LPA gyrA 90, 91, 
94 

gyrA A90V, 
S91P, D94A, 
D94N, D94Y, 
D94G 

 
293 

Anyplex II 
MTB/MDR/X

DR 

Seegene Multiplex 
real-time 
PCR 

 gyrA A90V, 
S91P, D94A, 
D94G, D94H, 
D94N, D94Y 

 294 

Genoscholar 
FQ+KM-TB II 

Nipro LPA gyrA 88-97 gyrA A90V, 
D94A, D94G 

gyrA S95T 295 

GenoType 
MTBDRsl v1 

Hain 
Lifescience 

LPA gyrA 85:96 gyrA A90V, 
S91P, D94A, 
D94N/Y, 
D94G, D94H 

gyrA S95T 49, 

135, 

296 

GenoType 
MTBDRsl v2 

Hain 
Lifescience 

LPA gyrA 85:96, 
gyrB 
497:502 

gyrA A90V, 
S91P, D94A, 
D94N/Y, 
D94G, D94H  
gyrB N499D, 
E501V 

gyrA S95T 49, 

135, 

296-

298 

MeltPro 
MTB/FQ 

Zeesan 
Biotech 

Probe-Based 
Melting 
Curve 
Analysis 

gyrA 88:94   299 

REBA 
MTB/XDR 

YD Diagnostics LPA gyrA 79:98 gyrA G88A, 
G88C, A90V, 
S91P, D94A, 
D94G, D94H, 
D94N, D94Y 

 300 

Xpert 
MTB/XDR 

Cepheid Semi-
quantitative 
nested PCR 
+ high 
resolution 
melt 
technology 

 
gyrA G88A, 
G88C, A90V, 
S91P, D94A, 
D94G, D94H, 
D94N, D94Y  
gyrB N461D, 
N461V, 
N499T, 
E501D, E501V 

gyrA S95T 49, 

131, 

301, 

302 

Table 10 PCR based molecular diagnostic tests for fluoroquinolone resistance and the DNA gyrase 
mutations that they can detect. Rows in bold are WHO approved tests. LPA = line probe assay. 

 

Each test varies in, and is fundamentally limited by, the mutations that it detects. For 

example, GeneXpert MTB/RIF only detects mutations in codons 428 to 452 of the rpoB gene 
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and hence was unable to detect the rpoB I491F mutation behind an MDR outbreak in 

Eswatini132. Molecular diagnostic tests can also give false positive resistance diagnosis due to 

other mutations present in the region of interest; this could prevent patients being treated 

with the most effective drugs and result in either more toxic or last line antitubercular drugs 

being used unnecessarily. For instance, a mutation that does not confer resistance, gyrA 

A90G, prevents binding of a wild-type probe in the Genotype MTBDRsl v1 and v2 assays 

leading to a test interpretation of resistant to fluoroquinolones135, 136.  Another mutation 

gyrA S95T, is not associated with resistance but is highly prevalent and located within the 

gyrA QRDR145 and as such molecular diagnostics tests have been designed to either explicitly 

detect or be agnostic to this mutation135, 301. However, the presence of other mutations, 

including synonymous mutations within the QRDR could disrupt probe binding and impact 

the ability of molecular tests to correctly diagnose resistance or susceptibility.  

 

Both WGS with catalogue-based resistance prediction and molecular diagnostic tests rely on 

certain assumptions and therefore may have limitations if these assumptions are not met. 

Firstly, one assumes that a resistance associated mutation always results in an isolate having 

resistance to the corresponding drug. This is not necessarily true for the fluoroquinolones; 

the combination of gyrA A90G and gyrA T80A mutations, found in an African M. tuberculosis 

sub-lineage, restores fluoroquinolone susceptibility in isolates with a resistance conferring 

gyrA D94N mutation303.  

 

By using the same catalogue or molecular diagnostic test in all geographic locations, one also 

assumes that the genetic background of M. tuberculosis isolates does not affect the 

prevalence or level of resistance conferred by a particular mutation.  The local prevalence of 
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a particular mutation could be an important consideration when choosing a diagnostic tool, 

especially if a molecular diagnostic test does not detect that specific resistance conferring 

mutation. In vitro, the mutational profile and minimum inhibitory concentrations of 

fluoroquinolone resistant M. tuberculosis isolates has been shown to be dependent on 

genetic background304. Different geographic, lineage and phenotypic backgrounds may also 

have differing effects in vivo; for example a study of Indian clinical M. tuberculosis isolates 

found a significantly higher frequency of some genetic mutations in the Beijing lineage 

(Lineage 2) compared to other lineages in pre-XDR and XDR TB isolates305. On the other 

hand, a study of Chinese clinical isolates found that the Beijing lineage had no effect on 

mutation frequency compared to the other lineages tested306.  

 

Finally, we assume that clinical resistance is based entirely on the genetic code of the M. 

tuberculosis isolate; this is unlikely to be true as epigenetic regulation from nucleotide 

methylation has been shown to be associated with resistance307, 308. Although an important 

avenue for future research, this is beyond the scope of the CRyPTIC project as it stands, due 

to the nature of sequencing data that was collected. 

 

Another important question to ask when using catalogue-based resistance prediction and 

molecular diagnostic tests for fluoroquinolone resistance diagnosis, is to what level can they 

detect resistance conferring alleles in minority populations? Mixed populations are common 

in M. tuberculosis infections and are particularly implicated in fluoroquinolone resistance202, 

309. Relatively few studies report on the minor alleles detected in fluoroquinolone resistant 

M. tuberculosis isolates, but a recent systematic review found 12 studies from small, 
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localised sample datasets and estimated the prevalence of mixed populations containing 

minor resistance conferring alleles to be around 10% of fluoroquinolone resistant isolates108.   

 

Although WGS can provide information about mixed populations, this is dependent on the 

sequencing depth achieved and the variant callers and bioinformatic pipelines used because 

filters and thresholds are put into place to screen out sequencing errors310. Some 

bioinformatics pipelines may choose to omit minor alleles;  indeed alleles seen at a fraction 

read support (FRS) for the major allele of less than 90% were not included in the compilation 

and evaluation of the WHO catalogue145.  A previous study found that minor alleles were 

responsible for 11-38% of the true resistance predictions made for aminoglycoside and 

fluoroquinolone resistance in WGS M. tuberculosis isolates (although the confidence 

intervals were large due to small sample size)311. 

 

Molecular diagnostic tests have also been shown to detect fluoroquinolone resistance in 

minor populations, but the limit of detection varies between tests.  For instance the line 

probe assays, GenoType MTBDRsl v1 and GenoScholar-FQ + KM TB II, have been shown to 

pick up gyrA D94G alleles present in a >= 5% minor population312, yet Xpert MTB/XDR could 

only detect resistance conferring alleles in >=25% of the population313.  

 

The aim of this chapter is to use the CRyPTIC isolates to increase our knowledge about the 

genetic determinants of fluoroquinolone resistance. In doing so, I aim to evaluate how 

reliable the assumptions of sequence based molecular diagnostics are and assess their likely 

performance for fluoroquinolone resistance detection in the CRyPTIC isolates. 
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4.2 Methods 

4.2.1 Dataset 

All data used were from the CRyPTIC data compendium1 described in Chapter 3: Description 

of the CRyPTIC dataset. Please see https://github.com/alicebrankin/thesis_notebooks for 

the codebase to reproduce the analyses and figures in this chapter. 

 

4.2.2 Evaluation of the mutations used by catalogues or molecular diagnostic tests for 

identifying resistance in levofloxacin and moxifloxacin WGS isolates 

From the WHO 2021 catalogue I extracted mutations that were categorised as 1) associated 

or 2) potentially associated with resistance for levofloxacin and moxifloxacin42, 145. For 

molecular diagnostic tests, specific mutations detected by mutant probes and regions where 

a mutation would result in disruption of binding of a wild-type probe were identified using 

test package inserts or literature (Table 10).  

 

I evaluated the sensitivities and specificities of both the WHO catalogue and a range of 

molecular diagnostic tests for identifying resistance using CRyPTIC isolates, having excluded 

MIC measurements in which we have a low confidence for each drug. For the tests, where a 

genetic region is interrogated by a wild-type probe, any mutation within that region was 

considered detected by that test, and therefore called resistant, unless the test was agnostic 

to that mutation. Where the CRyPTIC bioinformatic pipeline reported no evidence (a so-

called ‘null’ call) or when there was evidence of variation but it failed the statistical checks (a 

‘filter fail’) at a position within the region covered by a probe, these mutations were not 

predicted resistant. Where tests are designed to be agnostic to certain mutations known not 
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to be associated with resistance, for example gyrA S95T (Table 10), they were also not 

predicted resistant. As some molecular tests can identify both specific mutations and the 

presence of any mutation within a genetic region, they can be interpreted differently. For 

example, resistance can be directly detected where a specific mutation is detected by a 

mutant probe, or resistance can be inferred where the test detects any mutation within a 

region covered by a wild-type probe. The sensitivity and specificity analyses were performed 

separately for the two possible interpretations of these tests. 

 

4.2.3 Statistical analysis 

When comparing prevalence in two populations a two-proportion z-test was used. Where 

95% confidence intervals were required for individual percentages, these were calculated 

using the method of Wilson277. Multiple logistic and linear regression (ordinal least squares) 

models, and subsequent Bonferroni corrections , were implemented using the Python3 

package statsmodels314. For regression models, categorical variables were dummy encoded, 

with the largest group in each variable being used as the reference. A statistical significance 

of p < 0.05 was used throughout.   

 

4.2.4 Identification of mixed alleles  

Throughout this chapter I considered any allele with a fraction read support (FRS) >= 0.9 as 

homogeneous and an allele with FRS < 0.9 and at least two reads supporting an alternative 

allele as one of two or more alleles in a mixed population. Assuming the error rate of 

Illumina sequencing is ~1%, if two or more reads support an alternative allele, it is unlikely 

that this is due to sequencing error.  
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Since the variant caller (Clockwork) used by the CRyPTIC project was setup conservatively, 

with only variants having an FRS >= 90% being called, variants with FRS < 90% were recorded 

as ‘filter fails’. Therefore, for isolates that had a filter fail at a position in gyrA or gyrB, the 

regenotyped variant call format (.vcf) files were interrogated (as these have an entry at all 

variable positions). From the regenotyped .vcf file, FRS for each of the reference and all 

possible alternative alleles were calculated at that position. Please see Sections 3.2.1 and 

3.2.2 for more information about ‘regenotyped’ .vcf files and processing of the CRyPTIC 

sequencing data. Where an alternative allele was present at a position with a minimum 

sequencing depth filter fail as flagged by Minos273, the allele was not included and hence 

assumed wild type for analyses.  The filter for minimum genotype confidence percentile was 

not used to exclude any variants because the filter is partially dependent on the FRS273. Due 

to the large file sizes, and subsequent compute time required to interrogate them, only 

regenotyped .vcf files for samples that had a phenotypic measurement for either 

moxifloxacin or levofloxacin (12,354 samples) were included for the analysis of mixed alleles 

in the DNA gyrase genes in Section 4.3.7. 

 

4.3 Results 

4.3.1 Overview of fluoroquinolone resistance in the CRyPTIC dataset 

The CRyPTIC dataset contains a total of 2191 isolates that were resistant to a 

fluoroquinolone (as defined by the CRyPTIC consortium’s proposed ECOFFs272), and the 

majority of these (76.6%) were resistant to both levofloxacin and moxifloxacin (Figure 28a). 

The 2191 isolates originate from 16 different countries; India contributed the highest 

number of fluoroquinolone resistant isolates, followed by South Africa, Pakistan, Peru, China 

and Nepal (Figure 28a). Each of the four major M. tuberculosis lineages are represented 
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within the fluoroquinolone resistant isolates, with Lineages 2 and 4 being the most prevalent 

(Figure 28b). The majority (88.4%) of fluoroquinolone resistant isolates had a phenotypic 

background of MDR, but other phenotypic backgrounds (isoniazid and rifampicin 

susceptible, isoniazid resistant and rifampicin susceptible or isoniazid and rifampicin 

resistant) are also represented (Figure 28c). 

 
Figure 28 Overview of 2191 fluoroquinolone resistant isolates in the CRyPTIC compendium. a) 
Number of fluoroquinolone resistant isolates contributed by each country. Pie charts show the 
proportion of these isolates that were resistant to levofloxacin, moxifloxacin or both fluoroquinolones 
for each country, for isolates where the country of origin is unknown, and in total. b) Number of 
fluoroquinolone resistant isolates from M. tuberculosis Lineages 1, 2, 3 and 4. c) Number of 
fluoroquinolone resistant isolates in isolates with different phenotypic backgrounds: , INH S + RIF S = 
isolates with resistance to one or more anti-tubercular drugs but susceptible to both isoniazid and 
rifampicin, INH R + RIF S = isolates that are resistant to isoniazid but susceptible to rifampicin, INH S + 
RIF R = isolates that are resistant to rifampicin but susceptible to isoniazid, MDR = isolates that are 
resistant to both isoniazid and rifampicin, UNKNOWN = isolates where phenotypes for isoniazid or 
rifampicin resistance could not be determined. 
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Looking at the prevalence of fluoroquinolone resistance in different phenotypic backgrounds 

within the compendium isolates, over 40% of MDR isolates within the compendium had 

fluoroquinolone resistance, and significantly more were resistant to levofloxacin than 

moxifloxacin (Figure 29). This was significantly higher than the proportion of isoniazid and 

rifampicin susceptible isolates, isoniazid resistant and rifampicin susceptible isolates and 

isoniazid susceptible and rifampicin resistant isolates that were fluoroquinolone resistant.  

There was a significantly higher proportion of fluoroquinolone resistance in isolates that 

were resistant to either rifampicin or isoniazid than isolates that were susceptible to both 

drugs.   

 

 
Figure 29 Proportion of isolates with fluoroquinolone resistance in different phenotypic 
backgrounds. ANY R = isolates with resistance to one or more anti-tubercular drugs, INH S + RIF S = 
isolates susceptible to both isoniazid and rifampicin, INH R + RIF S = isolates that are resistant to 
isoniazid but susceptible to rifampicin, INH S + RIF R = isolates that are resistant to rifampicin but 
susceptible to isoniazid, MDR = isolates that are resistant to both isoniazid and rifampicin. Pink 
brackets indicate a significant difference (p < 0.05) in the proportion of isolates that were resistant to 
a fluoroquinolone in different phenotypic backgrounds as calculated by a Z test (isolates in a 
background of any resistance were excluded as these could not be reasonably compared with the 
other backgrounds). Black brackets indicate a significant difference (p<0.05) in the proportion of 
isolates resistant to levofloxacin and moxifloxacin in a particular phenotypic background as calculated 
by Z test. 
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4.3.2 DNA gyrase mutations 

Levofloxacin and moxifloxacin are both structurally similar members of the fluoroquinolone 

class, but they may have different genetic drivers of resistance. To see if there was a 

difference in the non-synonymous mutations seen in levofloxacin and moxifloxacin resistant 

isolates, I compared the prevalence of each gyrA or gyrB mutation seen in the two 

populations. Because genetic background may influence the mutations seen, I controlled for 

country of origin, lineage and rifampicin and isoniazid resistance background. Using the 

largest group of these three variables, Lineage 2 isolates of Indian origin that were MDR, 

there was no significant difference (p < 0.05) between the mutations seen and their 

prevalence in levofloxacin and moxifloxacin resistant isolates (Table 11). Therefore, for 

subsequent genetic analysis of resistant populations, moxifloxacin and levofloxacin resistant 

isolates were grouped.  
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Mutation LEV_N LEV_TOTAL LEV_% MXF_N MXF_TOTAL MXF_% P 
gyrA D94G 184 388 47.4 181 362 50.0 0.48 
gyrA A90V 92 388 23.7 83 362 22.9 0.80 
gyrA D94N 30 388 7.7 31 362 8.6 0.68 
gyrA D94A 29 388 7.5 27 362 7.5 0.99 
gyrA S91P 16 388 4.1 14 362 3.9 0.86 
gyrA D94Y 14 388 3.6 13 362 3.6 0.99 
gyrB N499T 5 388 1.3 4 362 1.1 0.82 
gyrA D94H 4 388 1.0 3 362 0.8 0.77 
gyrB E501D 3 388 0.8 5 362 1.4 0.42 
gyrA G88C 2 388 0.5 2 362 0.6 0.94 
gyrA I462V 2 388 0.5 1 362 0.3 0.60 
gyrA H70R 2 388 0.5 1 362 0.3 0.60 
gyrB T500N 2 388 0.5 2 362 0.6 0.94 
gyrB I486L 1 388 0.3 1 362 0.3 0.96 
gyrB E501V 1 388 0.3 0 362 0.0 0.33 
gyrB V670F 1 388 0.3 1 362 0.3 0.96 
gyrB D461N 1 388 0.3 0 362 0.0 0.33 
gyrA R292G 1 388 0.3 1 362 0.3 0.96 
gyrB R446H 1 388 0.3 0 362 0.0 0.33 
gyrA D89G 1 388 0.3 1 362 0.3 0.96 
gyrA R450S 1 388 0.3 1 362 0.3 0.96 
gyrB A233P 1 388 0.3 1 362 0.3 0.96 
gyrB T500A 1 388 0.3 1 362 0.3 0.96 
gyrB A504T 1 388 0.3 1 362 0.3 0.96 
gyrB N499S 1 388 0.3 1 362 0.3 0.96 
gyrB S447F 1 388 0.3 1 362 0.3 0.96 

Table 11 Prevalence of mutations seen in levofloxacin and moxifloxacin resistant Lineage 2 MDR M. 
tuberculosis isolates from India. P values indicate the significance of the difference between the 
percentage of levofloxacin and moxifloxacin resistant isolates with the mutation, as calculated using a 
two proportions Z test.  

 

The majority (78.6%) of the 2191 fluoroquinolone resistant isolates had at least one non-

synonymous mutation in the gyrA QRDR (Figure 30). A small proportion (3.1%) contained no 

mutation in the gyrA QRDR but did have a non-synonymous mutation in the gyrB QRDR and 

2.2% contained a non-synonymous mutation elsewhere in either the gyrA or gyrB (above a 

background of known lineage specific mutations). A significant proportion of the 

fluoroquinolone resistant isolates (16.0%) contained no non-synonymous mutations in 

either gyrA or gyrB according to the CRyPTIC dataset.  
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Figure 30 Proportion of 2191 fluoroquinolone resistant isolates with DNA gyrase mutations. ‘gyrA 
QRDR mutation’ represents the proportion of isolates with a non-synonymous mutation in the gyrA 
QRDR. ‘gyrB QRDR mutation’ represents the proportion of isolates with a gyrB QRDR mutation and no 
gyrA QRDR mutations. ‘Mutation elsewhere in DNA gyrase’ shows the proportion of isolates with no 
gyrA or gyrB QRDR mutations but at least one non-synonymous mutation elsewhere in either gyrA or 
gyrB. ‘No DNA gyrase mutation’ represents the proportion of fluoroquinolone resistant isolates that 
do not have a non-synonymous mutation in either gyrA or gyrB. 

 

I then investigated the prevalence of gyrA or gyrB QRDR mutations in phenotypically 

fluoroquinolone resistant and susceptible isolates. All of the gyrA QRDR mutations seen in 

resistant isolates were also seen in fluoroquinolone susceptible isolates, bar gyrA D89G, 

A90E and D94F which were only seen in resistant isolates and at low prevalence (< 0.1%) 

(Figure 31). The gyrA QRDR mutations were enriched in fluoroquinolone resistant isolates 

compared to susceptible isolates, for example the resistance associated mutation gyrA D94G 

was seen in 34.8% of fluoroquinolone resistant isolates and 1.6% of fluoroquinolone 

susceptible isolates, and gyrA A90V was seen in 21.3% of resistant isolates and 2.1% of 

phenotypically susceptible isolates. The most variation was seen at the gyrA D94 codon, 

where 7 different non-synonymous mutations were seen. Some synonymous mutations 

were seen at positions known to have resistance conferring variants, for example A90A and 



 

 117 

G88G were seen at low prevalence in fluoroquinolone susceptible isolates. Mutations 

outside of gyrA positions 88 - 94 were rare in both resistant and susceptible isolates - there 

were 17 different mutations (excluding known lineage specific mutations), 6 of which were 

synonymous, and all were seen in less than 0.3% of isolates.  
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For the gyrB QRDR, mutations were seen at lower prevalence than the gyrA QRDR and none 

of the mutations were present in more that 1% of fluoroquinolone resistant or susceptible 

isolates (Figure 32). As with the gyrA QRDR mutations, the majority of mutations seen in 

phenotypically resistant isolates occurred at low prevalence (<0.1%) in fluoroquinolone 

susceptible isolates. The most genetic variation was seen at codon N499, where five non-

synonymous mutations and one synonymous mutation were observed. Twenty mutations 

were seen outside of codons known to have resistance conferring alleles (461, 499, 501 and 

504), but these were rare – present in less than 0.1% of phenotypically resistant or 

susceptible isolates. Some mutations at gyrB QRDR positions known to have resistance 

conferring mutations were present in susceptible isolates only, for example gyrB D461A, 

D461V and the synonymous mutation N499N, but these were seen in less than 0.1% of the 

fluoroquinolone susceptible population.  
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4.3.3 Catalogue resistance associated mutations in fluoroquinolone resistant isolates 

As there was no difference between the prevalence of different mutations in levofloxacin 

and moxifloxacin resistant isolates (Table 11), these were combined for the following genetic 

analyses. All 14 of the resistance associated mutations in the WHO 2021 catalogue are 

represented within the fluoroquinolone resistant isolates of the compendium, with the most 

prevalent resistance associated mutations being gyrA D94G and gyrA A90V (Figure 33). 

Overall, gyrB resistance associated mutations were less prevalent than gyrA mutations and 

mutations at gyrA G88 were less common that mutations at other gyrA positions. 

 

 
Figure 33 Number of isolates with WHO catalogue fluoroquinolone resistance associated mutations 
seen in the 2191 fluoroquinolone resistant isolates in the CRyPTIC dataset. Note that the numbers 
are not additive since an isolate may have more than one of the mutations. 
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Just 36 of the 2191 fluoroquinolone resistant isolates (1.6%) contained more than one 

resistance associated mutation and no isolates were found to contain more than two 

resistance associated mutations. The combinations of resistance associated mutations seen 

and the number of times they occurred within fluoroquinolone resistant isolates are shown 

in Table 12. The gyrA A90V mutation was seen in 29 of the 36 isolates with two resistance 

associated mutations, and was seen most frequently in combination with gyrA D94A as 

opposed to the more prevalent mutation gyrA D94G (Figure 33), which was only seen in 10 

isolates with two resistance conferring mutations (Table 12). 

 

COMBINATION OF RESISTANCE ASSOCIATED MUTATIONS N_ISOLATES 

gyrAA90V + gyrAD94A 10 

gyrAA90V + gyrAD94G 8 

gyrAA90V + gyrAS91P 4 

gyrAA90V + gyrBD461N 4 

gyrAD94A + gyrBE501D 3 

gyrAA90V + gyrBA504V 2 

gyrAD94G + gyrBA504V 1 

gyrAA90V + gyrAD94N 1 

gyrAD94G + gyrBE501D 1 

gyrAD94N + gyrBE501D 1 

gyrAD94A + gyrBA504V 1 

Table 12 Combinations of resistance associated mutations and the number of fluoroquinolone 
resistant isolates they are seen in within the CRyPTIC compendium 

 

To investigate whether the double mutations increased the magnitude of resistance 

compared to the individual mutations on their own, I compared the mean levofloxacin and 

moxifloxacin log2MIC of isolates with the double mutations to that of isolates with the 

individual mutations only (Figure 34a-d). For both levofloxacin and moxifloxacin, the log2MIC 

was significantly higher (p < 0.01) for isolates with the gyrA A90V + gyrA D94A double 
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mutation than for either of the mutations seen individually (Figure 34a-b). For the gyrA A90V 

+ gyrA D94G double mutation, isolates had a significantly higher log2MIC to both 

fluoroquinolones than for the gyrA A90V mutation alone (Figure 34c). The moxifloxacin 

log2MIC of the gyrA D94G mutation was not significantly lower than for the gyrA A90V + 

gyrA D94G double mutation, but the levofloxacin log2MIC was (Figure 34d). It is difficult to 

estimate the true increase in MIC that occurs with these double mutations, and whether the 

increase is additive, as the log2MICs are at the limit of detection due to censoring of the 

concentrations in the plate design (Figure 19) and assumptions are made at the extremes of 

detection; the log2MIC is taken from what would be the next doubling dilution, i.e. a 

measured MIC of > 4 mg/L is assumed to be 8 mg/L but could in fact be higher. Further, the 

genetic background of the isolates may have a confounding effect. 
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Figure 34 Box and whisker plots showing distribution of log2MICs for isolates with combinations of 
resistance associated mutations compared to the mutations as individual. a) Difference in 
levofloxacin log2MIC between gyrA A90V + gyrA D94A mutants and isolates with the individual 
mutations. b) Difference in moxifloxacin log2MIC between gyrA A90V + gyrA D94A mutants and 
isolates with the individual mutations. c) Difference in levofloxacin log2MIC between gyrA A90V + 
gyrA D94G mutants and isolates with the individual mutations. d) Difference in moxifloxacin log2MIC 
between gyrA A90V + gyrA D94G mutants and isolates with the individual mutations. Mean log2MICs 
are shown by a cross, the area between the two grey dashed lines show the limit of MIC detection 
using the CRyPTIC plates. Brackets with ** indicate a significant difference in means at p < 0.01 as 
determined by the Wilcoxon rank-sum test. Only high or medium quality MICs were included in this 
analysis (Table 6). 
 

 

4.3.4 Associations between resistance conferring mutations and genetic background and 

sample origin 

In order to test whether specific resistance conferring mutations are associated with the 

genetic background of an isolate, I constructed logistic regression models to describe the 

likelihood of finding gyrA D94G and A90V mutations based on the following variables:   

lineage, country of origin and rifampicin and isoniazid phenotypic resistance background – 
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all of which are confounded. Using only the most common resistance conferring mutations 

ensures that there will be sufficient samples for the models to be reliable. In order to further 

increase the number of samples used by the models, both levofloxacin and moxifloxacin 

isolates were included, as I previously found no difference in the mutations seen in 

levofloxacin and moxifloxacin resistant isolates (Table 11). To prevent small group sizes, 

samples from countries with fewer than 20 fluoroquinolone resistant isolates were not 

included and isolates with unknown rifampicin or isoniazid resistance backgrounds, 

rifampicin mono-resistant isolates and MDR isolates were grouped together as a single 

‘rifampicin resistant/MDR’ category – as the unknown isolates were most likely to be MDR. 

 

Compared to fluoroquinolone resistant isolates with a Lineage 2 background, Lineage 1 and 

Lineage 4 isolates were 76.9% and 43.0% less likely to contain a gyrA D94G mutation after 

controlling for other variables (country and isoniazid and rifampicin resistance background) 

(Table 13). Isolates that were susceptible to isoniazid and rifampicin had significantly lower 

odds of having a gyrA D94G mutation compared to rifampicin resistant isolates (either 

rifampicin mono-resistant or multidrug resistant). Compared to India, fluoroquinolone 

resistant isolates from China, Peru and Vietnam were 50.9%, 37.6% and 88.1% less likely to 

contain a gyrA D94G mutation after controlling for lineage and isoniazid and rifampicin 

resistance background. After applying a Bonferroni correction to correct for multiple testing, 

the effects of Lineage 1, Lineage 4 and China being the country of origin remained 

statistically significant at p < 0.05. 
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Coef. Adj. OR Adj. [0.025 Adj. 0.975] p>|z| Corr. p 

LINEAGE_Lineage 1 -1.465 0.231 0.102 0.526 0.000 0.008 

LINEAGE_Lineage 2 Ref Ref Ref Ref Ref Ref 

LINEAGE_Lineage 3 -0.269 0.764 0.509 1.147 0.194 1.000 
LINEAGE_Lineage 4 -0.562 0.570 0.426 0.763 0.000 0.003 

COUNTRY_BRA -1.393 0.248 0.056 1.106 0.068 1.000 

COUNTRY_CHN -0.710 0.491 0.328 0.736 0.001 0.010 
COUNTRY_DEU 0.570 1.768 0.813 3.846 0.151 1.000 

COUNTRY_IND Ref Ref Ref Ref Ref Ref 

COUNTRY_ITA -0.335 0.715 0.410 1.247 0.238 1.000 
COUNTRY_KGZ -0.766 0.465 0.121 1.778 0.263 1.000 

COUNTRY_NPL 0.336 1.400 0.953 2.055 0.086 1.000 

COUNTRY_PAK -0.194 0.824 0.543 1.250 0.362 1.000 
COUNTRY_PER -0.475 0.622 0.398 0.972 0.037 0.628 

COUNTRY_TKM 0.078 1.081 0.438 2.668 0.866 1.000 

COUNTRY_VNM -2.129 0.119 0.027 0.515 0.004 0.075 
COUNTRY_ZAF -0.196 0.822 0.611 1.107 0.197 1.000 

BACKGROUND_INH_AND_RIF_S -0.645 0.525 0.304 0.905 0.020 0.346 

BACKGROUND_INH_MONOR -0.496 0.609 0.296 1.255 0.179 1.000 
BACKGROUND_RIF_R/MDR Ref Ref Ref Ref Ref Ref 

Intercept -0.170 0.844 0.703 1.013 0.069 1.000 

Table 13 Association between lineage, country of origin or background and the odds of a gyrA D94G 
mutation being present in a fluoroquinolone resistant isolate. Rows in bold show the variables that 
are statistically significant at p < 0.5. Corr. p are the Bonferroni-corrected p values. 

 

Compared against other lineage backgrounds, fluoroquinolone resistant isolates in Lineage 4 

were 58.3% more likely to contain a gyrA A90V mutation compared to Lineage 2 isolates 

after controlling for country of origin and isoniazid/rifampicin resistance background (Table 

14). Isolates from several countries (Brazil, Peru, Vietnam and South Africa) had lower odds 

of containing a gyrA A90V mutation compared to isolates collected in India. However, after 

applying the Bonferroni correction to correct for multiple testing, none of the associations 

were statistically significant at p < 0.05. 
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Coef. Adj. OR Adj. [0.025 Adj. 0.975] p>|z| Corr. p 

LINEAGE_Lineage 1 0.339 1.403 0.729 2.702 0.311 1.000 

LINEAGE_Lineage 2 Ref Ref Ref Ref Ref Ref 

LINEAGE_Lineage 3 -0.128 0.880 0.553 1.400 0.589 1.000 
LINEAGE_Lineage 4 0.459 1.583 1.156 2.169 0.004 0.072 

COUNTRY_BRA -2.205 0.110 0.014 0.845 0.034 0.575 

COUNTRY_CHN -0.444 0.642 0.404 1.019 0.060 1.000 
COUNTRY_DEU -0.199 0.820 0.324 2.073 0.675 1.000 

COUNTRY_IND Ref Ref Ref Ref Ref Ref 

COUNTRY_ITA -0.548 0.578 0.297 1.126 0.107 1.000 
COUNTRY_KGZ -0.375 0.687 0.146 3.230 0.635 1.000 

COUNTRY_NPL 0.262 1.300 0.850 1.986 0.226 1.000 

COUNTRY_PAK -0.047 0.954 0.607 1.499 0.837 1.000 
COUNTRY_PER -0.651 0.521 0.321 0.847 0.009 0.145 

COUNTRY_TKM -1.877 0.153 0.020 1.158 0.069 1.000 

COUNTRY_VNM -1.626 0.197 0.045 0.860 0.031 0.523 
COUNTRY_ZAF -0.397 0.672 0.473 0.956 0.027 0.462 

BACKGROUND_INH_AND_RIF_S -0.485 0.616 0.342 1.108 0.106 1.000 

BACKGROUND_INH_MONOR 0.297 1.346 0.690 2.625 0.383 1.000 
BACKGROUND_RIF_R/MDR Ref Ref Ref Ref Ref Ref 

Intercept -1.176 0.309 0.250 0.381 0.000 0.000 

Table 14 Association between lineage, country of origin or background and the odds of a gyrA A90V 
mutation being present in a fluoroquinolone resistant isolate. Rows in bold show the variables that 
are statistically significant at p < 0.5. Corr. p are the Bonferroni-corrected p values. 

 

4.3.5 Association between genetic background, country of origin and phenotypic 

background and the level of resistance conferred by resistance mutations 

I next investigated whether the most common resistance conferring mutations, gyrA D94G 

and A90V, were associated with different magnitudes of resistance depending on the 

genetic background of the isolate. For this analysis I only included isolates from countries 

with over 50 fluoroquinolone resistant isolates. I also controlled for the effect of multiple 

resistance conferring mutations as these would be expected to increase the MIC more than 

a single non-synonymous mutation (Figure 34a-c). Indeed, the presence of additional 

resistance conferring mutations was positively associated with levofloxacin MIC for isolates 

with a gyrA D94G mutation (Table 15). I did not consider the effects of other DNA gyrase 
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mutations; there may be other resistance mutations in the gyrase genes that are not 

catalogued but it is expected these will be rare in the dataset. There can be effects on MIC 

associated with presence of non-resistance conferring mutations, for example the gyrA 

A90G + T80A neutralising effect discussed in section 4.1, but this mutation was only present 

in one isolate in the compendium, is lineage associated, and no other compensatory 

mutations have yet been found.  

 

Compared to rifampicin resistant isolates (rifampicin mono-resistant or MDR) that had a 

gyrA D94G mutation, isolates with gyrA D94G that were susceptible to rifampicin (both 

isoniazid and rifampicin susceptible isolates or isoniazid mono-resistant isolates) were 

negatively associated with levofloxacin MIC (Table 15). Levofloxacin MIC was positively 

associated with isolates originating from China compared to India and there were no 

significant associations found between lineage and levofloxacin MIC at p < 0.05. After 

Bonferroni correction, the negative association between rifampicin susceptible backgrounds 

and the levofloxacin MIC of isolates with gyrA D94G remained significant (Table 15). 
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Coef. [0.025 0.975] P>|t| Corr. p 

LINEAGE_Lineage 1 1.019 -0.144 2.182 0.086 1.000 

LINEAGE_Lineage 2 Ref Ref Ref Ref Ref 

LINEAGE_Lineage 3 0.486 -0.010 0.981 0.055 0.713 
LINEAGE_Lineage 4 0.164 -0.239 0.567 0.424 1.000 

COUNTRY_CHN 0.627 0.103 1.150 0.019 0.248 

COUNTRY_IND Ref Ref Ref Ref Ref 
COUNTRY_ITA 0.024 -0.647 0.694 0.944 1.000 

COUNTRY_NPL -0.336 -0.748 0.077 0.110 1.000 

COUNTRY_PAK -0.333 -0.879 0.213 0.232 1.000 
COUNTRY_PER -0.061 -0.633 0.511 0.834 1.000 

COUNTRY_ZAF 0.341 -0.026 0.707 0.069 0.893 

MULT_MUT 1.420 0.473 2.367 0.003 0.044 
BACKGROUND_INH_AND_RIF_S -1.229 -1.923 -0.535 0.001 0.007 

BACKGROUND_INH_MONOR -1.770 -2.579 -0.960 0.000 0.000 

BACKGROUND_RIF_R/MDR Ref Ref Ref Ref Ref 
Intercept 2.515 2.303 2.728 0.000 0.000 

Table 15 Association between lineage, country of origin or phenotypic background and the 
levofloxacin log2MIC of isolates with a gyrA D94G mutation, controlling for the presence of 
additional resistance conferring mutations. Rows in bold show the variables that are statistically 
significant at p < 0.5. Corr. p are the Bonferroni-corrected p values. 

 

The presence of multiple mutations was not significantly associated with an increased 

moxifloxacin MIC in isolates with a gyrA D94G mutation (Table 16), which was expected as I 

previously observed no difference in MIC between gyrA D94G and gyrA A90V double 

mutations and the gyrA D94G mutation on its own (Figure 34d) - though this may arise from 

these MICs being at the limit of detection. As seen for levofloxacin MICs, compared to 

rifampicin resistant isolates (rifampicin mono-resistant or MDR), isolates that were 

susceptible to rifampicin (both isoniazid and rifampicin susceptible isolates or isoniazid 

mono-resistant isolates) that had a gyrA D94G mutation were negatively associated with 

moxifloxacin MIC (Table 16). Moxifloxacin MIC for isolates containing a gyrA D94G mutation 

was also significantly positively associated with isolates originating from China and South 

Africa compared to India. There were differences in associations for levofloxacin MIC and 

moxifloxacin MIC, in that moxifloxacin MIC was negatively associated with Lineage 3 
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compared to Lineage 2 (Table 16) but levofloxacin MIC was not significantly associated with 

any lineage in comparison to Lineage 2 (Table 15).  After Bonferroni correction, the effects of 

Lineage 3, country of origin China, and rifampicin susceptible backgrounds on moxifloxacin 

MIC of isolates with the gyrA D94G mutation remained significant. 

 

 
Coef. [0.025 0.975] P>|t| Corr. p 

LINEAGE_Lineage 1 0.515 -0.581 1.611 0.356 1.000 
LINEAGE_Lineage 2 Ref Ref Ref Ref Ref 

LINEAGE_Lineage 3 -0.949 -1.459 -0.438 0.000 0.004 

LINEAGE_Lineage 4 -0.110 -0.505 0.284 0.583 1.000 
COUNTRY_CHN 0.819 0.327 1.311 0.001 0.015 

COUNTRY_IND Ref Ref Ref Ref Ref 

COUNTRY_ITA -0.340 -1.004 0.324 0.315 1.000 
COUNTRY_NPL -0.261 -0.686 0.165 0.229 1.000 

COUNTRY_PAK -0.476 -1.021 0.068 0.086 1.000 

COUNTRY_PER 0.177 -0.391 0.746 0.540 1.000 
COUNTRY_ZAF 0.415 0.070 0.760 0.019 0.241 

MULT_MUT 0.806 -0.086 1.698 0.076 0.994 

BACKGROUND_INH_AND_RIF_S -1.715 -2.406 -1.023 0.000 0.000 
BACKGROUND_INH_MONOR -1.945 -2.850 -1.041 0.000 0.000 

BACKGROUND_RIF_R/MDR Ref Ref Ref Ref Ref 

Intercept 2.063 1.867 2.259 0.000 0.000 
Table 16 Association between lineage, country of origin or phenotypic background and the 
moxifloxacin log2MIC of isolates with a gyrA D94G mutation, controlling for the presence of 
additional resistance conferring mutations. Rows in bold show the variables that are statistically 
significant at p < 0.5. Corr. p are the Bonferroni-corrected p values. 

 

For isolates with a gyrA A90V mutation, the levofloxacin MIC was negatively associated with 

isoniazid and rifampicin susceptible isolates compared to rifampicin resistant/MDR isolates 

(Table 17),  but unlike for isolates with gyrA D94G mutations there was no association with 

isoniazid mono-resistant phenotypic background (Table 15, Table 17). There was no 

significant difference in the effect of lineage, but for country of origin, Nepal and Pakistan 

were negatively associated with levofloxacin MIC compared to isolates with gyrA A90V 



 

 131 

originating from India. After Bonferroni correction, the negative association between 

isoniazid and rifampicin susceptible isolates and levofloxacin MIC remained significant at p < 

0.05 and the association of increased MIC where there were additional resistance conferring 

mutations was significant as expected (Table 17). 

 

 
Coef. [0.025 0.975] P>|t| Corr. p 

LINEAGE_Lineage 1 0.638 -0.253 1.529 0.160 1.000 
LINEAGE_Lineage 2 Ref Ref Ref Ref Ref 

LINEAGE_Lineage 3 0.146 -0.411 0.703 0.606 1.000 

LINEAGE_Lineage 4 0.253 -0.163 0.669 0.232 1.000 
COUNTRY_CHN -0.274 -0.834 0.285 0.335 1.000 

COUNTRY_IND Ref Ref Ref Ref Ref 

COUNTRY_ITA -0.527 -1.207 0.153 0.128 1.000 
COUNTRY_NPL -0.578 -1.103 -0.053 0.031 0.405 

COUNTRY_PAK -0.619 -1.151 -0.087 0.023 0.295 

COUNTRY_PER 0.373 -0.249 0.994 0.239 1.000 
COUNTRY_ZAF 0.305 -0.177 0.787 0.214 1.000 

MULT_MUT 1.951 1.423 2.479 0.000 0.000 

BACKGROUND_INH_AND_RIF_S -1.501 -2.159 -0.843 0.000 0.000 
BACKGROUND_INH_MONOR -0.468 -1.307 0.371 0.273 1.000 

BACKGROUND_RIF_R/MDR Ref Ref Ref Ref Ref 

Intercept 1.715 1.409 2.022 0.000 0.000 
Table 17 Association between lineage, country of origin or phenotypic background and the 
levofloxacin log2MIC of isolates with a gyrA A90V mutation, controlling for the presence of 
additional resistance conferring mutations. Rows in bold show the variables that are statistically 
significant at p < 0.5. Corr. p are the Bonferroni-corrected p values. 

 

Similarly to levofloxacin, the moxifloxacin MIC of isolates with gyrA A90V was negatively 

associated with isoniazid and rifampicin susceptible isolates compared to rifampicin 

resistant/MDR isolates, but not isoniazid mono-resistant isolates (Table 18). There was 

however a significant effect of lineage on moxifloxacin MIC; Lineage 3 isolates with gyrA 

A90V were more negatively associated with moxifloxacin MIC compared to Lineage 2. For 

country of origin, Italy and Pakistan were negatively associated with moxifloxacin MIC 
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compared to isolates with gyrA A90V originating from India (Table 18). After Bonferroni 

correction, the negative associations between isoniazid and rifampicin susceptibility, Lineage 

3, and levofloxacin MIC remained significant at p < 0.05, and the association of increased 

MIC where there were additional resistance conferring mutations was significant (Table 18). 

 

 
Coef. [0.025 0.975] P>|t| Corr. p 

LINEAGE_Lineage 1 -0.384 -1.307 0.539 0.414 1.000 
LINEAGE_Lineage 2 Ref Ref Ref Ref Ref 

LINEAGE_Lineage 3 -1.107 -1.736 -0.477 0.001 0.008 

LINEAGE_Lineage 4 -0.157 -0.625 0.310 0.508 1.000 
COUNTRY_CHN 0.249 -0.407 0.905 0.456 1.000 

COUNTRY_IND Ref Ref Ref Ref Ref 

COUNTRY_ITA -0.848 -1.617 -0.079 0.031 0.400 
COUNTRY_NPL -0.491 -1.107 0.126 0.118 1.000 

COUNTRY_PAK -0.720 -1.324 -0.117 0.019 0.253 

COUNTRY_PER 0.123 -0.579 0.826 0.730 1.000 
COUNTRY_ZAF 0.154 -0.362 0.671 0.557 1.000 

MULT_MUT 1.669 1.070 2.268 0.000 0.000 

BACKGROUND_INH_AND_RIF_S -1.504 -2.360 -0.648 0.001 0.008 
BACKGROUND_INH_MONOR -0.247 -1.157 0.662 0.593 1.000 

BACKGROUND_RIF_R/MDR Ref Ref Ref Ref Ref 

Intercept 1.018 0.687 1.348 0.000 0.000 
Table 18 Association between lineage, country of origin or phenotypic background and the 
moxifloxacin log2MIC of isolates with a gyrA A90V mutation, controlling for the presence of 
additional resistance conferring mutations. Rows in bold show the variables that are statistically 
significant at p < 0.5. Corr. p are the Bonferroni-corrected p values. 

 

4.3.6 Resistance prediction using WHO catalogue mutations and in silico molecular 

diagnostic tests 

To test how the catalogue and molecular diagnostic tests might perform despite these 

limitations, I used a subset of the CRyPTIC isolates, excluding those that had low confidence 

MICs to levofloxacin and moxifloxacin (Figure 35a-b).  
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Figure 35 Distribution of M. tuberculosis isolates Minimum Inhibitory Concentrations to (a) 
levofloxacin and (b) moxifloxacin. The red line indicates the epidemiological cut off value (ECOFF) 
that was used to distinguish resistant and susceptible isolates. 

 

I examined how many of these isolates contained the resistance conferring mutations listed 

in the catalogue or used by each molecular test in Table 10 and then calculated the 

sensitivity and specificity of these mutations for identifying levofloxacin and moxifloxacin 

resistance in the dataset (Figure 36). The catalogue mutations identified 83.1% of 

levofloxacin resistance and 85.4% of moxifloxacin resistance and relatively few susceptible 

isolates contained these resistance associated mutations; the catalogue mutations identified 

resistance with over 90% specificity for both levofloxacin and moxifloxacin. There was no 

significant difference in sensitivity between levofloxacin and moxifloxacin resistance 

prediction (z = -1.717, p = 0.086) but levofloxacin had significantly higher specificity (z = 

9.486, p < 0.0001). In total, 271 levofloxacin resistant isolates and 193 moxifloxacin resistant 

isolates were not predicted by the catalogue; therefore 16.9% of levofloxacin resistance and 

14.6% of moxifloxacin resistance in this dataset is not explainable by mutations in the WHO 

catalogue.  

 



 

 134 

In general, the molecular diagnostic tests identified a smaller proportion of resistant isolates 

than the catalogue, bar the resistance inferred interpretation of Genotype MTBDRsl v2 

which identified 83.4% of levofloxacin resistance and 86.3% of moxifloxacin resistance 

(Figure 36). However, after statistical analysis, the differences between Genotype MTBDRsl 

v2 and the catalogue were not significant at p < 0.05. Both the catalogue mutations and the 

resistance inferred interpretation of Genotype MTBDRsl v2 had significantly higher 

sensitivity than the resistance detected interpretations of Genoscholar FQ + KM – TB II and 

AID TB FQ/EMB Kit, which detect only three and six resistance associated mutations 

respectively. When considering a resistance detected test interpretation only, on increasing 

the number of mutations detected to 14, as for the Xpert MTB/XDR test, the sensitivity was 

significantly higher than the 3 or 6 mutations used for Genoscholar FQ + KM – TB II and AID 

TB FQ/EMB Kit for both levofloxacin and moxifloxacin resistance detection. For both 

levofloxacin and moxifloxacin resistance detection the sensitivity significantly increased 

when using the resistance inferred interpretation of Genoscholar FQ + KM – TB II compared 

to the resistance detected interpretation. There was no significant difference between 

sensitivities for detecting levofloxacin or moxifloxacin resistance for the two different 

interpretations for the other tests. In terms of specificity, there was no significant difference 

between any of the test mutations or the catalogue, bar the resistance detected 

interpretation of Genoscholar FQ + KM – TB II, which had significantly higher specificity. 
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Figure 36 Sensitivity and specificity of WHO catalogue mutations and mutations detected by 
molecular diagnostic tests for predicting resistance to levofloxacin (LEV) and moxifloxacin (MXF). 
Error bars show 95% confidence intervals calculated using the method of Wilson279. 
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4.3.7 Mixed alleles 

I hypothesised that the resistance that could not be explained using the WHO catalogue 

mutations is due to the stringent filters applied during the variant calling pipeline that 

prevent the detection of mixed alleles in M. tuberculosis isolates containing a heterogeneous 

population (see Section 3.2.2). I defined a mixed allele, and therefore isolates taken from a 

heterogenous population, as those with evidence of at least two reads supported an 

alternative allele to the reference at one or more positions in gyrA or gyrB known to be 

associated with resistance (see Section 4.2.4).  

 

A significant proportion of the isolates with an MIC measurement for a fluoroquinolone, 

5.2% (641/12,354), showed evidence of mixed alleles in the DNA gyrase genes. This is likely 

an underestimate as there is no deep sequencing data for the CRyPTIC isolates and the 

sequencing depth varied between isolates and across positions, thereby leading to a 

dynamic and unquantifiable limit of detection. Figure 37 shows the FRS for all the alternative 

alleles seen and the sequencing depth at the allele position. Alternative alleles in this 

dataset, and at the limits of detection incurred by the sequencing data, were most 

frequently seen at between 0.1 and 0.2 FRS. The sequencing depths at positions with 

evidence of alternative alleles were most frequently between 3 and 30 reads, meaning that 

clinically relevant minor populations that make up a small percentage of the isolate are not 

identifiable. For example, with a depth of 30, the lowest possible FRS detectable for a minor 

allele would be 0.067 (i.e. 2 reads out of 30 supporting the alternative allele) and therefore 

only mixed populations with an alternative allele in >= 6.7% of the population could be 

identified. 
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Figure 37 Heatmap of all alternative alleles seen in gyrA or gyrB in 12,354 CRyPTIC isolates at FRS > 
0.9 showing the FRS for the alternative allele and the number of reads at that position. 
 

 

To examine the extent of isolates that had catalogue mutations in a proportion of the 

population, I calculated the number of WGS isolates with at least two reads supporting an 

alternative allele for a catalogue resistance conferring mutation and calculated the 

proportion of those that had a FRS < 0.9. All of the resistance conferring mutations which are 

included in the catalogue were seen at FRS < 0.9 in at least one sample (Table 19). There is 

evidence that some mutations were more frequently seen as part of a mixed population 

compared to a homogeneous population than others. For instance, the gyrA D94G mutation 

was less commonly seen as part of a mixed population than in a homogenous population 

compared to gyrA D94A, S91P, D94Y or D94H and gyrB E501D, D461N or N499D. This is 

consistent with a study of fluoroquinolone resistant mixed M. tuberculosis infections from 
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Shanghai where the relative frequencies of mutations in mixed populations were 

inconsistent with that of homogenous populations315.  

 

MUTATION N_ISOLATES N_MIXED %_MIXED LB UB 
gyrA D94G 999 136 13.6 11.6 15.9 
gyrA A90V 635 98 15.4 12.8 18.5 
gyrA D94N 213 38 17.8 13.1 23.7 
gyrA D94A 189 42 22.2 16.7 28.9 
gyrA S91P 136 31 22.8 16.2 30.9 
gyrA D94Y 112 35 31.3 23.0 40.7 
gyrA D94H 67 22 32.8 22.2 45.4 
gyrB E501D 46 20 43.5 29.3 58.7 
gyrB D461N 32 9 28.1 14.4 46.5 
gyrA G88C 25 1 4.0 0.2 20.0 
gyrB N499D 13 6 46.2 20.4 73.7 
gyrA G88A 11 3 27.3 7.3 59.0 
gyrB A504V 11 2 18.2 3.2 49.6 
gyrB E501V 2 1 50.0 2.7 97.3 

Table 19 Isolates with catalogue resistance associated mutations and the proportion of these 
mutations that are found at < 0.9 FRS. ‘N_ISOLATES’ is the number of isolates containing the 
mutation, either as part of a homozygous population or a mixed population, ‘N_MIXED’ is the number 
of isolates where there is evidence that the mutation is seen as a mixed allele and ‘%_MIXED’ is the 
proportion of isolates where the mutation was seen in part of a mixed population. ‘LB’ and ‘UB’ 
represent lower and upper bounds for confidence intervals calculated using the method of Wilson279. 

 

Conversely, for the five most commonly seen DNA gyrase mutations that are not associated 

with resistance in the WHO catalogue (and have not been associated with lineage in 

literature), there was no significant difference in the relative proportion of isolates with the 

mutation that were seen as part of a mixed population (Table 20). In general, the 

proportions of non-resistance associated mutations that were seen as part of a mixed 

population were also lower than for the resistance associated mutations (Table 19). 
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MUTATION N_ISOLATES N_MIXED %_MIXED LB UB 
gyrB P94L 247 9 3.64 1.79 6.92 
gyrA Q613E 148 6 4.05 1.66 8.77 
gyrB S661T 144 4 2.78 0.89 7.12 
gyrB I271M 144 6 4.17 1.70 9.01 
gyrA P472S 49 1 2.04 0.11 10.95 

Table 20 Isolates with common mutations not identified as resistance conferring in the WHO 
catalogue and the proportion of these mutations that are found at < 0.9 FRS. ‘N_ISOLATES’ is the 
number of isolates containing the mutation, either as part of a homozygous population or a mixed 
population, ‘N_MIXED’ is the number of isolates where there is evidence that the mutation is seen as 
a mixed allele and ‘%_MIXED’ is the proportion of isolates where the mutation was seen in part of a 
mixed population. ‘LB’ and ‘UB’ represent lower and upper bounds for confidence intervals calculated 
using the method of Wilson279. 

 

I next examined whether the FRS for resistance conferring alleles correlates with the MIC to 

fluoroquinolones - one might expect that if a resistance conferring allele is seen at higher 

FRS (i.e. more prevalent within the mixed population) it will have a greater level of 

resistance. I chose to test the two most frequent mutations seen in fluoroquinolone 

resistant isolates, gyrA D94G and gyrA A90V, which are commonly encoded by single 

nucleotide polymorphisms of adenine to guanine at genome index 7582 and cytosine to 

thymine at genome index 7570 respectively. I included both susceptible and resistant 

isolates containing alleles encoding the mutation at FRS < 0.9 and alleles with FRS >= 0.9 

were excluded to avoid overfitting to the majority homogeneous population. Pearsons rank 

correlation coefficients suggest that there was no correlation between FRS for the 

alternative allele and MIC to either levofloxacin or moxifloxacin in isolates with either gyrA 

D94G or A90V (Figure 38a-d). 
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Figure 38 Distribution of FRS for gyrA D94G and the (a) levofloxacin and (b) moxifloxacin MIC of the 
M. tuberculosis isolate and the distribution of FRS for gyrA A90V and the (c) levofloxacin and (d) 
moxifloxacin MIC of the M. tuberculosis isolate. FRS was rounded to the nearest 0.1 to show the 
distribution of MIC values at different FRS. R shows the Pearson’s rank correlation coefficient 
between the unrounded FRS and log2 MIC. 

 

Including the mixed alleles increased the sensitivity of the catalogue significantly, by 9.7% 

when identifying levofloxacin resistance and 9.5% when identifying moxifloxacin resistance 

(Figure 39). With inclusion of mixed alleles, the specificity of the catalogue mutations only 

decreased slightly by 0.5% and 0.8% for levofloxacin and moxifloxacin respectively, and the 

differences were not significant at p = 0.05. This brings the catalogue performance for 

detecting fluoroquinolone resistance up to the level of first-line drugs such as rifampicin42, 

145, where the determinants of resistance are well understood.  
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Figure 39 (a) Sensitivity and (b) specificity of fluoroquinolone resistance prediction using WHO 2021 
catalogue mutations with and without mixed alleles. Brackets indicate a significant difference (z-test, 
p < 0.05).  

 

For this dataset, 7.9% of levofloxacin resistance and 6.0% of moxifloxacin resistance is still 

not explained by the presence of catalogue mutations. The majority of fluoroquinolone 

resistant isolates with unexplained resistance contained no DNA gyrase mutations above 

those in the lineage background (Table 21). However, 42 of the levofloxacin resistant isolates 

and 28 of the moxifloxacin resistant isolates that were not identified by catalogue mutations 

did contain one or more non-synonymous DNA gyrase mutation (Table 21), and it is possible 

that these could be rare or novel resistance conferring mutations.  

 

 
Total   No DNA 

gyrase mutations 
One DNA 

gyrase mutation 
Two or more DNA 
gyrase mutations 

LEV 126 84 33 9 

MXF 79 51 22 6 

Table 21 Number of phenotypically resistant isolates not predicted as resistant using mutations in 
the WHO catalogue of resistance associated mutations. ‘Total’ represents the total number of 
resistant isolates not predicted as such. ‘No DNA gyrase mutations’ represents the number of these 
isolates that did not have a mutation (at any FRS) in either gyrA or gyrB, ‘One DNA gyrase mutation’ is 
the number of isolates that have one mutation either in gyrA or gyrB and ‘Two or more DNA gyrase 
mutations’ is the number of the total that have 2 or more mutations in the gyrA and/or gyrB. 

 



 

 142 

4.4 Discussion 

The CRyPTIC dataset contains a diverse set of fluoroquinolone resistant M. tuberculosis 

isolates (Figure 28a-c). The majority of these isolates were from an MDR background (Figure 

28c), which was unsurprising as fluoroquinolone resistance generally evolves after first line 

drug resistance101. Reassuringly, fewer isolates with rifampicin or isoniazid mono resistant 

backgrounds had fluoroquinolone resistance than those with an MDR background and 

fluoroquinolone resistance was less prevalent in an isoniazid and rifampicin susceptible 

background than any of the isoniazid or rifampicin resistant backgrounds (Figure 29).  

 

The majority of fluoroquinolone resistant isolates had a DNA gyrase mutation in the gyrA 

QRDR and a small proportion only had a mutation in the gyrB QRDR, or elsewhere in the 

DNA gyrase genes (at FRS >= 0.9) (Figure 30). A range of mutations were seen in both 

fluoroquinolone resistant and susceptible isolates in the gyrA and gyrB QRDRs, including all 

14 of the WHO catalogue resistance associated mutations (Figure 31, Figure 32, Figure 33). 

Consistent with previous studies, gyrA D94G and gyrA A90V were the most prevalent 

resistance conferring mutations seen316.  

 

The presence of multiple DNA gyrase mutations in M. tuberculosis isolates may have 

important implications for predicting fluoroquinolone resistance, especially if MIC is being 

predicted203. Isolates containing two resistance associated mutations at FRS >= 0.9 were rare 

in this dataset (1.64% of isolates contained two resistance associated mutations), which is 

expected as double mutations have been shown to generally have a fitness cost compared 

to the isolates with the individual mutations in the closely related species M. smegmatis317. 
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gyrA A90V was more prevalent in double mutations than gyrA D94G in this dataset (Table 

12), probably because gyrA A90V confers a lower level of resistance203, 318, and this pattern 

has been seen in a previous study317. Despite any fitness cost incurred, the isolates with gyrA 

A90V + gyrA D94A and gyrA A90V + gyrA D94G double mutations had significantly higher 

MICs to levofloxacin and moxifloxacin than isolates with the single mutations in most cases 

(Figure 34a-d). This will be an important consideration when using higher dosage 

moxifloxacin treatment for the low-level resistance conferring mutations gyrA A90V or gyrA 

D94A319, as further resistance could arise.  

 

Although there was no significant difference in the prevalence of different DNA gyrase 

mutations seen at FRS >=0.9 in moxifloxacin resistant compared to levofloxacin resistant 

isolates (Table 11), there is evidence that there are differences in the genetic determinants 

of resistance to each drug. Depending on the particular DNA gyrase mutations an isolate 

possesses, moxifloxacin and levofloxacin have been shown to have different effectiveness 

and levels of resistance. For example gyrB E501D has been found to confer resistance to 

moxifloxacin and not levofloxacin195, and high dose moxifloxacin, but not levofloxacin, can 

successfully treat M. tuberculosis containing a gyrA A90V mutation in a mouse model210. In 

this work, I found that Lineage 3 isolates with gyrA D94G or gyrA A90V were associated with 

lower moxifloxacin MICs compared to Lineage 2 isolates (Table 16, Table 18), but I found no 

significant difference in levofloxacin MIC for isolates with gyrA D94G or gyrA A90V in 

different lineage backgrounds (Table 15, Table 17). This suggests that moxifloxacin 

treatment could be more effective than levofloxacin in areas where Lineage 3 is particularly 

common, such as Pakistan (Figure 21). There are of course many other factors to consider 

when choosing an appropriate fluoroquinolone, such as the cost or safety profile of the 

medication and I would also argue that the difference in performance of catalogue-based 
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resistance prediction or resistance diagnosis using molecular tests is an important 

consideration. It would be preferable to use the drug for which a more reliable resistance 

prediction could be made, to increase the likelihood of appropriate treatment. I found that 

detection of moxifloxacin resistance in this dataset had generally higher sensitivity than for 

levofloxacin (although the difference was not significant at p < 0.05 for the WHO catalogue) 

but the specificity was generally higher for levofloxacin resistance prediction (Figure 36).  

 

In general, the mutations used by molecular diagnostic tests identified over 80% of 

fluoroquinolone resistance, even in this diverse dataset, and did not perform significantly 

worse for resistance detection than the mutations that could be detected by WGS and 

catalogue-based resistance prediction (Figure 36). This is reassuring as lower income, high 

TB burdened countries may rely on such tests as a cheaper and more easily implementable 

diagnostic tool with fewer infrastructure requirements than WGS320. Despite differences in 

the number of specific mutations they detect or the specific mutations or regions probed, 

there was relatively little difference in the performance of molecular diagnostic tests and 

their different possible interpretations on the dataset as a whole (Figure 36). This is likely 

because the tests all identify the most prevalent resistance conferring mutations (Table 10).  

 

Although there are concerns that the presence of other mutations in hotspot regions may 

affect the binding of wild-type or mutant probes135, I found that, excluding gyrA S95T and 

other known lineage associated mutations, synonymous and non-synonymous mutations 

within the gyrA and gyrB QRDR were rare in fluoroquinolone susceptible isolates (Figure 31, 

Figure 32).  This suggests that the overall performance of molecular diagnostic tests will be 

relatively robust to the adverse effects that these mutations may cause. Indeed the 
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specificity of levofloxacin and moxifloxacin resistance predictions for the ‘resistance 

inferred’ interpretation of tests simulating the absence of wild-type probe binding due to 

other mutations in the region queried was not significantly worse than for the resistance 

detected interpretations (where specific resistance conferring mutations are identified) for 

AID TB FQ/EMB Kit, Genotype MTBDRsl v1, Genotype MTBDRsl v2 or REBA MTB/XDR (Figure 

36).  

 

The calculated specificity of both molecular diagnostic tests and catalogue based WGS 

prediction on this dataset will have been impacted by the small proportion of isolates that 

were phenotypically susceptible to fluoroquinolones but had resistance associated 

mutations (Figure 31, Figure 32). As the proportion of susceptible isolates with each 

individual resistance conferring mutation was generally low, this could be the result of 

labelling errors during phenotypic testing, which has been suggested to contribute to 

irregularities between genotype and phenotype in similar studies145, 272.  The presence of 

such samples could however be entirely legitimate – especially as all resistance conferring 

mutations, no matter how rare, had examples of phenotypically susceptible isolates (Figure 

31, Figure 32). For isolates containing gyrA D94G or A90V mutations, certain lineages, 

countries of origin or phenotypic resistance backgrounds were negatively associated with 

levofloxacin and moxifloxacin MIC (Table 15, Table 16, Table 17, Table 18), and MICs of 

isolates with resistance conferring mutations could therefore fall below the threshold of the 

ECOFF used to determine phenotypic resistance. This finding suggests that one ECOFF may 

not be suitable for all genetic backgrounds. Continued updates to critical concentrations also 

highlights potential problems when using phenotypic DST as standard115, 116.   Taken 

together, these factors raise the question as to whether sequencing should replace 

phenotypic DST as the new reference standard for susceptibility testing212.  
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Although the molecular diagnostic tools performed similarly overall, the choice of molecular 

diagnostic based on the country of use should be considered. The country of origin has an 

effect on the prevalence of gyrA D94G and gyrA A90V, after controlling for confounding 

variables, such as lineage and phenotypic background (Table 13, Table 14). Even after 

applying a conservative Bonferroni correction, isolates originating from China were less 

likely to contain a gyrA D94G mutation than those from India (Table 13). Certainly, the 

regression models will not include all possible confounding variables as there was not 

sufficient data on previous antibiotic treatment, which can lead to evolution of resistance 

conferring mutations including gyrA D94G321. However, it is also likely that the 

environmental factors present in different countries could have their own selective 

pressures, for example the ease of access to fluoroquinolones for treating other infections, 

the different treatment programs used for TB or the quality of the health infrastructure may 

have implications for the likelihood of receiving appropriate treatment and therefore the 

evolution of resistance.  

 

As lineages are geographically distinct, the effects of lineage should also be considered when 

choosing an appropriate diagnostic test. In this dataset, the prevalence of resistance 

conferring mutations was associated with lineage after controlling for country of origin and 

phenotypic background. Lineage 1 and Lineage 4 isolates were less likely to contain a gyrA 

D94G mutation than Lineage 2 isolates, and Lineage 4 isolates were more likely to contain a 

gyrA A90V mutation compared to Lineage 2 isolates (Table 13, Table 14).  It would useful to 

repeat this analysis for rarer resistance conferring mutations in order to see if there are 

differences in their prevalence in different geographies and lineages; all the molecular 

diagnostic tests cover the codons of the most frequently seen resistance conferring variants 



 

 147 

(gyrA 90, 91 and 94) but the tests vary in the rarer resistance associated mutations they 

detect (Table 10). 

 

There were also associations seen between the prevalence of resistance conferring 

mutations and the level of resistance conferred in different phenotypic backgrounds. 

Rifampicin resistant or MDR isolates were more likely to contain a gyrA D94G mutation than 

isoniazid and rifampicin susceptible isolates and were more positively associated with 

levofloxacin and moxifloxacin MIC than an isoniazid and rifampicin susceptible background 

or an isoniazid mono-resistant background (Table 13, Table 15, Table 17). The level of 

resistance and selection for gyrA D94G could be increased in MDR isolates due to sign 

epistasis; possession of the gyrA D94G mutation has been associated with increased fitness 

in a range of M. smegmatis isolates with rifampicin resistance conferring rpoB mutations322. 

Increased drug efflux or decreased membrane permeability arising during development of 

MDR could also play a role in increasing MICs to fluoroquinolones323. There was no evidence 

of association between the different phenotypic backgrounds and the prevalence of gyrA 

A90V, but rifampicin resistance/MDR was more positively associated with the MIC of isolates 

containing gyrA A90V than an isoniazid and rifampicin susceptible background but not 

isoniazid mono-resistant isolates (Table 14, Table 16, Table 18). This could suggest some 

interplay with isoniazid resistance specifically. Ultimately in vitro evolution studies, MIC and 

relative fitness testing would be useful to investigate the hypotheses inspired by regression 

modelling.  

 

The finding of no correlation between FRS and MIC for isolates with either a gyrA D94G or 

A90V mutation at FRS < 0.9 also provides evidence that these mutations are not associated 
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with a significant fitness cost (Figure 38a-d). This concurs with a study that showed gyrA 

D94G and gyrA A90V mutants did not confer a fitness cost to the closely related 

Mycobacterium aurum in vitro324. The proportion of isolates with the resistance conferring 

allele, even if this was in less than 20% of the population that was sequenced, must have 

grown enough to be visible on the microtiter plate after 14 days of incubation. Further the 

significantly lower proportion of isolates with gyrA D94G in a mixed population compared to 

several other resistance conferring mutations suggests that isolates with gyrA D94G may 

have better fitness than other resistant populations. Consistent with this hypothesis, gyrB 

mutations were more often seen as part of a mixed population with gyrB N499D, E501D and 

E501V being seen as part of a mixed population over 40% of the time, and these mutations 

have previously been suggested to have a fitness cost in Mycobacterium smegmatis317. 

Although evidence of mixed DNA gyrase alleles was only seen in 5.4% of the total isolates 

surveyed, mixed populations could be particularly important for the development of 

fluoroquinolone resistance in TB as a greater proportion of resistance conferring mutations 

were present in mixed alleles compared to mutations that are not associated with resistance 

(Table 19, Table 20). 

 

A significant proportion of fluoroquinolone resistant isolates (16.0%) appeared to have no 

DNA gyrase mutations above a background of lineage associated mutations, which was 

surprising as the DNA gyrase is the sole antibiotic target of fluoroquinolones in M. 

tuberculosis. Through the work of this chapter, I found that the proportion of 

fluoroquinolone resistant isolates without DNA gyrase mutations is likely much lower than 

this figure, which is artificially high due to the FRS cut offs used in the CRyPTIC bioinformatic 

pipeline. The near 10% improvement in sensitivity without a major reduction in specificity 

for detecting fluoroquinolone resistance using catalogue mutations (Figure 39a,b) highlights 
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the importance of including mixed alleles in bioinformatic pipelines and also ensuring 

molecular diagnostic tests can detect low frequency resistance conferring alleles. The 

magnitude of improvement in sensitivity correlates with the 10% frequency of resistance 

conferred by alleles seen in mixed populations estimated from twelve independent studies 

during systematic review108.  

 

There are likely more minor resistance conferring alleles that could not be detected in this 

study due to the limitations of the sequencing technology used (Figure 37), and this could 

explain why a proportion of resistant isolates that were not predicted as such appeared to 

contain no gyrA or gyrB mutations (Table 21). The varying limits of detection in this study 

also makes it difficult to suggest the most appropriate FRS to use as a cut off during variant 

calling, especially when considering that isolates with gyrA D94G and A90V seen at low FRS 

(FRS < 0.2) had high MICs to levofloxacin and moxifloxacin (Figure 38a,b). One could instead 

use a conservative variant caller with high precision, for example LoFreq, which could detect 

minor SNPs at 3% of the population, to avoid setting a specific cutoff325. Although deep 

sequencing may be more suited to the study of minor populations in M. tuberculosis 

infection, the Illumina WGS data here provides a reasonable estimation of what could be 

detected in practice and can inform the sequencing depths that might be necessary for 

future study or diagnosis.  

 

The CRyPTIC dataset contains a large and diverse set of fluoroquinolone resistant isolates 

and is therefore a valuable resource for studying fluoroquinolone resistance. Through this 

study, I have found that the genetic determinants of fluoroquinolone resistance are much 

more complex than the assumptions employed for catalogue-based resistance diagnosis or 
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molecular diagnostic testing. Reassuringly, these diagnostic tools can still perform well 

despite their limitations, but it is important to understand that they are not comprehensive 

and that the mechanisms of fluoroquinolone resistance are still not fully understood. 
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5 Chapter 5: Prediction of fluoroquinolone resistance 

using machine learning 

5.1 Introduction 

The collection of large datasets of WGS and phenotypic data to build mutation catalogues 

means that a wealth of information on resistance and susceptibility is available. The 

catalogue-based predictive approach is inherently biased by the underlying population 

structure of the isolates collected and may not capture rare resistance conferring variants if 

they do not pass the statistical criteria used for classification42. Another option, utilising the 

large datasets used to build catalogues, is to train predictive models to classify an infection 

as resistant or susceptible to a drug from their genome sequence. In tuberculosis, machine 

learning models have been trained to accurately predict resistance and susceptibility to a 

range of antitubercular drugs and predict MDR and XDR phenotypes 200, 264-266, 326, and can 

account for the underlying population structure of the data326.  

 

Machine learning models for AMR prediction often use the presence or absence of particular 

genes or variants within a gene as features264-266 and so may be limited in how well they can 

generalise to new variants that evolve213. It may therefore be advantageous to include more 

general predictors. A promising option is to consider the changes to the structural and 

physiochemical properties that occur when an amino acid is mutated and the resulting effect 

on the interactions between the antibiotic target and the drug, rather than simply the 

presence or absence of a particular genetic mutation.  The effect of these changes can be 

predicted in a quantifiable way; tools such as mCSM-lig use a combination of graph-based 
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structural signatures from crystal structures and physiochemical properties to train machine 

learning models to predict changes in protein ligand affinity associated with mutations in a 

range of targets327. Affinity predictions made by mCSM-lig correlated well with experimental 

data and the tool was also able to predict around 80% of the mutations associated with 

resistance in selected cancer and HIV drug targets327. 

 

In tuberculosis, protein structures have been used to help validate mutations predicted by 

machine learning models to be associated with resistance326; for example if mutations are 

close to the drug binding site this suggests that they are more likely to be associated with 

resistance. The use of protein structures to directly inform the input features for resistance 

prediction in tuberculosis has been somewhat limited. Protein secondary structure, amino 

acid composition, physicochemical properties, evolutionarily relevant properties have also 

been used to build feature sets for support vector machines which could predict protein 

sequences associated capreomycin resistance with > 80% accuracy on a small dataset of 

sequences328. Resistance and susceptibility to pyrazinamide associated with pncA mutations 

can be predicted using protein structure and physiochemical properties as features for 

logistic regression models, support vector machines and neural networks329.  However, the 

models were trained using phenotypes for clinical isolates that had been aggregated by 

mutation and the best model did not have as high sensitivity scores when predicting the 

phenotypes of unique clinical isolates329. More recently, Jamal et al. used physiochemical 

properties to train a range of machine learners to predict resistance to rifampicin, isoniazid, 

pyrazinamide and fluoroquinolones in rpoB, inhA/katG, pncA and gyrA/gyrB genes 

respectively330. An artificial neural network model achieved an AUC of 1 on a non-redundant 

test set for several of the genes, although, the test contained <10 mutations for inhA and 

gyrB330.  



 

 153 

Thus far, structure-based machine learning models have been evaluated based on their 

ability to predict a binary resistant or susceptible phenotype which has been inferred by the 

aggregation of phenotypes associated with the presence of a particular mutation. It would 

be advantageous to predict resistance in individual isolates and predict the level of 

resistance conferred, particularly as the ECOFFs or breakpoints used to determine resistance 

and susceptibility in tuberculosis are continually updated115, 116, 331.  Certainly, for 

fluoroquinolones, it is valuable to predict the level of resistance an isolate has because high 

dose moxifloxacin may be able to treat isolates with low level fluoroquinolone resistance209.  

Although structure-based features can predict a good proportion of resistance mutations, 

not all drug resistance in tuberculosis is target mediated. Other genetic factors, such as 

lineage and background, have important associations with resistance levels to many 

antitubercular drugs including the fluoroquinolones (see Section 4.3.5). Therefore, it is 

imperative that other genetic features also be considered when predicting resistance and 

especially when predicting the level of resistance that an isolate with a drug target mutation 

has.  

 

Despite some machine learning models having high ROC AUC and accuracy scores, the use of 

algorithms in the clinic remains low; this is likely in part due to the ‘black box’ nature of 

approaches such as neural networks213. To build trust for proposed use in clinical settings, 

machine learning algorithms need to be transparent so that the rationale behind a 

prediction of resistance can be understood213. It is therefore encouraging that simple, 

interpretable models such as random forests and gradient boosted trees have performed 

well for predicting resistance in M. tuberculosis200, 264, 265, 326, and these models have the 

added benefit of identifying potential resistance signatures326. However, a study by Chen et 

al. found that their neural network based approach outperformed random forest and logistic 



 

 154 

regression models266 and had better ROC AUC scores for 8 out of 10 drugs than another 

study using gradient boosted trees265. For protein structure and physiochemical based 

resistance predictions, neural network approaches have also provided better overall 

performance than the other machine learning models tested329, 330, but these did not include 

forest-based approaches. 

 

The aim of this chapter is to use the CRyPTIC consortium dataset to build and evaluate 

interpretable machine learning models to predict whether an M. tuberculosis isolate is 

resistant to levofloxacin and moxifloxacin, and the level of resistance the isolate has. To do 

this, I will use a combination of structure-based features associated with DNA gyrase 

mutations and the isolate’s genetic background. I will also use the best performing models 

to identify important predictive features and predict the effect of all possible non-

synonymous DNA gyrase mutations in a common background.  

 

5.2 Methods 

5.2.1 Dataset 

Only M. tuberculosis isolates containing a singular gyrA or gyrB non-synonymous mutation 

(referred to as a “solo mutation”) were considered for training machine learning models; 

this permits us to assume that the effect on MIC compared to wild type is solely attributable 

to this change. I define a solo mutation as an isolate containing a singular non-synonymous 

gyrA or gyrB mutation above the background of any lineage or phylogeny specific 

mutations267. I included mutations present as part of a mixed population, as the FRS was not 

correlated with the MIC for either levofloxacin or moxifloxacin for the two most common 
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resistance conferring mutations (Figure 38a-d). Known lineage-associated mutations were 

ignored as these are well characterised as susceptible to fluoroquinolones267 and lineage can 

be included as a feature in machine learning models to account for any other effects. The 

final datasets used for training and testing machine learners included 2,226 M. tuberculosis 

isolates that had solo mutations and levofloxacin MIC data, and 2,088 M. tuberculosis that 

had solo mutations and moxifloxacin MIC data. The distribution of isolates MICs used for 

training and testing machine learning algorithms is shown in Figure 40a-b. 

 

Figure 40 Distribution of (a) levofloxacin and (b) moxifloxacin Minimum Inhibitory Concentrations 
of M. tuberculosis isolates with a singular DNA gyrase mutation that were used for training and 
testing of machine learning models. The red line indicates the epidemiological cut off value (ECOFF) 
that was used to distinguish resistant and susceptible isolates. 

 

5.2.2 Feature set for machine learning 

Chemical features associated with the amino acid change of the solo mutation were 

calculated by:  property of wild type amino acid – property of mutant amino acid. This was 

calculated for the number of atoms, sidechain volume, Kyte-Doolittle hydropathy score, 

electrical charge, number of hydrogen bond donors, number of hydrogen bond acceptors, 

number of rotatable bonds, number of aromatic rings and number of sulphur atoms.  I also 
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used the SNAP2 score as a feature; this gives an estimation of the size of the effect of a 

mutation based on features including the evolutionarily conservation of the wild type amino 

acid332.   

 

The Protein Data Bank accessions 5BS8, of moxifloxacin bound DNA gyrase, and 5BTG, of 

levofloxacin bound DNA gyrase, were used to calculate all structure and distance-based 

features184. The secondary structure of each amino acid was calculated using the DSSP 

package333; the secondary structure was assumed not to change upon mutation. The relative 

solvent accessibility of the wild type amino acid was calculated by using solvent accessibility 

data from DSSP output files divided by the surface area of the wild type amino acid. Protein-

ligand interaction profiler (PLIP)334 predictions were used to assess whether there were any 

interactions, such as water or salt bridges, between the wild type amino acid and the 

moxifloxacin or levofloxacin drug. The depth of the wild type amino acid in the protein was 

calculated using the DEPTH server335 and mCSM tools336 were used to predict the effects of 

different mutations on protein-protein interactions between the gyrA and gyrB subunits and 

protein stability. The number of hydrogen bonds formed between the wild type amino acid 

and either other parts of the protein or the DNA,  were calculated using the MDAnalysis 

class HydrogenBondAnalysis337. The distances of the wild type amino acid from the ligand, 

the ligand-bound magnesium ion, the catalytic magnesium ion and the DNA were calculated 

using MDAnalysis distance_array. Since the DNA gyrase structure contains two copies of the 

gyrA gene product and two of the gyrB gene product, there are two mutations to consider; 

the distance of both were measured and the minimum distance was taken as a consensus. 
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Several positions with mutations in the dataset in the gyrA N and C termini and in the gyrB N 

terminus are not resolved in the crystal structures. These amino acids are far from the 

fluroquinolone binding site and therefore the values of the various distances were set to the 

maximum distance seen in the rest of the dataset. For relative solvent accessibility, residue 

depth, DNA distance, number of hydrogen bonds formed with protein, number of hydrogen 

bonds formed with DNA and the predicted protein-protein affinity change, values were 

imputed to be the mean of all other values for that feature. All other features derived from 

the crystal structures for these mutations were set to zero, corresponding to ‘no change’.   

 

Whether the mutation was present as a mixed allele was also included as a feature, with 1 

indicating a ‘mixed population’ and 0 being ‘homozygous’. Lineage was included as a feature 

to capture any lineage-specific effects that could arise from these mutations or differences 

in other areas of the genome, as genetic background affect the level of fluoroquinolone 

resistance304, (Table 16, Table 18). The background resistance to the first line drugs isoniazid 

and rifampicin was also included as a feature as fluoroquinolone resistance is associated 

with resistance to one or more first line drugs338, (Table 15, Table 16, Table 17, Table 18). 

Country of origin was also included as I previously found this to be associated with different 

levels of resistance conferred by resistance associated mutations (Table 15, Table 16, Table 

17, Table 18). All categorical features were one hot encoded, giving a total of 59 different 

features to be considered for training. 
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5.2.3 Machine learning pipeline  

 All machine learning pipelines were created using the scikit-learn python package339. 

Random forest classification and logistic regression algorithms were implemented via scikit-

learn and, for these algorithms, balanced class weights were used throughout training. The 

MORD wrapper223, 340 was used to implement ordinal methods including ordinal ridge, 

ordinal all threshold, ordinal intermediate threshold and ordinal squared error and an 

xgboost216 wrapper was used to implement xgboost classification. 

 

A range of classification models were trained to predict the binary phenotype (resistant or 

susceptible) to moxifloxacin or levofloxacin, using ‘resistant’ as the positive class. Ordinal 

models were also trained to predict the moxifloxacin and levofloxacin MIC. For this the MIC 

values were categorically encoded to a group number 0 to 7 in ascending order, e.g. for 

moxifloxacin an MIC of 0.06 was assigned group 0, an MIC of 0.12 was assigned to group 1 et 

cetera.  

 

Isolates with singular DNA gyrase mutations were shuffled and split into stratified training 

(80%) and test (20%) sets.  Using the training set, for each machine learner, features were 

subject to feature selection using cross validated (five-fold) recursive feature elimination 

using that method’s default hyperparameters. Scoring was based on ROC AUC score (see 

Section 2.2.3) for methods predicting binary phenotype and on accuracy for methods 

predicting MIC.  
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Features chosen by the selection algorithm were then used in the scikit learn default models 

when tuning hyperparameters. Hyperparameter tuning was done by applying a random 

search algorithm to choose 50 different combinations of hyperparameter values for each 

default model and each selection of hyperparameters was evaluated using 10 times 

repeated 5-fold cross validation. For all methods, the number of estimators was tuned using 

random numbers between 100 and 1000. For random forest methods, maximum depth, 

minimum samples per split, and minimum samples per leaf were tuned using random 

integers between 2 and 6 (a minimum of 2 was used to help reduce overfitting to the 

training data). For xgboost methods, maximum depth was also tuned using random integers 

between 2 and 6 and the learning rate was tuned using uniform values between 0.05 and 

0.1. For ordinal and logistic regression methods the regularisation parameter was tuned 

using uniform values between 0.01 and 10. For models predicting binary phenotype, ROC 

AUC was used to score the hyperparameters and for the models predicting MIC, accuracy 

was used. The final hyperparameters selected for each of the binary classification models 

are shown in Table 22 and the hyperparameters selected for predicting MIC are shown in 

Table 23. 

 

Model class Levofloxacin (R/S) Moxifloxacin (R/S) 
Logistic Regression C=3.347 

max_iter=971 
C=0.574 

max_iter=443 
Random Forest Classification n_estimators=369 

max_depth=5 
min_samples_split=3 
min_samples_leaf=3 

n_estimators=162 
max_depth=5 

min_samples_split=5 
min_samples_leaf=5 

XGBoost Classification n_estimators=439 
max_depth=3 

learning_rate=0.052 

n_estimators=120 
max_depth=2 

learning_rate=0.123 
Table 22 Hyperparameters selected for binary classification models to predict levofloxacin or 
moxifloxacin resistance. Unless explicitly stated in section 5.2.3, all other parameters were default. 
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Model Levofloxacin (MIC) Moxifloxacin (MIC) 
Ordinal All Threshold alpha=0.143 

max_iter=700 
alpha=6.635 
max_iter=101 

Ordinal Intermediate Threshold alpha=5.997 
max_iter=714 

alpha=0.241 
max_iter=574 

Ordinal Squared Error alpha=0.065 
max_iter=238 

alpha=6.635 
max_iter=101 

Ordinal Ridge alpha=0.241 
max_iter=574 

alpha=3.755 
max_iter=960 

Random Forest Classification n_estimators=230 
max_depth=5 
min_samples_split=5 
min_samples_leaf=5 

n_estimators=352 
max_depth=5 
min_samples_split=3 
min_samples_leaf=3 

XGBoost Classification n_estimators=848 
max_depth=5 
learning_rate=0.083 

n_estimators=140 
max_depth=4 
learning_rate=0.057 

Table 23 Hyperparameters selected for multi-class classification models to predict levofloxacin or 
moxifloxacin MIC. Unless explicitly stated in section 5.2.3, all other parameters were default. 

 

The best models from hyperparameter tuning were fit on the full training set using the 

selected best features before making predictions on the test set.   

 

Please see https://github.com/alicebrankin/thesis_notebooks for the codebase to reproduce 

the analyses and figures in this chapter. 

 

5.3 Results 

5.3.1 Binary classifiers 

To assess whether machine learning could be used to predict levofloxacin and moxifloxacin 

resistance and susceptibility using DNA gyrase structure, chemistry and genetics-based 

predictors I trained and evaluated three simple machine learning algorithms; logistic 

regression, random forest classification and xgboost classification. A detailed introduction to 

these methods can be found in Section 2.2.1. 



 

 161 

 

Between 20 and 53 of the 59 features were selected by recursive feature elimination for 

training the binary classification models to predict levofloxacin resistance; the xgboost 

classifier used the fewest features, and the logistic regression model the most (Appendix 

Table 1). At least one physiochemical, structural, genetic, geospatial and phenotypic 

background feature was selected in each of the three models. The models had many 

features in common including the change in volume of the amino acid, the change in 

number of aromatic rings, the distances from the amino acid to the ligand / ligand-

coordinated magnesium ion / catalytic magnesium ion / DNA, whether the amino acid was 

present in an α-helix, whether the mutation was present as a mixed allele, whether the 

genetic background was Lineage 2 or Lineage 4, whether the phenotypic background was 

isoniazid and rifampicin susceptible or MDR and whether the isolate was from China, India, 

Nepal, Vietnam or South Africa. 

 

To predict moxifloxacin resistance recursive feature elimination selected 34 features for the 

xgboost model and 41 features for both random forest classification and logistic regression 

(Appendix Table 2). As with levofloxacin resistance prediction, at least one physiochemical, 

structural, genetic, geospatial and phenotypic background feature was selected in each of 

the three models. Many of the features that the levofloxacin resistance prediction models 

had in common were also used for all moxifloxacin resistance prediction models with some 

exceptions and some additional features. The features used by all levofloxacin but not 

moxifloxacin resistance prediction models include the change in number of aromatic rings, 

the distances from the amino acid to the ligand-coordinated magnesium ion and DNA, 

whether the amino acid was present in an α-helix, and whether the isolate was from 
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Vietnam. Features used by all moxifloxacin but not levofloxacin resistance prediction models 

include the change in amino acid atom number, hydropathy, number of hydrogen donors, 

number of hydrogen acceptors, the predicted change in protein stability and protein-protein 

affinity, whether the isolate was in Lineage 3, whether the isoniazid or rifampicin resistance 

phenotype was unknown and whether the isolate was from Italy or Germany. 

 

None of the models for either levofloxacin or moxifloxacin resistance prediction were overfit 

to the training set (Figure 41a,b). For levofloxacin resistance prediction, logistic regression 

had the highest ROC AUC score on the test set at 0.96 and for moxifloxacin resistance 

prediction the xgboost classifier and logistic regression models had the highest ROC AUC 

score on the test set at 0.93 (Figure 42a,b). 

 

 

Figure 41 ROC AUC scores of models predicting resistance on training sets compared to the test set 
for (a) levofloxacin and (b) moxifloxacin. Error bars show the range of results from 5 validation sets. 
LR = logistic regression, RFC = random forest classification, XGBC = xgboost classification 
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Figure 42 ROC curves of models predicting resistance on the test set for (a) levofloxacin and (b) 
moxifloxacin. 

 

In terms of sensitivity, the random forest and xgboost classifier models performed best on 

the test set for levofloxacin resistance prediction, achieving 96.8% sensitivity (Figure 43a). 

The specificity scores of the models were lower, at 85.9% and 83.9% for xgboost and 

random forest classifiers respectively. For moxifloxacin resistance prediction, the random 

forest classifier had the highest sensitivity on the test set, at 97.5% but this model had 

significantly lower specificity than either the logistic regression or the xgboost classification 

models (Figure 43b). For both levofloxacin and moxifloxacin resistance prediction, the three 

models trained had higher sensitivity than specificity on the test set (Figure 43a,b). 
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Figure 43 Sensitivity and specificity of resistant predictions on the test set for (a) levofloxacin and 
(b) moxifloxacin.  

 

5.3.2 Interpretation of best models 

The ‘best’ model was chosen as the model that scored the highest sensitivity on the test set, 

for levofloxacin this was the xgboost classifier and for moxifloxacin this was the random 

forest classifier. I investigated the relative importance of the features used to fit this model 

to the training set and make predictions. For both levofloxacin and moxifloxacin resistance 

prediction, the distance of the mutated amino acid from the drug-coordinated Magnesium 

ion was the most important feature, but the relative importance of the feature was much 

higher for levofloxacin than moxifloxacin resistance prediction (Table 24, Table 25). The 

other three distance-based features (distance of the amino acid from the ligand, catalytic 

magnesium or DNA) were more important for both levofloxacin and moxifloxacin resistance 

prediction than other structure based and physiochemical features. MDR phenotypic 

background was also more important for making predictions than most other features. The 

origin of the isolate and the lineage background were also generally less important for 

making levofloxacin and moxifloxacin resistance predictions. Interestingly, the Snap2 score 
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was the fifth most important predictor for moxifloxacin resistance with a feature importance 

of 0.105, however the feature was not used to make predictions for levofloxacin resistance 

at all (Table 25, Table 24). 

 

Feature Importance 
LIGAND_MG_DISTANCE 0.720 

LIGAND_DISTANCE 0.058 
BACKGROUND_MDR 0.055 

CATALYTIC_MG_DISTANCE 0.018 
DNA_DISTANCE 0.018 

LINEAGE_NAME_Lineage 2 0.017 
IS_HET 0.013 

COUNTRY_WHERE_SAMPLE_TAKEN_ZAF 0.013 
COUNTRY_WHERE_SAMPLE_TAKEN_CHN 0.011 

PROTEIN_HBONDS 0.010 
COUNTRY_WHERE_SAMPLE_TAKEN_NPL 0.010 
COUNTRY_WHERE_SAMPLE_TAKEN_PER 0.009 

SECONDARY_STRUCTURE_H 0.009 
AROMATIC_RING_CHANGE 0.008 

BACKGROUND_INH_AND_RIF_S 0.007 
COUNTRY_WHERE_SAMPLE_TAKEN_VNM 0.006 

COUNTRY_WHERE_SAMPLE_TAKEN_IND 0.006 
VOLUME_CHANGE 0.005 

LINEAGE_NAME_Lineage 4 0.005 
RSA 0.004 

Table 24 Relative importance of features used by an xgboost classification model to predict 
levofloxacin resistance. The importance scores from all selected features sum to 1, for clarity all are 
rounded to 3 d.p. 
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Feature Importance 
LIGAND_MG_DISTANCE 0.155 

LIGAND_DISTANCE 0.120 
DNA_DISTANCE 0.108 

CATALYTIC_MG_DISTANCE 0.107 
SNAP2_SCORE 0.105 

BACKGROUND_MDR 0.071 
RESIDUE_DEPTH 0.059 

RSA 0.036 
SECONDARY_STRUCTURE_H 0.035 

CHARGE_CHANGE 0.025 
PROTEIN_HBONDS 0.018 

STABILITY_CHANGE 0.018 
BACKGROUND_INH_MONOR 0.014 

HYDROPATHY_CHANGE 0.013 
SECONDARY_STRUCTURE_NaN 0.013 

LINEAGE_NAME_Lineage 3 0.013 
LIGAND_INTERACTION_NaN 0.010 

VOLUME_CHANGE 0.009 
ATOM_CHANGE 0.009 

HACCEPTOR_CHANGE 0.008 
PP_AFFINITY_CHANGE 0.007 

LIGAND_INTERACTION_none 0.007 
BACKGROUND_INH_AND_RIF_S 0.006 

DNA_HBONDS 0.006 
COUNTRY_WHERE_SAMPLE_TAKEN_ZAF 0.005 

ROTABLE_BOND_CHANGE 0.003 
LINEAGE_NAME_Lineage 4 0.003 

COUNTRY_WHERE_SAMPLE_TAKEN_PAK 0.003 
IS_HET 0.002 

BACKGROUND_UNKNOWN 0.002 
COUNTRY_WHERE_SAMPLE_TAKEN_CHN 0.002 
COUNTRY_WHERE_SAMPLE_TAKEN_IND 0.001 

LINEAGE_NAME_Lineage 2 0.001 
HDONOR_CHANGE 0.001 

COUNTRY_WHERE_SAMPLE_TAKEN_ITA 0.001 
COUNTRY_WHERE_SAMPLE_TAKEN_PER 0.001 
COUNTRY_WHERE_SAMPLE_TAKEN_DEU 0.000* 
COUNTRY_WHERE_SAMPLE_TAKEN_NPL 0.000* 
COUNTRY_WHERE_SAMPLE_TAKEN_KGZ 0.000* 

COUNTRY_WHERE_SAMPLE_TAKEN_TKM 0.000* 
LINEAGE_NAME_Lineage 1 0.000* 

Table 25 Relative importance of features used by a random forest classification model to predict 
moxifloxacin resistance. The importance scores from all selected features sum to 1, for clarity all are 
rounded to 3 d.p. * indicates a feature importance score of less than 0.0005. 

 

5.3.3 Evaluation of model performance on mutations with known effects 

To evaluate the likely performance of the best models for predicting levofloxacin and 

moxifloxacin resistance associated with specific mutations that have known effects, I used 
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the models to predict resistance for isolates with each of the WHO catalogue resistance 

associated mutations as solo. Although they scored relatively low in terms of feature 

importance, the genetic background features were selected as model predictors. I therefore 

made predictions for the mutations in isolates with a Lineage 2, MDR background from India 

as this represented the largest group of isolates used in training, and therefore the model is 

likely most optimal for this background. Although, in doing this, I note that isolates with the 

exact same feature set may have been seen in training, so this does not constitute a ‘blind’ 

prediction. The xgboost model for predicting levofloxacin resistance and random forest 

classifier model for predicting moxifloxacin resistance predicted all the catalogue resistance 

associated mutations in gyrA as resistant (Table 26). However, the models predicted some of 

the gyrB resistance associated mutations to be susceptible; gyrB E501D, E501V and A504V 

were predicted susceptible to levofloxacin and gyrB D461N and A504V were predicted 

susceptible to moxifloxacin.  

 

Mutation Predicted levofloxacin 
phenotype 

Predicted moxifloxacin 
phenotype 

gyrA G88A R R 
gyrA G88C R R 
gyrA A90V R R 
gyrA S91P R R 
gyrA D94A R R 
gyrA D94G R R 
gyrA D94H R R 
gyrA D94N R R 
gyrA D94Y R R 

gyrB D461N R S 
gyrB N499D R R 
gyrB E501D S R 
gyrB E501V S R 
gyrB A504V S S 

Table 26 Fluoroquinolone resistance prediction for MDR Lineage 2 M. tuberculosis isolates from 
India with WHO catalogue resistance associated mutations as solo mutations in DNA gyrase genes. 
A xgboost classification model was used for levofloxacin resistance prediction and a random forest 
classifier model for moxifloxacin resistance prediction. 
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I next used the models to predict resistance for M. tuberculosis isolates only containing 

lineage associated mutations that were assumed to be susceptible in the MDR, Lineage 2, 

Indian background. As the mutations were not considered when defining solo mutations, the 

models had not explicitly seen the structural and chemical features associated with these 

mutations in training. As expected, almost all the lineage associated mutations were 

predicted susceptible to both levofloxacin and moxifloxacin, including gyrA S95T which is 

proximal to the drug binding site and adjacent to the most prevalent resistance associated 

mutation gyrA D94G (Table 27). However, the susceptible gyrA A90G mutation was 

predicted to be resistant in the MDR, Lineage 2, Indian background.  

 

Mutation Predicted levofloxacin 
phenotype 

Predicted moxifloxacin 
phenotype 

gyrA E21Q S S 
gyrA T80A S S 
gyrA A90G R R 
gyrA S95T S S 

gyrA G247S S S 
gyrA S250A S S 
gyrA R252L S S 
gyrA A384V S S 
gyrA L398F S S 
gyrA A463S S S 
gyrA D639A S S 
gyrA G668D S S 
gyrA L712V S S 
gyrA V742L S S 
gyrB M291I S S 
gyrB V301L  S S 
gyrB A403S S S 

Table 27 Fluoroquinolone resistance prediction for MDR Lineage 2 M. tuberculosis isolates from 
India with lineage associated susceptible mutations as solo mutations in DNA gyrase genes. A 
xgboost classification model was used for levofloxacin resistance prediction and a random forest 
classifier model for moxifloxacin resistance prediction. 
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5.3.4 Prediction of novel resistance conferring mutations 

The models were next used to predict the effect of all possible non-synonymous mutations 

in either gyrA or gyrB in isolates with a Lineage 2, MDR background from India. At least one 

non-synonymous mutation was predicted to be associated with levofloxacin resistance by 

the xgboost classifier model at 67 of the 838 amino acid positions in the gyrA protein (8.0%), 

and 38 of the 675 amino acid positions in the gyrB protein (5.6%), (Appendix Table 3, 

Appendix Table 4). Most of these mutations are located in the interior of the DNA gyrase 

cleavage complex and are clustered around the drug binding sites in the core (Figure 44a). 

Several positions far from the binding site, at the exterior of the cleavage complex, are also 

predicted to have resistance associated mutations. In contrast, for moxifloxacin resistance, 

the random forest model predicted just 21 of the positions in gyrA (2.5%) and 16 of the 

positions in gyrB (2.4%) to be associated with resistance (Appendix Table 5, Appendix Table 

6)). The positions predicted by the random forest model to have resistance associated 

mutations are within the interior of the DNA gyrase cleavage complex and are clustered 

around the drug binding sites (Figure 44b). None of the residues forming the gyrA DNA exit 

gate or coiled coil domains were predicted to be associated with resistance to either 

levofloxacin or moxifloxacin. It is important to note that, due to the low specificity of both 

the models (Figure 43a,b), a number of these mutations will likely be false positive 

predictions. 
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Figure 44 Positions of mutations predicted by machine learning models to be associated with 
resistance to levofloxacin (a) and moxifloxacin (b). The fluoroquinolone binding site is shown in 
yellow and predicted resistance conferring mutations in red. The full list of mutations predicted to be 
resistant to levofloxacin can be found in Appendix Table 3 and  Appendix Table 4, and predicted 
resistant to moxifloxacin in Appendix Table 5 and Appendix Table 6. Image created in VMD187 from 
PDB structures 5BS8 and 5BTG184. 

 

Any non-synonymous mutation at certain positions within gyrA and gyrB was predicted to 

confer resistance to fluoroquinolones. For levofloxacin, an isolate with any mutation at gyrA 

positions 52, 74, 81, 87, 88, 90, 91, 94, 98, 125, 128 and 129 or gyrB positions 460, 461, 482, 

483 and 484 were predicted to be resistant (Appendix Table 3, Appendix Table 4), although 

it is unlikely positions 128 and 129 would mutate in vivo as these are highly conserved and 

essential for DNA gyrase function341, 342. For moxifloxacin, there were fewer examples of 

positions where any non-synonymous mutation resulted in a prediction of resistant, these 

were; gyrA 88, 89, 94 and 129 and gyrB 460, 482 and 483 (Appendix Table 5, Appendix Table 

6). 

 



 

 171 

5.3.5 Multi-class classifiers 

To predict the levofloxacin and moxifloxacin MIC of isolates I trained a range of different 

machine learners including ordinal methods (ordinal all threshold, ordinal intermediate 

threshold, ordinal squared error and ordinal ridge) and multiclass classification models 

(random forest classification and xgboost classification); a full description of these methods 

can be found in Section 2.2.2. The training and testing sets were identical to those used for 

the binary classifiers. 

 

The features, and number of features selected for levofloxacin and moxifloxacin MIC 

prediction were not the same as for the binary classifiers although at least one 

physiochemical, structural, genetic, geospatial and phenotypic background feature was 

selected as before (Appendix Table 7, Appendix Table 8). For levofloxacin MIC prediction, 

between 26 and 55 features were selected for the different machine learners with the 

random forest model using the least and the ordinal squared error model using the most. 

For moxifloxacin MIC prediction between 44 and 55 features were selected for the different 

models with the xgboost model using the least and the ordinal squared error and random 

forest models using the most. Similarly to the binary models, common features were 

selected for many of the models and the features selected for moxifloxacin and levofloxacin 

MIC prediction differed (Appendix Table 7, Appendix Table 8). 

 

For both levofloxacin and moxifloxacin, the accuracy of correctly predicting MIC on both the 

training and test set was low and most algorithms were not overfit to the training set (Figure 

45a,b). For both levofloxacin and moxifloxacin, the forest-based classification models 
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performed better than the ordinal methods on the test set; for levofloxacin and moxifloxacin 

MIC prediction the xgboost classification model performed best with 52.5% and 47.5% 

accuracy on the test set respectively.  

 

 

Figure 45 Accuracy of models in predicting MIC labels on training sets compared to the evaluation 
set for (a) levofloxacin and (b) moxifloxacin. Error bars show the range of results from 5 validation 
sets. OAT = ordinal all threshold, OIT = ordinal intermediate threshold, OSE = ordinal squared error, 
OR = ordinal ridge, RFC = random forest classification, XGBC = xgboost classification 

 

Essential agreement is a metric commonly used to evaluate the performance of tests 

measuring MICs and an MIC is defined as being in essential agreement with the true MIC 

value if it is within one doubling dilution343. For prediction of levofloxacin and moxifloxacin 

MICs, the ordinal all threshold and xgboost classification models performed best with 87.0% 

and 81.1% essential agreement respectively (Figure 46a,b).  
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Figure 46  Essential agreement of model MIC predictions on the evaluation set for (a) levofloxacin 
and (b) moxifloxacin.  

 

To see how the models performed in terms of sensitivity and specificity for predicting 

resistance, we binarised MIC predictions into resistant and susceptible using the ECOFFs 

proposed by the CRyPTIC Consortium272. As it is particularly important to reduce the very 

major error rate when making resistance predictions (a prediction of susceptible when an 

isolate is resistant), it is important to individually consider the sensitivity and specificity of a 

model. For predicting levofloxacin resistance, the ordinal ridge model had the best 

sensitivity score on the test set at 96.8%, although this model did score the lowest on 

specificity at 83.3% (Figure 47a). For moxifloxacin resistance prediction the ordinal all 

threshold model had the best sensitivity score on the test set at 93.6% but only achieved 

79.4% specificity (Figure 47b). 
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Figure 47  Binary performance of MIC prediction models. Sensitivity and specificity of resistance 
predictions on the test set for (a) levofloxacin and (b) moxifloxacin. 

 

5.4 Discussion 

I found that machine learning models trained using protein structure-based features, 

physiochemical features and features describing genetic background can be used to predict 

resistance and susceptibility of M. tuberculosis isolates to levofloxacin and moxifloxacin 

(Figure 41a,b), the level of resistance that is conferred (Figure 45a,b, Figure 46a,b) and 

predict potential novel resistance conferring mutations (Appendix Table 3, Appendix Table 4, 

Appendix Table 5, Appendix Table 6). Recursive feature elimination selected at least one 

physiochemical, structural, genetic, geospatial and phenotypic background feature for every 

model, suggesting that a combination of all these factors is important for fluoroquinolone 

resistance prediction.  
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Distance-based features from crystal structure were selected as features for all binary and 

MIC predictive models for levofloxacin and moxifloxacin (Appendix Table 1, Appendix Table 

2, Appendix Table 7, Appendix Table 8), suggesting that DNA gyrase distance based features 

are important for predicting fluoroquinolone resistance. The distance of the mutation from 

the ligand co-ordinated Magnesium ion was the most important feature in the best 

performing binary classification models (Table 24, Table 25). This is not unexpected as the 

prevalent gyrA D94G mutation is suggested to confer resistance by disrupting a water bridge 

formed between gyrA and the drug coordinated Magnesium ion184. The relative importance 

of the distance of the mutation from the ligand co-ordinated Magnesium ion was different 

for levofloxacin and moxifloxacin resistance prediction models, and some different features 

were selected for levofloxacin compared to moxifloxacin resistance prediction models (Table 

24, Table 25, Appendix Table 1, Appendix Table 2, Appendix Table 7, Appendix Table 8). This 

adds to evidence suggesting there are differences in the determinants of resistance to each 

drug195, 203, 204. 

 

In general, the models predicted levofloxacin resistance better than moxifloxacin resistance; 

binary classifiers had higher ROC AUC performance on the test set (Figure 41a,b) and MIC 

predictors had higher accuracy and essential agreement on the test set for levofloxacin 

versus moxifloxacin (Figure 45a,b, Figure 46a,b). This suggests that levofloxacin resistance 

can be predicted more reliably than moxifloxacin resistance, which has been previously 

suggested for a catalogue-based approach that was used by the CRyPTIC Consortium1. This 

could be due to the ECOFF of moxifloxacin being incorrect or because the separation 

between the resistant and susceptible population distributions is greater for levofloxacin 

(Figure 40a,b). Together with the finding that different machine learning algorithms 

performed best for the two different fluoroquinolones, this suggests that levofloxacin and 
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moxifloxacin resistance prediction should be treated as separate tasks rather than simply 

predicting ‘fluoroquinolone’ resistance, which has been done in other studies to increase the 

size of the training data344. 

 

For levofloxacin and moxifloxacin, both binary and MIC prediction models achieved over 

90% sensitivity on the testing set, this is encouraging because clinically it is most important 

to reduce very major error (VME) rates (a prediction of susceptible when an isolate is 

resistant). In terms of sensitivity, the best performing binary classification models were 

xgboost for levofloxacin resistance prediction and random forest for moxifloxacin resistance 

prediction (Figure 43a,b), and these models have been particularly successful in other AMR 

prediction studies345. However, when making binary predictions from MIC predictions, the 

ordinal ridge and ordinal all threshold models had higher sensitivity scores than the forest 

based models (Figure 47a,b). The best sensitivities for levofloxacin and moxifloxacin 

resistance prediction were 96.8% and 97.5% respectively and the methods therefore have a 

VME rate of around 3% which is the maximum tolerated for the approval of a diagnostic test 

by the International Standards Organisation. The specificity of models was lower than the 

sensitivity in all cases, with no model achieving greater than 90% specificity for either drug 

(Figure 43a,b, Figure 47a,b). Although the major error (ME) rate is less important than the 

VME rate, it is important that the ME rate is low because a prediction of resistant when an 

isolate is susceptible could prevent a patient receiving the most effective treatment. This has 

implications for the clinical usage of such an algorithm; these algorithms may be best suited 

to rapidly predict susceptibility in cases where a catalogue cannot make a prediction; this 

would rule out resistance so that appropriate treatment can be started quickly. Only isolates 

predicted resistant by the algorithm would need to undergo standard phenotypic DST.  
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For predicting levofloxacin and moxifloxacin MIC, the forest-based methods had better 

accuracy compared to the ordinal methods, although the best accuracy scores on the test 

set were only 52.5% for levofloxacin resistance and 47.5% for moxifloxacin resistance (Figure 

45a,b). The low accuracy could reflect the variation in MIC measurements, but could also be 

due to the limitations of using crystal structures to derive features; they do not show 

movement and are determined under non-physiological conditions. Therefore, the 

structures may not be truly representative of the protein in vivo which could have 

implications for the accuracy of calculated distance-based features or those based on 

hydrogen bonds. One should also consider that the models don’t consider the whole 

genome, only the lineage, country and isoniazid/rifampicin resistance background. Hence, 

resistance signatures such as efflux, membrane permeability and transcriptional regulation 

are not taken into account. These mechanisms are not yet well characterised for 

fluoroquinolone resistance but could be added to the models as and when they are 

elucidated. It is noted that these kinds of resistance signatures are inherently considered 

and even elucidated in some genetics based machine learning models326. 

 

A method is considered acceptable for clinical MIC measurement if it has >=90% essential 

agreement with the gold standard method343, however this threshold was not reached by 

any of the machine learners that I trained (Figure 46a,b). Despite having lower accuracy than 

the forest-based methods, the ordinal all threshold model was closest to the 90% threshold, 

achieving 87% essential agreement on the test for predicting levofloxacin resistance; this 

model could be a good candidate for further optimisation. The performance of the 

predictive model could be improved by feature engineering330 or model stacking328. Another 
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option could be to retrain models using the essential agreement to score feature selection 

and hyperparameter tuning algorithms, rather than accuracy. 

 

The best models for levofloxacin and moxifloxacin resistance prediction were able to predict 

a number of putative resistance conferring non-synonymous gyrA and gyrB mutations that 

were not seen in the dataset or the resistance catalogue (Appendix Table 3, Appendix Table 

4, Appendix Table 5, Appendix Table 6). This adds to evidence that models based on 

structural and physiochemical data can generalise to predict novel mutations329, 330. 

Encouragingly, only a small proportion of amino acids within gyrA and gyrB were predicted 

to have resistance conferring mutations, and as the models only had moderate specificity 

(Figure 43a,b), it is likely that a number of these predictions will be false positives. In vitro 

evidence will be required to confirm which of the mutations identified by the models are 

most likely to confer resistance. Previous in vitro supercoiling assays provide evidence for 

gyrA A74S as a resistance conferring mutation346 and the xgboost model predicted the 

mutation as resistant to levofloxacin in this study (Appendix Table 3).  

 

The models predicted that all mutations at gyrA positions 88 and 94 would confer resistance 

to levofloxacin and moxifloxacin (Appendix Table 3, Appendix Table 5). It therefore could 

prove beneficial to generalise the catalogues used in bioinformatic pipelines to predict any 

non-synonymous mutation at these positions as resistant rather than just the commonly 

seen variants that reach sufficient statistical criteria. Indeed, there are already five 

resistance associated variants at gyrA D94 and two at gyrA G88 in the WHO catalogue42, and 

there were an additional two gyrA D94 mutations seen in fluoroquinolone resistant CRyPTIC 

isolates (Figure 31). 
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Some mutations that are associated with resistance in the WHO catalogue were not 

predicted to be resistant to levofloxacin and moxifloxacin (Table 26). For example, the 

resistance associated mutations at position gyrB E501 were not predicted resistant to 

levofloxacin but were to moxifloxacin. This could be because the gyrB E501D mutation is 

characterised as conferring a higher level of resistance to moxifloxacin than levofloxacin195, 

204. Additionally, in the WHO catalogue, the gyrB E501D mutation was upgraded to be 

‘associated with resistance-interim’ for levofloxacin by expert rules, rather than the 

standardized statistical approach, due to its accepted association with moxifloxacin 

resistance42, 145. The gyrB D461N mutation was predicted resistant to levofloxacin but not 

moxifloxacin, this could be due to the ECOFFs used to determine resistance and 

susceptibility in this study; an MIC of 1 mg/l was the cut off above which an isolate is 

considered resistant to both fluoroquinolones272.  A strain containing another mutation at 

the position, D461H, was shown to have an MIC of 4 mg/l  to levofloxacin and 0.5 mg/l to 

moxifloxacin, so it is possible there is differences in the level of resistance conferred by 

mutations at this position to the different drugs347. The gyrB A504V mutation was not 

predicted resistant to either drug, however this WHO catalogue resistance associated 

mutation was ‘associated with resistance - interim’ and had uncertain significance42, 145.  

 

Encouragingly, almost all the lineage specific mutations were predicted to be susceptible to 

both levofloxacin and moxifloxacin (Table 27). It is especially encouraging that gyrA S95T 

was predicted susceptible as it is close to the moxifloxacin binding site and adjacent to the 

resistance conferring mutation gyrA D94G. A notable exception is gyrA A90G, which was 

predicted resistant to both fluoroquinolones. The mutation is well characterised as non-
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resistance conferring136, 303, has evolved in a sub group of Ugandan M. tuberculosis strains 

and has been found in Congo, Turkey and Somalia135. It cannot be ruled out that gyrA A90G 

could confer resistance in the Indian, MDR, Lineage 2 background for which the prediction 

was made, although this is unlikely as the mutation was also shown to be fluoroquinolone 

susceptible in M. smegmatis348. There is only one example of an isolate with gyrA A90G in 

the dataset used, and the prediction of resistant for the mutation suggests that the machine 

learning models may not be able to generalise to geographical areas or sub lineages that are 

not well represented within the CRyPTIC dataset. 

 

There are limitations to consider when interpreting the machine learning algorithms that I 

have presented in this chapter. Firstly, the dataset used for training and testing has many 

examples of the prevalent mutations gyrA D94G and A90V (Figure 33). Although this reflects 

real world data, and many of the isolates will have different genetic backgrounds and 

origins, it is important to acknowledge the likelihood that there is some redundancy in the 

training and testing sets used. The high prevalence of some mutations may also mean that 

important predictive information from rarer mutations may be lost. Although, rare 

resistance conferring mutations were predicted resistant to both levofloxacin and 

moxifloxacin by the respective machine learning models (Appendix Table 3, Appendix Table 

5).  

 

Secondly, the rifampicin and isoniazid resistance phenotype were important features chosen 

for all of the machine learning models (Appendix Table 1, Appendix Table 2, Appendix Table 

7, Appendix Table 8), but this information would not be accessible at the time that 

resistance predictions would need to be made in the clinic. As WGS data would be collected 
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and analysed by bioinformatic pipelines prior to making a fluoroquinolone resistance 

prediction, one could use the presence or absence of common isoniazid and rifampicin 

resistance conferring mutations, or indeed resistance predictions from algorithms for these 

drugs specifically, to infer this phenotypic information.  

 

Finally, the trained models are limited in that they do not consider interactions that could 

occur where multiple DNA gyrase mutations are present, for example the restorative effect 

of gyrA A90G with some resistance conferring mutations in gyrA303. Interactions between 

multiple mutations should certainly be considered for future work, but due to the scarcity of 

multiple mutations in resistant isolates the collection of larger datasets with more examples 

of isolates with multiple mutations will be necessary.  

 

In summary, machine learning models trained using structure-based features and 

physiochemical features, in addition to features describing genetic background, can predict 

phenotypic fluoroquinolone resistance in M. tuberculosis isolates with high sensitivity. I have 

also shown that it is possible to predict the level of resistance an isolate has and predict 

novel resistance conferring mutations. With further optimisation, and as more M. 

tuberculosis isolates are collected, machine learning models using structural based features 

could provide rapid resistance diagnosis to fluoroquinolones from M. tuberculosis WGS data. 

Through this work, and the work of others327-330, I believe that structure-based and 

physiochemical properties associated with genetic mutations represent a significant 

opportunity for generalisable resistance prediction in tuberculosis and other diseases.  
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6 Chapter 6: Prediction of fluoroquinolone resistance 

and susceptibility associated with DNA gyrase 

mutations using free energy calculations 

6.1 Introduction 

As shown in the previous chapter, machine learning is a promising avenue to predict 

fluoroquinolone resistance associated with DNA gyrase mutations using structure-based 

features. However, the nature of the models means we understand little about the chemical 

rationale underlying the predictions made. Further, crystal structures also have important 

limitations. For example, they do not show movement and are determined under non-

physiological conditions; therefore, they may not be truly representative of the protein in 

vivo. Molecular dynamics (MD) can simulate the dynamics of biological macromolecules in 

solution and allows the quantification of thermodynamic properties using theories derived 

from classical statistical mechanics. MD simulations can therefore be used to calculate the 

binding affinity of a protein to its ligand235.  

 

Simulating protein-ligand binding in order to compute the absolute binding free energy of 

the interaction is challenging, time consuming and error prone, due to the large number of 

atoms perturbed in the simulations. When we wish to calculate the difference in binding 

free energy between two related protein-ligand systems, we can instead use alchemical 

perturbation theory to facilitate relative binding free energy (RBFE) calculations. The number 

of atoms being perturbed is reduced, improving accuracy and error reduced compared to 

computing ABFE as the start and end states are more closely related. Please see Section 2.3 
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for a full introduction to the relevant alchemical methods and RBFE calculations used for this 

chapter. 

 

Thus far RBFE methods have been largely applied to predicting how alterations to a lead 

compound affect its affinity to a protein target in small molecule drug design, where free 

energies can be predicted with roughly 1 kcal mol-1 error349-351. RBFE methods also provide a 

promising avenue for resistance prediction; if one assumes that a mutation causes 

resistance by disrupting drug binding, a protein with a resistance conferring mutation will 

have a lower binding affinity for the ligand than the wild-type protein, i.e. the difference in 

binding free energies will be positive.  Predicting the effects of amino acid mutations should 

be practically easier than for small molecules, because forcefields are well parameterised for 

amino acids352 and free software is available to automatically create the mutant amino acid 

topologies353.  

 

Several authors have now demonstrated that RBFE methods can produce accurate 

predictions of resistance and susceptibility for genetic mutations seen in both infectious 

disease and cancer354-357.  These resistance prediction studies have applied alchemical free 

energy methods to simple, small monomeric targets and therefore prove the principle, but 

no more. However, the majority of drug targets, especially for Tuberculosis treatments, are 

more complex. For example, the DNA gyrase cleavage complex is tetrameric, includes bound 

DNA and is 199 kDa in size184.  
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The calculation of free energies according to best practice requires a large number of MD 

simulations; firstly, apo and drug-bound systems must have their energy minimised and their 

dynamics equilibrated from the state in the crystal structure, then a simulation is required 

for each lambda window for each of three alchemical transformation steps for both the apo 

and drug-bound system236, 237. The calculations should also be repeated at least three times 

in order to ensure statistical reliability236. Therefore, the approach requires large amounts of 

computational resource to complete calculations in a reasonable timeframe. Despite 

improvements in computational architecture and software358, 359, the simulations required 

may still take several days, especially if  a large system is simulated358 or if the available 

resource is not optimal360.  

 

It may be possible to use shorter simulations to reduce the time taken to make a binary 

prediction of resistant or susceptible to a drug on mutation of its target. The successful use 

of very short λ-simulations has been demonstrated for trimethoprim which targets the 

dihydrofolate reductase enzyme in Staphylococcus aureus361. Despite limitations in the study 

– the free energy estimates were not converged – the accuracy and precision of predictions 

were still sufficient to call mutations as resistant or susceptible to trimethoprim361. Clinically, 

as the binary labels of resistant and susceptible are used in making treatment decisions, the 

sensitivity and specificity of a predictive method is more important than its quantitative 

accuracy and precision, in contradistinction to how the performance of RBFE methods are 

usually assessed. 

 

The aim of this chapter is to assess the suitability of using short RBFE calculations to predict 

whether individual DNA gyrase mutations confer resistance to fluoroquinolones or not. Due 
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to the computationally expensive nature of the method, I chose to only test the method for 

moxifloxacin.  

 

6.1.1 Selection of test mutations 

 As described previously (see Section 1.4.3), M. tuberculosis DNA gyrase has a number of 

resistant and susceptible mutations that have been catalogued for moxifloxacin. I selected a 

small number of mutations to test how well alchemical free energy methods could predict 

fluoroquinolone resistance and susceptibility. The positions of the chosen mutations relative 

to the moxifloxacin binding site are shown in Figure 48 and the relative distances of the wild-

type amino acids from moxifloxacin are presented in Table 28.  
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Figure 48 Structure of M. tuberculosis DNA gyrase cleavage complex184, showing the selected clinical 
mutations associated with antibiotic resistance and susceptibility relative to the moxifloxacin binding 
site. For clarity nucleic acids are hidden in the close-up visualisation. Resistance-conferring mutations 
are drawn in red, those associated with susceptibility blue and those residues where different 
mutations confer different resistance phenotypes purple. An asterisk (*) indicates a mutation, all 
other mutations are in gyrA.  

 

MUTATION DISTANCE FROM MXF (Å) EXPECTED PHENOTYPIC EFFECT 
S95T 
A90S 
A90V 
E501D* 
D94G 

9.0 
2.7 
2.7 
2.6 
5.1 

Susceptible 
Hyper-susceptible 
Resistant 
Resistant 
Resistant  

Table 28 Distances of DNA gyrase test mutations from moxifloxacin (MXF). Measurements are taken 
for the wild-type amino acid in the A or B chain (for gyrA and gyrB respectively) to the nearest bound 
moxifloxacin molecule. * indicates a gyrB mutation. 
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For resistant mutations, I chose to test the most common resistance conferring mutations, 

gyrA D94G and A90V199-201, as I can have the greatest confidence in their expected effect. 

gyrA D94G poses a challenging test to the method because it involves a large change in atom 

number and a charge change. The mutation is also expected to cause a higher level of 

resistance than the other commonly seen resistance conferring mutation, gyrA A90V201, 203, 

allowing me to investigate whether the method can distinguish between different levels of 

resistance conferred by different mutations. I also chose to test E501D in gyrB362 which is 

close to the antibiotic binding site (Figure 48, Table 28), but not in the well characterised 

gyrA quinolone resistance determining region (QRDR). 

 

For the susceptible mutations I selected gyrA S95T since it is very common – it is found in 

almost all samples except the H37Rv reference genome –  and has been shown 

biochemically to have no effect on fluoroquinolone binding affinity346. This mutation is close 

to the drug binding site (Figure 48, Table 28) and within the gyrA QRDR.  

 

A gyrA A90S mutation has not been seen clinically (and therefore is not present in existing 

catalogues), however the mutation provides an avenue to test whether RBFE methods can 

predict hyper susceptibility as well as resistance. Tuberculosis DNA gyrase is suggested to 

have some innate resistance to fluoroquinolones which is attributed to an Alanine at 

position 90184. Other bacterial gyrases such as in E. coli, which is more susceptible to 

fluoroquinolone treatment, have a Serine at position 90 which is thought to support the 

water network between gyrA D94 and the drug-coordinated Magnesium ion due to Serine’s 

greater hydrophilicity compared to Alanine363 due to the sidechain hydroxyl. Therefore, gyrA 

A90S is expected to increase fluoroquinolone binding affinity with TB DNA gyrase compared 
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to the wild-type. As this mutation is also at the same site as the well characterised resistance 

conferring mutation close to the binding site, gyrA A90V (Figure 48, Table 28), a prediction 

of susceptibility for gyrA A90S would disprove the possibility that a resistance prediction for 

gyrA A90V is simply a result of perturbing atoms near the moxifloxacin molecules – a difficult 

test for the method to pass.   

 

6.2 Methods 

6.2.1 System set up and equilibration 

A schematic overview of the setup process from crystal structure to molecular dynamics 

simulation is presented in Figure 49. Firstly, the structure of moxifloxacin-bound DNA gyrase 

cleavage complex with DNA (PDB:5BS8)184 was modified to create starting drug-bound and 

apo structures for MD simulations. One of the two DNA molecules was removed from the 

structure as the crystallographer could not determine directionality, and the ends of the 

DNA were shortened to give ending nucleotides that were compatible with GROMACS 

processing. Missing loops in gyrB were modelled in using Modloop364 and PROPKA365 was 

used to determine protonation states of amino acids. An apo structure was created by 

removing the ligand-coordinated Mg2+ ion from the crystal structure.  



 

 189 

 

Figure 49 Schematic overview of molecular dynamics simulation set up 

 

Parameterisation of the protein and DNA was done using the AMBER99sb-ildn forcefield and 

parameters for moxifloxacin were calculated using Acpype366.  To facilitate the processing of 

the covalent bond between Tyrosine 129 and the phosphate backbone of DNA by 

GROMACS, two modified amino acids (TYX and TYY) were created. These ‘hybrid residues’ 

contained the parameters for Tyrosine, excluding the hydroxyl hydrogen, all nucleotides in 

the covalently bound DNA chain and the covalent bond between the Tyrosine hydroxyl 

oxygen and the corresponding DNA backbone phosphorus atom. The PDB file order and 

residue naming was adjusted to reflect the modified amino acids. Due to the size of the 

hybrid residues (403 atoms) it was not possible to redistribute the partial charges in a 

principled way using QM/MM and we instead choose to simply retain the partial charges of 

DNA and Tyr as found in the forcefield. Due to the ‘loss’ of the hydrogen atom from the 

tyrosine the system was left with a non-integer charge, so a solvent chloride ion was 

modified to provide a balancing charge. This is clearly not optimal because it is 
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unphysiological, however I felt it preferable to manually redistributing charge as there was 

no objective means to do this. 

 

Version 2019.1 of the GROMACS software was used for all simulations and their set up. The 

moxifloxacin-bound structure was placed in a rhombic dodecahedron unit cell defined by 

three box vectors, a = (13.8 nm, 0 nm, 0 nm), b = (0 nm, 13.8 nm, 0 nm) and c = (6.9 nm, 6.9 

nm, 9.8 nm), and bc, ac and ab box vector angles of 60°. This unit cell was solvated with 

59,895 water molecules and 175 Na+ and 112 Cl- ions which provided electrical neutrality 

and a 0.1 M salt concentration. Likewise, for the apo system the same sized unit cell was 

solvated, and ions added to give a neutral charge and 0.1 M salt concentration. For each 

repeat (N = 5) of each apo and moxifloxacin-bound structure, following a 1,000 step energy 

minimisation, the system was warmed using a Langevin thermostat from 100 to 310 K for 

500 ps whilst a Berendsen barostat kept the pressure at 1 bar. The system was then 

equilibrated for 5 ns and the pressure was maintained using a Parinello-Rahman barostat. 

MD simulations were then performed for 50 ns. LINCS263 was used to constrain the length of 

all bonds involving a hydrogen, enabling a timestep of 2 fs to be used throughout.  

 

During initial test simulations, the moxifloxacin-coordinated Mg2+ ion dissociated from the 

drug. A harmonic distance restraint was thus implemented to maintain the distance 

observed between Mg2+ and moxifloxacin in the crystal structure (0.209 nm) throughout all 

simulations and equilibration. The strength of the restraint was set at 100,000 kJ mol-1 nm-2, 

lower values were tested but found to be insufficient. 
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6.2.2 MD Trajectory Analysis 

The GROMACS trjconv tool was used to centre the protein in the box and correct any 

artefacts introduced by the periodic boundary conditions prior to analysis. The 

MDAanalysis.analysis.rms.rmsd function was used to calculate the RMSD of backbone 

protein atoms compared to the first frame of the trajectory after superimposition of the 

backbone. The VMD ‘hbonds analysis’ extension was used to identify and calculate the 

occupancy of any hydrogen bonds formed between moxifloxacin and non-solvent residues, 

using the default parameters (distance < 3.0 Å and the angle < 20°). Specifically, every 5 

frames of each moxifloxacin-bound trajectory was loaded into VMD and hydrogen bonds for 

each moxifloxacin molecule were estimated separately from the last 25 ns of simulations, to 

allow for some equilibration. The mean occupancy and standard error of hydrogen bonds 

was taken from the 5 trajectories.  

 

6.2.3 Free Energy Set Up 

PMX353 was used to mutate amino acids from frames taken at 10 ns intervals from 20 ns 

onwards of each of the five 50 ns MD simulations, creating the new topology including the 

mutated state. As DNA gyrase has two gyrA and two gyrB subunits, each mutation required 

the mutation of two amino acids.  

 

GROMACS 2019.1 was used to perform equilibrium free energy calculations for each 

mutation for each apo and drug-bound starting structure using three steps, consistent with 

best practice236. Therefore, for each mutation three different free energies were calculated: 

DGqoff – the change in free energy when the partial electrical charges on the atoms to be 
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perturbed are removed,  DGvdW – the change in free energy energy when the vdW 

parameters are perturbed and DGqon – the change in free energy when the partial charges on 

the phase-in atoms are added back. Simulations were run for 500 ps using 8 equally spaced λ 

windows between 0 and 1. To help improve the accuracy of results obtained using 

thermodynamic integration, replica exchange was used; 10,000 replica exchanges were 

attempted between neighbouring λ-simulations every 1,000 timesteps. For mutations 

resulting in an increase in atom number,  an Alchembed procedure367 was introduced prior 

to running the 500 ps calculations; a short (1000-step) slow-growth simulation was run 

between the wild-type and mutated states in order to create a starting structure better able 

to prevent clashes arising from the growth of the new side chain. To further mitigate any 

clashing of sidechains or simulation crashing, for the vdW transitions for all mutations, and 

the qon transition of D94G, LINCS constraints were removed and the timestep appropriately 

reduced from 2 fs to 1 fs. To compensate for the removal of negative charge associated with 

the gyrA D94G mutation, a neutral ion approach was used, whereby the positive charge on a 

solvent sodium ion near the edge of the box was removed in parallel.   

 

Mutations involving amino acids with two chiral centres were checked for correct chirality in 

the mutated state because on initial testing, results for the gyrA S95T transition converged 

at two different DGvdW values (Figure 50a), which is theoretically impossible. Examination of 

trajectories 1-3 found that for both gyrA molecules, the Threonine sidechain was grown in 

with S chirality at the second chiral carbon (the first being attributable to the backbone 

chiral carbon common to all amino acids). In nature, this carbon of Threonine has R chirality 

(Figure 50b). Trajectories 4 and 5 correspond to one of the two gyrA Threonine 95 residues 

being grown in with R chirality and the other with S. Examination of the MD set up revealed 

that the GROMACS pdb2gmx tool, when renaming the Serine HB3 and HB2 atoms to HB1 
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and HB2, respectively, in the coordinate file, swapped the coordinates of the two atoms. To 

transform Serine into Threonine, the PMX software grows in the methyl group at the second 

chiral carbon and removes HB2 of Serine at this position. Therefore, PMX removed the 

incorrect hydrogen atom resulting in a Threonine with S chirality (Figure 50b) the majority of 

the time. To fix this bug, coordinates of HB1 and HB2 were manually swapped in the 

coordinate file before re-running the free energy set up and calculations.  

 

 

Figure 50 van der Waals transition of Serine to Threonine. a) DGvdW for gyrA S95T mutation in five 
independent free energy calculations. b) structural formulae of Serine, naturally occurring Threonine 
with R chirality at the second chiral carbon, and Threonine with S chirality at the second chiral carbon. 

 

Files and scripts necessary to reproduce the above steps, starting with the Alchembed step, 

for the gyrA A90V mutation can be found here: https://github.com/fowler-lab/tb-rbfe-setup. 
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6.2.4 Free Energy Calculation 

The first 250 ps of each free energy simulation was discarded to minimise equilibration 

effects. Free energies from individual steps were then calculated using thermodynamic 

integration, applying the trapezium rule to calculate the area under the curve (see Section 

2.3.2). To calculate the total difference in moxifloxacin binding free energy between wild 

type and mutated DNA gyrase (DDGbinding), the total free energy difference of the alchemical 

transition of the mutation in the apo state DNA gyrase was subtracted from that of the 

moxifloxacin-bound protein, as shown in the free energy cycle (Figure 51). 

 

 
Figure 51 Free energy cycle of moxifloxacin (MXF) binding the DNA gyrase cleavage complex. The 
subscripts qoff, vdW and qon describe the process of first removing the electrical charge from atoms 
being perturbed, followed by transforming their van der Waals parameter, before finally recharging 
the atoms being perturbed. Free energy is a state function, and therefore the difference in binding 
free energy (ΔΔGbinding) is a sum of the alchemical free energies (e.g. ΔG4 - ΔG3). 

 

The standard error of the mean (SEM) was calculated for each step (e.g. DGvdW), with the 

final error in ΔΔG estimated by adding that from all steps in quadrature. To estimate 95% 

confidence limits, the standard errors from each step were multiplied by the appropriate t-
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statistic. As repeating simulations to reduce statistical error is increasingly computationally 

expensive, four independent free energies were initially calculated for each step as is in best 

practice236. Then, to reduce the magnitude of the estimated error in an efficient manner, 

additional targeted repeats were run with the aim of reducing the magnitude of the total 

statistical error to less than 1 kcal mol-1, although this was not always possible even after 

running 10 or more repeat calculations for some steps (Table 29). The individual free 

energies for each step can be found in Appendix Table 9. 

 

MUTATION LEG STEP N SEM 
S95T apo (ΔG3) vdW 15 1.04   

qoff 5 0.16   
qon 5 0.16  

drug-bound (ΔG4) vdW 15 1.06   
qoff 5 0.72   
qon 5 0.72 

A90V apo (ΔG3) vdW 10 0.67   
qoff 5 0.07   
qon 4 0.96  

drug-bound (ΔG4) vdW 15 0.81   
qoff 5 0.08   
qon 5 0.75 

A90S apo (ΔG3) vdW 5 0.24   
qoff 5 0.04   
qon 5 0.79  

drug-bound (ΔG4) vdW 5 0.73   
qoff 5 0.09   
qon 8 0.87 

E501D* apo (ΔG3) vdW 10 1.55   
qoff 10 1.78   
qon 10 1.36  

drug-bound (ΔG4) vdW 10 1.23   
qoff 10 0.94   
qon 9 0.88 

D94G apo (ΔG3) vdW 4 2.73   
qoff 8 2.85   
qon 8 6.03  

drug-bound (ΔG4) vdW 5 2.76   
qoff 10 3.06   
qon 10 3.11 

Table 29 Number of repeat simulations run for alchemical transitions of DNA gyrase mutations in 
apo and drug-bound systems. * indicates a gyrB mutation.  
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As the choice to discard 250 ps from the start of each simulation was made arbitrarily, I 

investigated whether using different cut offs changed the results for one of the simple 

susceptible mutations, gyrA S95T, and the most complex mutation, gyrA D94G. On 

discarding 125 ps and 375 ps, compared to 250 ps, there was no difference in the final 

calculated DDG measurement for gyrA S95T or gyrA D94G (Figure 52a,b). 

 

 

Figure 52 Effect on RFBE predictions when discarding different amounts from the start of 
component FE simulations for a) gyrA S95T and b) gyrA D94G 
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6.2.5 Calculation of the DDG ECOFF equivalent and expected DDG of resistance conferring 

mutations 

To estimate the mean Minimum Inhibitory Concentration (MIC) of resistance conferring 

mutations, I took the geometric mean of MICs of isolates in the CRyPTIC dataset containing 

only that mutation above a background of any lineage associated mutations in the gyrA or 

gyrB genes. I am therefore assuming that any shift in MIC compared to the wild-type 

population is due solely to that mutation. To estimate the DDG value equivalent to an MIC 

value (such as the epidemiological cut off value (ECOFF) used to define clinical resistance, or 

the mean MIC of samples containing a resistance-conferring mutation), I used the following 

approximation set out by Fowler et al.354: 

DDG = ln( v / w ) x kT 

where v is the MIC value to convert (e.g. ECOFF, geometric mean), w is the geometric mean 

MIC of a genotypically wild type M. tuberculosis population (calculated using moxifloxacin 

MICs of isolates that the CRyPTIC Consortium had identified as genotypically wild-type), k is 

Boltzmann’s constant and T is 310 K.  

 

6.3 Results 

6.3.1 Molecular dynamics simulations 

The root mean squared deviation (RMSD) of the protein backbone remains at between 2 and 

4 Å during both the apo and moxifloxacin bound structure simulations and the plots begin to 

level off as the simulation time increases (Figure 53a,b). This low RMSD indicates that the 

gyrase structure is relatively stable, especially when considering that the complex is ~200 kDa. 

The plots suggest that several different confirmations have been sampled as there are higher 
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and lower RMSD events during the timeframe, but that complete convergence is unlikely as 

the RMSD is not plateaued in all cases; there are likely events occurring over a longer 

timeframe than that which I have simulated.  

 

 

Figure 53 RMSD of protein backbone atoms of (a) apo and (b) moxifloxacin-bound DNA gyrase 
cleavage complex protein backbone during 5x 50ns MD simulations 

 

The only hydrogen bonding between the fluoroquinolones and the DNA gyrase in the crystal 

structure is mediated by the water bridge co-ordinated by gyrA D94G. Since MD allows a 

dynamic study of the system it could suggest the presence of intermittent direct interactions 

such as hydrogen bonds. Analysis of inferred hydrogen bonds between the fluoroquinolones 

and the gyrase from the second half of the equilibration simulations suggest that a hydrogen 

bond forms occasionally between gyrA Arginine 128 and a carboxylic oxygen of moxifloxacin 

(Table 30, Figure 54).  
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HBOND (DONOR-ACCEPTOR) MEAN OCCUPANCY (%) 
ARG128-SIDE-MFX677-SIDE 21.6 ± 6.2 
MFX677-SIDE-TYY129-SIDE 0.5 ± 0.3 

 
Table 30 Hydrogen bonds formed between moxifloxacin (residue 677 in the crystal structure) and 
DNA gyrase cleavage complex residues and their mean occupancy from 5 independent MD 
simulations. Mean occupancy is calculated from occupancy over the last 25ns of MD simulation and 
standard error of the mean is shown. SIDE indicates atoms from the side chain of residues are 
involved in the interaction. The side chain of TYY129 includes all nucleotides in the covalently bound 
DNA strand. 

 

 

 

Figure 54 Hydrogen bond formed between gyrA Arginine 128 and moxifloxacin (residue number 677 
in PDB:5BS8184) during molecular dynamics simulation 

 

There is a difference between the two fluoroquinolone binding positions whereby the gyrA 

Arginine 128 residue adjacent to one moxifloxacin molecule forms these interactions but the 

other does not (Table 31). A few other hydrogen bonds are inferred, but these are at lower 

than 10% occupancy and typically only seen in one of the five simulations. 
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HBOND (DONOR-ACCEPTOR) MEAN OCCUPANCY (%) 
ARG482-SIDE-MFX676-SIDE 5.8 ± 4.7 
TYY129-SIDE-MFX676-SIDE 0.1 ± 0.1 
ARG128-SIDE-MFX676-SIDE 0.1 ± 0.1 

 
Table 31 Hydrogen bonds formed between moxifloxacin (residue 676 in the crystal structure) and 
DNA gyrase cleavage complex residues and their mean occupancy from 5 independent MD 
simulations. Mean occupancy is calculated from occupancy over the last 25ns of each MD simulation 
and standard error of the mean is shown. SIDE indicates atoms from the side chain of residues are 
involved in the interaction. The side chain of TYY129 includes all nucleotides in the covalently bound 
DNA strand. 

 

6.3.2 Free energy calculations 

A positive value of the change in binding free energy of the antibiotic (ΔΔG > 0) indicates 

that the antibiotic binds less well to the target following the mutation and therefore would 

be predicted to confer resistance to that drug. Clinically, however, a sample is categorized as 

‘resistant’ if its minimum inhibitory concentration (MIC) is greater than a critical 

concentration, often the ECOFF, which is defined as the MIC of the 99th percentile of a 

collection of phenotypically-wildtype samples. The threshold for moxifloxacin resistance (1.2 

kcal mol-1) was derived using published ECOFF values272 as described in Section 6.2.5.  

 

Four independent values of ΔΔG were first calculated. Each value of ΔΔG required the 

calculation of 6 alchemical free energies (Figure 51). Repeats of the alchemical free energy 

components exhibiting the greatest variation were then run to efficiently reduce the 

confidence limits of the prediction as described in Section 6.2.4. First let us consider the 

overall values of ΔΔG and whether successful predictions can be made. 
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Both negative controls (S95T and A90S) were correctly predicted to not affect the binding of 

moxifloxacin to the DNA gyrase (Figure 55, Table 32). Although hyper-susceptibility is 

expected for A90S, the magnitude of the confidence limits are too large to confirm or refute 

this. No definite prediction could be made for any of the three mutations associated with 

moxifloxacin resistance since the confidence limits of all three mutations straddled the 

clinical threshold.  However, the A90V mutation does significantly decrease the binding 

affinity for moxifloxacin, as the DDG is positive. The mutations that involved charged 

residues (E501D and D94G) had the largest estimated errors, and the magnitude of these 

errors prevent any conclusions being drawn.  

 

 

Figure 55 The calculated effect of the listed mutations on the binding free energy of moxifloxacin to 
DNA gyrase. Dotted lines represent the value of DDG equivalent to the epidemiological cutoff value 
for moxifloxacin; above this value an M. tuberculosis isolate would be considered clinically resistant. 
Bars represent the mean DDG for each susceptible (blue) and resistant (red) mutation compared to 
the wild-type protein and 95% confidence limits are shown, calculated using the appropriate t-
statistic. An asterisk (*) indicates a mutation in gyrB. 
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MUTATION EXPECTATION DDG (KCAL MOL-1) N PREDICTION 
S95T Susceptible -1.6 ± 1.8 50 Susceptible 
A90S Hyper-susceptible -1.1 ± 1.4 33 Susceptible 
A90V Resistant 2.0 ± 1.6 44 Uncertain 
E501D* Resistant -2.0 ± 3.2 59 Uncertain 
D94G Resistant -2.8 ± 8.9 45 Uncertain 

Table 32 Summary of free energy calculations for DNAG mutations. N is the total number of free 
energy calculations used to calculate the DDG. * indicates a mutation in gyrB. 

 

To see how the ΔΔG values compared with clinical resistance measurements, the ‘expected 

ΔΔG’ corresponding to the geometric mean of MICs associated with each of the resistance 

conferring mutations, was calculated using previously described methods354. However, the 

errors in both the ‘expected ΔΔG’ and the ΔΔG values calculated by RBFE were too large to 

draw any conclusions about how well the values compare with one another (Figure 56). 

 

 

Figure 56 RBFE calculated mean DDG measurements of moxifloxacin resistance conferring 
mutations compared to the expected DDG measurement. Expected DDG measurements for each 
mutation were calculated from the geometric mean minimum inhibitory concentration (MIC) of a 
population of isolates containing each resistance conferring mutation and no other gyrA/gyrB 
mutation in an otherwise genetically wild-type background, using previously described methods354. 
Error bars represent 95% confidence interval. 
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6.3.3 Investigation of sources of error 

To further examine what is driving the magnitudes and confidence limits of the individual 

DDG values in Figure 55, I analysed the alchemical free energy components from the de-

charging (DGqoff), van der Waals (DGvdW) and re-charging (DGqon) transitions (Figure 51) for 

both apo and drug-bound legs of the free energy calculations (Figure 57). As expected, there 

were no significant differences for the susceptible mutations between the mean apo and 

drug-bound values of DGqoff, DGvdW and DGqon and the estimated error is generally low. 

 

Differences in DGvdW between the apo- and complexed DNA gyrase appear mainly 

responsible for the positive value of DDG for A90V. Since the mutation involves the 

introduction of a larger sidechain that is oriented towards moxifloxacin, this is consistent 

with decreased binding affinity arising primarily through steric hindrance of the moxifloxacin 

binding site. 

 

For E501D and D94G, all three transitions contribute significant error (Figure 57), which 

since they add in quadrature, leads to a large overall error in DDG. This is not surprising since 

both mutations involve turning off (and on) electrical charge and D94G involves a net charge 

change that must be compensated for elsewhere in the system. For D94G, the error arising 

from the DGqoff, and DGqon is larger than that of the DGvdW despite efforts to minimize the 

overall error by running more repeats for those transitions (Table 29) to reduce their 

individual estimated errors.  
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Figure 57 Apo (light grey) and drug-bound (dark grey) free energy calculations for DNA gyrase 
mutations for de-charging (qoff), van der Waals (vdW), and re-charging (qon) transitions. All results 
are normalized to the mean of the calculations for the apo leg for each transition for each mutation. 
Mean values are denoted by a cross and the error bars describe the 95% confidence limits, calculated 
from the SEM using the appropriate t-statistic. An asterisk (*) indicates a mutation. 

 

By starting each simulation from a different structural seed and discarding the first half of 

the alchemical free energy simulations and then applying statistics to the resulting values of 

DG, it is assumed that they are independent. If true, then one would also expect the values 

to be normally distributed; this would appear to be the case for most sets of DG values 

(Figure 58). Applying the Shapiro-Wilks test of normality to the data confirms that, despite 

the small numbers of samples in some cases, the majority of DG values are indeed normally 

distributed with the exceptions of the DGvdW for the apo leg of S95T and DGqon for both the 

apo and drug bound leg of D94G. 
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Figure 58 Swarm plots of individual results from apo (light grey) and drug bound (dark grey) 
alchemical free energy calculations for mutations in the DNA gyrase. All results are normalized to 
the mean of the calculations for the apo leg for each qoff, vdW or qon transition for each mutation. p-
values from Shapiro Wilks test are displayed for each transition showing evidence of non-normality in 
the repeated calculations, transitions where no p-value is shown indicates there was no evidence of 
non-normality in the data (p > 0.05). An asterisk (*) indicates a mutation. 

 

To test how far the simulations are from normality, four apo and five drug-bound 

simulations underlying the most variable component of the most complex mutation, D94G 

(Figure 57), were extended by an order of magnitude (from 0.5 ns to 5 ns). As assessed by 

the Shapiro-Wilks test, the resulting distributions of apo- and drug-bound free energies no 

longer showed evidence of non-normality after 5 ns of simulation (p = 0.92 and p = 0.16) but 

the distribution of results for the repeated calculations, and therefore the error, remains 

large (Figure 59). 
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Figure 59 Swarm plots of individual results from apo and drug-bound 5 ns alchemical free energy 
calculations for the qon transition of DNA gyrase gyrA D94G mutation. Results are normalised to the 
mean of the calculations for the apo leg. p values from Shapiro Wilks test are displayed. 

 

As I am using thermodynamic integration with the trapezium rule to calculate free energies, 

the accuracy, bias and error introduced is dependent in part on the degree of curvature in 

the component free energy calculations236, 368. More complex transitions, i.e. those with a 

greater difference between starting and end states, are more likely to have increased 

curvature especially at l values close to the extremes (0 and 1). I therefore investigated the 

curvature in individual qoff, vdW and qon free energy components for a simple susceptible 

mutation, gyrA S95T, which involves the growing in of a methyl-group and no change in 

charge, and the most complex mutation, gyrA D94G, which involves a significant reduction in 

atom number and removal of a full negative charge (Figure 60a-b). As expected, for gyrA 

S95T, there was no curvature observed for either qon and qoff transitions as there is no 

major charge change. The vdW transition for both apo and drug-bound systems, where the 

key change occurs in growing in a methyl group, do show some gentle curvature through 

mid-range values of l (Figure 60a), and the error for this transition was larger than for qoff 

or qon transitions (Figure 57). In contrast, for both apo and drug-bound legs of the D94G 

mutation, there is a high degree of curvature towards l=1 in the vdW transition where the 
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large side chain of Aspartate is removed (Figure 60b). Unexpectedly there was little 

curvature observed in the qoff transition, where the main negative charge of the Aspartate 

side chain is removed, and the transition contributed a large amount of error (Figure 57). In 

general, the individual <dU/dl> values are much larger in magnitude for the gyrA D94G 

mutation than S95T, which is not unexpected due to the magnitude of change, but may 

explain why there is larger error associated with the gyrA D94G prediction (Figure 55). 

 

Figure 60 Curvature in qoff, vdW and qon l0®1 free energy calculations for (a) gyrA S95T and (b) 
gyrA D94G. Apo results are shown in light grey and drug-bound results in dark grey. 
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6.4 Discussion 

 As exemplified by previous studies, short RBFE calculations can make correct resistant and 

susceptible predictions354, 361. However, on the large, complex DNA gyrase system, the 

combination of small fold increases in MIC and significant changes in properties associated 

with resistance conferring mutations meant that the estimated error of DDG was too large 

for definite predictions to be made in several instances (Figure 55). It is not wholly 

unexpected that we saw larger errors than in other RBFE studies349-351 as the DNA gyrase 

system is very large and complex, and in addition, each genetic mutation results in two 

mutations in the protein complex, which both contribute error. 

 

There was more error associated with the mutations that involved charged residues, gyrA 

D94G and gyrB E501D than those that did not, and substantial error arose from the qoff and 

qon transitions (Figure 55, Figure 57). In order to reduce the estimated statistical error from 

these transitions to half the current value, at least 4x the number of simulations would need 

to be run (assuming the simulations are independent).  The introduction of more, targeted,  

λ windows to reduce bias and error from regions of transitions with high curvature in 

calculations for complex mutations, such as gyrA D94G, could also help reduce error, 

however the transitions with the greatest curvature were not necessarily the most variable 

(Figure 58, Figure 60b).  

 

To calculate statistical significance, it is assumed that conformations used to seed each 

calculation are independent of one another or that the λ simulations are long enough to 

allow the initial state to be ‘forgotten’. Given the use of very short λ simulations the latter is 
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almost certainly not true and the observed non-normality of the DGqon free energy for D94G 

indicates that these values are not always independent (Figure 58). To solve the non-

normality problem, either the λ simulations would have to be extended by at least an order 

of magnitude or the equilibration simulations would need to be more numerous as well as 

longer. It is not unreasonable to suggest that the equilibration simulations should be longer 

as the structures contain DNA, for which equilibration in the order of µs has been 

suggested369.  

 

If the magnitude of the error was sufficiently reduced, it is still probable that predictions will 

be influenced by inaccuracies elsewhere in the system: there remains limitations in that 

forcefield parameters for ions and small molecules are not always accurate370 and indeed in 

this instance they are unlikely to be so as harmonic distance restraints were required 

between moxifloxacin and its  coordinated Magnesium ion. Further, accurate predictions for 

charge changing mutations such as gyrA D94G may still prove challenging, as unwanted 

electrostatic artifacts may prevail in the system despite keeping the total system net 

neutral371. There are however several mathematical correction options to account for these 

effects which could be considered371-373. Finally, by using the RBFE method to predict 

resistance, one assumes that the mutation causes resistance by disrupting antibiotic binding 

and this may not always be the case – for example a gyrB A642P mutation is associated with 

increased resistance to fluoroquinolones203, yet the mutation is located at the exterior of the 

protein, far from the drug-binding site. In future, isothermal titration calorimetry data could 

help confirm whether the mutations cause a decrease in binding affinity for the drug and 

would provide a better quantitative benchmark for RBFE results than MIC data.  
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As discussed elsewhere in this thesis (see Section 5.4), it may be more useful to be able to 

predict susceptibility accurately and reproducibly than resistance since this can allow a 

patient to immediately start treatment on an appropriate regimen. Although both 

susceptible mutations were correctly predicted in this instance, the scale of estimated errors 

suggest it may be more difficult to predict susceptibility than resistance using RBFE. Let us 

assume that most susceptible mutations will not affect the binding affinity for the antibiotic, 

and hence would have a DDG of zero. The predicted DDG of such mutations would therefore 

require the estimated error to be at least less than the value of the clinical cut off used (for 

DNA gyrase 0.9 kcal mol-1) to make a confident susceptible prediction. The magnitude of 

error for the mutations in this study was greater than the ECOFF in all cases (Table 32). It is 

likely that the error could be reduced by running a greater number of repeats, however 

some mutations can result in a small increase in MIC but not enough to confer resistance (as 

susceptibility can be defined as any MIC up to the ECOFF), and in such cases even a lower 

level of error (± 0.5 kcal mol-1) may still prove insufficient for prediction. 

 

Despite the limitations in making resistance and susceptibility predictions using RBFE, the 

MD simulations generated are useful for probing system dynamics which can direct 

hypotheses to explain in vitro behaviours or improve drug efficacy. Analysis of static crystal 

structure suggests no gyrase amino acids make specific contact with fluoroquinolones, aside 

from the water bridge network coordinated by gyrA D94184, but my study suggests a 

hydrogen bond could form between gyrA R128 and a carboxylic oxygen of moxifloxacin 

(Table 30, Figure 54). Interestingly, this interaction was only observed at one 

fluoroquinolone binding site. The only difference between the two binding sites is the DNA 

sequence at each position, suggesting that the different nucleotides may cause the 

differential hydrogen bond networks seen at the two sites. Indeed, this could rationalise why 
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fluoroquinolone-mediated cleavage has some DNA sequence preference in other bacterial 

species374, 375. If the hydrogen bonding interaction is genuine, this, together with information 

about DNA sequence preference, could provide direction for the design of more effective 

fluoroquinolone antibiotics, particularly as gyrA R128 is essential for catalysis and therefore 

well conserved341, 342. 

 

I conclude that the RBFE approach is not yet suitable for making a rapid fluoroquinolone 

resistant or susceptible prediction for DNA gyrase mutations in Tuberculosis. This is 

principally due to the large errors and inability to make predictions with sufficient 

confidence. Implementation of the solutions suggested to reduce error and ensure 

independence in this discussion using the software and compute that were employed for 

this study (see Section 6.2) would be prohibitively computationally expensive. However, 

yearly software updates with increased performance and use of modern Graphics Processing 

Units (GPUs) and cloud computing could offer improved speed and efficiency to facilitate 

further study359, 376. Hopefully, continued improvements software, compute, forcefields and 

correction schemes could make RBFE calculation a viable option for studying large and 

complex biochemical systems such as this in the future. 
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7 Summary and conclusions 

The aim of this thesis was to build upon our knowledge of fluoroquinolone resistance and 

test new methods to predict fluoroquinolone resistance from WGS data to ultimately help 

improve the performance of sequencing-based methods for fluoroquinolone DST.  In this 

chapter I will summarise the main findings of this thesis, their significance, and implications 

for the future of fluoroquinolone DST and further research. I will then emphasise the 

overarching strengths and limitations of my work, before concluding. 

 

7.1  Main findings and their implications 

7.1.1 There is a high level of fluoroquinolone resistance 

Analysis of the CRyPTIC dataset revealed that 38.8% of RR/MDR isolates collected were pre-

XDR (Figure 24) and of the true MDR isolates over 40% had fluoroquinolone resistance 

(Figure 29). This is far higher than the WHO estimate of 20%. It is acknowledged that the 

proportion of fluoroquinolone resistant MDR isolates in this dataset is artificially high due to 

the large number of samples contributed by India (Figure 25), but the removal of this site, 

and others associated with a high prevalence of fluoroquinolone resistance still resulted in a 

figure of 33.0% of RR/MDR isolates having resistance to a fluoroquinolone (see Section 

3.3.3).  This level of resistance is particularly concerning because fluoroquinolones are 

recommended for most MDR treatment regimens and are one of the safest and most 

effective drug choices (Table 4, Table 2).  
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The potential shortfall in the WHO estimate of fluoroquinolone resistance prevalence 

further highlights the acknowledged lack of fluoroquinolone resistance surveillance and 

DST110. This, combined with the likely increased use of fluoroquinolones for TB treatment as 

the use of second-line injectables is phased out and new drug-susceptible regimens are 

adopted, means that it is imperative to increase DST for fluoroquinolones. The high 

proportion of MDR TB samples with fluoroquinolone resistance, indicates that 

fluoroquinolone DST should be performed at the same time as testing for MDR.  

 

Additionally, if levels of fluoroquinolone resistance increase further, as is probable, we will 

see higher levels of pre-XDR TB, for which the BPaL regimen is recommended, but may have 

limited efficacy109. We may also see an increase in XDR cases, which are difficult to treat, as 

the NRDs bedaquiline and linezolid become more widely used without an effective 

fluoroquinolone (Table 4). As there are currently no PCR based diagnostic tests for the NRDs, 

and we have limited knowledge of the genetic determinants of resistance thus far, time-

consuming culture-based DST will be required to diagnose these cases. 

 

7.1.2 Fluoroquinolone resistance can arise prior to first line treatment 

Concerningly, the dataset shows that fluoroquinolone resistance can emerge prior to 

resistance to first line treatments and therefore, one assumes, before the TB was treated 

(Figure 29). Fluoroquinolone drugs are used to treat a range of other infections and prior 

fluoroquinolone treatment is associated with a three times greater likelihood of having 

fluoroquinolone resistant TB190. This suggests acquisition of resistance can occur during 

latent infection, and if true, this could be more likely for fluoroquinolone resistance than for 
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other drug resistance because the most common resistance conferring mutations may not 

have a fitness cost324 (Figure 38a-d) and therefore would not be outcompeted by any 

remaining wild type population once fluoroquinolone treatment stops.  

 

It is imperative that the availability and prescription of fluoroquinolones for any disease is 

more carefully considered, especially when one considers the estimated prevalence of latent 

TB is around 25% of the global population9. Fluoroquinolones are among the safest and most 

effective drugs for TB treatment (Table 2) and their stewardship is therefore vital for good 

treatment outcomes. This finding also has implications for DST, in that if resistance emerges 

prior to MDR, fluoroquinolone DST should be considered at the same time as rifampicin DST. 

 

7.1.3 Moxifloxacin and levofloxacin are different 

Throughout this thesis we have found several differences between the fluoroquinolones, 

levofloxacin and moxifloxacin. Firstly, there were differences in the level of resistance to 

each of the drugs: 

o Isolates in the CRyPTIC dataset were more likely to have resistance to levofloxacin 

than moxifloxacin in all backgrounds tested (Figure 27a-d).  

o There are several examples of isolates that were resistant to moxifloxacin and not 

levofloxacin and vice versa (Figure 23). 

Although there was no significant difference seen in the prevalence of different non-

synonymous SNPs in levofloxacin and moxifloxacin resistant isolates in the largest 

background group (MDR, Lineage 2 and originating from India) (Table 11), there were 
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different associations between the level of moxifloxacin and levofloxacin resistance 

conferred by the most common resistance conferring mutations:  

o Lineage 3 isolates with gyrA D94G or gyrA A90V were associated with lower 

moxifloxacin MICs compared to Lineage 2 isolates (Table 16, Table 18), but there 

was no significant difference in levofloxacin MIC for isolates with gyrA D94G or gyrA 

A90V in different lineage backgrounds (Table 15, Table 17). 

Finally, the performance of resistance prediction methods was different for levofloxacin and 

moxifloxacin: 

o The detection of moxifloxacin resistance in the CRyPTIC dataset using the WHO 

catalogue and the mutations detected by molecular diagnostic tests was more 

sensitive for moxifloxacin than for levofloxacin (Figure 36) but the specificity was 

generally higher for levofloxacin resistance prediction (Figure 36).  

o For binary predictions made using machine learning models there was relatively 

little difference in sensitivity for the best performing models (96.8% vs 97.5%) but 

the specificity was again higher when predicting levofloxacin resistance (Figure 

43a,b). 

o For machine learning models predicting MIC, the accuracy and essential agreement 

for levofloxacin MIC prediction was higher than for moxifloxacin (Figure 45a,b, 

Figure 46a,b).  

 

These observed differences suggest that the drugs should be treated separately for 

resistance prediction, yet the fluoroquinolones are often grouped together when making 

catalogue-based or machine learning predcitions344. A prediction of simply ‘fluoroquinolone 
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resistant’ may result in the proportion of patients that would be susceptible to one of the 

two fluoroquinolones (Figure 23) being denied treatment with the most safe and effective 

choice (Table 2). The difference in the performance of the DST or predictive tool used for 

each of the drugs should be considered when choosing a treatment option; it would be 

preferable to use the drug for which a more reliable resistance prediction could be made, to 

increase the likelihood of appropriate treatment and to achieve more reflective resistance 

surveillance.  However, I acknowledge that other considerations such as cost and local 

availability, and safety and effectiveness (see Section 1.4.1), will likely remain the most 

important factors when selecting the most appropriate fluoroquinolone for TB treatment. 

 

7.1.4 There are complex associations with fluoroquinolone resistance 

I found that some mutations are associated with lineage, country of origin and phenotypic 

resistance backgrounds and that the level of resistance to levofloxacin and moxifloxacin is 

also associated with several different factors. Specifically:  

o Fluoroquinolone resistant isolates of Lineage 1 and Lineage 4 were less likely to have 

a gyrA D94G mutation than Lineage 2 isolates and Lineage 4 isolates were more 

likely to have a gyrA A90V mutation than Lineage 2 isolates (Table 13, Table 14).  

o Isolates from China were less likely to contain the most common resistance 

conferring mutation gyrA D94G than isolates from India (Table 13), but the 

levofloxacin and moxifloxacin MIC of isolates with a gyrA D94G mutation was higher 

in China than in India (Table 15, Table 16). 

o Lineage 3 isolates with either a gyrA D94G or gyrA A90V mutation were associated 

with lower moxifloxacin MICs compared to Lineage 2 isolates (Table 16, Table 18) 
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o The moxifloxacin and levofloxacin MIC of isolates containing gyrA D94G were 

negatively associated with an isoniazid and rifampicin susceptible background and 

an isoniazid mono-resistant background compared to a rifampicin resistant/MDR 

background (Table 15, Table 16).  

o The moxifloxacin and levofloxacin MIC of isolates containing gyrA A90V were 

negatively associated with an isoniazid and rifampicin susceptible background 

compared to a rifampicin resistant/MDR background (Table 17, Table 18).  

o Double resistance conferring mutations, although rare, confer a higher level of 

resistance than either mutation individually (Table 12, Figure 34).  

These findings suggest that a ‘one size fits all’ approach to predicting resistance such as 

molecular diagnostics or WGS with catalogue-based prediction will have limited 

performance, and indeed no single approach detected all the fluoroquinolone resistance 

present in the CRyPTIC dataset (Figure 36a,b). It is therefore important that new predictive 

options that consider a range of background factors, such as the machine learning models in 

chapter 5, are considered.  To determine whether the associations are causative, in vitro 

evolution studies and MIC and relative fitness testing will be necessary to confirm or refute 

the hypotheses inspired by the regression models.  

 

7.1.5 Including mixed alleles significantly improves catalogue performance  

The prevalence of samples with mixed alleles in the DNA gyrase genes was at least 5.2% in 

the CRyPTIC dataset and all 14 catalogue resistance associated mutations were seen as part 

of a mixed population in at least one sample (Table 19). When predicting levofloxacin and 

moxifloxacin resistance from WGS data using the catalogue approach, there was a near 10% 

increase in the sensitivity without a significant decrease in specificity when including mixed 
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alleles (Figure 39a,b), bringing the fluoroquinolones into line with the first-line drugs 

isoniazid, rifampicin and ethambutol42. I also found that there was no correlation between a 

proxy for the relative size of the minority population (FRS) and MIC which suggests that even 

populations where a resistance conferring allele is only present in a small fraction can 

rapidly grow and outcompete a majority wild-type population in the presence of a 

fluoroquinolone antibiotic (Figure 38a-d).   

 

The prevalence of mixed populations and the huge improvements their inclusion provides 

for catalogue-based resistance prediction means it is vital that all fluoroquinolone DST 

methods detect resistance present in a minor population. Together the findings also have 

strong implications for WGS pipelines; adequate sequencing depth across the DNA gyrase 

genes is important to detect very small minor populations as these are highly likely to be 

clinically relevant, and all mixed alleles at resistance associated genome indexes should be 

reported.  

 

An important follow on to this work is to create a standardised bioinformatic pipeline for 

WGS variant calling in TB and specifically determine the optimal filters, including the optimal 

FRS cut-off, for how levofloxacin or moxifloxacin resistant variants should be called. A deep 

sequencing study could be considered to define the optimal cut offs; the CRyPTIC dataset 

provides relatively limited insight into very minor populations due to the low and variable 

sequencing depth (Figure 37). It would also be worth investigating whether any thresholds 

should be specific for each gene or resistance associated mutation.  
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7.1.6 Machine learning models can predict fluoroquinolone resistance 

The machine learning models trained to predict resistance and susceptibility to levofloxacin 

and moxifloxacin had high sensitivities (Figure 43a,b) and the best performing models 

correctly predicted the phenotypes of most of the known mutations (Table 26, Table 27). 

Little explored until now in this discipline, protein structured-based machine learning models 

were also able to predict the MIC of isolates with good essential agreement (Figure 46a,b). 

As more data are collected to inform these and other machine learning models, their 

performance will continue to improve. 

 

These results are especially encouraging because once machine learning models are trained, 

a prediction for a new clinical sample can be made almost instantaneously, and one can 

even predict the effect of all possible amino acid mutations (Appendix Table 3, Appendix 

Table 4, Appendix Table 5, Appendix Table 6) which would be highly impractical for more 

computationally intensive approaches such as RBFE calculations. The particularly high 

sensitivity of models suggest they might be best used to predict susceptibility, and in doing 

so, rule out resistance, to enable patients to start treatment programmes rapidly.  

 

The high sensitivity of structure-based machine learning models for fluoroquinolone 

resistance prediction (Figure 43a,b), and the relative importance of protein structural 

features in the models (Table 24, Table 25), have implications for the wider field of 

infectious disease. A structure-based approach could be successful for predicting resistance 

in a range of other bacteria with DNA gyrase enzymes that are treated with 

fluoroquinolones: there are DNA gyrase crystal structures resolved from several infectious 
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species including Staphylococcus aureus377, Streptococcus pneumoniae378 and Escherichia 

Coli379.  DNA gyrase enzymes are also highly conserved342 and therefore structure-based 

predictions for one species could also be useful for making initial predictions in others where 

a crystal structure is not yet elucidated, and this could be explored in further work. Although 

the focus of this thesis is the fluoroquinolones, in theory, structure-based machine learning 

models could be useful for resistance prediction for any drug where resistance is primarily 

target mediated and a crystal structure has been elucidated. 

 

7.1.7 The RBFE calculations could not make confident resistance predictions  

Unfortunately, RBFE calculations could not make sufficiently confident predictions for two of 

the three resistance conferring mutations tested (Figure 55) and there was evidence of 

inaccuracy and non-normality in the calculations (Figure 58, Figure 60). The RBFE 

calculations were also difficult to set up; adaptations were required for modelling the 

protein-DNA covalent bonds, the moxifloxacin-Mg2+ interactions and mutations involving 

chiral centres (see Sections 6.2.1, 6.2.3). Together, these findings suggest RBFE may not yet 

be appropriate from making rapid predictions for large and complex protein targets.  

 

I consider the main barrier to using the RBFE approach to predict fluoroquinolone resistance 

is the computational requirement that would be necessary to make a confident prediction. 

However, I think it important to remember that other tools, including machine learning, 

were originally shunned due to their computational requirements. I am therefore optimistic 

that continued improvement to MD codes and computational architecture could make RBFE 

a viable option in future. Further, the set-up of calculations is becoming more user friendly 



 

 221 

as toolkits and packages for setting up and running simulations are continually developed by 

the community through the addition of new features380. 

 

Although the use of RBFE is not yet a practical primary predictive tool, there are important 

advantages to consider for a MD-based predictive approach; MD is theoretically exact and 

the chemical rationale for predictions can be understood. A combination of molecular 

dynamics and machine learning could therefore be considered, and I think there are two 

options that would be viable to explore:  

o One could use features derived from molecular dynamics simulations to inform the 

machine learning models as these may be more representative than equivalent 

features measured from the static crystal structure. 

o One could consider a funnelled approach, as we have previously proposed381. The 

effect of a mutation could be first predicted by a machine learning model where 

susceptible isolates could be quickly and accurately identified, as machine learning 

models predicting resistance had high sensitivity (Figure 43a,b). Any resistant 

predictions with low confidence could then be tested using an RFBE approach as 

further evidence.  

 

7.2  Strengths and limitations 

Although the strengths and limitations of individual analyses are discussed in the relevant 

chapter discussions, there are several overarching strengths and limitations of this work that 

should be highlighted and acknowledged. 
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7.2.1 Strengths 

The major strength of this work is in the size of the dataset used to support my findings, 

which is unparalleled. This work shows how clinical data can be used to increase our 

understanding of patterns associated with resistance and build models to predict resistance. 

Further, the availability of the dataset and the codes used for analysis means analyses are 

reproducible and translatable to facilitate and inspire further research. 

 

7.2.2 Limitations 

There are several limitations to individual analyses which are discussed in the relevant 

chapter discussions, but there are some limitations that apply to the entirety of this thesis. 

Firstly, many findings are dependent on the ECOFFs used to distinguish resistance and 

susceptibility, and these could be wrong. Secondly the information collected for each 

CRyPTIC sample is limited, for example there is little or no data on prior treatment and the 

origin of a significant proportion of samples was not recorded, which could cause residual 

confounding. The genetic information on each sample is also constrained by the moderate 

depth to which each sample was sequenced. This is insufficient to probe just how small a 

minority population can be yet still give rise to resistance at the level of the sample in the 

presence of a fluoroquinolone, leading to possible inaccuracies in statistical models, training 

sets for machine learning and the average MICs calculated to compare with predictions from 

free energy calculations. Finally, the dataset is biased, although this is by design to ensure a 

diverse range of resistant isolates, and it means the data are not truly representative of 

global resistance patterns and makes comparison between different geographies and 

lineages difficult. Further, it is important to consider that the data contain relatively few 
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Lineage 6 isolates and no Lineage 5 isolates, so my conclusions may not hold for all TB 

infections.  

 

7.3  Conclusion 

Fluoroquinolone resistance poses a major threat to the treatment of TB and it is imperative 

that resistance in clinical samples is detected and action taken. WGS offers an attractive 

alternative to time consuming phenotypic DST and could become more accessible as 

cheaper sequencing technologies, such as Oxford Nanopore, are adopted. Catalogue-based 

resistance prediction from WGS data has important limitations due to the complexity of the 

genetic determinants of fluoroquinolone resistance, including minor alleles, lineage, country 

of origin and additional resistance, and the approach will never be exhaustive. Predictive 

methods that consider the effect of mutations on protein structure and chemistry could help 

address the exhaustivity problem: machine learning offers an attractive solution to improve 

performance of WGS for DST, whilst RBFE calculations could have application in future. 

There is still much to learn about the genetic determinants of fluoroquinolone resistance 

and this work highlights the impact of large, high-quality, matched phenotypic and WGS data 

to build both associative and predictive models. 
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9 Appendix 

Appendix Table 1 Features selected by recursive feature elimination for binary machine learning 
classifiers to predict levofloxacin resistance. 1 indicates that a feature was selected. 

Feature Logistic Regression Random Forest XGBoost 

Atom change 1 1 
 

Volume change 1 1 1 

Hydropathy change 
 

1 
 

Charge change 1 1 
 

H-donor change 
 

1 
 

H-acceptor change 1 1 
 

Rotable bond change 
 

1 
 

Aromatic ring change 1 1 1 

Sulphur change 1 1 
 

Snap2 score 
 

1 
 

Residue depth 
 

1 
 

Ligand distance 1 1 1 

Ligand Mg distance 1 1 1 
Catalytic Mg distance 1 1 1 

DNA distance 1 1 1 

Relative solvent accessibility 
 

1 1 
Stability change 1 1 

 

Protein H-bonds 
 

1 1 

DNA H-bonds 1 1 
 

Protein-protein affinity change 1 1 
 

In gyrA 1 1 
 

In gyrB 1 1 
 

Secondary structure B 
   

Secondary structure E 1 1 
 

Secondary structure G 1 
  

Secondary structure H 1 1 1 

Secondary structure I 
   

Secondary structure unknown 1 1 
 

Secondary structure T 1 1 
 

Secondary structure S 
   

Lineage 1 
 

1 
 

Lineage 2 1 1 1 

Lineage 3 1 1 
 

Lineage 4 1 1 1 
Lineage 6 
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Ligand interaction none 1 1 
 

Ligand interaction unknown 1 1 
 

Ligand interaction salt bridge 
   

Ligand interaction water bridge 1 1 
 

Mixed allele 1 1 1 

Isoniazid and rifampicin susceptible 1 1 1 

Isoniazid mono resistant 1 1 
 

Rifampicin mono resistant 1 1 
 

Multi drug resistant 1 1 1 

Isoniazid and rifampicin resistance unknown 1 1 
 

Sample from Brazil 1 1 
 

Sample from China 1 1 1 

Sample from Germany 1 1 
 

Sample from India 1 1 1 

Sample from Italy 
 

1 
 

Sample from Kyrgyzstan 1 1 
 

Sample from Nepal 1 1 1 

Sample from Pakistan 
 

1 
 

Sample from Peru 1 1 1 
Sample from Tajikistan 1 1 

 

Sample from Turkmenistan 1 1 
 

Sample from Ukraine 1 1 
 

Sample from Vietnam 1 1 1 

Sample from South Africa 1 1 1 

Total features selected 44 53 20 

 

Appendix Table 2 Features selected by recursive feature elimination for binary machine learning 
classifiers to predict moxifloxacin resistance. 1 indicates that a feature was selected.  

Logistic Regression Random Forest XGBoost 
Atom change 1 1 1 

Volume change 1 1 1 

Hydropathy change 1 1 1 
Charge change 

 
1 1 

H-donor change 1 1 1 

H-acceptor change 1 1 1 
Rotable bond change 1 1 

 

Aromatic ring change 1 
 

1 

Sulphur change 1 
  

Snap2 score 
 

1 1 

Residue depth 1 1 
 

Ligand distance 
 

1 1 
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Ligand Mg distance 1 1 1 
Catalytic Mg distance 

 
1 1 

DNA distance 1 1 1 

Relative solvent accessibility 
 

1 
 

Stability change 1 1 1 

Protein H-bonds 1 1 1 

DNA H-bonds 1 1 
 

Protein-protein affinity change 1 1 1 

In gyrA 1 
 

1 

In gyrB 1 
  

Secondary structure B 
   

Secondary structure E 1 
  

Secondary structure G 
   

Secondary structure H 
 

1 
 

Secondary structure I 
   

Secondary structure unknown 1 1 
 

Secondary structure T 1 
  

Secondary structure S 1 
  

Lineage 1 
 

1 1 
Lineage 2 1 1 1 

Lineage 3 1 1 1 

Lineage 4 1 1 1 
Lineage 6 

   

Ligand interaction none 
 

1 
 

Ligand interaction unknown 1 1 
 

Ligand interaction salt bridge 
   

Ligand interaction water bridge 
   

Mixed allele 1 1 1 
Isoniazid and rifampicin susceptible 1 1 1 

Isoniazid mono resistant 1 1 1 

Rifampicin mono resistant 1 
 

1 
Multi drug resistant 1 1 1 

Isoniazid and rifampicin resistance unknown 1 1 1 

Sample from Brazil 
   

Sample from China 1 1 1 

Sample from Germany 1 1 1 

Sample from India 1 1 1 
Sample from Italy 1 1 1 

Sample from Kyrgyzstan 1 1 
 

Sample from Nepal 1 1 1 
Sample from Pakistan 

 
1 1 

Sample from Peru 1 1 1 

Sample from Tajikistan 
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Sample from Turkmenistan 1 1 
 

Sample from Ukraine 
   

Sample from Vietnam 1 
  

Sample from South Africa 1 1 1 
Total features selected 41 41 34 

 

Appendix Table 3 gyrA mutations predicted by an xgboost classifier model to be resistant to 
levofloxacin. 

POSITION PREDICTED R MUTATIONS 

R26 F, H, Y 

D30 F, H, W, Y 
Y31 W 

I36 F 

V37 H 
R39 F, H, I, K, L, M, W, Y 

A40 C, D, E, F, H, I, K, L, M, P, Q, R, S, V, W, Y 

L41 F 
E43 H 

L48 F 

K49 F, H, I, L 
V51 A, C, D, E, F, G, H, I, K, L, M, P, Q, R, S, W, Y 

H52 A, C, D, E, F, G, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

V55 F, H, Y 
D61 F, H, W, Y 

H70 I, K, L, M, R 

K72 F 
S73 H 

A74 C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

V77 E, F, H, I, K, L, M, P, Q, R, W, Y 
A78 C, D, F, H, S, W, Y 

M81 A, C, D, E, F, G, H, I, K, L, N, P, Q, R, S, T, V, W, Y 

H85 I, K, L, M, R, W 
P86 C, D, E, F, H, I, K, L, M, N, Q, R, T, V, W, Y 

H87 A, C, D, E, F, G, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

G88 A, C, D, E, F, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 
D89 C, E, F, H, I, K, L, M, N, P, Q, R, T, V, W, Y 

A90 C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

S91 A, C, D, E, F, G, H, I, K, L, M, N, P, Q, R, T, V, W, Y 
I92 F, H, K, L, M, R, W, Y 

Y93 W 

D94 A, C, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 
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S95 A, C, D, F, H, I, K, L, M, P, Q, W, Y 
L96 F, H, I, K, M, R, W, Y 

V97 E, F, H, I, K, L, M, P, Q, R, W, Y 

R98 A, C, D, E, F, G, H, I, K, L, M, N, P, Q, S, T, V, W, Y 
Q101 F, H, I, L, M, Y 

L105 F 

R106 F, Y 
L109 F 

F116 W, Y 

D122 C, F, H, N, P, T 
P123 D, F, H, I, K, L, M, N, R, T, W, Y 

P124 D, F, H, I, K, L, M, N, Q, R, T, W, Y 

A125 C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 
A126 C, D, E, F, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

M127 F, H, I, K, L, R, W, Y 

R128 A, C, D, E, F, G, H, I, K, L, M, N, P, Q, S, T, V, W, Y 
Y129 A, C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W 

T130 E, F, N, Y 

R133 F, Y 
L134 F 

R143 F, Y 

E162 H 
L173 F 

I181 F, K, L, R, W, Y 

V278 H 
N279 D 

H280 W 

D281 F, H 
T285 F, H, W, Y 

E289 F, H, W, Y 

Q305 H 
L346 F 

Y364 W 

D367 F, H, W, Y 
H490 I, K, L, M, R, W 

 

Appendix Table 4 gyrB mutations predicted by an xgboost classifier model to be resistant to 
levofloxacin. 

POSITION PREDICTED R MUTATIONS 

R429 F, Y 

K441 F 
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R446 F, H, Y 
E454 H 

E459 F, H, Q, V, W, Y 

G460 A, C, D, E, F, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 
D461 A, C, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

S462 H 

K468 F 
L481 F, H, I, K, R, W, Y 

R482 A, C, D, E, F, G, H, I, K, L, M, N, P, Q, S, T, V, W, Y 

G483 A, C, D, E, F, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 
K484 A, C, D, E, F, G, H, I, L, M, N, P, Q, R, S, T, V, W, Y 

I485 F, H, K, L, R, W, Y 

R495 F, Y 
N499 C, D, E, F, H, I, K, L, M, P, R, T, W, Y 

Q503 H 

D536 C, F, H, I, K, L, M, N, P, Q, R, T, V, W, Y 
H539 I, K, L, M, R, W 

I540 F, H, K, L, M, R, W, Y 

R550 F, Y 
E557 H, W, Y 

K570 F 

K572 F 
R587 F, Y 

D588 W, Y 

G589 F, H, V, W, Y 
L595 F, W, Y 

K611 F 

E615 H 
K619 F 

E623 H 

R631 F, Y 
R634 F, Y 

A642 F, H, W, Y 

R659 F, H, W, Y 
S661 F, H, W, Y 

R665 W 

 

Appendix Table 5 gyrA mutations predicted by a random forest classifier model to be resistant to 
moxifloxacin. 

POSITION PREDICTED R MUTATIONS 

Y31 A, C, D, E, G, H, I, K, L, M, N, P, Q, R, S, T, V, W 
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R39 G 
A40 D, E, F, H, K, L, N, P, Q, R, W, Y 

V51 D 

H85 D, E, G, K, P, R, S, T 
H87 D 

G88 A, C, D, E, F, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

D89 A, C, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 
A90 C, D, E, F, G, H, I, K, L, M, N, P, Q, R, V, W, Y 

S91 C, D, E, F, G, H, I, K, L, M, N, P, Q, R, T, V, W, Y 

I92 A, D, E, F, G, H, K, N, P, Q, R, S, T, W, Y 
Y93 A, D, E, G, H, K, N, P, Q, R, S, T, W 

D94 A, C, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

S95 D, E, F, H, K, N, Q, R, W, Y 
M99 K 

N115 W 

P124 K, R 
A125 D, E, K, P, R, W 

A126 D, E, F, H, K, P, R, W, Y 

R128 A, C, D, E, F, G, H, I, L, M, N, P, Q, S, T, V, W, Y 
Y129 A, C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W 

 

Appendix Table 6 gyrB mutations predicted by a random forest classifier model to be resistant to 
moxifloxacin. 

POSITION PREDICTED R MUTATIONS 

E459 G, H, K, N, P, R, S, T, W, Y 

G460 A, C, D, E, F, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 
D461 P, W, Y 

S462 D, E, F, I, K, L, P, R, V, W, Y 

L481 D, E, G, H, K, N, P, R, W 
R482 A, C, D, E, F, G, H, I, L, M, N, P, Q, S, T, V, Y 

G483 A, C, D, E, F, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y 

K484 A, C, D, E, F, G, H, I, L, M, N, P, Q, R, S, T, V, W, Y 
I485 D, E, G, H, K, N, R, W, Y 

N499 D, E, F, G, K, Q, R, W 

E501 A, C, D, F, G, H, I, K, L, M, N, P, Q, R, S, V, W, Y 
D536 K, R, W, Y 

G537 K, R 

H539 A, C, D, E, G, K, L, N, P, Q, R, S, T 
I540 A, D, E, F, G, H, K, M, N, P, Q, R, S, T, W, Y 

L543 K, R 
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Appendix Table 7 Features selected by recursive feature elimination for machine learning classifiers 
to predict levofloxacin MIC. 1 indicates that a feature was selected.  

Ordinal All 
Threshold 

Ordinal 
Intermediate 
Threshold 

Ordinal 
Squared 
Error 

Ordina
l Ridge 

Rando
m 
Forest 

XGB
oost 

Atom change 1 1 1 1 1 1 

Volume change 
  

1 
 

1 1 

Hydropathy change 
 

1 1 
 

1 1 
Charge change 1 1 1 1 

 
1 

H-donor change 1 1 1 1 
 

1 

H-acceptor change 1 1 1 1 1 1 
Rotable bond change 1 1 1 1 1 1 

Aromatic ring change 1 1 1 1 
 

1 

Sulphur change 1 1 1 1 
  

Snap2 score 
  

1 
 

1 1 

Residue depth 1 1 1 1 1 1 

Ligand distance 1 1 1 1 1 1 
Ligand Mg distance 1 1 1 1 1 1 

Catalytic Mg distance 1 1 1 1 1 1 

DNA distance 
 

1 1 1 1 1 
Relative solvent 
accessibility 

1 
   

1 
 

Stability change 1 1 1 1 1 1 

Protein H-bonds 1 1 1 1 
 

1 
DNA H-bonds 1 1 1 1 

  

Protein-protein affinity 
change 

1 1 1 1 1 1 

In gyrA 1 1 1 
  

1 
In gyrB 1 1 1 

   

Secondary structure B 1 1 1 1 
  

Secondary structure E 1 1 1 1 
  

Secondary structure G 1 1 1 1 
  

Secondary structure H 1 
 

1 1 
 

1 

Secondary structure I 
      

Secondary structure 
unknown 

1 1 1 1 
  

Secondary structure T 1 1 1 1 
 

1 

Secondary structure S 1 1 1 1 
  

Lineage 1 1 1 1 1 
  

Lineage 2 
 

1 1 1 1 1 

Lineage 3 1 1 1 1 1 
 

Lineage 4 1 1 1 1 1 1 
Lineage 6 
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Ligand interaction none 1 1 1 1 
  

Ligand interaction 
unknown 

1 1 1 1 
  

Ligand interaction salt 
bridge 

      

Ligand interaction 
water bridge 

 
1 1 1 

  

Mixed allele 1 1 1 1 1 
 

Isoniazid and rifampicin 
susceptible 

1 1 1 1 1 1 

Isoniazid mono 
resistant 

1 
 

1 1 1 1 

Rifampicin mono 
resistant 

1 1 1 1 
 

1 

Multi drug resistant 1 1 1 1 1 1 

Isoniazid and rifampicin 
resistance unknown 

1 1 1 1 
 

1 

Sample from Brazil 1 1 1 1 
  

Sample from China 1 1 1 1 1 1 
Sample from Germany 1 1 1 1 

  

Sample from India 1 1 1 1 1 1 

Sample from Italy 1 1 1 1 
  

Sample from 
Kyrgyzstan 

1 1 1 1 
  

Sample from Nepal 1 1 1 1 
 

1 

Sample from Pakistan 1 1 1 1 1 1 
Sample from Peru 1 1 1 1 1 

 

Sample from Tajikistan 1 1 1 1 
  

Sample from 
Turkmenistan 

1 1 1 1 
  

Sample from Ukraine 1 1 1 1 
 

1 

Sample from Vietnam 1 1 1 1 
 

1 

Sample from South 
Africa 

1 1 1 1 1 1 

Total features selected 50 51 55 50 26 34 

 

Appendix Table 8 Features selected by recursive feature elimination for machine learning classifiers 
to predict moxifloxacin MIC. 1 indicates that a feature was selected.  

Ordinal All 
Threshold 

Ordinal 
Intermediate 
Threshold 

Ordinal 
Squared 
Error 

Ordina
l Ridge 

Rando
m 
Forest 

XGB
oost 

Atom change 1 1 1 
 

1 1 

Volume change 
  

1 
 

1 1 
Hydropathy change 

 
1 1 1 1 1 

Charge change 1 1 1 1 1 1 

H-donor change 1 1 1 1 1 1 
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H-acceptor change 1 1 1 1 1 1 
Rotable bond change 1 1 1 1 1 1 

Aromatic ring change 1 1 1 1 1 1 

Sulphur change 1 1 1 1 1 1 
Snap2 score 

    
1 1 

Residue depth 1 
 

1 1 1 1 

Ligand distance 1 1 1 1 1 1 
Ligand Mg distance 1 1 1 1 1 1 

Catalytic Mg distance 
 

1 1 
 

1 1 

DNA distance 1 1 1 1 1 1 
Relative solvent 
accessibility 

 
1 1 

 
1 1 

Stability change 1 1 1 1 1 1 

Protein H-bonds 1 
 

1 1 1 1 

DNA H-bonds 1 1 1 1 1 
 

Protein-protein affinity 
change 

1 1 1 1 1 1 

In gyrA 1 1 1 
 

1 1 

In gyrB 1 1 1 
 

1 
 

Secondary structure B 1 1 1 1 
  

Secondary structure E 1 1 1 1 1 1 

Secondary structure G 1 1 1 1 1 
 

Secondary structure H 1 1 1 1 1 1 

Secondary structure I 
      

Secondary structure 
unknown 

1 1 1 1 1 
 

Secondary structure T 1 1 1 1 1 1 

Secondary structure S 1 1 1 1 1 1 

Lineage 1 
 

1 1 1 1 1 
Lineage 2 1 1 1 1 1 1 

Lineage 3 1 1 1 1 1 1 

Lineage 4 1 1 1 1 1 1 
Lineage 6 

  
1 

   

Ligand interaction none 
 

1 1 1 1 1 

Ligand interaction 
unknown 

1 1 1 1 1 
 

Ligand interaction salt 
bridge 

      

Ligand interaction 
water bridge 

1 1 1 1 1 
 

Mixed allele 1 1 1 1 1 1 
Isoniazid and rifampicin 
susceptible 

  
1 1 1 1 

Isoniazid mono 
resistant 

1 1 1 1 1 1 

Rifampicin mono 
resistant 

1 1 1 1 1 1 
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Multi drug resistant 1 1 1 1 1 1 
Isoniazid and rifampicin 
resistance unknown 

1 1 1 1 1 1 

Sample from Brazil 1 1 1 1 1 
 

Sample from China 1 1 1 1 1 1 

Sample from Germany 1 1 1 1 1 1 
Sample from India 1 1 1 1 1 1 

Sample from Italy 
 

1 1 1 1 1 

Sample from 
Kyrgyzstan 

1 1 1 1 1 
 

Sample from Nepal 1 1 1 1 1 1 

Sample from Pakistan 1 1 1 1 1 1 

Sample from Peru 1 1 1 1 1 1 
Sample from Tajikistan 1 1 1 1 1 

 

Sample from 
Turkmenistan 

1 1 1 1 1 
 

Sample from Ukraine 1 1 1 1 1 
 

Sample from Vietnam 1 1 
 

1 1 1 

Sample from South 
Africa 

1 1 1 1 1 1 

Total features selected 47 51 55 49 55 44 

 

Appendix Table 9 Individual alchemical free energy values used to calculate RBFE for DNA gyrase 
mutations. * indicates a gyrB mutation. 

MUTATION LEG STEP ∆G 

S95T apo vdw 3.51 

S95T apo vdw 7.87 
S95T apo vdw 4.03 

S95T apo vdw 3.12 

S95T apo vdw 6.74 
S95T apo vdw 6.37 

S95T apo vdw 7.25 

S95T apo vdw 7.12 
S95T apo vdw 8.57 

S95T apo vdw 7.51 

S95T apo vdw 5.42 
S95T apo vdw 3.09 

S95T apo vdw 3.65 

S95T apo vdw 6.97 
S95T apo vdw 7.03 

S95T apo qoff -14.54 

S95T apo qoff -14.44 
S95T apo qoff -14.37 
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S95T apo qoff -14.68 
S95T apo qoff -14.69 

S95T apo qon -29.78 

S95T apo qon -29.97 
S95T apo qon -29.69 

S95T apo qon -29.67 

S95T apo qon -29.96 
S95T mfx-bound vdw 6.40 

S95T mfx-bound vdw 5.59 

S95T mfx-bound vdw 7.57 
S95T mfx-bound vdw 3.36 

S95T mfx-bound vdw 1.46 

S95T mfx-bound vdw 5.14 
S95T mfx-bound vdw 6.50 

S95T mfx-bound vdw 2.37 

S95T mfx-bound vdw 2.73 
S95T mfx-bound vdw 5.72 

S95T mfx-bound vdw 3.77 

S95T mfx-bound vdw 3.76 
S95T mfx-bound vdw 3.27 

S95T mfx-bound vdw 1.17 

S95T mfx-bound vdw 5.28 
S95T mfx-bound qoff -14.48 

S95T mfx-bound qoff -14.41 

S95T mfx-bound qoff -13.38 
S95T mfx-bound qoff -14.95 

S95T mfx-bound qoff -14.90 

S95T mfx-bound qon -29.77 
S95T mfx-bound qon -29.86 

S95T mfx-bound qon -30.90 

S95T mfx-bound qon -29.21 
S95T mfx-bound qon -29.66 

A90V apo vdw 10.07 

A90V apo vdw 9.26 
A90V apo vdw 6.91 

A90V apo vdw 9.54 

A90V apo vdw 8.92 
A90V apo vdw 9.67 

A90V apo vdw 7.84 

A90V apo vdw 8.89 
A90V apo vdw 8.43 

A90V apo vdw 8.26 

A90V apo qoff -8.62 
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A90V apo qoff -8.46 
A90V apo qoff -8.59 

A90V apo qoff -8.55 

A90V apo qoff -8.56 
A90V apo qon -38.00 

A90V apo qon -38.45 

A90V apo qon -37.44 
A90V apo qon -36.85 

A90V mfx-bound vdw 8.70 

A90V mfx-bound vdw 9.81 
A90V mfx-bound vdw 9.67 

A90V mfx-bound vdw 11.11 

A90V mfx-bound vdw 12.11 
A90V mfx-bound vdw 11.73 

A90V mfx-bound vdw 10.60 

A90V mfx-bound vdw 7.66 
A90V mfx-bound vdw 9.69 

A90V mfx-bound vdw 9.67 

A90V mfx-bound vdw 11.60 
A90V mfx-bound vdw 8.38 

A90V mfx-bound vdw 12.65 

A90V mfx-bound vdw 11.48 
A90V mfx-bound vdw 11.48 

A90V mfx-bound qoff -8.74 

A90V mfx-bound qoff -8.76 
A90V mfx-bound qoff -8.62 

A90V mfx-bound qoff -8.66 

A90V mfx-bound qoff -8.79 
A90V mfx-bound qon -36.62 

A90V mfx-bound qon -36.71 

A90V mfx-bound qon -37.95 
A90V mfx-bound qon -36.91 

A90V mfx-bound qon -37.89 

A90S apo vdw -0.84 
A90S apo vdw -1.30 

A90S apo vdw -0.73 

A90S apo vdw -1.01 
A90S apo vdw -0.99 

A90S apo qoff -7.81 

A90S apo qoff -7.74 
A90S apo qoff -7.80 

A90S apo qoff -7.78 

A90S apo qoff -7.82 
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A90S apo qon -13.13 
A90S apo qon -13.70 

A90S apo qon -15.00 

A90S apo qon -14.21 
A90S apo qon -13.86 

A90S mfx-bound vdw -2.52 

A90S mfx-bound vdw -1.33 
A90S mfx-bound vdw -1.14 

A90S mfx-bound vdw -1.45 

A90S mfx-bound vdw -0.85 
A90S mfx-bound qoff -7.82 

A90S mfx-bound qoff -8.02 

A90S mfx-bound qoff -7.85 
A90S mfx-bound qoff -7.96 

A90S mfx-bound qoff -7.93 

A90S mfx-bound qon -13.08 
A90S mfx-bound qon -13.15 

A90S mfx-bound qon -13.86 

A90S mfx-bound qon -15.88 
A90S mfx-bound qon -15.80 

A90S mfx-bound qon -14.84 

A90S mfx-bound qon -14.72 
A90S mfx-bound qon -14.54 

E501D* apo vdw -35.05 

E501D* apo vdw -37.30 
E501D* apo vdw -36.18 

E501D* apo vdw -32.85 

E501D* apo vdw -38.11 
E501D* apo vdw -39.04 

E501D* apo vdw -38.01 

E501D* apo vdw -36.34 
E501D* apo vdw -32.35 

E501D* apo vdw -36.64 

E501D* apo qoff 29.72 
E501D* apo qoff 21.65 

E501D* apo qoff 24.29 

E501D* apo qoff 27.40 
E501D* apo qoff 23.99 

E501D* apo qoff 28.72 

E501D* apo qoff 24.31 
E501D* apo qoff 23.77 

E501D* apo qoff 26.67 

E501D* apo qoff 24.51 
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E501D* apo qon 9.45 
E501D* apo qon 9.14 

E501D* apo qon 13.19 

E501D* apo qon 6.54 
E501D* apo qon 8.93 

E501D* apo qon 9.72 

E501D* apo qon 9.42 
E501D* apo qon 10.37 

E501D* apo qon 7.53 

E501D* apo qon 6.78 
E501D* mfx-bound vdw -36.06 

E501D* mfx-bound vdw -36.01 

E501D* mfx-bound vdw -39.56 
E501D* mfx-bound vdw -38.26 

E501D* mfx-bound vdw -34.47 

E501D* mfx-bound vdw -38.97 
E501D* mfx-bound vdw -37.02 

E501D* mfx-bound vdw -39.79 

E501D* mfx-bound vdw -36.32 
E501D* mfx-bound vdw -37.67 

E501D* mfx-bound qoff 24.27 

E501D* mfx-bound qoff 25.29 
E501D* mfx-bound qoff 26.94 

E501D* mfx-bound qoff 28.36 

E501D* mfx-bound qoff 24.64 
E501D* mfx-bound qoff 26.96 

E501D* mfx-bound qoff 25.18 

E501D* mfx-bound qoff 25.42 
E501D* mfx-bound qoff 24.30 

E501D* mfx-bound qoff 26.08 

E501D* mfx-bound qon 8.66 
E501D* mfx-bound qon 7.70 

E501D* mfx-bound qon 8.07 

E501D* mfx-bound qon 9.19 
E501D* mfx-bound qon 8.06 

E501D* mfx-bound qon 8.55 

E501D* mfx-bound qon 7.32 
E501D* mfx-bound qon 9.39 

E501D* mfx-bound qon 5.50 

D94G apo vdw -156.98 
D94G apo vdw -161.34 

D94G apo vdw -160.90 

D94G apo vdw -160.15 
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D94G apo qoff 55.38 
D94G apo qoff 53.18 

D94G apo qoff 48.45 

D94G apo qoff 49.72 
D94G apo qoff 57.07 

D94G apo qoff 52.66 

D94G apo qoff 48.43 
D94G apo qoff 56.44 

D94G apo qon 388.72 

D94G apo qon 392.77 
D94G apo qon 391.86 

D94G apo qon 405.55 

D94G apo qon 390.88 
D94G apo qon 390.47 

D94G apo qon 407.33 

D94G apo qon 389.67 
D94G mfx-bound vdw -156.69 

D94G mfx-bound vdw -159.38 

D94G mfx-bound vdw -160.30 
D94G mfx-bound vdw -161.84 

D94G mfx-bound vdw -156.19 

D94G mfx-bound qoff 46.90 
D94G mfx-bound qoff 57.64 

D94G mfx-bound qoff 57.21 

D94G mfx-bound qoff 51.80 
D94G mfx-bound qoff 52.53 

D94G mfx-bound qoff 44.54 

D94G mfx-bound qoff 47.36 
D94G mfx-bound qoff 47.85 

D94G mfx-bound qoff 51.54 

D94G mfx-bound qoff 52.53 
D94G mfx-bound qon 380.66 

D94G mfx-bound qon 396.02 

D94G mfx-bound qon 395.83 
D94G mfx-bound qon 395.47 

D94G mfx-bound qon 392.75 

D94G mfx-bound qon 393.71 
D94G mfx-bound qon 392.72 

D94G mfx-bound qon 393.59 

D94G mfx-bound qon 392.30 
D94G mfx-bound qon 393.13 
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