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Abstract

Tuberculosis is a disease which has a�icted humans for millennia and currently holds the

dubious title of the greatest cause of mortality by any single infectious agent. Mycobacterium tu-
berculosis—the causative agent of tuberculosis—is exquisitely adapted to the infection of humans,

with the ability to persist within the hostile intracellular environment of the macrophage. To

enable this, M. tuberculosis enacts a dormancy programme that permits long-term survival. This

programme has been linked to the requirement for six months treatment to cure tuberculosis

since it may enhance drug tolerance—the ability for bacteria to survive antibiotics without

genetic resistance. In this thesis, I extensively utilise single-cell time-lapse microscopy coupled

with micro�uidics to observe Mycobacterium smegmatis cells over many generations. I de-

scribe in detail a robust methodology for long-term time-lapse and subsequent image analysis

work�ow, including its application to a challenging dataset. I then investigate how single

cells maintain their cell size under diverse environmental conditions, and determine that birth

length and division length are intimately linked by a �xed average extension when grown

in standard medium—a so-called “adder”. This relationship however breaks down when cells

are grown in sub-optimal sole carbon sources. At the population level, I investigate antibiotic

tolerance in M. smegmatis, and demonstrate that the ability to survive is highly enriched by

growth phase, but not by nutrient deprivation. Finally, I describe an experimental platform

with which the response of M. smegmatis to antibiotics can be observed at the single-cell level,

and investigate factors that may predict the survival of M. smegmatis cells exposed to the

anti-tubercular drug rifampicin, �nding that single-cell growth rate and the ability to tolerate

rifampicin are uncorrelated. Throughout this thesis, I use quantitative measures of single-cell

properties that describe mycobacteria, data which may help develop novel strategies to combat

the devastating global burden of tuberculosis.
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Chapter 1 Introduction

T
uberculosis is a disease caused by the bacterial pathogen Mycobacterium tubercu-
losis, and associated species. It is currently the leading cause of death by any single

infectious agent (WHO 2017c). In 2016, 1.7 million people died from tuberculosis, in-

cluding almost 400,000 HIV-positive individuals; and 10.4 million people were estimated to be

infected with TB, a million of which were HIV positive (WHO 2017c).

Tuberculosis is clearly a global health threat, and disproportionately a�ects low-income coun-

tries, with a huge burden of cases attributable to undernourishment, smoking, and diabetes

(WHO 2017c). There is also a worrying increase in drug resistance in tuberculosis: 600,000

new cases were reported with resistance to rifampicin (RR-TB)—the most important of the

front-line drugs—in 2016, of which 490,000 were additionally resistant to another front-line

drug (multidrug-resistant; MDR-TB) which had a shockingly high fatality rate of 46 % compared

to the high treatment success associated with drug-sensitive tuberculosis: 85 % including those

lost to follow-up (WHO 2017c). Drug-resistant tuberculosis appears to be especially high in for-

mer Soviet Union countries, with 38 % of all reported tuberculosis cases in Belarus being caused

by MDR-TB, which threatens to spread into low-burden countries (WHO 2017c). Extensively

drug-resistant tuberculosis (XDR-TB) cases—resistant to four �rst-line drugs, and at least one

second-line—were reported in 121 countries in 2016 (WHO 2017c). This is concerning since

XDR-TB cases are notoriously hard to treat; one reported outbreak in a South African hospital

led to the death of 52 out of 53 patients within sixteen days of diagnosis (Gandhi et al. 2006).

The standard therapy for drug-sensitive tuberculosis is onerous, but almost always e�ective

if correctly administered, involving 6 months daily treatment with rifampicin, ethambutol,

pyrazinamide, and isoniazid for 2 months followed by daily treatment with rifampicin and

isoniazid for 4 months (WHO 2017d). MDR-TB treatment usually consists of 20–24 months of

daily therapy with drugs from at least 5 di�erent classes, including daily injectables, many of

which have severe side-e�ects (WHO 2016), and this may encourage a higher rate of treatment

default—especially when patients begin to feel better—thus potentially leading to increased

resistance. Encouragingly, a new short course for MDR-TB is now being recommended by the

World Health Organisation (WHO), and has been adopted in 35 countries. It lasts 9–12 months,
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has fewer reported side-e�ects, and a 87–90 % success rate (WHO 2017c).

In addition to the large burden of active disease, there is a vast reservoir of asymptomatic

infection—latent tuberculosis—with up to a third of the global population estimated to be

infected latently with M. tuberculosis (Dye et al. 1999; WHO 2017c). This re�ects the spectrum

of tuberculosis disease, where an estimated 90 % of new infections will be e�ectively controlled

by the immune system, with a 5–10 % lifetime risk of developing active disease (Sutherland

et al. 1982; Styblo 1985; Glaziou et al. 2014), which increases to a 5–10 % annual risk when the

immune system is compromised, such as during HIV co-infection, malnutrition, or old age

(Sonnenberg et al. 2005; Lodi et al. 2013). Latency remains a poorly understood phenomenon

however, both in its underlying causes and how best to combat it (Young et al. 2009; Esmail

et al. 2014)

Tuberculosis is an ancient disease, believed to have co-existed and co-evolved with humans since

our divergence from proto-human ancestors (Gutierrez et al. 2005). It e�ectively and exclusively

infects humans (Smith et al. 2006). Direct molecular evidence of tuberculosis in humans has

been found in a 9000-year-old Neolithic skeleton in the Mediterranean region (Hershkovitz

et al. 2008), and analysis of genetic information of modern M. tuberculosis strains provides

compelling evidence that modern pathogenic mycobacteria arose from a common African

origin over 40,000 years ago in humans (Brosch et al. 2002; Mostowy et al. 2002; Gutierrez

et al. 2005), and spread worldwide with human migration (Wirth et al. 2008; Hershberg et al.
2008; Comas et al. 2013). M. tuberculosis DNA has been isolated from a 5000-year-old Egyptian

mummy (Nerlich et al. 1997), and from a 1000-year-old Peruvian mummy (Salo et al. 1994),

highlighting the ancient global spread of tuberculosis. Tuberculosis is described in ancient texts

such as the biblical books of Deuteronomy and Leviticus; Hippocrates described the clinical

presentation of tuberculosis in detail in Ancient Greece—and noted its high mortality rate—with

scattered references until the Renaissance in Italy began to make its way north to France. René

Laennec—the inventor of the stethoscope—recounted the pathogenesis of tuberculosis in detail

in the early 19
th

century, and founded the discipline of pulmonary medicine (Daniel 2004).

Tuberculosis has been attributed as the cause of mortality in up to a quarter of all deaths in

Europe in the early 19
th

century (Dubos and Dubos 1952)—including Laennec himself—with

mortality rates due to tuberculosis reaching 800–1000 per 100,000 each year in cities such as

London (Krause 1928).

The discovery of the infectious agent of tuberculosis—M. tuberculosis—by Robert Koch (1882),

was simultaneously presented with the announcement of the postulates of infection he had

developed. Koch had isolated and concentrated culture �ltrate, named tuberculin, from M. tuber-
culosis cultures, which he became convinced could provide a cure and marketed it as such (Koch

1890). Tuberculin was not a cure for tuberculosis, but it was found to be useful for diagnostic

purposes, a purpose for which it is still used today in its form as the Mantoux skin test. Koch’s
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aggressive and secretive approach to marketing tuberculin, and its subsequent discreditation,

directly led to the development of more evidence-led procedures for the discovery of novel

drugs. His contemporary and colleague, Paul Ehrlich, used his experience of his involvement

in the development of tuberculin to ensure that he conducted—and published—careful clinical

evaluations of his drug against syphilis, arsphenamine (Alt 1909), the �rst antimicrobial agent.

Death rates due to tuberculosis in Europe began to fall in the mid-19
th

century (Dubos and Dubos

1952), due to several factors including massive improvements in public hygiene, improved

nutrition, and natural selection of more resistant humans (Davies et al. 1999). In the 1920s, at

the Institut Pasteur de Lille, Albert Calmette and Camille Guérin began to develop a vaccine

against tuberculosis by passaging the animal pathogen M. bovis hundreds of times to develop

an attenuated strain, named Bacille Calmette–Guérin (BCG; Calmette et al. 1927a) which was

demonstrated to be safe (Calmette et al. 1927b) and e�ective in children—at least for those in

the UK (Hart and Sutherland 1977). Mass vaccination with BCG was rolled out massively in

the mid-20
th

century with 14 million people vaccinated over three years—under the auspices of

the WHO. BCG e�cacy varies wildly, with high e�ectiveness against childhood tuberculosis—

especially disseminated forms of disease (Trunz et al. 2006)—but very poor e�ectiveness against

adult pulmonary tuberculosis (Colditz et al. 1994; Fine 1995; Pitt et al. 2013). The impact of

BCG on the prevention of tuberculosis has clearly saved many lives, regardless of its low

protective e�cacy, but widespread vaccination campaigns still have not prevented tuberculosis

from remaining the leading worldwide infectious cause of death. In countries particularly

a�icted with a high tuberculosis burden, such as Southern African countries, this might be

ascribable to a high level of HIV infection. The risk of contracting active tuberculosis is up

to thirty times greater in HIV-positive individuals, and tuberculosis is the primary cause of

death in HIV-positive patients (these deaths are internationally classed as HIV deaths). The

two infectious diseases together are driving mortality in a devastating co-epidemic (Tiberi et al.
2017).

The search for chemotherapeutic solutions for the treatment of tuberculosis resulted in the

discovery of para-aminosalicylic acid (Lehmann 1946a,b; Ryan 1993)—which improved tubercu-

losis outcomes but is bacteriostatic rather than bacteriocidal—almost simultaneously with the

discovery of streptomycin after an extended search for antimicrobial agents in soil microbes

(Schatz et al. 1944). Streptomycin was the �rst truly e�ective anti-tubercular drug, and was

conclusively proven to be e�ective by the �rst randomised, controlled trials performed by

the UK Medical Research Council (MRC 1950)—now a critical component of any new medical

therapeutic agent. This trial noted that streptomycin resistance rapidly emerged in the patients

who were treated with streptomycin alone, and when isoniazid—still used in modern tubercu-

losis therapy—was discovered to be highly e�ective against M. tuberculosis, they performed a

landmark trial with each of the three drugs in monotherapy and all combinations were tested,

which forms the basis of the current doctrine of multi-class multidrug therapy (MRC 1955).
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M. tuberculosis is primarily a pulmonary pathogen, infecting the lungs, and spread by the

inhalation of liquid droplets induced by coughing, with a single M. tuberculosis cell su�cient

to cause disease. Once inhaled, M. tuberculosis is detected and internalised by innate immune

system cells, primarily patrolling resident alveolar macrophages, as well as neutrophils, mono-

cytes, and dendritic cells (Wallgren 1948; Wolf et al. 2007; Kang et al. 2011), a niche in which

M. tuberculosis thrives. M. tuberculosis is exquisitely adapted to survival within macrophages—

the main function of which is to kill bacteria—and blocks many antimicrobial activities, such

as the fusion of the phagosome with the highly acidic and hostile lysosome (Xu et al. 1994;

Clemens 1996). Bacilli also block the acidi�cation process itself by excluding the vacuolar

ATPase from vesicular membranes (Wong et al. 2011). In addition to preventing many antimi-

crobial macrophage functions, M. tuberculosis is also apparently able to survive even when

exposed to such stresses, demonstrating its multilayer defences against the human attempts to

eradicate it (e.g. iron starvation; Kurthkoti et al. 2017). AfterM. tuberculosis has established itself

within a macrophage, its ESX1 type VII secretion system—a unique feature of the pathogenic

mycobacteria, and the major di�erence between M. bovis and the BCG vaccine strain (Pym et al.
2002)—exports molecules that induce necrotic cell death in their host cell, as well as antigens

that stimulate the immune system, which has the result of increasing the environmental niche

into which M. tuberculosis can expand (Davis and Ramakrishnan 2009). M. tuberculosis appears

to also have evolved speci�c mechanisms to inhibit cell apoptosis (Velmurugan et al. 2007;

Divangahi et al. 2010), either to promote uncontrolled necrotic cell death—which stimulates

an immune response—rather than controlled programmed cell death, or to permit su�cient

intracellular replication prior to cell escape. The innate immune system is largely unable to

restrict M. tuberculosis growth during initial infection, and indeed promotes bacterial growth,

indicating how M. tuberculosis has evolved to intimately subvert its sole environmental niche.

The adaptive immune response to M. tuberculosis takes an estimated 42 days from infection

to become appreciable (Wallgren 1948; Poulsen 1950), a lengthy period compared to most

infectious diseases. The primary adaptive response includes antigen-speci�c CD4
+

T-cells

in the lung lymph nodes, which are usually able to coordinate a restrictive response against

tuberculosis, at which point most individuals will become asymptomatic (Poulsen 1950). This

response does not clear bacteria, but maintains the population in an uneasy equilibrium with

the host immune system. This is e�ected by the formation of a large—usually necrotic—lesion

called a granuloma, in which the immune system prevents the escape of bacteria contained

within (Rubin 2009).

The ability for mycobacteria to survive within the hostile environment of the human granuloma

is the result of millennia of adaptation to stressful conditions, including the ability to initiate

various dormancy programmes, in which bacteria are able to arrest their growth, and thus

avoid the detection of the immune system, and evade cidal—whether immunological or phar-

macological in origin—molecules which often depend on active growth to e�ect their killing
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activity. This ability may underlie the ability of M. tuberculosis to survive latently in the pres-

ence of a fully functional immune system as well as the extensive period of chemotherapeutic

intervention required to cure tuberculosis. Surprisingly little is known about how mycobacteria

grow however, basic research which may be critical in the design of novel strategies against

tuberculosis.

In this thesis, I will investigate single-cell attributes of the mycobacterial model species M. smeg-
matis. M. smegmatis was originally identi�ed in a syphilitic patient (Lustgarten 1885), but does

not generally infect humans, although a handful of soft-tissue infections have been reported

(Newton et al. 1993). It is generally considered to be an environmental saprophytic soil-dwelling

species. M. smegmatis is extensively used as a proxy for investigating the basic properties

of mycobacteria, which are largely conserved between species. Its non-pathogenic nature

allows its use in biosafety level (BL) 1 laboratories, whereas M. tuberculosis research requires

the cumbersome use of BL3 facilities. In addition, its doubling time is ∼3 h under optimal

conditions, compared to ∼24 h for M. tuberculosis, which greatly increases the number and

speed at which experiments can be performed. Mycobacteria are generally classed as neither

Gram-negative or Gram-positive species, but as acid-fast, based on their ability to retain stains

after acid treatment. They are more similar to Gram-positives, with a single true membrane

and a thick peptidoglycan layer, but they also possess a thick and complex cell wall, which

has some of the properties of an outer membrane (Kieser and Rubin 2014). This cell wall is

mostly impermeable and highly rigid, and the inherent resistance of mycobacteria to many

stresses—including osmotic stress, dessication, and antibiotics—has been attributed to this wall

(Jarlier and Nikaido 1994). M. smegmatis shares these properties with the pathogenic mycobac-

teria, and as such is a useful model for many of the basic properties of mycobacteria (Reyrat

and Kahn 2001; Tyagi and Sharma 2002). The M. smegmatis strain used throughout this thesis

is M. smegmatis mc
2
155, a derivative of M. smegmatis mc

2
8 which has been engineered to be

genetically tractable (Snapper et al. 1990). M. smegmatis mc
2
155 is the most well-characterised

mycobacteria in the literature and is considered to be wild-type by others and in this thesis.

In Chapter 2, I discuss the optimisation of a micro�uidics-based single-cell time-lapse mi-

croscopy platform, with associated analysis work�ow and scripts created for the purpose,

which are used throughout the subsequent chapters. This thesis relies heavily on the commer-

cial ONIX CellASIC
®

micro�uidic platform, and I detail the optimisation of the system, and

subsequent image processing, cell detection, and lineage assignment required to process the

large amounts of data produced. Micro�uidics have been revolutionary in the �eld of live-cell

time-lapse microscopy, allowing long-term observation of bacteria under constant conditions.

Mycobacteria are especially di�cult to maintain for long periods given their propensity to

grow in the Z-plane making long-term cell tracking di�cult. Specially constructed micro�uidic

systems such as the ONIX platform can trap bacteria in three dimensions without causing

undue stress, both preventing growth into the Z-plane, and retaining bacteria in a single posi-
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tion over time. I demonstrate the use of this platform, as well as the software developed for

image analysis, to a challenging dataset: the dynamics of the putative chromosome segregation

machinery in M. smegmatis. These data were acquired by Iria Uhía, a post-doctoral researcher,

and the results have recently been published (Uhía et al. 2018). The analysis of the dataset

demonstrates the tracking of �uorescent foci in live bacteria and provides quantitative insight

into the control and consequences of chromosome segregation in mycobacteria.

In Chapter 3, I determine experimentally the phenomenological model which underlies the

decision to divide in M. smegmatis, by distinguishing between the three theoretical models of

cell-size control in bacteria: “sizer”, “timer”, and “adder”. I �nd conclusively that M. smegmatis
single cells follow the adder principle: that they add a �xed length per cell cycle irrespective

of length at birth, under standard conditions. I also demonstrate that changing the carbon

source provided to M. smegmatis can a�ect this principle, with cells deviating from adder in a

“sizer-like” manner, the �rst time such deviations have been observed in ostensibly fast-growing

bacteria. This chapter expands on published work that reports these results (Priestman et al.
2017).

In Chapter 4, I attempt to determine factors that might in�uence the ability to survive antibiotic

exposure, speci�cally the response to rifampicin, the major �rst-line anti-tubercular drug. Drug

tolerance has become a topic of great interest, due to its presumed role in recurrent infections

and in dormancy during M. tuberculosis infection which may underlie the vast reservoir of latent

tuberculosis. My work involves the use of batch culture experiments as well as extensive use

of the micro�uidics platform and analysis pipeline devised in previous chapters. I demonstrate

that tolerance to rifampicin is enhanced in stationary phase, but not by nutrient starvation.

Similarly to other authors, I also demonstrate that growth rate at the single-cell level prior

to antibiotic treatment does not predict survival, though a reduced interdivision time in cells

which ultimately survive hints at some e�ect.

Throughout this thesis, I make quantitative observations of single mycobacterial cells, with

insight into the basic properties of cell growth (Chapter 3), and into how these might a�ect the

ability to survive ostensibly cidal levels of antibiotics (Chapter 4). These considerations are

important for the future development of strategies to combat tuberculosis. Novel strategies

are urgently required to increase the rate at which tuberculosis cases are declining, especially

given the WHO End TB goal of reducing deaths due to tuberculosis to 95 % of their current

levels by 2035 (WHO 2015b). Understanding how drugs that are currently available act on

mycobacteria is of crucial importance in accelerating cure rates and reducing the terrible burden

of tuberculosis.
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Chapter 2 Single-Cell Microscopy

I make the proportion of one of these small Water-creatures to a Cheese-mite, to be like
that of a Bee to a Horse: For, the circumference of one of these little Animals in water,
is not so big as the thickness of a hair in a Cheese-mite.

Antonie van Leeuwenhoek (1677)

2.1 Introduction

T
he �rst report of the direct observation of bacteria was by Antonie van Leeuwenhoek

in the 17
th

century, who developed a novel method of producing the high-powered

lenses required to observe such small objects (van Leeuwenhoek 1677). For the next two

centuries, microscopy was almost exclusively limited to static, �xed samples, with observation

by means of speci�c stains, such as the Gram stain for peptidoglycan (Gram 1884). The

development of such stains was crucial in the advancement of the �eld of microbiology; most

cells are transparent with few discernible features under basic light microscopy, thus staining

permits investigation and identi�cation of bacteria. Indeed, Mycobacterium tuberculosis was

only identi�ed by the use of alkaline methylene blue by Robert Koch (1882). The stain that

was further developed by Paul Ehrlich (1882)—who also invented pivotal histological methods

such as heat-�xing (Ehrlich 1877)—and by Franz Ziehl and Friedrich Neelsen who created the

Ziehl–Neelsen stain (Ziehl 1883; Neelsen 1883) that is still used today to identify mycobacteria

in clinical samples over 130 years later.

Early approaches to time-lapse microscopy involved projecting the image from a microscope

onto paper and manually drawing images at regular intervals, a technique that is clearly

subject to observer bias. This technique was pioneered by early embryologists, such as Charles

Whitman, who traced the cell lineages and fates deriving from single cells in organisms such

as fresh-water leeches (Whitman 1878). The �rst time-lapse apparatus using cameras was

developed from macroscopic photography principles, and was assembled in the late 19
th

century

by Étienne-Jules Marey and Lucien Bull. It captured a sequence of the opening of a �ower,

involving an intensely convoluted system of pulleys, weights, and moving water to trigger
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a camera automatically. This was followed by the development of what they termed micro-

cinematography, where a camera was attached to a microscope (as described by Talbot 1913).

The �rst publication of the use of photographic time-lapse microscopy was by Auguste Pizon

in the early 20
th

century, who observed live aquatic organisms (Pizon 1905). This was followed

by other innovators such as Julius Ries—who observed cell division and advocated against the

prevailing orthodox view of chromatin as a static structure (Ries 1909)—and Jean Comandon,

who developed side illumination of samples to image the microscopic ciliate Paramecium
(Comandon 1909).

As evidenced by Comandon’s requirement for side illumination, early studies were severely

limited by the nature of the cells they were observing. The transparency of living cells makes

internal structures almost impossible to observe under standard conditions. This did not prevent

the tracking of large cells, for example the tracking of a complete chicken embryo cell lineage

from a blastocyst (Wetzel 1929), but smaller and more transparent cells were very di�cult to

track. The development of phase-contrast microscopy by Frits Zernike (1942)—a technique

which allows the visualisation of changes in the phase of light as di�erences in amplitude—was

a catalysing advancement in microscopy, a development for which he received the Nobel Prize

for Physics in 1953. Such changes in phase are common in biological samples due to the

di�erences in refractive index and thickness within the sample. The method therefore permits

the observation of �ne structure within an ostensibly uniformly transparent object—crucially

without the use of lethal staining or �xative techniques. This ability to observe sub-structures in

unstained samples was instrumental in the development of live-cell imaging, and when coupled

with time-lapse photography became an extremely powerful technique for the observation

of dynamic processes. While phase-contrast microscopy is unable to resolve bacterial sub-

structures due to the physical limitations of light microscopy, advancements in imaging of

larger cells such as yeast and mammalian cells were crucial in driving the development of

techniques permitting the observation of live, single bacterial cells.

A critical bottleneck in time-lapse microscopy was the need to develop physical �lm, meaning

images could not be observed and adjusted in real time. This was bypassed by the development

of video recorders (described in detail by Inoué and Spring 1997) allowing rapid review of results,

and quickly followed by the development of real-time displays. The subsequent invention of

digital methods was also a signi�cant milestone, with extremely rapid and sensitive cameras

now in use. Indeed, the modern electron-multiplying charge-coupled device (EM-CCD) and

scienti�c complementary metal–oxide–semiconductor (sCMOS) cameras that are used in this

thesis are sensitive enough to be able to detect single photons of light and fast enough to

capture up to 100 full frames a second (C9100-02 and Flash 4 cameras; Hamamatsu).

Early time-lapses were complicated by the same issues that still regularly a�ect modern time-

lapse microscopy: optimal exposure and maintenance of focus. Exposure times have essentially
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been solved with the development of extremely accurate shutter control mechanisms, but

maintaining focus still remains a serious issue. The solutions used are almost unchanged in the

modern day: sample movement is minimised by attempting to isolate the microscope stage

from external vibration, initially with the use of heavy wooden tables and now with the use

of well-calibrated anti-vibration tables; focal drift is minimised by attempting to maintain the

temperature of all components of the microscope and camera through �ne temperature control

of the room and the modern use of environmental chambers. The development of �ne motor

control of the microscopic stage has also helped to address the focus issue. Software is now

able to position the �eld-of-view in three dimensions precisely, and the use of software-based

autofocus and hardware-based absolute focus solutions—which can raise and lower the focal

plane precisely and appropriately—has facilitated the long-term imaging of live microorganisms

now performed routinely.

The imaging of live bacteria necessitates systems which can constrain the cells. Bacteria can be

motile, resulting in the cells that are being tracked physically swimming out of the �eld-of-view,

and are extremely susceptible to �uctuations in their environment such as capillary action and

small thermal variations that can cause the movement of the liquid they are grown in. Various

solutions to these constraints have been developed, which can be separated into micro�uidic

systems and agarose pad systems.

Agarose pads were developed in the early 21
st

century and involve the seeding of bacteria

onto a small agarose pad that is attached to a standard microscope slide, and followed by the

tracking of the growth of microcolonies which are adhered to the surface (see Figures 2.1A

and 2.1B). This approach was originally developed to track Escherichia coli single cells (Elowitz

et al. 2002; Stewart et al. 2005; Bernhardt and de Boer 2005), and has been applied to many

other species including Mycobacterium smegmatis (Joyce et al. 2011, 2012). The technique is

conceptually simple, and cheap, but is limited by issues such as evaporation and drying of

the imaging surface, �uctuations in microenvironment as nutrients are consumed during the

course of experiments, and by the lack of constraint in the Z-plane, with bacteria able to grow

in all three dimensions. The Z-plane is important because bacteria are not guaranteed to divide

in a single plane—although bacteria such as E. coli usually do—with M. smegmatis cells tending

to grow in all dimensions making tracking single cells very di�cult after more than a few

generations (Joyce et al. 2011).

Conversely, micro�uidic approaches are often complicated to set up, but allow much more

control of the microenvironment. Micro�uidics involve the manipulation of liquids in the µl

scale and below, which is well suited to the scale of bacteria. Microscopy systems involving

micro�uidics are able to constantly provide growing bacteria with fresh nutrients, in a manner

similar to a micro-scale chemostat. These systems also usually trap single cells within a de�ned

area allowing the long-term tracking of bacteria under constant conditions, without having to
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account for movement of cells, whether due to bacterial motility or physical forces. One of the

�rst experiments conducted involved sealing a Pseudomonas aeruginosa bacterial suspension

between a glass coverslip etched with a micro-channel and a microscope slide in order to

investigate the response of single cells to antibiotics (see Figures 2.1C and 2.1D; Kyriacou et al.
2002; Xu et al. 2003; Steel et al. 2004). This technique prevents evaporation of the growth

medium but does not constrain movement of bacteria or a�ect consumption of nutrients over

time. This has been addressed by the development of micro�uidic systems that can continually

provide fresh medium to physically immobilised cells, using transparent devices suitable for

microscopic imaging. These are manufactured by applying soft lithography techniques to

create microstructures in polydimethylsiloxane (PDMS)—a soft, transparent, and gas-permeable

polymer (McDonald et al. 2000; Unger et al. 2000). This approach was used by Nathalie Balaban

to develop a micro�uidic device with approximately 1 µm grooves inserted into a PDMS surface

which is seeded with single E. coli cells and covered with a membrane—thus constraining cells

to grow in a single dimension along the groove—whilst medium is continually provided by

di�usion (perfusion) through the membrane (see Figures 2.1E and 2.1F; Balaban et al. 2004).

This setup allows for the rapid switching of medium, including the addition of antibiotics

for example, whilst retaining bacteria in the same position. The authors used this powerful

technique to expose the existence of persister cells (described in Chapter 4) and some of their

characteristics (Balaban et al. 2004). This design was extended to study bacterial ageing with

the development of the “mother machine”, in which trenches are closed at one end; a single

progenitor mother cell remains trapped at the closed end of the groove with daughter cells

growing along the length until they are ejected at the open end (Wang et al. 2010), allowing

very long-term observations of a single cell over time, with 300 consecutive generations of

single Bacillus subtilis cells reported (see Figures 2.1G and 2.1H; Norman et al. 2013).

While the micro�uidic systems used are extremely powerful, they are often produced in-house

using a complicated and lengthy procedure of fabrication. The design of the devices usually

requires knowledge of �uid dynamics in order to prevent undue stress on living cells, and

templates for casting PDMS are often expensive. Protocols generally involve the manual

punching of holes for tubing access, and a bewildering array of tubing and temperamental

syringe or peristaltic pumps to power the devices. Thus these systems are often di�cult

to manufacture reliably and rapidly, and require some expertise to assemble and operate.

Commercial systems which can obviate the need for manufacturing micro�uidic devices have

been developed, including the platform used in this thesis. The ONIX CellASIC
®

Micro�uidic

Platform (Millipore) produces quality-controlled micro�uidic plates in a 96-well plate standard

format, which it produces by casting PDMS over a master template, cutting through-holes with

a CO
2

laser, adhering the PDMS device to a plate with a UV adhesive, followed by bonding

to #1.5 coverglass (Lee et al. 2011). This provides a good source of reliably manufactured

micro�uidic devices for use. The plates are operated by air pressure via a manifold that attaches
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Figure 2.1: Schematic of various single-cell microscopic techniques. Side view (left) and top view (right)
of various single-cell microscopic techniques. (A, B) Agarose pad: cells are grown on growth medium-infused
agarose in microcolonies without constant medium flow or Z-axis constraint (e.g. Elowitz et al. 2002). (C,
D) Etched microchannel: cells are grown within a sealed microchannel without medium replenishment (e.g.
Kyriacou et al. 2002). (E, F) Multiple microchannels: microchannels are created in PDMS and medium
constantly replenished by perfusion through a semi-permeable membrane (e.g. Balaban et al. 2004). Cells grow
out into the medium channels and are washed away into the medium outlet. (G, H) Mother machine: sealed
microchannels are created in PDMS and seeded with single cells. Subsequent generations from a single mother
are extruded into the medium outlet permitting the observation of a single cell over many generations (e.g.
Wang et al. 2010).
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to each plate, which provides more consistent medium �ow compared to syringe or peristaltic

pumps. The system is also designed to avoid excessive shear stress on cells within its growth

chamber, which can become a problem in other micro�uidic devices. The format of the device,

and its speci�c advantages, are described in more detail below (Figure 2.2).

With the ability to observe bacteria over very long-term periods, the volume of data generated

by microscopy is signi�cant, and has only increased as cameras and computers have improved.

The analysis of microscopy data requires software solutions and automated methods. Many

approaches have been developed, ranging from manual measurement of cells using tools such

as ImageJ (Abràmo� et al. 2004) to fully integrated software packages. I describe some of

these packages in Section 2.4.2, including CellPro�ler (Carpenter et al. 2006), MicrobeTracker

(Sliusarenko et al. 2011), SchnitzCells (Young et al. 2012), and BactImAs (Mekterović et al. 2014).

Most studies on mycobacterial time-lapses have used the manual ImageJ method, albeit using

the ObjectJ plugin (Vischer and Nastase n.d.) which can simplify this process (e.g. Aldridge

et al. 2012; Wakamoto et al. 2013; Santi et al. 2013). However, a solution that can increase the

throughput of analysis is greatly needed, especially in the mycobacterial �eld.

In this chapter, I will describe the optimisation of phase-contrast wide�eld time-lapse mi-

croscopy speci�cally for the observation of M. smegmatis single cells, with the application of

existing solutions and the creation of novel software to extract data from time-lapse experi-

ments. I will also describe the application of this software, and development of novel software

to track chromosome segregation in M. smegmatis cells with �uorescently-labelled ParA and

ParB—proteins believed to be crucial to this process (Section 2.5). Cells were imaged using the

ONIX platform over several generations by Iria Uhía, a post-doctoral researcher, resulting in a

challenging dataset to analyse. These data, and my subsequent analysis, have recently been

published (Uhía et al. 2018).

2.2 Materials

2.2.1 Tyloxapol stock solution

Tyloxapol stock is prepared by weighing out tyloxapol solution (Sigma) and adding an ap-

propriate volume of ddH
2
O in a conical �ask to produce a 20 % (v/v) stock solution. This is

determined by the assumption that pure tyloxapol has a density of 1.1 g ml
−1

. The solution is

stirred for approximately 15 min, sterile �ltered, and stored at room temperature.
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2.2.2 Hartmans–de Bont minimal medium

Hartmans–de Bont minimal medium (HdB) is a de�ned medium described by Hartmans and

De Bont (1992). It is prepared as described by Smeulders et al. (1999), with some modi�cations.

EDTA 1 g l−1

MgCl2 · 6H2O 10 g l−1

CaCl2 · 2H2O 100mg l−1

Na2MoO4 · 2H2O 20mg l−1

CoCl2 · 6H2O 40mg l−1

MnCl2 · 2H2O 100mg l−1

ZnSO4 · 7H2O 200mg l−1

FeSO4 · 7H2O 500mg l−1

CuSO4 · 5H2O 20mg l−1

Table 2.1: Chemical composition of 100× trace mineral stock solution. EDTA: ethylenediaminetetraacetic
acid

100× trace minerals are prepared by dissolving the chemicals listed in Table 2.1 in ddH
2
O,

followed by sterile �ltering. The solution is wrapped in foil to protect it from light, and stored

at room temperature.

100× phosphates are prepared by dissolving K
2
HPO

4
(890 mM) and NaH

2
PO

4
(708 mM) in

ddH
2
O, autoclaving at 121

◦
C for 20 min, and stored at room temperature.

HdB is prepared as follows (in this order): 10 ml of 100× trace minerals are added to approxi-

mately 900 ml ddH
2
O. 2 g (NH

4
)
2
SO

4
is dissolved to a �nal concentration of 15 mM, and 2 ml

glycerol is added to a �nal concentration 0.2 % v/v (27.4 mM). The solution is made up to

940 ml with ddH
2
O, and autoclaved at 121

◦
C for 20 min. It is then permitted to cool to room

temperature. 10 ml 100× phosphates are added, and �nally 50 ml 20 % tyloxapol stock solution

is added to a �nal concentration of 0.05 % v/v, under sterile conditions. The medium is stored

at room temperature.

2.3 Implementation and optimisation of an experimental single-
cell platform

The nature of the single-cell growth of mycobacteria raises several problems for conventional

single-cell techniques. Mycobacteria tend to grow in all planes including the Z-plane (Joyce

et al. 2011), thus methods such as agar pads, commonly used for E. coli single-cell studies,

are often limited. For this reason, a micro�uidic approach was used. The CellASIC
®

ONIX

Micro�uidic Platform (Millipore) was chosen as a potential solution to directly observe single

mycobacterial cells. The platform involves plates containing four independent growth chambers
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with variable height traps (0.7, 0.9, 1.1, 1.3, 2.3 and 4.5 µm) which permit the trapping of bacteria

in a single plane of focus; for M. smegmatis this is the smallest trap with a height of 0.7 µm.

Each growth chamber is connected to 5 inlet wells for medium, and a waste well. Growth

medium is constantly �owed through the growth chamber using air pressure, this permits the

maintenance of constant environmental conditions. These plates are covered with a vacuum-

sealed manifold that provides air pressure to the growth medium inlet wells, controlled by the

computer (Figure 2.2). The plate is placed on a conventional inverted wide�eld microscope

(phase-contrast), and microscope software allows the de�nition of �xed XY-positions which

can be imaged sequentially in a long-term time-lapse.
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Figure 2.2: CellASIC® ONIX microfluidic platform schematic. Reproduced from Millipore technical
datasheets for B04A-04 plates. (A) Depiction of side view of microfluidic plate attached to the manifold. Air is
supplied to 5 inlet wells (left) which drives medium flow through the growth chamber (centre) and into the
waste well (right). Cells are imaged through glass by the microscope objective lens (bottom). (B) Schematic of
cell trapping mechanisms. The elastic ceiling (light blue) of the growth chamber is raised by high pressure and
cells are loaded (2nd panel). The release of pressure in the chamber allows the ceiling to rest on cells physically
trapping them (3rd panel). (C) Depiction of top view of a single growth chamber (one of four) with inlet well
channels (1–5) on the left and outlet well channel (7) on the right. Cells are injected from the cell inlet (8) on
the right, and excess and un-trapped cells are ejected through the cell outlet (6) on the left. Each growth
chamber consists of 6 traps (centre) with differing trap heights, from top to bottom: 4.5, 0.7, 0.9, 1.1, 1.3,
and 2.3 µm.

2.3.1 Troubleshooting

Initial experiments were plagued by the issue of maintaining focus without human intervention

over long periods of time. It was clear that the plane of focus was not constant between frames

(which were generally taken every 15 min). To address this issue, the microscope software

autofocus function was used prior to image capture; this function takes multiple images (using

the phase-contrast channel) at di�erent Z-positions and determines the position that has
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maximum contrast—which is generally indicative of sharply focused edges. This approach is

broadly e�ective, but generally the autofocus function chooses a Z-position that is a few µm

out of focus, thus a strategy incorporating Z-stacks was tested. Z-stacks involve the capture of

multiple images at a single XY-position and time-point at multiple Z-positions. At each position,

the software autofocus selects the best guess of the focused position, and then positions 5 µm

either side of this selected Z-position are captured at 1 µm intervals (10 Z-slices) to attempt to

ensure that at least one focused image is always captured for each time-point.

This protocol solves the majority of the focus issues, though not during the �rst 4 h of most

experiments (Figure 2.3A) during which time the rate of change in focal position is often too

great for the autofocus to e�ectively compensate. To solve this, the microscope environmental

chamber is pre-heated at least four hours prior to the start of experiments, and the focus is

manually adjusted for the subsequent �rst four hours of every time-lapse. This permits the

acquisition of in-focus frames for the full duration of time-lapse experiments (Figure 2.3B).

A

0 2 4 6 8 10 12
Time (h)

-80

-60

-40

-20

0

Fo
cu

s
(µ
m
)

Unfocused
Focused

B

0 2 4 6 8 10 12
Time (h)

-80

-60

-40

-20

0

Fo
cu

s
(µ
m
)

Focused

Figure 2.3: Z-drift over time during long-term time-lapse. Z-position relative to the initial starting position
is plotted against time. The vertical bars depict the range of each Z-stack for each captured frame with the
centre depicting the Z-position selected by the software autofocus. The black line with circles shows which
slice in each Z-stack is in focus, the red line shows frames where no slice in the stack is in focus. (A) An
early experiment which did not maintain focus. The stack size used in this experiment was 16 µm. (B) An
experiment in which focus was retained throughout. The stack size used in this experiment was 10 µm.

Experiments were also marred by the frequent failure of the plates which can be separated into

manufacturing issues and operational issues. Plates were often unable to trap bacteria, with

bacteria being washed away after several hours of time-lapse. This was often unpredictable,

but was deemed by the manufacturer to be due to the surface of the growth chamber drying
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out and delaminating. Quality control in the production line was improved over time and

these issues became less frequent. The most common operational issue is the imaging window

becoming occluded by condensation after many hours at 37
◦
C. This was mostly solved by the

addition of a small silica tablet into the imaging chamber which reduces the moisture level

within the imaging window. Even with this measure, experiments were e�ectively limited by

the accumulation of condensation to 30 hours. This length of time-lapse was however generally

more than su�cient for the experiments performed.

2.3.2 Protocol

All experiments were performed in variants of HdB (see Materials section) using M. smegmatis
mc

2
155, generally referred to as wild-type. M. smegmatis mc

2
155 is a derivative of a canonical

clone of M. smegmatis (Snapper et al. 1990), which is extremely widely used as the standard

wild-type strain for the majority of mycobacterial studies due to its genetic tractability, well-

characterised behaviour, and pervasive use in the literature (Reyrat and Kahn 2001; Tyagi and

Sharma 2002). M. smegmatis cells were grown to stationary phase from glycerol stocks in 5 ml

HdB for 48 h in a shaking incubator at 37
◦
C. Cells were sub-cultured 1:200 in new medium

and grown to an optical density at 600 nm (OD600) of approximately 0.4 overnight. Cells were

diluted to OD600 0.05 and loaded into the micro�uidic plate (CellASIC
®

B04A-03 Micro�uidic

Bacterial Plates; Millipore). Cells were provided with fresh HdB constantly using a perfusion

pressure of 1 psi (6.89 kPa) which corresponds to a �ow rate of approximately 5 µl h
−1

. For

each growth chamber (4 independent chambers), 4 XY-positions were chosen and continually

imaged at 15 min intervals using phase-contrast and �uorescence channels (when appropriate)

with either a 63× oil immersion objective (Zeiss Plan-Apochromat 63× 1.40 Oil Ph3 M27; Zeiss)

or a 100× oil objective (Zeiss Plan-Apochromat 100× 1.40 Oil Ph3; Zeiss). Experiments were

conducted on a range of microscopes with di�erent cameras and light sources at the Facility for

Imaging by Light Microscopy at Imperial College London. All the microscopes have the same

objective lens types, fully motorised stages, and environmental chambers. Early experiments

were conducted on a Zeiss AxioVert 200M inverted wide�eld microscope, with a Hamamatsu

EM-CCD C9100-02 camera, illuminated with a Xenon lamp, and controlled with SimplePCI or

HCImage acquisition software (Hamamatsu). When this microscope was unavailable, I used

a di�erent Zeiss AxioVert 200M inverted wide�eld microscope, with a Hamamatsu Flash 4.0

camera, a pE-4000 CoolLED LED illumination system, and controlled with Volocity software

(Perkin Elmer). Later experiments were conducted on a Zeiss Axio Observer inverted wide�eld

microscope, with a Hamamatsu Flash 4.0 camera, a Lumencore SpectraX LED light source,

controlled with Zen Blue pro software (Zeiss). The microscopes were all contained within

environmental chambers which maintain the temperature at 37
◦
C. Each position at every time-

point was focused using the software autofocus and 10 Z-slices were captured at 1 µm intervals

either side of the autofocus-selected position. Each software choice had similar autofocus
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functionality, though SimplePCI and Volocity were especially poor. This process resulted in

160 images per time-point (16 positions with 10 Z-slice stacks per position). Experiments were

generally conducted for 16–30 h resulting in 10,240–19,200 images per experiment per channel.

Files were stored in software proprietary multidimensional formats (SimplePCI and HCImage

create .cxd �les, Zen creates .czi �les, and Volocity creates .aisf �les) and subsequently

converted to OME-TIFF format using Fiji (Schindelin et al. 2012).

2.4 Image analysis

2.4.1 Initial processing

Each experiment produces a 4-dimensional image �le, potentially a 5-dimensional image if

�uorescent channels are used. These dimensions are usually summarised as XYZ(C)T; where X

and Y refer to the left-to-right and top-to-bottom position within the �eld-of-view, Z refers

to the focal plane within the image stack, C to the �uorescent/bright�eld channel, and T to

the frame number (i.e. time). In addition to this high dimensionality, each experiment usually

captures 16 di�erent �elds-of-view. The �rst step for processing these �les is to separate the

�elds-of-view, a task that is performed either using the software that controls the microscope

if it is possible (e.g. Zen) or by using an open source image analysis software application:

Fiji, a derivative of ImageJ (Schindelin et al. 2012). Once �elds-of-view have been separated,

images are opened (if not already open) with Fiji. Then, in-focus slices (Z) from each frame

(T) are selected using a custom-made Fiji macro (written by Stephen Rothery; part of the

Facility for Imaging by Light Microscopy) which extracts each focused slice and concatenates

them into a single 3/4-dimensional image: XY(C)T. If �uorescent channels are used, the �le

is then split according to the channel, resulting in a 3-dimensional image per channel. For

further processing, the �le must be separated by time (T) with a 2-dimensional image per frame,

each of which is saved in a TIFF uncompressed format by Fiji. Each channel is stored in a

separate directory and named numerically according to the frame number (T). These steps are

summarised in Figure 2.4.

2.4.2 Cell segmentation

Once initial processing is completed, cells in each �eld-of-view at every time-point must be

detected and delineated. To perform this task, several software packages were tested, including

CellPro�ler (Carpenter et al. 2006), SchnitzCells (Young et al. 2012), BactImAs (Mekterović et al.
2014), and MicrobeTracker (Sliusarenko et al. 2011). My requirements for these programs were

to detect single cells (segmentation), assemble them into cell lineage trees (cell tracking), and

to determine various basic statistics such as cell length.
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Figure 2.4: Initial image processing steps. Schematic of the process of reducing dimensions from raw
microscopy data. (A) 4-dimensional microscopy files are loaded using Fiji with each time-point (t) having 3
dimensions, x and y for the position within the field, and z for the slice within the z-stack. Slices that are
in focus are highlighted in cyan. (B) Focused frames are selected using a custom Fiji macro resulting in a
3-dimensional stack. (C) Stacks are saved as individual 2-dimensional TIFF files. A cell is outlined in white in
each of the two frames displayed. (D) Each focused frame is analysed by MicrobeTracker, with cells outlined
and depicted in black.
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CellProfiler (Carpenter et al. 2006)

CellPro�ler is a stand-alone application designed to automate image processing pipelines

without requiring prior experience of programming. It allows users to graphically assemble a

series of operations to be performed on a �le, verify its e�ect on a test image, then apply the same

set of operations to the whole dataset. However, CellPro�ler is primarily designed for classifying

much larger cells than bacteria, and has di�culty reliably detecting M. smegmatis cells in phase-

contrast images, where approaches such as thresholding and watershed algorithms are less

e�ective. When settings are tweaked to permit detection of bacteria in one frame, these

settings rarely translate to the whole dataset due to di�erences in illumination and other factors.

Moreover, CellPro�ler cell detection algorithms expect somewhat regular cellular morphology

of small objects, and attempts to �t the hard-coded models to M. smegmatis cells often failed to

detect the curvature or irregularity common to M. smegmatis cells. These issues alone made

CellPro�ler unsuitable for analysing M. smegmatis time-lapse data.

SchnitzCells (Young et al. 2012)

SchnitzCells is a MATLAB analysis package designed for detecting �uorescent protein expres-

sion in bacteria in time-lapse experiments, an application which necessitates the outlining

of single cells. The package �rst segments cells automatically according to user-de�ned pa-

rameters, followed by manual correction, assembly of cell lineage trees (cell tracking), and

manual correction of lineages. SchnitzCells is optimised for the detection of bacteria from

�uorescence channels, where bacteria are constitutively expressing a cytoplasmic �uorescent

protein, and was less e�ective on phase-contrast channels when tested with my data. In ad-

dition, mycobacterial cell divisions were poorly detected, and manual correction of division

events resulted in poorly outlined daughter cells, especially at the newly created pole. The cell

tracking feature of SchnitzCells is based on distance minimisation of the centroid point of all

cell pairs between frames (described in detail by Gor et al. 2005), and was generally e�ective for

my data. Information for each cell stored by SchnitzCells includes a cell length parameter, but

this simply measures the major axis of each segmented object. The major axis is an appropriate

estimator of cell length for regularly shaped cells such as E. coli, but not for M. smegmatis
cells which are often curved and irregularly shaped. Given these issues, alternative software

solutions were investigated.

BactImAs (Mekterović et al. 2014)

BactImAs is a Java-based stand-alone software (as well as an Icy plugin) designed speci�cally

for the detection of irregularly shaped bacteria, with mycobacteria as a stated target. The

package is extensively based around ImageJ (Abràmo� et al. 2004), with frequent use of manual
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user interaction. For example, the cells in the �rst frame of the time-lapse must be manually

delineated, every division event must be de�ned by the user, and subsequent daughter cells

must again be delineated. While BactImAs was generally e�ective at detecting M. smegmatis
cells—as it was designed with this purpose in mind—it uses a relatively basic outlining procedure

without sub-pixel resolution, and requires a large amount of manual intervention.

MicrobeTracker (Sliusarenko et al. 2011)

MicrobeTracker is a MATLAB package originally designed to track Caulobacter crescentus
cells, and this provides a good starting point for identifying M. smegmatis cells since they

share some similarities—such as curvature—that make software packages designed for other

bacterial species and organisms less suitable. MicrobeTracker is able to draw boundaries around

phase-contrast images of mycobacteria with relatively high accuracy, and with a good level of

automation coupled with manual �exibility, and was used throughout this thesis. The program

splits the procedure into three general stages which are summarised below, and described in

detail by Sliusarenko et al. (2011).

1. Crude segmentation

This stage separates the �rst frame into cells or cell clusters using pixel-based morpho-

logical operations such as thresholding, then separates single cells using operations such

as edge-detection algorithms.

2. Fine segmentation

This stage improves the rough outlines produced by the �rst stage by employing a

procedure known as active contours or morphological snakes. This models the outlines

as a contour which responds to physical-like image forces pulling the contour towards

regions of high image contrast and pushing it away from low contrast using energy

minimisation. This results in a path that can accurately follow the “contours” of the

image, thus de�ning the edges of cells in phase-contrast images. The contours are

controlled by a series of parameters that de�ne what characteristics the �nal shape is

permitted to hold, such as smoothness, and minimum and maximum area. This approach

to segmentation is very useful especially for the delineation of mycobacteria, which are

often irregularly shaped. This stage is relatively accurate, but usually requires signi�cant

manual correction to ensure accurate cell boundaries, though MicrobeTracker provides a

useful and e�ective method of correcting cells (detailed below).

3. Cell tracking

This stage involves detecting cells throughout the time-lapse. MicrobeTracker uses the

contours from the previous frame as an initial estimate of cell boundaries in the new
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frame. This permits the use of the relationship between frames to speed up cell detection.

Using these guesses, it applies the active contour model to re�ne the guess to accurately

outline the cell in its new frame. This has the added theoretical bene�t of ensuring the

continuity of a single cell between frames, allowing the tracking of its history over the

course of the time-lapse, including subsequent divisions to create lineages.

In my experience, MicrobeTracker is able to detect cells well, but performs poorly at detecting

cell divisions, which requires intervention to mark division events. This is probably due to the

manner in which mycobacteria usually divide, which involves a forceful separation of daughter

cells to form a characteristic “V” shape, often referred to as “V-snapping” (Dahl 2004; Thanky

et al. 2007; see Figure 2.5). This mode of division usually involves a signi�cant movement of cells

away from the position of their mother cell which MicrobeTracker is unable to account for. Thus,

during analysis of time-lapses, cell outlines must generally be added manually for daughter

cells, which prevents the automated internal tracking of genealogies within MicrobeTracker.

This characteristic of mycobacterial division may have been one of the reasons that the makers

of BactImAs decided to require manual assignment of divisions. However, I found that the

MicrobeTracker mode of manual assignment is less intrusive than that of BactImAs—since only

the approximate centre line of cells requires manual de�nition—which is followed by automatic

re�nement by MicrobeTracker similarly to step 2 of the automated procedure. This is faster,

more accurate, and more objective than the fully manual approach required by BactImAs.

Figure 2.5: Mycobacterial cell division: V-
snapping. Mycobacteria divide in a characteristic man-
ner involving a movement away from the axis of the
mother cell during division to form a V-shape. M. smeg-
matis cells shown here were imaged during a time-lapse
in an ONIX CellASIC® microfluidic plate, and perfused
constantly with HdB minimal medium. The mother cell
is shown in the left-hand panel, and its two daughter
cells in the right-hand panel.

Each cell tracked by MicrobeTracker is de�ned by a “cell mesh”. This mesh is characterised by a

central line placed equidistantly between the cell edges between both poles, with perpendicular

ribs protruding from this central line to cell edges, distributed equally along the central line

(Figure 2.6). The central line length is used to de�ne cell length since it accurately re�ects any

irregular curvature in the cell, and is used as a coordinate system for de�ning other parameters,

such as division site placement, and �uorescent foci positioning.

2.4.3 Cell tracking

Given the di�culties that MicrobeTracker faces with tracking cell division in M. smegmatis
time-lapse experiments, I wrote a series of custom Python scripts which handle this aspect of
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A B C

Figure 2.6: Cell mesh defined during image analysis by MicrobeTracker. Bacteria are detected by
MicrobeTracker which defines a cell boundary around each cell. This boundary is characterised by a line along
the centre of the cell with ribs extending to the cell edges: the cell mesh. (A) Un-annotated cell. (B) The
outline of the region defined by MicrobeTracker is shown as a red boundary. (C) The central line (yellow) has
ribs placed equidistantly along its length extending to the cell edges perpendicular to the central line (light
yellow). The black scale bar denotes 2 µm.

single-cell image analysis. These interdependent scripts are assembled into a package which I

have named lineage. The names of the major scripts are listed in Table 2.2.

The vast majority of the functionality is encoded in the script track.py (lineage_lib.track).

This �le contains classes and functions that are used extensively by all the other scripts, including

the most important part of the lineage software package: the assignment of cells into lineages.

Script Description
lineage_lib.track Defines the majority of the package functionality, all scripts below

depend on track.
lineage_lib.poles Contains logic that allows poles to be defined automatically with a

graphical user interface when human input is required.
lineage-bin Calls lineage_lib.track functions to assign lineages.
lineage_plot Plots single cell lineages and collated statistics.
lineage_stats Generates figures of experiment statistics.
lineage_tree Collates time-lapse data and allows its interrogation interactively.
noisy_linear_map Calculates and generates figures used in Chapter 3.
lineage_noise Determines noise within single-cell statistics by bootstrapping, used

in Chapter 3.

Table 2.2: List of the major scripts that form the lineage package.

track.py contains the important classes Lineage and SingleCellLineage described below.
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The Lineage class

This class contains the most important features of lineage; when called it loads the Microbe-

Tracker �les that de�ne the time-lapse data: cell meshes and frame-to-frame alignment. Cell

meshes are as described above, and the alignment details how frames are aligned relative to

each other—necessary given the �uctuations in the absolute positioning of the �eld-of-view

between frames. The �le containing cell meshes stores these data as a large multi-dimensional

matrix of which the �rst dimension is image frames, the second dimension details each cell

within each frame, and the other dimensions describe features of each cell. The Lineage class

loads alignment data and cell mesh information, and assigns a unique identi�er to every cell in

every frame, which are saved to a �le (uuids.json) and re-used by all subsequent runs of any

of the lineage scripts. The uuids.json �le uses cell numbering de�ned by MicrobeTracker

in each frame, and links each to a unique identi�er, storing this information in a JavaScript

Object Notation (JSON)-encoded �le.

The Lineage class contains the function guess_lineage, which attempts to determine two

factors: the relationship between the same cell between frames, and the relationship between

mother and daughter cells between frames. These relationships are determined by the relative

positioning of each cell centre between frames (after o�setting by the MicrobeTracker-de�ned

alignments).

Starting from the �rst cell in the �rst frame, the central point of the cell is determined (the

halfway point on a straight line drawn between the cell poles) and compared to all the cell

centres in the subsequent period. The cell in the next frame with the shortest distance from the

cell in question is tentatively assigned as the same cell. The length (central axis) of both cells is

then compared, and if the length of the potential cell is within 25 % of the cell under investigation,

the two cells are determined to be the same cell at two time-points. If no subsequent cell satis�es

these requirements, the function attempts to search for daughter cells.

The daughter search procedure (search_daughters function) takes a slightly alternative

approach. It compares pole positions as well as central points, based on the nature of V-

snapping, where the new poles of the daughters created by division are generally close to the

original central point of the mother cell, whereas the old poles inherited from the mother are

usually shifted away from their original positions. The daughter search routine �rst determines

the positions of the two poles of the mother cell, then for each potential daughter cell in the

subsequent frame, determines the distances between one of the mother cell poles and both

of the potential daughter poles. It assumes that the pair with the shortest distance is the

same inherited pole (i.e. an “old pole”), and the other pole must be a “new pole”. To test this

relationship, it then measures the distance between the assumed new pole and the mother

central point, and the distance between the assumed old pole and both the mother poles, and

41



A Single-Cell Investigation of Mycobacteria Single-Cell Microscopy

summarises this by summing all three values. It performs the same aggregation in the opposite

direction (old pole to mother centre, new pole to mother poles) and selects the lowest of the

two aggregate values as a ‘score’ for the potential daughter. A score is assigned to every cell in

the frame, and the two cells with the lowest score are assigned as the daughter cells of the cell

in question.

Cells are tracked by the guess_lineage function from the �rst frame to the last frame of the

time-lapse, following the �rst daughter cell (the order of daughters is determined by scoring but

is not meaningful) at each division event, and backtracking to the second daughter cell in each

branch if it is unable to continue, until all branches of the single-cell lineage through all frames

have been guessed. This procedure is fully automatic, but can result in the incorrect assignment

of relationships, thus manual veri�cation and correction is required. This functionality is

provided by the interactive_track function of the Lineage class.

The interactive_track function provides a graphical method for connecting cells between

frames, denoting division events, and terminating any branches in which cells can no longer

be tracked. The procedure acts conceptually in a similar manner to guess_lineage, with cells

tracked through all their branches from the �rst frame to the last in a frame-by-frame basis.

The series of frames that show each cell from birth to division are displayed according to the

guessed lineages, which can be accepted or re-assigned using keyboard controls (Figure 2.7A).

In the event that the guess is wrong, the interface moves into the re-assignment mode, in which

the interface is split into three windows which display the previous, current, and next frames

side-by-side (Figures 2.7B and 2.7C). The cell in question is outlined in the previous frame and

the current frame, and all cells in the next frame are shaded in, with the guess highlighted. The

user can con�rm the guess, or deselect the highlighted cell(s) and click on the correct cell(s). If

a single cell is selected, the interface progresses to the next frame; if two cells are selected, a

division event is assigned, and the interface switches to track the �rst daughter cell branch;

and if no cells are selected, the lineage is terminated and the program will backtrack to the

nearest untracked branch (Figure 2.7). This procedure will repeat for all cells until all branches

are terminated, and information is saved to the �le lineages.json.

This �le encodes the information as a dictionary of key–value pairs, with keys being cell

identi�ers, and values being arrays of cell identi�ers, and stores this information in a JSON-

encoded format. If a “growth event” occurs between frames (i.e. no division) the array will

contain a single cell identi�er; if a division event occurs it will contain two identi�ers; and if a

termination event occurs it will contain no identi�ers. By traversing the structure from cells

known to be in the �rst frame, the entire lineages of all cells can be reconstructed from this �le

(coupled with the identi�er �le uuids.json). This structure is stored in a Frames class object.

This object is iterable and acts as a list of all frames within the time-lapse, each frame (Frame
object) contains a list of all cells (Cell object) within that frame. Each Cell object contains
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A

Frame 17 Frame 18 Frame 19

Frame 20 Frame 21 Frame 22 Frame 23

Frame 24 Frame 25 Frame 26

Lineage preview. Press ENTER to accept or CTRL to re-assign. B
Frame 17 Frame 18

C
Frame 24 Frame 25 Frame 26

Figure 2.7: Graphical interface for interactive assignment of cell lineages. (A) Guessed lineages are
displayed in a preview window from birth until division for each cell, with the parent cell outlined in yellow in
the first frame, and subsequent “growth events” outlined in red. Division is denoted by two outlined cells (red
and cyan). Guessed assignments can be accepted by pressing enter, or edited by pressing ctrl. (B,C) The
n − 2 frame is shown in the left panel, and is outlined in yellow if it is the parent of the current cell track,
the previous frame (n − 1) is shown in the centre panel, outlined in red, and the frame to be edited (n) is
shown in the right panel. Cells can be selected or deselected by clicking on them with the mouse cursor, with
all potential candidate cells highlighted in yellow. Division events (C) are denoted by highlighting two cells in
blue and cyan. Pressing enter increments the frame of each panel by one, unless no cell has been selected or
two cells have been selected, in which case the next cell track preview window is shown. The process repeats
until all cell tracks have been assigned to the last frame of the experiment.

various attributes including: its “parent” in the previous frame (a cell identi�er), its “child” in

the next frame (a cell identi�er), its length, its mesh data, and the time the frame was captured.

The Lineage class links cells directly between frames by identifying how a cell in frame Fn

corresponds to a cell in frame Fn+1. This can be considered by the analysis work�ow, where

frame Fn contains i cells: Fn = {C1, . . . , Ci}. The ordering of cells in each frame cannot be

guaranteed to be consistent between frames, therefore it is possible but not necessarily true

that Ci|Fn = Ci|Fn+1 . For example, Figure 2.8A depicts a structure representing a hypothetical

lineage in which the same cell in di�erent frames is not numbered consistently.

To denote this relationship, where each Ci is a Cell object, a parent–child terminology is used,

where each cell has a “parent” in the previous frame, and a “child” in the subsequent frame,

regardless of whether division actually occurs (Figure 2.8). In the case of division, a Cell object

will simply have two children designated (as occurs at the end of the hypothetical lineage

above). While this parent–child terminology is useful for constructing paths through each

frame, it forces every lineage to be traversed through every frame to obtain useful statistics

(such as growth rate) which can be cumbersome.

In addition to this requirement for iteration through many frames for every cell lineage, cells

are not guaranteed to be oriented in the same direction between frames, i.e. the �rst coordinate
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A: Frames class

Fn = { C1, C2, C3, C4, . . . , Ci }

Fn+1 = { C1, C2, C3, C4, . . . , Ci }

Fn+2 = { C1, C2, C3, C4, . . . , Ci }

Fn+3 = { C1, C2, C3, C4, . . . , Ci }

Fn+4 = { C1, C2, C3, C4, . . . , Ci }

B: Cell class

Ci =



id = id

frame = n
length = L

mesh =

{
x1, . . . , xk
y1, . . . , yk

}
time = t
parent = id

child = id



Figure 2.8: Representation of data structures encoded by lineage. (A) Idealised and simplified represen-
tation of a Frames object, as constructed by the lineage script. Each of n frames (Fn) in an experiment
contains an array of i detected cells C1, . . . , Ci. Cells are not guaranteed to be ordered identically between
frames, due to cell division and manual re-assignments during the segmentation workflow with MicrobeTracker.
A hypothetical cell “lineage” is represented with arrows, connecting the same cell as it grows in the first 4
frames, followed by division in the last hypothetical frame. (B) Each cell Ci contained with the Frames object
is an instance of the Cell class, which contains various attributes, a subset of which are shown here. The mesh
attribute is itself an array of coordinates delineating the boundary of the cell. The (x1, y1) first coordinate pair
can be either pole of the cell depending on how the cell was defined by MicrobeTracker, and is not guaranteed
to be consistent between frames. The parent and child attributes link the cell to the previous frame and
to the next frame respectively, where parent always contains a single id, and child can contain one id
(denoting a growth event) or two ids (denoting a division event).

speci�ed by the mesh attribute of each Cell object could be either pole, and is not necessarily

consistent between frames. This occurs when cells are added manually during the segmentation

process using MicrobeTracker, depending on which pole is �rst clicked when de�ning the

central spine of the cell.

The SingleCellLineage class

This class was designed to address some of the limitations with the above structures, and includes

an automated pole-tracking routine to allow the assignment of pole ages. SingleCellLineage
arranges cells into “true” lineages, with “growth” events abstracted behind instances of the class.

Each instance contains a list of all the Cell objects—as de�ned above—as an attribute, but also

has a parent and a children attribute—which refer to true parent cells and pairs of daughter cells

as is expected intuitively. Instances are also able to contain attributes such as interdivision time,

growth and elongation rate, birth and division length, and pole age (described below) which

must be calculated in a convoluted manner when using the base Lineage class. In essence, this

class places an additional layer over the base Cell objects, allowing more complex attributes

to be assigned, and true lineages to be constructed.

Poles are tracked �rstly by ensuring the correct orientation of cells, by determining distances
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between poles (as in the search_daughter function), and by human intervention. Consistent

orientation between frames is not guaranteed by the MicrobeTracker work�ow, especially

when errors are corrected manually, thus SingleCellLineage attempts to ensure this. It

performs this by measuring the distance between pole positions between frames: if inverting

the cell mesh results in a shorter overall distance, then the cell mesh is overwritten with the

consistent orientation. If this distance is greater than a threshold value (15 µm), then a manual

intervention is requested in which the user must click the same pole in the same cell presented

side-by-side in two windows. Pole inheritance is determined by measuring distances between

mother and daughter poles, where the pole with the shortest distance to one of the mother

poles is assumed to be the old pole in daughter cells, and the other assumed to be the new

pole. If the distances are too similar, or too great, then user interaction is required in a similar

manner to above. Pole age is calculated based on the inheritance data, with new poles assigned

an age of 0, and old poles incrementing their age by 1 at every division. Cells present in the �rst

frame of any time-lapse have an unknown age, and are �agged as such, though their values are

still incremented allowing the new/old pole distinction to be determined in a greater number

of cells than strict speci�c age can be.

2.4.4 Single-cell parameters

The lineage main script records and calculates several single-cell statistics including: birth

length, division length, cell length (at each frame), interdivision time, elongation rate, growth

rate, division asymmetry, and pole age.

Lengths

Lengths are assigned to cells in every frame by measuring the length of the central axis de�ned

by MicrobeTracker. Birth and division length are related to the length of a cell in its �rst

frame (termed initial length) and its last frame (�nal length), but these values are necessarily

an overestimate and an underestimate of birth and division length respectively, due to the

capture interval of the time-lapse (usually 15 min). Addressing this di�erence depends on the

manner in which single cells grow and is discussed in detail in Chapter 3 (Section 3.2.5). In

short, if the growth model is known, a more accurate estimate of birth and division length can

be interpolated if the growth rate and interdivision time are known (which they are).

Interdivision time

This value is estimated by the di�erence in the capture timestamp of the �rst and last frames

of a cell, but is—similarly to birth and division length—a�ected by the capture frequency of

the time-lapse. As above, a more accurate estimate of interdivision time can be obtained by

45



A Single-Cell Investigation of Mycobacteria Single-Cell Microscopy

interpolation if the growth model of the cell is known. This is discussed in detail in Chapter 3

(Section 3.2.5) where the growth model is indeed determined.

Elongation and growth rate

These statistics are two measures of how the length of a single cell changes over time, dependent

on the growth model. Determination of the model followed is made in Chapter 3 (Section 3.1.4).

Estimates of these rates were determined from the time-series of cell length L1, . . . , Ln at

discrete frames at times t1, . . . , tn.

Elongation rate describes the linear change in cell length over time, and is calculated by ordinary

least squares linear regression of cell length against time:

L(t) = λt+ L1 (2.1)

Where L is cell length at time t, t is the time since the �rst time-point, λ is the elongation rate,

and L1 is length in the �rst frame (initial length). The units of λ are µm h
−1

.

Growth rate describes growth under an exponential model, where incremental change in length

is size-dependent. It can be conceptualised as how many times the cell size doubles per unit time,

and is determined by ordinary least squares linear regression of the logarithm of cell length

against time since the �rst frame (Equation 2.2), which allows cell length at any time-point to

be described as in Equation 2.3.

ln(L(t)) = γt+ ln(L1) (2.2)

L(t) = L1eγt (2.3)

Where L is cell length at time t, t is the time since the �rst frame, γ is the growth rate, and L1

is cell length at the �rst frame (initial length). The units of γ are h
−1

.

Division asymmetry

Division asymmetry is estimated by simply determining the ratio of the initial length of daughter

cells to the sum of the initial lengths of both daughter cells. Each division event results in two

daughter cells C1 and C2 with birth lengths LC1 and LC2 . The asymmetry of C1 is calculated

trivially as LC1/(LC1 + LC2). C1 can be selected arbitrarily as the smaller of the two daughter

cells, or according to the age of its pole, to determine new-pole daughter asymmetry for example.
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This ratio can also be interpolated by comparing birth lengths instead of initial lengths, as

discussed in Chapter 3.

Pole age

This parameter is discussed above, and assigns a generation number to each cell pole, according

to how many times it has been inherited from its mother. New poles are assigned an age of 0,

and old poles an age of 1 or above. This permits the discrimination of new-pole inheritor cells

(maximum pole age of 1) and old-pole inheritors (maximum pole age above 1) which is used

extensively in Chapter 3, and is crucial in the analysis of chromosome segregation below. This

procedure is described in detail in the SingleCellLineage class above.

2.5 Single-cell analysis of chromosome segregation

To demonstrate the applicability of this software and analysis pipeline, I analysed a challenging

dataset: the dynamics of chromosome segregation in M. smegmatis. This data was acquired

using a similar acquisition work�ow as described above by Iria Uhía (Department of Medicine,

Imperial College London), using the ONIX CellASIC
®

micro�uidic platform.

Chromosome segregation in M. smegmatis is believed to be performed by the ParABS system,

originally described as a low-copy plasmid segregation system (Gerdes et al. 2002) but now

known to be involved in chromosome partitioning (Jakimowicz et al. 2007; Casart et al. 2008;

Maloney et al. 2009; Nisa et al. 2010; Chaudhuri and Dean 2011; Ginda et al. 2013; Trojanowski

et al. 2015; Santi and McKinney 2015). ParA is an ATPase that binds non-speci�cally to DNA,

and interacts directly with ParB. ParB is a DNA-binding protein that binds speci�cally to

parS sites clustered near the origin of replication (Jakimowicz et al. 2002, 2007; Livny et al.
2007; Casart et al. 2008). The ParABS system has been extensively studied in C. crescentus
(Ptacin and Shapiro 2010) in which centromere-like structures are formed by ParB binding to

parS sites (Graham et al. 2014). ParA dimerises when in its ATP-bound form, and binds non-

speci�cally to DNA, coating the chromosome. ParB–parS complexes trigger ATP hydrolysis in

ParA–ATP, resulting in dissociation of ParA from the chromosome. This induces the movement

of ParB-parS towards regions of higher ParA, and the segregation of the chromosome (Graham

et al. 2014). ParA is thought to form a concentration gradient along the chromosome, biasing

movement of ParB to e�ect chromosome segregation, but the mechanism underlying this is

unclear (Ptacin et al. 2010; Lim et al. 2014; Hu et al. 2015; Surovtsev et al. 2016). When bound to

one of the newly-replicated chromosomes, ParB must move towards one of the cell poles, whilst

the other chromosome—also ParB-bound—must remain closer to the other pole. In C. crescentus
and the actinobacteria Corynebacterium glutamicum, it is known that ori is positioned closer to

the pole that was inherited from the mother cell (the old pole) initially, thus some mechanism
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must anchor one chromosome close to the old pole, whilst ParB moves the other chromosome

towards the new pole (Donovan et al. 2010). However, in mycobacteria, ori is localised close

the mid-cell at birth, moving towards quarter-cell positions upon replication (Trojanowski et al.
2015; Santi and McKinney 2015).

To attempt to observe real-time dynamics of the interplay between ParA and ParB in M. smeg-
matis, Iria Uhía constructed strains carrying a plasmid encoding the �uorescent fusions ParA-

mCherry and ParB-EGFP in a ∆parAB background (∆parAB [pMEND-AB]). Cells were grown

in the ONIX micro�uidic device generally as described above, with Z-stacks of phase-contrast,

mCherry, and EGFP �uorescence channels captured at 15 min intervals for up to 9 h. 124 indi-

vidual cells simultaneously expressing ParA and ParB at close to native levels were tracked

using the lineage scripts, allowing multiple cell divisions to be observed and lineages to be

tracked. This dataset was challenging, with low �uorescence and non-optimal illumination, but

provided a useful dataset to develop and extend my time-lapse analysis software. This work

was recently published (Uhía et al. 2018), in which the data acquired by Iria Uhía coupled with

the analysis described below is detailed.

ParA-mCherry is observed to form a di�use patch along the cell body, with an apparent

migration towards the new cell pole as the cell progresses towards division (Figure 2.9A).

ParB-EGFP is observed to form �uorescent foci, usually a single focus at birth which is situated

close to mid-cell, which splits into two partway through the cell cycle, which segregate towards

opposing sub-polar positions prior to division (Figure 2.9B).

A

B

Figure 2.9: Time-lapse of ParA-mCherry and ParB-EGFP during a single cell cycle. Selection of images
from 9 h time-lapses with the dynamics of ParA-mCherry and ParB-EGFP shown separately. Scale bars denote
5 µm, and numbers in the bottom right of each frame denote minutes since birth. (A) ParA-mCherry forms a
diffuse patch along the cell body which migrates during the cell cycle (white arrow) and intensifies prior to
division (septum formation is denoted by a white star). (B) ParB-EGFP forms distinct foci (denoted with white
stars) which duplicate and segregate to opposing ends of the cell body during the cell cycle.
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The image analysis work�ow described above was followed, with focused frames selected

with Fiji, and cells segmented using MicrobeTracker. Lineages were constructed using the

lineage set of scripts, with associated single-cell parameters. To allow tracking of protein

dynamics I developed a suite of additional scripts speci�cally for the analysis of ParA-mCherry

and ParB-EGFP �uorescence pro�les, which rely on the lineage scripts, which I named

spot_analysis. After cells are detected with MicrobeTracker and lineages assigned using

lineage, the spot_analysis script determines �uorescent pro�les along the major axis of

each cell, and de�nes both the ParA-mCherry maximum and ParB-EGFP foci within each cell

along this axis.

2.5.1 Spot detection

Each �uorescent channel image is smoothed using a Gaussian �lter (with a standard deviation

of 2 pixels) to reduce noise in the image. Using the mesh de�ned by MicrobeTracker, the

mean �uorescence of all pixels within each segment along each cell is calculated from both

the smoothed and raw �uorescence data. This reduces the 3-dimensional �uorescence data

(image x and y coordinates, and �uorescence intensity) to a 2-dimensional representation—the

mean �uorescence of equally-spaced segments along the cell body. This therefore describes

potentially curved cells with a 1-dimensional line from the new pole to the old pole, forming an

alternative coordinate system (distance from the new pole) with associated mean �uorescence

along this line. The orientation of cells according to inherited pole age is crucial for tracking of

�uorescence, and relies on assigned pole ages from the lineage script. A crude background

subtraction is then performed by de�ning the background as the simple mean of the entire raw

�uorescence �eld-of-view, based on the assumption that cells are distributed sparsely within

this space. Since ParA-mCherry does not form foci (Figure 2.9A) its maximum value along the

cell body is used to de�ne its “position”. ParB-EGFP forms one or more foci, a number which

can increase during the cell cycle (Figure 2.9B). A peak �nding algorithm is used to detect these

foci, provided by the peakutils python package (Negri and Vestri 2017), which detects points

at which the �rst order di�erential of the �uorescence pro�le becomes zero (i.e. an in�ection

point) with a 5 pixel sliding window and a minimum height of one standard deviation above

the mean. To improve this guess, random Gaussian noise—with a standard deviation of half

that of the underlying �uorescence—is added to the �uorescence pro�le, followed by Gaussian

smoothing, and the peak detection algorithm repeated. This is performed 20 times, and peaks

which are detected more than 10 times in the repeated simulations are retained with greater

con�dence. Any detected peaks within 2 pixels of either pole are excluded.

Since lineages are de�ned by the lineage scripts, dynamics of both ParA-mCherry and ParB-

EGFP between birth and division can then be observed and quanti�ed. ParA-mCherry is de�ned

as a single maximum intensity value along the cell coordinate system. A trace of its position

49



A Single-Cell Investigation of Mycobacteria Single-Cell Microscopy

over time can therefore be obtained trivially, though the concentration pro�le along the whole

cell is also a useful measure, given hypotheses that this forms a gradient which directs the

movement of ParB (Graham et al. 2014). ParB-EGFP data consists of multiple spots which

can duplicate as the cell cycle progresses, and drawing conclusions from the movements of

these spots requires that they be tracked. To track these, a partially automated procedure to

“connect” spots between frames was developed. This procedure takes every spot in each frame

and connects it to the closest spot in each subsequent frame in a similar manner to the lineage

assignment procedure above, though since spot positions are e�ectively 1-dimensional, the

procedure is slightly simpli�ed. Each spot is projected onto the cell in the next frame as if

there is no growth or movement and the spot is anchored to mid-cell (de�ned as the midpoint

of the cell). Every spot in this next frame is compared to each “expected” position, and the

closest focus to each spot is connected as a single “trace”. Any spots in the next frame which

are unconnected after this procedure are considered as new spots, and treated in the same

manner for subsequent iterations. Since only one connection can be made between spots

between frames, traces may terminate prematurely (assuming that ParB foci do not disappear

in vivo), which is exacerbated by the occasional frame in which ParB peaks are not detected. In

addition, ParB splitting events are not considered at all, a process which must occur during

DNA replication. This procedure is therefore veri�ed and curated manually with two scripts:

spot_process and spot_connect.

The spot_process script provides a graphical interface by which spots can be added, removed

and inspected. Each cell is shown frame-by-frame from birth to division, with the �uorescence

image shown with the cell outline and detected spots highlighted, the cell �uorescence pro�le,

and an overview of the detected spots from birth to division. Using this interface, automatic

spot detection can be overridden for each cell (see Figure 2.10 and legend for further description).

As can be seen in the example, automated traces of ParB foci are inaccurate, with two orphaned

nodes and the clear duplication event unannotated.

The spot_connect script provides a graphical interface by which spots can be connected in

time. For the example cell shown in Figure 2.10, the initial guess is depicted in Figure 2.11A,

essentially the same panel as the bottom-right of the spot_process interface. Spots can be

disconnected and connected to one another by clicking on the spot that should be connected and

then clicking on the spot which it should be connected to (or outside the frame to disconnect

it). The correction of this process for the example cell is shown in Figure 2.11B. This procedure

requires human input which is very di�cult to automate. Triggering a duplication event is also

performed using mouse controls, except the spot that is thought to be duplicated is right-clicked,

followed by left-clicking on the spot that it should be connected to. This is represented in

Figure 2.11C to produce two corrected ParB traces. Each trace is stored as an array of time,

position, and intensity values with duplicated spots appearing in both traces (as in Figure 2.11C).
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Figure 2.10: Graphical interface to modify fluorescent spot detection. The spot_process interface
provides 4 panels: top-left, fluorescence image with cell outlined in black, the new-pole marked with a yellow
spot, and detected foci with large blue open circles; top-right, cell (lineage) and frame number and interface key
commands; bottom-left, fluorescence profile along the cell axis from new to old pole with smoothed fluorescence
in black and raw fluorescence in grey, and foci marked with red circles; bottom-right, overview of the cell from
birth to division, with the cell boundaries marked in black, the current frame marked with a grey vertical line,
and fluorescent spot trajectories marked with black outlined coloured circles. Modes can be switched using the
keyboard. The escape key accepts all the spot assignments for the cell and moves to the next, the enter key
moves to the next frame (or to the next cell if the last frame), and the backspace key moves to the previous
frame. Pressing a switches the interface to “add mode”, in which spot positions can be added by clicking
directly on the fluorescence profile panel (bottom-left). Pressing r switches to “remove mode”, in which spots
can be removed by clicking on them in the bottom-left fluorescence profile panel. Pressing shift-r removes
all spots in the current frame.
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Figure 2.11: Graphical interface to connect fluorescent foci into coherent traces. The spot_connect
interface shows the position of detected fluorescent foci over time with the cell boundaries denoted with a
black line (where distances are relative to mid-cell with the new pole at the bottom of the figure). Existing
traces are shown by coloured lines (the colour is chosen randomly). The initial guess for spot traces for an
example cell is shown in panel A. Spots can be connected by left-clicking on spot pairs, which automatically
updates the view, as in panel B. Duplication events can be indicated by right-clicking on the first spot (e.g. in
frame 1 in this example), then left-clicking on the unconnected spot (e.g. the top trace in this example). The
final modified traces are then shown for verification in panel C. Changes can be accepted with the enter key,
and rejected with the escape key.
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2.5.2 ParA dynamics

ParA appears to accumulate over the cell cycle, initially concentrated near mid-cell, where the

chromosome is expected to be located at birth. As the cell cycle progresses, ParA-mCherry

intensi�es, and concentrates in a single region of the cell, which often appears to be inherited

by a single daughter cell. Given that cell lineages have been tracked, this inheritance pattern of

ParA-mCherry can be quanti�ed. The total �uorescence of ParA-mCherry appears to be directly

proportional to cell area at birth, implying that daughter cells receive an equal concentration

of ParA-mCherry (Pearson’s r = 0.73; Figure 2.12A) in a manner that is not related to size.

Proportional inheritance of total �uorescence is expected if ParA is partitioned randomly with

cellular contents. However, the maximum intensity of ParA-mCherry inherited is not correlated

with cell area at birth (r = 0.03; Figure 2.12B). This implies that while cells which are born

large inherit more total ParA-mCherry, they are not more likely to inherit the most intensely

concentrated region of ParA-mCherry.
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Figure 2.12: Inheritance of ParA-mCherry at birth: total and maximum intensity. Total (A) and maxi-
mum (B) intensity of ParA-mCherry is determined at birth, and plotted against cell area (filled circles). Cells
which inherit the old pole from their mother are shown in blue, and cells which inherit the new pole are shown
in orange. An ordinary least squares linear regression line is fitted to these data, and depicted with a solid
black line, with 95% confidence intervals displayed as a shaded region. The Pearson correlation coefficient (r),
and the number of cells analysed (n) is shown in the bottom right.

When this analysis is repeated on sibling pairs however, di�erences emerge. The sibling

which inherits a higher total ParA is signi�cantly more likely to be larger than its sibling

(Figure 2.13A), as expected by the population relationship (Figure 2.12A), but the cell which

inherits a higher maximum intensity of ParA is also more likely to be larger than its sibling

(Figure 2.13B). An example of a cell that inherits the ParA maximum, and the manner in which

it is analysed is shown in Figure 2.13C. To determine whether this inheritance might be due to

a speci�c mechanism, I compared the inheritance of the peak to the probability that a randomly

distributed point is inherited: the ratio of daughter cell size to parent cell size. The sum of
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these ratios over all cell divisions (44 divisions) indicates that the expected number of peaks

inherited as predicted purely by cell size in 26.38, and the true number observed is 27. This

indicates that the inheritance of the ParA maximum is consistent with a size-based non-speci�c

mechanism that may be a consequence of asymmetric division.

Interestingly, cells which inherit the higher total ParA-mCherry or the maximum intensity

region are both more likely to grow faster (Figures 2.13D and 2.13E). However, when larger

sisters are compared to their sibling irrespective of ParA inheritance, they do not have a statis-

tically signi�cant di�erence in growth rate (Figure 2.13F). This may indicate that inheritance

of the ParA maximum could confer a growth advantage independently of cell size.

2.5.3 ParB dynamics

Once the �uorescence pro�le for ParA, and foci positions for ParB have been determined by

the above procedures, their simultaneous movements over the cell cycle can be visualised

and quanti�ed. The visualisation that can integrate cell length, cell cycle time, and both ParA

and ParB can be considered as a form of kymograph in which each frame between birth and

division is positioned vertically along the cell axis from new pole to old pole with a heatmap

representing ParA-mCherry intensity. ParB-EGFP foci are then overlaid as a standard line plot

against time. A cell which is born with a single ParB-EGFP focus is depicted in Figure 2.14. This

focus splits into two in the second frame (15 min after birth) which begin to separate as the

cell cycle progresses. One focus stays close to the new pole (bottom of the plot), and remains

associated with a high concentration of ParA-mCherry, which accumulates near the new pole

as the cell cycle progresses. The other ParB-EGFP focus migrates towards the old pole, away

from the region of highest ParA-mCherry concentration.

This activity can be quanti�ed in all cells using the underlying data, by determining the speci�c

velocity relative to each pole. This is calculated by �tting a straight line to each ParB focus

position over time using ordinary least squares regression. Foci can be measured relative

to distance to the nearest pole, in which case three forms of movement can be observed:

movement away from the pole, movement towards the pole, and no relative movement. These

are classi�ed by a threshold of 0.15 µm h
−1

. 52 % of 217 ParB-EGFP spots in 124 cells have no

relative movement compared to their nearest pole, indicating that they may be anchored in

some manner, moving away from mid-cell at the same rate as cell growth. 16 % of spots move

towards the nearest pole at a rate faster than growth, and 31 % move away from it, implying

that their movement is not passive. These proportions are similar whether spots are originally

observed closer to the old pole or to the new pole, thus the activity observed in Figure 2.14

does not appear to be a conserved feature. When analysing these results relative to the peak

of ParA-mCherry �uorescence, movement can again be classi�ed in three forms: away from,

towards, and no relative movement (“with”). Equal numbers of ParB-EGFP foci move towards or

53



A Single-Cell Investigation of Mycobacteria Single-Cell Microscopy

A

High
Total ParA

Low
Total ParA

1

2

3

4

5

6

7

Ce
ll
ar
ea

(µ
m

2 )

p = 1.097× 10−7
B

High
Max ParA

Low
Max ParA

1

2

3

4

5

6

7

Ce
ll
ar
ea

(µ
m

2 )

p = 0.025
C

M
ot
he
rC

ell
Da

ug
ht
er

Ce
lls

D

High
Total ParA

Low
Total ParA

-0.05

0.00

0.05

0.10

0.15

0.20

Gr
ow

th
ra
te

(h
−1
)

p = 0.020
E

High
Max ParA

Low
Max ParA

-0.05

0.00

0.05

0.10

0.15

0.20

Gr
ow

th
ra
te

(h
−1
)

p = 0.002
F

Larger
Sister

Smaller
Sister

-0.05

0.00

0.05

0.10

0.15

0.20
Gr
ow

th
ra
te

(h
−1
)

p = 0.050

Figure 2.13: Inheritance of total and maximum intensity ParA-mCherry in sibling cells. Swarm plots
representing the effect of ParA-mCherry inheritance (total or maximum) on cell area and exponential growth
rate. p-values comparing each subset as determined by Wilcoxon’s signed-rank test are shown above each plot.
Mean values for each data subset are depicted as a red horizontal line. (A) Cell area of cells which inherit a
higher total ParA-mCherry are compared to siblings which inherit a lower total ParA-mCherry. (B) Cell area of
cells which inherit the highest intensity region of ParA-mCherry compared to their sibling. (C) Example of the
distribution of ParA-mCherry in a mother cell and its two daughter cells, in which the larger daughter inherits
the highest intensity region of ParA-mCherry. (D) Exponential growth rate of cells which inherit higher total
ParA-mCherry compared to siblings which inherit a lower total. (E) Exponential growth rate of cells which
inherit the highest intensity region of ParA-mCherry compared to their sibling. (F) Exponential growth rate of
cells which are born larger than their sibling, regardless of ParA-mCherry inheritance.
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Figure 2.14: Kymograph of ParA-mCherry and ParB-EGFP for a single cell. A single cell from birth to
division is shown with ParA-mCherry intensity displayed as a heatmap along the cell axis from new pole to old
pole. ParB-EGFP foci are overlaid as traces over the ParA-mCherry intensity plot. Cells are centred around
mid-cell with poles marked by a black line. Cell length at birth, and cell length of the two daughter cells are
indicated by cartoons on the left and right of the plot.

with the ParA-mCherry peak as they move away from it, in line with chromosome segregation

where one chromosome is thought to associate with the region of highest ParA concentration.
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Figure 2.15: Diffusion profiles of ParB focus movement over time according to distance from the
ParA peak concentration. Mean squared displacement (〈∆x2〉) of ParB-EGFP foci for all time steps (∆t)
are plotted for foci originating <1.5 µm from the ParA-mCherry peak of fluorescence intensity (A), 1.5–3 µm
from the peak (B), and 3–4.5 µm from the peak (C and D). For each ∆t, the mean squared displacement is
plotted, with errors indicating the 95% confidence interval of all spots (determined by bootstrapping). Panels
A–C are plotted with a linear y-axis, while panel D is plotted with a log scale.

To further investigate this potential non-passive movement, the di�usion constant (D) of

ParB-EGFP movement was determined by �tting the equation for 1-dimensional mean squared
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displacement (MSD) 〈∆x2〉 = 2D(∆t)β for all ∆t time windows between the appearance of a

spot and spot duplication or cell division. The exponent β of the equation indicates the form

of di�usion, where a purely linear relationship (β = 1) implies passive di�usion or Brownian

motion, a β of less than 1 implies anomalous di�usion or sub-di�usion, and a β of greater

than 1 implies active movement (Golding and Cox 2006). Fitting the equation to all spots over

all time windows provides poor results regardless of the value of the exponent, thus spots

were binned based on their distance from the ParA-mCherry peak of �uorescence at the �rst

time-point. The MSD for foci that originate close to the peak of ParA-mCherry (<1.5 µm) is

low, with β = 0.394 indicating sub-di�usion that implies molecular crowding or a molecular

interaction (Figure 2.15A). This remains similar for foci less than 3 µm from the ParA-mCherry

peak (Figure 2.15B), but greatly changes for foci more than 3 µm away, with a poor �t of the

1-dimensional MSD equation (Figure 2.15C). There appears to be an exponential relationship

between MSD and time, indicating rapid, active movement of foci that originate far from the

ParA-mCherry intensity peak (Figure 2.15D).

2.6 Discussion

In this chapter I describe the optimisation of a commercial micro�uidic platform to allow long-

term time-lapse microscopy of M. smegmatis cells continuously cultured in growth medium. I

discuss the image analysis pipeline, which combines existing software and software that I wrote

to allow analysis of single M. smegmatis cells. Finally, I demonstrate how this software was

applied to an experimental dataset, and how the data structures it produces can be extended to

the analysis of a speci�c experimental question. The analysis of this question, along with the

data acquired by Iria Uhía, is described in a recently published manuscript (Uhía et al. 2018).

Micro�uidics have become a vital tool in bacteriology, since they permit the constant observation

of single cells under constant conditions. Micro�uidics greatly improve upon previous time-

lapse experimental strategies, such as agar pads, since they provide a constant supply of nutrients

to cells to maintain their environment. However, most micro�uidic systems require complicated

in-house fabrication capabilities, and the use of temperamental platforms. The CellASIC
®

ONIX

micro�uidic platform provides a reproducible, quality-controlled source of micro�uidic plates

that permit repeated experiments under similar experimental conditions. Maintaining focus in

long-term experiments has been a di�cult problem in time-lapse microscopy since the advent

of the technique, and this is no di�erent with regards to micro�uidic systems. Environmental

chambers ostensibly maintain their temperature at a desired setting, however since the chamber

is large, gradients between the chamber edges and the heating element can form, leading to

�uctuations in temperature. These changes result in the expansion and contraction of elements

of the microscope, and thus the movement of the sample. Since the di�erence between a

perfectly focused image and an unusable out-of-focus image can be a low as 0.5 µm, these
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�uctuations are a signi�cant problem. To address this, aside from the conventional use of an

anti-vibration table, I preheat the environmental chamber to 37
◦
C for at least 4 h prior to each

experiment, and preheat the micro�uidic plate and the growth medium. For each time-point,

software autofocus is used to maximise image contrast, then a Z-stack with 10 1 µm slices is

used to ensure that at least one slice is in focus for all time-points. Once images have been

captured, a Fiji (Schindelin et al. 2012) macro is used to allow selection of the slice that is in

focus to reduce the dimensionality of the data (Figures 2.4A and 2.4B).

To segment cell objects from time-lapse data, I tested a number of software approaches designed

for the detection of single cells, and decided to use MicrobeTracker which is able to detect cell

outlines using an active contour model (Sliusarenko et al. 2011), and provides a convenient

method of correcting errors and designating new cells (especially after division). MicrobeTracker

does not reliably detect mycobacterial cell division events, which must be annotated manually

in the majority of cases, though the software package does provide several useful tools to

perform this easily. To assign lineages, I developed my own suite of Python scripts which I

named lineage, which in essence replicates many of the functions of the SchnitzCells package

(Gor et al. 2005). This script largely automates the task of tracking single cells through multiple

frames and over multiple divisions, and collates these data into a form of tree structure. From

these data, fundamental parameters describing single cells can be obtained, including length at

birth, length at division, interdivision time, and linear and exponential models of elongation.

More speci�c parameters such as pole age can be de�ned by ensuring the consistent orientation

of cells between frames, and tracking the inheritance of poles from mother to daughter.

The work�ow developed essentially uses the segmentation power of MicrobeTracker (Sliusarenko

et al. 2011), the manual division annotation process used by BactImAs (Mekterović et al. 2014),

and the lineage construction procedure encoded by SchnitzCells (Gor et al. 2005), to provide a

uni�ed system tailored speci�cally for mycobacteria grown in the ONIX micro�uidic system.

These processes are mostly automated, with a visual veri�cation procedure via an interactive

graphical interface to correct cell tracking and daughter assignment after division (Figure 2.7).

To determine pole inheritance, cell orientation must be maintained, and this is performed

automatically by measuring the distance between poles, with additional graphical intervention

when automatic orientation cannot be performed. When cells divide, there is usually a signi�-

cant movement of daughter cells away from their mother cell, as they undergo “V-snapping”

(Figure 2.5). This can complicate pole tracking between divisions, and when movement is

too signi�cant to allow automatic assignment, another graphic interface is used to provide

manual con�rmation. These interfaces and automatic procedures form the basis of the lineage
scripts, and act together to provide a lineage structure that completely describes single cells in

long-term time-lapse experiments.
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The coupling of the MicrobeTracker mesh (Figure 2.6) with the lineage structure obtained by

the lineage scripts provides a powerful tool for investigating the single-cell characteristics of

mycobacteria. To demonstrate and test the utility of the scripts, I applied them to a challenging

dataset acquired by Iria Uhía, a post-doctoral researcher in my group. She constructed a plasmid

containing �uorescently-tagged variants of ParA and ParB—proteins thought to be crucial in

chromosome segregation in mycobacteria—and imaged a M. smegmatis ∆parAB deletion strain

expressing these tagged proteins, using the micro�uidic platform and a similar protocol reported

above. ParB binds speci�cally to parS sequences found near to the origin of replication in

mycobacteria, whereas ParA is a non-speci�c DNA-binding ATPase which can bind anywhere

on the chromosome when in its ATP-bound form (Jakimowicz et al. 2002, 2007; Livny et al.
2007; Casart et al. 2008). When ParB interacts with ParA–ATP, it stimulates ATP hydrolysis,

and disruption of the ParA–DNA interaction. This results in a gradient of ParA–ATP along the

chromosome, which—by an unknown mechanism—biases the movement of ParB–parS in a

manner that results in chromosome segregation (Ptacin et al. 2010; Lim et al. 2014; Hu et al.
2015; Surovtsev et al. 2016). The dynamics of ParA and ParB in live cells—at the time of the

project—was well known in C. crescentus (Ptacin and Shapiro 2010) but not in mycobacteria.

To allow investigation of ParA-mCherry and ParB-EGFP in single cells, I developed scripts which

extend the lineage scripts, and make use of the mesh structure determined by MicrobeTracker.

Since ParA binds non-speci�cally, it does not form clear �uorescent foci: the overall gradient

and local concentration of the protein are more pertinent, and a more simple computational

problem to address (Figure 2.9A). ParB binds only to parS sites, thus forms distinct foci that mark

the origin of replication in single cells (Figure 2.9B). To detect ParB foci and de�ne peak ParA

concentration, I developed a script which reduces the �uorescent signal from the whole cell to a

one-dimensional intensity pro�le representing the mean �uorescence at segments along the cell

body (from new pole to old pole). ParB foci positions relative to the new pole are determined in

a partially automated manner by determining in�ection points in the �uorescence pro�le, then

requiring manual correction and veri�cation with a graphical interface (Figure 2.10). Focus

traces within a single cell, including duplication events, are also assigned in a semi-automated

manner, and corrected with a graphical interface (Figure 2.11), which allows individual “ParB

traces” to be de�ned for every cell.

ParA position is de�ned trivially as its highest intensity value along the cell axis dimension,

but this is not necessarily the most useful measure. Instead a more holistic view of ParA is

used, which generates interesting relationships. The inheritance of ParA at division appears

to be non-equal from naive inspection of the raw data (e.g. Figure 2.9A). To quantify this,

I determined the total intensity value inherited by daughter cells according to cell area at

birth, and observed that there is a direct linear relationship (Figure 2.12A). This relationship

is expected if ParA-mCherry is partitioned non-speci�cally, since it is in proportion to cell

area. However, the highest intensity value of ParA-mCherry—assumed to indicate the region
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with highest local concentration—is not inherited in proportion with area at birth, with no

correlation observed (Figure 2.12B). This implies that cells which are born larger are not more

likely to inherit the most intense region of ParA-mCherry. While these relationships are true

when quanti�ed without considering cell lineages, di�erences appear when sibling cells are

directly compared. The cell which inherits more total ParA is more likely to be larger than its

sibling (Figure 2.13A), as expected from the population measure, but the cell which inherits

the higher maximum intensity region is also more likely to be larger (Figure 2.13B), which is

not indicated by plotting area against maximum intensity for all cells. This implies that size

may play a role in the speci�c inheritance of the most concentrated region of ParA intensity,

in a manner that is not seen when cell division is ignored, or in a manner that is blind to the

speci�c intensity value. This implication can be tested by comparing the probability that a

randomly distributed point is inherited according to septum positioning: the ratio of daughter

cell size to its parent cell size. The expected number of inheritance events predicted by size

ratio is not di�erent from the true number observed to be inherited by the larger daughter at

division, implying that asymmetric division alone may drive the observed inheritance pattern.

Cells which inherit either a higher amount ParA-mCherry or a higher maximum intensity

are signi�cantly more likely to grow faster than their sibling (Figures 2.13D and 2.13E), a

di�erence that is not observed when siblings are compared purely based on size (Figure 2.13F).

This has the direct implication that the inheritance of a greater amount or intensity of ParA

could trigger faster growth in daughter cells independently of cell size. Investigation of any

possible growth advantage conferred by inheritance of ParA would require signi�cant additional

experiments, and crucially would require the use of a strain carrying tagged ParA in its native

genetic environment (especially with its native promoter). This does however demonstrate the

importance of quantifying relationships that appear from basic inspection of raw data.

The movement of ParB over the cell cycle was of great interest, given that ParB has been

proposed as the major component that e�ects chromosome segregation, forming centromere-

like structures close to the origin that permit the separation of the nascent chromosomes to each

daughter cell. ParB-EGFP generally forms a distinct focus that marks the origin of replication

(e.g. Figure 2.9B) which duplicates as DNA replication occurs, and these spots proceed to move

apart concurrently with segregation, in line with its role. The analysis of ParB-EGFP in live

cells results in a record of the distance of every spot relative to the pole formed at birth (the

new pole). Thus changes in this distance can re�ect cell growth as the overall distance between

both poles increases. This requires reformulating this distance relative to mid-cell, de�ned

simply as the mid-point between both poles, and visualising this in a manner that combines

ParA distribution, cell length, and spot positioning. This is implemented with the use of a

kymograph of ParA intensity at each time-point relative to mid-cell, with plots of ParB foci

positions overlaid (e.g. Figure 2.14). Movement of these traces can be considered relative to

mid-cell, their closest pole, or relative to the peak of ParA intensity. The magnitude of this
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movement is determined by linear regression of distance from the relative marker against time,

to obtain the velocity of spot movement. If movement is de�ned as a velocity above a threshold

value of 0.15 µm h
−1

, we can see that just over half of all ParB spots do not move relative to

their nearest pole, suggesting that some form of anchoring could be taking place, as has been

suggested to occur in C. crescentus via the TipN protein (Ptacin and Shapiro 2010; Ptacin et al.
2010), or via a similar interaction to that which has been proposed in mycobacteria with Wag31

anchoring ParA to the old pole (Ginda et al. 2013; Meniche et al. 2014). The anchoring of ParB

to a single pole (e.g. the new pole) could explain how segregation occurs mechanistically. Since

ParB is thought to be biased in its movement towards ParA, this raises the question of how

only one focus moves towards ParA whilst the other remains �xed or moves in the opposite

direction to allow segregation to occur. Approximately one third of spots move away from

their nearest pole at a rate faster than growth, and the remaining sixth move towards it, which

is broadly consistent with chromosome segregation. When analysed relative to the peak of

ParA-mCherry �uorescence, equal numbers of spots move towards the peak or remain close to

it, or move away from the peak. This is also consistent with the model in which one ParB–parS
centromere-like structure is closely associated with ParA whilst the other is segregated away

from it.

While these numbers provide a general overview of ParB dynamics relative to the polar regions

and to ParA, a more quantitative approach was sought by determining the di�usion character-

istics of ParB position relative to the ParA peak. This determined that spots which are �rst

observed close to the ParA peak do not move signi�cantly over time, with sub-di�usive motion

indicative of a highly crowded local environment, or a molecular interaction that retains ParB

(Figures 2.15A and 2.15B). When spots are �rst observed more than 3 µm away from the most

concentrated region of ParA-mCherry however, a non-passive di�usion pro�le is observed,

where ParB moves at a greater rate that is expected by Brownian motion (Figure 2.15C). This

relationship appears to be exponential (Figure 2.15D), which may imply an active process

is governing the motion of ParB. This might be envisioned as a process by which ParB foci

which are close to ParA are “captured” by ParA, or some other polar determinant, restricting

their movement. If this interaction is saturating, when the parS region of the chromosome

is duplicated during DNA replication, this focus can then move further away from the ParA

peak concentration by di�usion, until it is captured by some other interaction, perhaps with

the opposite pole, which then drives rapid segregation. However, this mechanism is highly

speculative, and much further work is required.

This dataset provides a good example of the utility of the software that I have developed to

analyse single-cell time-lapse images, and demonstrates how the software can be extended

to provide additional quantitative insight. The software is used throughout the rest of this

thesis: to demonstrate that mycobacteria grow exponentially at the single-cell level, and the

phenomenological manner in which they control their cell size in Chapter 3; and to investigate
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how single cells respond to antibiotics, focusing especially on the characteristics of surviving

cells that are phenotypically tolerant in Chapter 4. The ONIX micro�uidic platform provides an

easily adaptable experimental system in which growth medium can be maintained or switched

at will, with the optimisation reported here providing a reproducible and robust methodology

with which to perform such experiments.
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Chapter 3 Cell-Size Control

Tuberculosis
Why o why o why do you
Decide to divide? Maya Caspari, Emily Mercer (2018)

3.1 Introduction

A
ll living organisms must control their cell size in order to ensure that daughter cells

receive su�cient material to maintain the concentration of crucial proteins, such as

those involved in protein synthesis or central metabolism, and to provide su�cient

space for the incorporation of nascent DNA (Shahrezaei and Marguerat 2015). It is well known

that bacteria are able to maintain their average size within steady state populations, where

average size is thought to be a function of the population doubling time (Schaechter et al. 1958;

Chien et al. 2012). Cell-size homoeostasis is determined at the single-cell level by the decision

to divide, since this sets both the initial and �nal length of cells. This decision must be balanced

with DNA replication, and be resistant to �uctuating sources of noise, such as stochastic

gene expression, heterogeneity in growth, and variation in microenvironment. Strategies to

decide when to divide, with some molecular-level insight, are now being investigated in detail,

primarily in model bacterial species such as Escherichia coli and Caulobacter crescentus (Campos

et al. 2014; Taheri-Araghi et al. 2015). Information regarding mycobacteria—at the time of this

project—was lacking, thus a de�nitive model of the cell-size control strategy M. smegmatis
mc

2
155 follow was sought.

In this chapter, I discuss published results (Priestman et al. 2017) that describe the relationship

between birth length and division length, and other single-cell parameter relationships, which

provides a principle by which M. smegmatis cells can maintain their cell size under standard

laboratory conditions. I also determine that this relationship can be modi�ed by the usage of

alternative sole carbon sources, strongly emphasizing the necessity of considering the growth

medium in in vitro models of pathogenic organisms. I investigate the role of pole age in

determining growth rate and cell size, and how this might underlie observations that pole age
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a�ects survival to antibiotics by other authors (e.g. Aldridge et al. 2012; Richardson et al. 2016).

3.1.1 Cell-size control models: sizer, timer, and adder

Three general principles that describe cell-size control have been proposed, usually termed

“sizer”, “timer”, and “adder”, which can be described by a single phenomenological model which

simply relates birth length to division length with a straight line: known as a noisy linear map

(Jun and Taheri-Araghi 2015; Tanouchi et al. 2015):

Ld = aLb + b+ η, (3.1)

where Ld is length at division, Lb is length at birth, η is a noise term centred around zero, and

a and b are the slope and y-intercept. The a and b terms can be estimated by ordinary least

squares linear regression of Ld against Lb, and their values inform the strategy that cells follow:

Sizer: a = 0 Ld = b+ η. Cells divide at a �xed average length b, with no cor-

relation between division length and birth length.

Adder: a = 1 Ld = Lb+ b+η Cells divide after incorporating a �xed average length

b between birth and division, with complete depen-

dence of division length on birth length.

Timer: a = 2 Ld = 2Lb+b+η Cells divide after a �xed time interval, which requires

a precise doubling in cell size between birth and divi-

sion, with the implication that b is 0, and the assump-

tion that cells halve their size at division.

Both sizer and adder models provide a principle by which cell size can be maintained (see

Figures 3.1 and 3.2). Sizer resets cell size at every division according to the threshold implied

by the model, and any noise introduced by the η term is removed at every division, i.e. cell-size

history is “forgotten” at birth (see Figure 3.2; Taheri-Araghi et al. 2015). Adder also provides

cell-size homoeostasis, since if a cell is born larger than average, its progeny will be smaller

according to the adder principle—assuming division results in an approximate halving of cell

size on average—and a cell that is born smaller than average will produce progeny that are

larger than itself at birth. This results in average length at birth being adjusted constantly

towards the population mean value over multiple generations (Taheri-Araghi et al. 2015), where

the mean birth length is b (see Figure 3.1). In this manner, cell size history plays a signi�cant

role in the cell size distribution over time.

The timer principle—�xed interdivision time—while conceptually simple and easily linked to

molecular mechanisms such as DNA replication, does not provide cell-size homoeostasis (Amir
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2014; Iyer-Biswas et al. 2014), since any stochastic change in length at birth cannot be reliably

reset, with smaller cells becoming progressively shorter and larger cells becoming progressively

larger. Thus, a timer in this context can only result in cell-size homoeostasis when no noise

is present (see Figure 3.3), a biological impossibility. This can be seen purely from the model,

when Ld = 2Lb + b + η, both b and η—the noise term—must be 0, otherwise Ld will never

reach steady state (assuming average 〈Lb〉 is half average 〈Ld〉 in the population). However, a

pure timer only speci�es that cell cycle time is �xed, and a = 2 is derived from the assumption

that growth rate is constant and birth size-independent, a cell could theoretically have a �xed

interdivision time with a < 2, therefore the true test of a timer is probably not a = 2, but

independence of interdivision time from birth size.

The distribution of the noise term is generally assumed to be Gaussian: η ∼ N (0, σ), and this

has been used in most modelling studies which explicitly model noise with the noisy linear

map, which have resulted in predictions that match experimental data well (e.g. Amir 2014;

Bertaux et al. 2018).
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Figure 3.1: Cell-size homoeostasis in an idealised adder. Simulated cell length data in which there is no
noise with cells behaving as perfect adders at each generation. Added length each generation is set to 4 µm.
Small cells are set to a birth length of 2 µm, large cells to 8 µm, and average cells to 4 µm. (A) Cells that are
born small (top), average (middle), or large (bottom) grow by a fixed length each generation, with division
occurring at exactly mid-cell. Cells are depicted at their birth length (left) and division length (right) for
subsequent generations, with mid-cell marked with a black line. (B) Birth length over multiple generations is
depicted for the simulated data displayed in panel A.
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Figure 3.2: Cell-size homoeostasis in an idealised sizer. Simulated cell length data for cells behaving as
perfect sizers. Division length is set to 8 µm. See Figure 3.1.

A

1 2 3 4 5 6
Generation

0

10

Ce
ll
le
ng

th

0

5

10

Ce
ll
le
ng

th

0

5

10

Ce
ll
le
ng

th

B

1 2 3 4 5 6
Generation

2

3

4

5

6

7

8

Bi
rt
h
le
ng

th Large cell
Average cell
Small cell

Figure 3.3: Cell-size homoeostasis in an idealised timer. Simulated cell length data for cells behaving as
perfect timers. Division length is set to double birth length. See Figure 3.1.
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3.1.2 Evidence of the adder principle—and its underlying mechanism—in non-mycobacterial
species

The concept of cell-size control has been recognised for some time, with suggestions of the

sizer and timer models as plausible principles for size homoeostasis. Early observations that

mean population cell size varies with the population doubling rate indicated that size is indeed

controlled (Schaechter et al. 1958), and the relationship with doubling rate hinted at a time-based

model. Observations that the coe�cient of variation (CV) of division length is less than CV of

birth length led to the prediction that size control acts at division, and is related to cell size

(Koch and Schaechter 1962). However, correlation between birth length and division length

was observed in early studies which rules out a pure sizer model (Koppes et al. 1980). The

paucity of modelling approaches limited the �eld of cell-size control to a binary choice between

sizer and timer, and con�icting evidence produced for both cases. Thus observations that birth

length is correlated with division length led to suggestions that cells follow a timer model

(e.g. Aldridge et al. 2012), and observed negative correlation of interdivision time and birth

length led to suggestions that cells are sizers (e.g. Robert et al. 2014). The realisation that adder

is a plausible model of cell-size control allows these studies to be retrospectively realised as

conforming to the adder principle, and the contradictions resolved (Taheri-Araghi et al. 2015).

Analysis of many bacterial species has revealed strong evidence that bacteria may universally

follow the adder principle, including in gram-negative species such as E. coli (Amir 2014;

Campos et al. 2014; Taheri-Araghi et al. 2015), Pseudomonas aeruginosa (Deforet et al. 2015),

and asymmetric C. crescentus (Campos et al. 2014), in gram-positive species such as Bacil-
lus subtilis (Taheri-Araghi et al. 2015), and in coccoid species such as the cyanobacterial species

Synechocystis sp. with its complex circadian rhythm (Yu et al. 2017). Adder has also been

demonstrated in archaea (Eun et al. 2018); in unicellular eukaryotes, such as the �ssion yeast

Schizosaccharomyces pombe (Sveiczer et al. 1996) and the budding yeast Saccharomyces cerevisiae
(Di Talia et al. 2007); and even in mammalian single cells (Cadart et al. 2017).

Mechanisms underlying the adder principle are unclear, but they require a method by which

added length can be kept constant regardless of birth length. Some have suggested a protein-

based mechanism, whereby some protein is allocated equally to daughter cells, regardless

of their size, and accumulation occurs up to a threshold which triggers division, acting as a

form of molecular ruler that reports cell-size increment (Taheri-Araghi et al. 2015; Harris and

Theriot 2016; Sauls et al. 2016). Some authors have suggested that a protein involved in DNA

replication initiation could be a likely candidate (e.g. Wallden et al. 2016). At the population

level it has been proposed that maintenance of mean cell size is controlled by DNA replication

(Cooper and Helmstetter 1968; Cooper 1969; Helmstetter 1969), and has been investigated at

the single-cell level in E. coli (Wallden et al. 2016; Si et al. 2017), with the hypothesis that DNA

replication is initiated at a �xed ratio of origins of replication (ori) to cell size, followed by a
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�xed time interval for replication to complete (Campos et al. 2014; Robert 2015). This in e�ect

is a mixture of sizer and timer models, with an initial threshold length de�ned by the ratio of

ori to cell size (i.e sizer), followed by a �xed time (i.e. timer). Other “mixer” models include

the “adder-per-origin” model, in which there is a constant added length between one initiation

event and the next (post division in the next cell cycle), proportional to the number of origins of

replication, followed by a constant time to division, in which DNA replication occurs (Cooper

and Helmstetter 1968; Amir 2014; Ho and Amir 2015; Amir 2017), in e�ect an adder/timer

mixer model. The “parallel adder”, recently formulated, proposes that two adder principles are

acting on cell length that act concurrently, with one acting from DNA initiation until the next

DNA initiation, and a second from DNA initiation until division (Logsdon et al. 2017). This

di�ers from the adder-per-origin model in that instead of �xed time between initiation and

division, there is a �xed length added. Mixer models are indistinguishable from an adder with

a noisy linear map, since these cells indeed behave as adders in the purest sense—length added

between birth and division is constant. The basis of the sizer phase (�xed ratio of ori to cell

size) is derived from observations that average initiation mass is constant in E. coli, regardless

of the population doubling rate (Cooper and Helmstetter 1968; Donachie 1968), which has

been somewhat con�rmed at the single-cell level (Wallden et al. 2016; Si et al. 2017), though a

contradictory report has recently been published (Huls et al. 2018).

C. crescentus has been proposed to divide utilising such mixer models, with stalked cells growing

exponentially for a �xed time, in a size-independent manner, followed by a pure adder phase

between septum formation—concurrent with termination of DNA replication—and cytokinesis

(Banerjee et al. 2017). A mathematical basis and framework underlying this mixer model has

been devised, and many predictions of a pure adder from birth to division hold for the mixer

model, for example variation in size is most sensitive to partitioning noise (i.e. asymmetry in

division; Modi et al. 2017). This emphasizes the phenomenological nature of the noisy linear

map, it does not represent a mechanism by which size is controlled, it describes the relationship

between division length and birth length only.

More recent evidence of the role of DNA replication in cell-size control has suggested that size

homoeostasis may be unrelated to the ratio of origins to cell size in E. coli (Huls et al. 2018).

Newborn E. coli cells indeed appear to have equal amounts of DNA at birth, a prerequisite of

the mixer model, but only in slow-growing cells; fast-growing cells—undergoing multifork

replication—do not maintain this constant amount, and the authors propose that this makes it

unlikely that the constant length increment in the adder principle is derived from synthesis

of equal amounts of DNA (Huls et al. 2018). Moreover, they also conclude that large and

small newborn cells initiate DNA replication at di�erent times, precluding the mixer model as

described above, but still maintain a �xed period between initiation of DNA replication and cell

division, deriving adder by an alternative mechanism (Huls et al. 2018). Indeed, considering the

proposal naively, one of the principles underlying the adder principle is that larger cells will
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undergo cell division earlier than smaller cells, with the same added length (under exponential

single-cell growth), thus the existence of a �xed time to replicate DNA conferring adder would

seem to contradict this assumption, unless the ratio of ori to cell size at initiation is not �xed,

or the post-replication phase does not behave as an adder. This issue is hinted at by Wallden

et al., who predict deviation from adder at very slow growth rates in E. coli, where chromosome

replication occurs synchronously with birth and division—i.e DNA replication is initiated and

completed within the same cell—a case that is not usual for E. coli at fast growth rates (Wallden

et al. 2016). This is interesting from the perspective of mycobacteria, in which overlapping

replication cycles are thought to occur much less frequently than in E. coli (Santi et al. 2013).

The observation of the adder principle in such a diverse range of bacteria, archaea, and eukary-

otic cells may suggest that there is no universal mechanism underlying constant added length,

but that it may arise as a consequence of the relationships between DNA, growth rate, and size

that govern all cells (Schmoller 2017).

3.1.3 Cell-size control in mycobacteria

Mycobacteria have key di�erences in how they grow and divide compared to E. coli and other

model species, especially in the accuracy of septum placement; tightly controlled close to

mid-cell in E. coli (Trueba 1982; Yu and Margolin 1999) by several molecular systems, such as

nucleoid occlusion (Wu and Errington 2012), and the MinCDE system (Raskin and de Boer 1999).

In comparison, mycobacterial division site selection is much less tightly controlled (Thanky

et al. 2007; Farnia et al. 2010; Singh et al. 2010a; Joyce et al. 2012; Aldridge et al. 2012; Singh

et al. 2013), which introduces signi�cant heterogeneity in cell length at every cell cycle. E. coli
cells have birth size distributions with a CV of 12 % (Campos et al. 2014; Iyer-Biswas et al. 2014)

compared to 19–22 % in M. smegmatis (this work; Priestman et al. 2017; Logsdon et al. 2017)

and M. bovis BCG (Logsdon et al. 2017). In addition, mycobacteria incorporate new cell wall

material exclusively at their poles, and preferentially at a single pole—the pole inherited from

the previous generation (Thanky et al. 2007; Hett and Rubin 2008; Joyce et al. 2012; Aldridge

et al. 2012; Santi et al. 2013; Meniche et al. 2014; Manina et al. 2015; Botella et al. 2017; Rego

et al. 2017)—which has been proposed to introduce additional heterogeneity in growth rate

due to di�erential age of the inherited pole by some authors (Aldridge et al. 2012). This di�ers

signi�cantly from E. coli which incorporate new cell wall material along their lateral wall, and

for which the age of the inherited pole has no intrinsic e�ect on growth rate (Margolin 2009;

Typas et al. 2012; Wang et al. 2012a). This concept of inheritance of an active pole creates a

simple method of distinguishing mycobacterial sibling pairs, according to the age of the poles

inherited by their mother. Each cell creates a new pole at division, at the septum, and inherits

the other pole from its mother (the “old pole”). In mycobacteria, this old pole is generally

considered to be site of cell wall incorporation, for at least the majority of the subsequent cell
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cycle. At division, daughter cells can either inherit this active old pole, or the inactive new

pole, thus can clearly be distinguished at birth as “new-pole inheritors” or “old-pole inheritors”,

terminology which I use throughout this thesis.

Asymmetry does not rule out the adder model per se; C. crescentus cells conform rigidly to

the adder principle whilst producing stalked and swarmer cells at every division, which have

markedly di�erent sizes, life cycles, and growth rates (Campos et al. 2014; Iyer-Biswas et al. 2014).

However, mycobacterial asymmetry is not �xed in a similar manner to C. crescentus, resulting in

daughter cells which have ostensibly identical lifestyles. It is more variable compared to E. coli
(Aldridge et al. 2012), which tightly control septum placement at mid-cell, thus the impact of

this additional signi�cant source of noise on adherence to adder was unknown at the time

of the initiation of this project, especially given the high importance of partitioning noise in

cell-size control theory (Modi et al. 2017).

Investigation of the cell-size control principle in M. smegmatis has shown little evidence for

the sizer model, with sizer ruled out using time-lapse microscopy, and the suggestion that cell

cycle times are correlated, hinting at a timer model (Aldridge et al. 2012), though this was

published before the adder principle had been described. Similarly, Santi et al. (2013) describe

the relationship between added length and birth length in M. smegmatis and conclude that

they are neither sizers nor timers, though they observed weak correlation between the two

(r = 0.20), which also hints at “timer-like” behaviour (a > 1)
1
. While these studies suggest a

timer, or at least an imperfect timer model for M. smegmatis (since a perfect timer would be

largely incompatible for cell-size homoeostasis; see Figure 3.3), the timer model was explicitly

rejected in the latter study, since interdivision time is correlated with birth size (Santi et al.
2013), and indeed Aldridge et al. describe an adder model, with the correlation between added

length and birth length being 0.00, though they do not name it as such (Aldridge et al. 2012).

Di�erences in correlation between added length and birth length observed in the two studies

could be explained by the di�erent conditions used in each experiment. Santi et al. used a

strain of M. smegmatis mc
2
155 carrying Wag31-GFP integrated into the chromosome—a cell

division protein that marks the cell poles and the septum (Nguyen et al. 2007; Kang et al. 2008;

Jani et al. 2010)—and used 7H9 rich medium supplemented with FM4-64, a membrane dye

(Santi et al. 2013). The 7H9 they used was also supplemented with OADC (a mycobacterial

growth supplement containing oleic acid, albumin, dextrose, and catalase), glycerol, glucose,

and Tween-80 detergent, all of which are utilisable as carbon sources by mycobacteria (Dubos

and Davis 1946; Dubos 1947; Mizuno and Tsukamura 1978). Their experiment therefore exposed

a strain carrying an additional copy of a cell division protein to two wavelengths of excitation

light, in a complex medium, and a membrane-intercalating dye (Santi et al. 2013), which may

1
Note that linear regression of added length (∆L) against birth length (Lb) is the same procedure as division

length (Ld) against birth length: since ∆L = Ld − Lb, it follows that ∆L = (a− 1)Lb + b+ η using the noisy

linear map, with a simple subtraction of the slope to convert the two (see Equation 3.2 below).
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have a�ected native cell-size control. Aldridge et al. (2012) used a strain of M. smegmatis mc
2
155

carrying an empty integrated kanamycin cassette (for unknown reasons), and used 7H9 complex

medium supplemented with glycerol, OADC, Tween-80, and the antibiotic kanamycin. Cell

size measurements were generally taken whilst cells were exposed to excitatory wavelengths

of light in addition to bright�eld. These di�erences in strain, culture conditions, and any

stress induced by imaging conditions may have a�ected cell size distributions, though it is

likely that the latter conditions were less onerous, especially given the role of Wag31 in cell

division. Irrespective of the potential e�ects of di�ering methodology, di�erences in cell-size

control—speci�cally the relationship between division/added length and birth length as de�ned

by the noisy linear map—were reported in two independent studies at the single-cell level.

The implications of cell-size control model may have signi�cant impact on bacterial survival

strategies, and thus on the development of new therapeutic interventions. Di�erences in

growth rate between sibling cells are observed in the pathogenic M. tuberculosis, with cells

inheriting the non-growing pole (the new pole formed when the mother cell was born) having

a fractionally faster exponential growth rate compared to those that inherit the growing, old

pole (Manina et al. 2015). Di�erences between siblings have been observed to have a large

e�ect on survival to antibiotics, with M. smegmatis old-pole inheritors more able to survive

rifampicin (Aldridge et al. 2012; Richardson et al. 2016), and new-pole inheritors more able

to survive cell wall-targeting antibiotics including meropenem, d-cycloserine, and isoniazid

(Aldridge et al. 2012). The introduction of variability by asymmetric division on growth rate

and cell size has recently been observed to contribute to antibiotic tolerance and virulence in

clinical strains of M. tuberculosis, where tolerance appears to be related to the variability of the

cell size distribution within a strain, highlighting the potential importance of cell-size control

in the pathogenic mycobacteria (Vijay et al. 2017). Other authors have suggested that pole age

and growth rate have no impact on survival to isoniazid in either M. smegmatis (Wakamoto

et al. 2013) or M. tuberculosis (Manina et al. 2015). Given these discrepancies, it is important

that the e�ects of pole age on factors such as cell size and growth rate are determined precisely,

as well as the cell-size control principle which mycobacteria follow.

3.1.4 Measuring growth at the single-cell level

The above di�erences may also re�ect fundamental di�erences in how growth rate is determined

at the single-cell level. Growth has been de�ned in many ways in the literature (Mitchison 2005;

Cooper 2006), including as the inverse of interdivision time (divisions or doubling per unit time),

as the linear �t of cell length against time (e.g. Aldridge et al. 2012, regarding mycobacteria),

and as the exponential �t of cell length against time (e.g. Wakamoto et al. 2013; Santi et al. 2013;

Manina et al. 2015, regarding mycobacteria). Doublings per unit time is primarily used as a

measure of growth of populations rather than as a single-cell measure of growth, whereas linear
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and exponential �ts of cell length over time are—necessarily—single-cell measures. Throughout

this thesis, I refer to the linear �t as “elongation rate” and the exponential �t as “growth rate”.

E. coli cells are known to grow exponentially at the single-cell level (Godin et al. 2010), which is

consistent with lateral insertion of nascent cell wall material (Margolin 2009; Typas et al. 2012;

Wang et al. 2012a), since the surface area available for insertion increases in a size-dependent

manner; and other diverse species such as B. subtilis (Daniel and Errington 2003) and mammalian

cells (Tzur et al. 2009; Mir et al. 2011) are also known to grown exponentially. However, since

mycobacteria are known to elongate from their tips, an exponential model of single-cell growth

is less clear (Daniel and Errington 2003). Santi et al. (2013) investigated the size dependence of

what they termed “instantaneous elongation velocity”, which re�ects the increase in length

between two adjacent time-points divided by the time di�erence, and determined this value

is size-dependent—i.e. larger cells add more length between time-points than smaller cells—

which is strongly indicative of exponential growth at the single-cell level. Exponential growth

can be conceptualised as the proportion of cell size that is incorporated per unit time. The

distinction between single-cell exponential and linear growth has important implications in

cell-size control, and remains an unresolved question in the �eld of mycobacterial single-cell

studies. For example, a time-based division mechanism can result in adder if cells grow linearly

at the single-cell level, since constant linear growth of a small cell compared to a large cell would

result in the same added length, whereas exponential single-cell growth would result in larger

cells adding more length than smaller siblings and rapid divergence of cell size. In addition,

exponential growth rate in the adder model implies several other key relationships, such as the

prediction that cells that are born larger will divide earlier—i.e. negative correlation of birth

length and interdivision time—whereas linear elongation predicts no correlation between the

two.

3.1.5 Role of growth medium in cell-size control

In addition to discrepancies between single-cell growth measures, as mentioned above, the

growth medium itself has varied between studies, and has hinted at di�erences in the cell-size

control principle (Aldridge et al. 2012; Santi et al. 2013). Di�erent growth media can modify the

growth rate of the population, and this has been proposed to determine the average cell size of

the population, as was shown 6 decades ago in Salmonella typhimurium (Schaechter et al. 1958),

long before the advent of detailed micro�uidic-based single-cell studies. The authors used

a chemostat-like device that maintains populations at constant log-phase growth in various

di�erent media with growth rates (as de�ned by number of doublings per hour; measured by

optical density) ranging from 2.8 doublings/h in brain and heart infusion to 0.62 doublings/h in a

minimal medium supplemented with lysine (Schaechter et al. 1958). They observed that average

cell size—as determined by phase-contrast microscopy, and measurement of cellular mass—

scales exponentially with the doubling rate, in a precisely predictable manner, i.e. population
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doubling rate and doubling rate alone determines mean cell size (Schaechter et al. 1958), an

observation that is termed the “Schaechter-Maaløe-Kjeldgaard growth law” by some authors

(Iyer-Biswas et al. 2014; Taheri-Araghi et al. 2015; Vadia and Levin 2015; Kennard et al. 2016).

Therefore, the di�erent media used in the two mycobacterial studies—speci�cally the addition

of glucose by Santi et al. (2013)—might a�ect the cell size distribution of the population, and

explain the observed minor correlation between birth and division length that is inconsistent

with an adder model. However, close examination of this published data does not appear to

show any gross change in population doubling rate with interdivision times of 3.00± 0.75 h

(Santi et al. 2013) and an estimated—by visual approximation—mean of 2.8 h (Aldridge et al.
2012), which translate to population doubling rates of approximately 0.33 doublings/h and

0.36 doublings/h respectively. However these values are not quoted in the latter study, thus it

may or may not be a contributing factor in disparities in apparent cell-size control. Pathogenic

mycobacteria are widely thought to survive and grow intracellularly under carbon-limited

conditions, with cholesterol as the primary carbon source (Pandey and Sassetti 2008; Salamon

et al. 2014; Vromman 2014), thus it is important to determine how culture medium a�ects cell

size and its control in mycobacteria.

3.1.6 Summary of the chapter

This chapter investigates cell-size control in wild-type M. smegmatis mc
2
155 single cells using

micro�uidics to maintain constant conditions and time-lapse microscopy (described in Chap-

ter 2) to determine the relationship between birth length and division length primarily, and

the relationship of other single-cell parameters. Using this methodology, M. smegmatis cells

are shown to de�nitively behave as adders, with constant length added between birth and

division. In addition, the manner in which single cells grow is determined by model selection

between linear and exponential models. An exponential model of single-cell growth is found

to �t individual cells much more accurately than a linear model when many cells are analysed,

in line with hints from other authors. Given discrepancies in the relationships between birth

length and division length reported by other authors, culture medium composition is also

modi�ed to determine the role of carbon source in cell-size control, as well as the investigate

the role of modulation of growth rate. I replace glycerol provided as a sole carbon source in

minimal medium with pyruvate or acetate and determine that cells deviate from adder towards

sizer-like behaviour in a pole age-dependent manner with only minor di�erences in growth

rate, a surprising result. The analysis and experiments presented in this chapter have been

published (Priestman et al. 2017), and are expanded in detail below. At the time of publication,

it was the �rst report that focused on cell-size control in M. smegmatis, and it was the �rst

de�nitive report of a bacterial species that can deviate from the adder principle without a

drastic change in doubling time. Shortly after, an additional publication focusing on cell-size

control in M. smegmatis was published (Logsdon et al. 2017) which corroborates many of the
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conclusions presented here. A comparison of the two methodologies and results is presented

in the Discussion section.

3.2 Methods

3.2.1 Variants of HdB

All cells were grown in HdB (see Chapter 2 Materials section), which contains 0.2 % glycerol as

a sole carbon source, or variants of HdB. For alternative carbon source variants, glycerol is

replaced with 0.2 % w/v potassium acetate (Sigma) or 0.2 % w/v sodium pyruvate (Sigma) for

all experiments.

3.2.2 Microscopy and analysis

For the purposes of determining cell-size control models in M. smegmatis, time-lapses were

performed generally as described in Chapter 2. Wild-type M. smegmatis mc
2
155 cells were

inoculated from frozen glycerol stocks into HdB, and grown twice overnight to stationary

phase. Cells were sub-cultured at a 1:200 ratio into fresh medium (HdB or variants) and grown

to mid-exponential phase (an OD600 of 0.4–0.6). Cells were diluted to an OD600 of 0.05–0.1 just

prior to starting each experiment. The microscope was pre-warmed to 37
◦
C for at least 4 h

(often overnight) prior to the start of experiments. B04A-03 micro�uidic plates (Millipore)

were prepared with 350 µl HdB, or variants thereof, in the �rst medium inlet well, and 100 µl

medium and cells added to the cell inlet wells. Micro�uidic plates were pre-warmed in a

static incubator prior to addition of cells. Plates were placed on the microscope, cells loaded,

and medium �ow initiated at 1 psi for the entire duration of the experiment. Regions with

cells were observed with the microscope, and XYZ-positions recorded for the motorised stage

using the microscope software (SimplePCI, HCImage, Volocity, or Zen). Images were acquired

with bright�eld illumination only (100–200 ms; 5–7 V) with a 63× phase-contrast objective

(Zeiss Plan-Apochromat 63× 1.40 Oil Ph3 M27). Images were captured with a Hamamatsu

EM-CCD C9100-02 camera, or a Hamamatsu Flash 4.0 sCMOS camera, using either a Zeiss

AxioVert 200M or a Zeiss Axio Observer inverted microscope. In-focus images were acquired

as described in Chapter 2 with software autofocus, 10 1 µm-spaced Z-slices, and a 15 min

acquisition frequency. 16 positions were generally tracked, with 4 �elds-of-view per growth

chamber of the micro�uidic plate.

For the analysis, Fiji was used to determined in-focus frames, and MicrobeTracker used to

detect cell boundaries in each frame, with division de�ned as the point at which visible septum

constriction or clear cytokinesis (e.g. V-snapping) can be observed. The custom package

lineage was used to register movement and growth of individual cells between frames and
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to construct cell lineages (see Chapter 2). A custom script was written for the purposes of

analysing cell-size control, which records birth length, division length, interdivision time,

elongation rate, growth rate, pole age, and division asymmetry for every division observed

during the experiment. This information was stored as a Python pandas object (McKinney

2010) for further manipulation (generally performed by the same script).

3.2.3 Noisy linear map

As described in the Introduction, the noisy linear map (Equation 3.1) relates birth length to

division length with a simple linear model (Taheri-Araghi et al. 2015):

Ld = aLb + b+ η, (3.1 revisited)

where Ld is length at division, Lb is length at birth, a and b describe the linear relationship,

and η is a noise term describing biological variation. a, b, and η can be estimated by ordinary

least squares linear regression of Ld against Lb, where a is the slope of the regression line, b is

the y-intercept, and η describes the residuals from the model. This is performed using Python,

either with the use of the NumPy package (Oliphant 2007) with the numpy.polyfit function

with a degree of 1, or the Statsmodels package (Seabold and Perktold 2010) via the OLS linear

model class to the same e�ect.

Other authors express the relationship between birth and added length (∆L) rather than division

length, in which case the equation is trivially adapted from Equation 3.1:

∆L = Ld − Lb,
Ld = ∆L+ Lb = aLb + b+ η,

∆L = (a− 1)Lb + b+ η. (3.2)

Thus a slope of 1 of Ld against Lb—a perfect adder—gives a slope of 0 for ∆L against Lb. This

formulation is convenient for statistical testing of the linear model, since an F -test can be used

to compare if the slope is signi�cantly di�erent from 0, and this is equivalent to testing whether

a is signi�cantly di�erent from 1 according to Equation 3.2.

3.2.4 Discrimination of single-cell elongation models

Two major models of single-cell growth have been postulated that apply to mycobacteria: linear

and exponential. These models can be described by the relationship between cell length and

cell cycle time, and are described in Chapter 2 (Elongation and growth rate).

If cell length is considered as a time series of n time-points between the �rst frame after birth
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and the last frame before division with cell lengths L1, . . . , Ln at discrete time-points t1, . . . , tn,

then linear elongation rate is described by the function (Equation 2.1):

L(t) = λt+ L1, (2.1 revisited)

where L(t) describes cell length L at time t, t describes time since the �rst frame, L1 is cell

length at t = t1, and λ is the linear elongation rate, in units of µm h
−1

.

Exponential growth rate is described by the equation (Equation 2.3):

L(t) = L1eγt, (2.3 revisited)

where γ describes the exponential growth rate in units of h
−1

.

λ can be estimated by linear regression of L(t) against t, and γ can be estimated by linear

regression of the logarithm of cell length ln(L(t)) against t, where the slope is the rate, and

the y-intercept is L1 or ln (L1) respectively.

For model selection of the most appropriate �t, cell growth is described by the equation:

d

dt
L = γf(L) + σεt, (3.3)

where εt ∼ N (0, 1) is normally-distributed white noise with unit variance, and γ is the growth

rate (i.e. γ from Equation 2.3) or elongation rate (i.e. λ from Equation 2.1). To represent both

models, f(L) = 1 for the linear and f(L) = L for the exponential growth model. Each L(t)

path is discretised in time steps δti = ti+1 − ti, i.e. the di�erence in time between time-points,

giving a path-likelihood for either model:

L
(
γ̂, σ̂2|{L1, . . . , Ln}

)
=

n−1∏
i=1

e
−
(

(Li+1−Li−δtiγ̂f(Li))2

2δtiσ̂
2

)
√

2πσ̂2δti
. (3.4)

The maximum likelihood estimates are

γ̂ =

∑n−1
i=1 δti(Li+1 − Li)f(Li)∑n−1

i=1 δtif
2(Li)

, (3.5)

and

σ̂2 =
1

n− 1

n−1∑
i=1

δti

(
Li+1 − Li

δti
− γ̂f(Li)

)2

. (3.6)

According to Akaike’s information criterion (Akaike 1973), the model with highest likelihood

is then selected.
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3.2.5 Interpolation of birth length and division length

Time-lapse data is limited by the frequency at which images can be captured—4 frames per hour,

or every 15 min in these experiments—which results in overestimation of birth length, and

underestimation of division length and interdivision time. These parameters can be adjusted to

provide more accurate estimates of their true values by interpolation, as long as the single-cell

elongation model is known.

If cell length in the �rst frame observed is termed initial length Linit at initial time tinit, and cell

length in the last frame is termed �nal length Lfinal at �nal time tfinal, the true estimates of birth

length Lb, division length Ld, and interdivision time τd can be calculated based on knowledge of

how these cells grow in the missing period between division and birth. This also requires that

the elongation or growth rate of both the mother and the daughters are known. If this is the

case, the length Lm of the mother cell can be extended into the future based on its elongation

or growth rate, and the lengths of the two daughter cells Lc1 and Lc2 can be projected into the

past based on their individual elongation or growth rates. The time-point at which the sum of

the Lc1 and Lc2 is equal to Lm can then be considered to be the point of division, where t is

equal to tfinal of the mother, and tinit of both daughters, and the length of the mother cell at

this point to be its division length Ld, and the lengths of the two daughters to be their birth

lengths Lb. Interdivision time can only be interpolated for cells in which both birth length and

division length have been interpolated, in which case it is simply τd = tfinal − tinit for that cell.

Therefore if cell length is considered as the function L(t) according to Equation 2.1 or Equa-

tion 2.3, with Lm(t) describing the length of the mother cell, and Lc1(t) and Lc2(t) describing

the daughter cells: the precise time of cell division (tfinal of the mother cell and tinit for the

daughter cells) can be estimated by minimising the value of:

|Lm(t)− Lc1(t)− Lc2(t)|, (3.7)

and subsequent estimates ofLb of the daughter cells andLd of the mother cell can be determined

at t = tfinal and Lb of each daughter cell at t = tinit according to the elongation or growth rate

of each cell.

3.2.6 Population and lineage-weighted statistics

General population statistics are obtained by averaging all cells observed within an experiment.

Lineage-weighted statistics—which reduce the bias introduced by the over-representation of the

descendants of fast-dividing cells early during a time-lapse—are determined by reconstructing

random paths through the data, which is represented as a tree with each cell as a node, and

edges representing division events. If xij represents the data of the ith cell of Nj cells in the
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jth
lineage of NL lineages, where each lineage is a single path through the whole tree, the

lineage-weighted average of the data function f is:

f̄ =

NL∑
j=1

Nj∑
i=1

wjf(xij). (3.8)

The weights wj for each lineage are de�ned by:

wj =
2−Dj

NTNj

. (3.9)

WhereDj is the total number of divisions in lineage j, which is determined by the probability of

choosing a random path through NT trees:
(
2−Dj

)
/NT (Nozoe et al. 2017). Lineage-weighted

statistics are then bootstrapped by re-sampling data xij with probability given by the lineage

weights wj . In e�ect, this scales population statistics by the number of divisions that occur

within each lineage individually to reduce the e�ect of over-representation of fast-dividing cells.

This procedure was devised and performed by Philipp Thomas (Department of Mathematics)

on the data that I acquired.

3.2.7 Statistics

Unless otherwise stated, all statistics are expressed as a 95 % con�dence interval, or± their 95 %

con�dence interval if this is symmetric. This interval is usually determined by bootstrapping,

which makes no assumptions about the underlying distribution of the data, usually with 10,000

resampling iterations. This is performed either using custom functions, or using the Seaborn

package (Waskom et al. 2017) via seaborn.algorithms.bootstrap and seaborn.utils.ci.

Hypothesis tests are stated with their associated p-values, and are usually performed using

the SciPy stats package (Jones et al. 2001). Estimating the uncertainty of linear regression

coe�cients is based on Student’s t-distribution, which assumes that residuals are distributed

accordingly.

3.3 Results

3.3.1 Data acquisition

For this chapter, I performed a series of independent experiments that grew wild-type M. smeg-
matis mc

2
155 in HdB, or variants, with bright�eld illumination only, conditions which provide

the minimum possible perturbation of bacteria by imaging stress. Cells were grown for up

to 24 hours with images acquired every 15 min, and analysed using the work�ow described
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in Chapter 2 and above. For cells grown in glycerol, 544 cell division events were observed

over seven independent experiments; for cells grown in pyruvate, 367 cell division events were

observed over seven independent experiments; and for cells grown in acetate, 383 cell division

events were observed over six independent experiments. For the remaining part of this chapter,

I refer exclusively to these data for all subsequent analysis.

3.3.2 Determination of the single-cell growth model—exponential or linear?

There has been some discussion in the �eld about the model by which bacteria grow at the

single-cell level, with di�erent measures used, such as linear elongation rate (e.g. Aldridge et al.
2012) or exponential growth rate (e.g. Wakamoto et al. 2013). I speci�cally use the terminology

“elongation rate” to refer to a linear model, in which length is added incrementally and at a

constant rate, with units of µm h
−1

. The term “growth rate” is reserved for the exponential

model, in which length is added at an accelerating rate, and is expressed in units of h
−1

(see

Chapter 2, Elongation and growth rate).
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Figure 3.4: Comparison of single-cell growth models. A linear elongation model and an exponential growth
model are fitted to the cell length of a single cell. The linear model is determined by ordinary least squares
regression of length L(t) against time t. The exponential model is determined by ordinary least squares
regression of ln (L(t)) against t. (A) Cell length is plotted against time (black) with the linear fitted model
plotted in blue and the exponential model in orange. (B) Squared residuals for each model at each time-point
are plotted, with the linear model above the origin line, and the exponential model below it. (C) Average
increase in cell length over time (size increment) scales linearly with cell length when cells are grown in glycerol,
suggesting exponential growth. The blue line indicates the ordinary least squares linear regression fitted to
11,088 individual increments, the fit coefficients are indicated in the top left of the figure. The black line with
white unfilled circles indicates the mean of data binned by length, with 95% confidence intervals indicated
with error bars (determined by bootstrapping). The bins (and fitted data) were included if they had more than
100 observations, with 265, 810, 1403, 1849, 1920, 1632, 1303, 847, 519, 266, 172, and 102 observations in
each bin (in order of increasing length).
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It is generally di�cult to distinguish between linear and exponential models over a single

M. smegmatis cell cycle, especially considering measurement error from the analysis routine.

An example random selected cell trace is shown in Figure 3.4A, in which both linear and

exponential models are �tted to lengths between birth and division. For this particular cell,

the elongation rate as determined by linear regression of length over time (Equation 2.1) is

1.208 µm h
−1

[1.098–1.318] (95 % con�dence interval), and the growth rate as determined by

linear regression of the logarithm of length over time (Equation 2.3) is 0.262 h
−1

[0.231–0.294].

Both models appear to �t the data equally well (visually), and when plotting the residuals of the

regression �t, there is very little obvious di�erence the two (Figure 3.4B). The mean squared

error (MSE) of the residuals is 0.016 µm
2

for the linear model, and 0.022 µm
2

for the exponential

model for this particular cell which implies that both models e�ectively �t the data equally well.

If both models are �tted to all cells within the glycerol dataset (in which there are more than 5

length observations) the mean MSE of 1319 cells is 0.038 µm
2

[0.035–0.042] (95 % con�dence

interval determined by bootstrapping) for the linear model, and 0.035 µm
2

[0.031–0.038] for the

exponential model, which is not statistically signi�cantly di�erent (p = 0.146; Welch’s t-test).

When cell length increment between frames (∆L/∆t) is plotted as a function of cell length

(L), with over 11,000 individual observations, cells appear to elongate in a length-dependent

manner—i.e. larger cells increase their length by more than smaller cells in the next time

step—and this dependency appears to be linear (r = 0.205, p = 1.04× 10
−105

) with an ordinary

least squares regression line slope coe�cient of 0.147± 0.013 h
−1

(Figure 3.4C), which implies

exponential growth.

To attempt to determine de�nitively which model more appropriately �ts my time-lapse data, a

model selection procedure was performed in collaboration with Philipp Thomas (Department

of Mathematics, Imperial College London). This method is detailed in the Methods section

(Discrimination of single-cell elongation models). Using this model selection method on all

cells demonstrates that over 90 % of cells preferentially �t the exponential model over the linear

model. This does not suggest that some bacteria are growing by alternative models, rather that

all cells are �tted better by an exponential model with 90 % con�dence.

Given this information, initial length, �nal length, and time between the �rst and last frame can

be interpolated (see Methods section: Interpolation of birth length and division length) using

an exponential model of cell growth (Equation 2.3) to estimate birth length Lb, division length

Ld, and interdivision time τd with greater con�dence. Unless otherwise stated, all statistics

used below use interpolated values.
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3.3.3 Cell-size control with glycerol as a sole carbon source

For cells grown in unmodi�ed HdB, with glycerol as a sole carbon source, I observed 544 cell

division events, for which I recorded birth length (Lb), division length (Ld), interdivision length

(τd), exponential growth rate (γ), and age of the oldest inherited pole. The relationships between

these parameters, for all pairwise combinations, according to the age of the inherited pole are

depicted in Figure 3.15 for reference purposes.

Ordinary least squares linear regression of division length against birth length according to the

noisy linear map (Equation 3.1) results in a = 0.996± 0.102 and b = 3.525± 0.453 (Figure 3.5A)

for cells grown in glycerol. This indicates almost complete dependence of division length on

birth length, implying that cells on average add a �xed length each cell cycle (∼3.5 µm) and

conform to the adder model of cell-size control (a = 1; p = 0.938, ANOVA F -test
2
). Other

authors (e.g. Aldridge et al. 2012) have suggested that M. smegmatis cells follow a timer model,

with �xed interdivision time, which predicts that interdivision time has no dependency on birth

length, however, interdivision time is negatively correlated with birth length (Pearson’s r =

−0.354; Figure 3.5B) indicating that cells that are born larger spend less time before dividing

again, which is inconsistent with a timer model. A timer model also predicts that cells will

double their size on average each cell cycle, or a slope of a = 2, which is not observed in these

data (Figure 3.5A).

Given these relationships, it can be concluded that M. smegmatis mc
2
155 cells closely follow

an adder model of cell division in its purest sense—cells divide after increasing by a �xed

length—when grown with glycerol as a sole carbon source.

Other consequences of the adder model predicted and observed in E. coli are not necessarily

applicable to mycobacteria however. Added length is loosely correlated with growth rate (r =

0.285; Figure 3.6A), which is not observed in other bacterial species (Campos et al. 2014; Osella

et al. 2014; Taheri-Araghi et al. 2015). This observation might suggest that added length is

not constant, and indeed growth rate is negatively correlated with birth length, which implies

that cells that are born larger grow at a slower rate than cells that are born small (r = −0.451;

Figure 3.6B). However, this clearly does not a�ect the mean added length with respect to birth

length as shown by a = 0.996± 0.102 (Figure 3.5A). This can probably be explained by the

small range of growth rate variation (Figure 3.6B), so while there is signi�cant correlation

between birth length and growth rate, the e�ective impact on growth rate is minor for even

relatively large di�erences in birth length. In addition, the correlation between growth rate

and added length is low (Figure 3.6A), so changes in growth rate do not dramatically a�ect

added length.

2
This test compares the slope of added length against birth length (Equation 3.2) to 0; equivalent to testing whether

the slope of division length against birth length (Equation 3.1) is di�erent from 1.
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Figure 3.5: Relationship between birth length and other statistics for single cells grown in glycerol.
(A) Relationship between birth length (Lb) and division length (Ld) for M. smegmatis mc2155 cells grown
with glycerol as a sole carbon source. Red circles denote single cell division event measurements; a linear
regression line fitted to these data is shown as a dotted line, with 95% confidence expressed as a light shaded
area (determined by bootstrapping); white filled circles represent the mean division length binned by birth
length with error bars denoting the 95% confidence interval of each bin (as determined by bootstrapping);
histograms show the distribution of birth length (top) and division length (right), with kernel density estimates
as solid blue lines; the key indicates the fitted parameters—‘slope’, the slope of the regression line; ‘intercept’,
the y-intercept of the regression line; r, the Pearson correlation coefficient of the data, and its squared value
r2; n, the number of cell divisions observed and plotted. All statistics are interpolated where possible. (B)
Relationship between birth length (Lb) and interdivision time (τd), with key as for panel A.
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Figure 3.6: Unusual relationships between statistics for single cells grown in glycerol. (A) Relationship
between exponential growth rate (γ) and added length (∆L) for M. smegmatis mc2155 cells grown with
glycerol as a sole carbon source. (B) Relationship between birth length and exponential growth rate. Key as
for Figure 3.5.
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Mycobacteria are well known to divide asymmetrically, dependent on pole age. Every cell

division creates a new pole at the septum, which grows more slowly than the existing pole

(Aldridge et al. 2012; Joyce et al. 2012; Meniche et al. 2014; Botella et al. 2017; Rego et al. 2017).

Cells which inherit this new pole from their mother are characterised as new-pole inheritors

or “new-pole daughters”, and cells which inherit the existing pole are characterised as old-pole

inheritors, or “old-pole daughters”.

There are signi�cant di�erences in single cell statistics for new- and old-pole daughters, in-

cluding birth length, division length, added length, and exponential growth rate (detailed in

Table 3.1). In short, old-pole inheritors are statistically signi�cantly larger at birth and at

division, and add more length between birth and division compared to new-pole inheritors.

In keeping with the relationship between birth length and growth rate (Figure 3.6B), old-pole

daughters also grow signi�cantly slower than new-pole daughters. However, there is no

statistically signi�cant di�erence in interdivision time between new- and old-pole daughters.

Statistic New-pole Old-pole p-value*
Birth length (µm) 4.024 [3.931–4.117] 4.706 [4.613–4.800] 2.47× 10−22

Division length (µm) 7.399 [7.260–7.544] 8.343 [8.187–8.502] 1.58× 10−17

Added length (µm) 3.375 [3.264–3.493] 3.637 [3.514–3.767] 0.003
Interdivision time (h) 2.305 [2.244–2.370] 2.268 [2.209–2.323] 0.393
Growth rate (h−1) 0.271 [0.266–0.276] 0.257 [0.253–0.261] 2.69× 10−5

Elongation rate (µmh−1) 1.488 [1.456–1.521] 1.621 [1.588–1.654] 2.73× 10−8

Asymmetry 0.477 [0.470–0.485] 0.555 [0.547–0.564] 1.15× 10−35

Table 3.1: Single-cell statistics for cells grown in glycerol according to pole inheritance. Mean and
95% confidence intervals in brackets (determined by bootstrapping) for cells grown with glycerol as a sole
carbon source, split into cells that inherit pole that was created in the previous generation from their mother
(“new-pole”) and those that inherit the pole that their mother inherited (“old-pole”). *p-value as determined
by Welch’s t-test.

Even given these marked di�erences in basic parameters, new- and old-pole daughters conform

rigidly to the adder model. When, as above, the dependence of division length on birth length is

determined by linear regression, a = 0.948± 0.162 and b = 3.882± 0.774 µm for daughters that

inherit the old pole (n = 274; Figure 3.7A), and a = 0.894± 0.149 and b = 3.801± 0.612 µm

for new-pole daughters (n = 270; Figure 3.7B). These values are not signi�cantly di�erent

from a = 1 (a perfect adder) with p = 0.529 and p = 0.164 for old- and new-pole daughters

respectively (ANOVA F -test), and additionally are not signi�cantly di�erent from each other,

with p = 0.631 (ANCOVA). Therefore, cells inheriting the old, presumably growing, pole follow

the same cell-size control mechanism compared to daughter cells which inherit the new pole,

even though they grow slower, are born and divide larger, and add more length per cell cycle.

The data that these relationships are determined from allows the construction of cell lineages

up to eleven generations before overgrowth or experimental time constraints prevent further
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Figure 3.7: Cell-size control according to pole inheritance for cells grown in glycerol. (A) Relationship
between birth length and division length for M. smegmatis mc2155 cells which inherit the old pole from their
mother, grown with glycerol as as sole carbon source. (B) Relationship between birth length and division length
for cells which inherit the new pole from their mother. Key as for Figure 3.5.

tracking. This allows the impact of pole inheritance to be extended beyond the old/new pole

dimension to allow analysis of the impact of pole age itself. This dataset is restricted in size,

since age can only be de�ned when a pole is observed to be created by cell division and tracked

over multiple generations. However, there are 170 cells with de�nitively known old pole ages:

99 with an age of two generations, 39 with an age of three, 21 with an age of four, 8 with an

age of �ve, and 1 with ages of six, seven, and eight generations. For statistical purposes, the 11

cells with a pole age of �ve or more are excluded from any analysis.

As pole age increases, birth and division length increase (Figures 3.8A and 3.8B), growth rate

reduces (Figure 3.8C)—albeit marginally—whilst added length and interdivision time appear to

remain constant (Figures 3.8D and 3.8E). As when new- and old-pole inheritors are considered as

groups, all pole age subsets conform to the adder principle, although cells with four-generation-

old poles may verge towards greater than a = 1. Fitted values for a increase from 1.022± 0.281

for two-generation-old poles, 1.229± 0.562 for three-generation-old poles, to 1.446± 1.195 for

four-generation-old poles, with associated error also increasing (Figure 3.8F). No signi�cant

deviation from adder can be observed for any pole age, and ANOVA-derived p-values for

deviation from adder are 0.877, 0.415, and 0.070 respectively, as indicated by con�dence intervals

which overlap with a = 1 (Figure 3.8F).

Given these data, I can conclude—with con�dence—that M. smegmatis mc
2
155 cells grown with

glycerol as a sole carbon source on average add a constant length between birth and division,

regardless of their initial birth length—they behave as adders in the purest sense.
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Figure 3.8: Effect of pole age on single cell statistics for cells grown in glycerol. Mean and 95%
confidence intervals (determined by bootstrapping) are plotted for a variety of single cell statistics according to
the known age of the old pole inherited (blue). New-pole daughters (green) and all old-pole daughters (orange)
are also plotted for each statistic. (A) Birth length, (B) division length, (C) growth rate, (D) added length, (E)
interdivision time, and (F) slope (a) of the ordinary least squares linear regression line fitted to division length
against birth length. The red dotted line in this panel indicates a = 1, or a perfect adder.

3.3.4 Noise in the noisy linear map

The noisy linear map (Equation 3.1) includes the noise term η which is not often discussed.

It is a noise term that is centred around zero, therefore should not a�ect regression of birth

and division length used to determine the value of a. However, the shape of the term, while

often assumed to be normally distributed: η ∼ N (0, σ2) (e.g. Amir 2014; Bertaux et al. 2018), is

not known in mycobacteria. The distribution can be estimated by analysing the residuals of

ordinary least squares linear regression of division length against birth length (Figure 3.5A).

The residuals have a mean value of zero, as they are derived from a least squares approximation,

with a standard deviation of 1.03 µm, however, a plot of a normal distribution with µ = 0

and σ = 1.03: η = N (0, 1.032), is a poor �t for the underlying distribution of the residuals

(Figure 3.9A). Using a Shapiro–Wilk test of normality, the null hypothesis that the residuals

are normally distributed is strongly rejected with p = 1.28× 10
−14

. Additionally, a quantile–

quantile plot comparing the residuals to a normal distribution shows signi�cant deviation from

normal at all quantile positions (Figure 3.9B). This implies that η is not normally distributed

for cells grown in glycerol, at least when estimated by ordinary least squares. This is due to
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a consistent right-skew in the residuals with a signi�cant skewness of 1.17 (p = 6.01× 10
−20

;

tested according to D’Agostino et al. 1990). The implications of this noise distribution are

unclear.

A

−2 0 2 4 6

Deviation, η (µm)

η ∼ N (−0.00, 1.032)

B

-3 -2 -1 0 1 2 3
Theoretical normal quantiles

-2

0

2

4

Re
si
du

al
qu

an
til
es

Figure 3.9: Analysis of the noisy linear map noise term. The ordinary least squares linear regression of
division length against birth length provides coefficients that reflect a and b in the noisy linear map (Equation 3.1),
and the residuals of the fit approximate the shape of the noise term η. (A) Distribution of residuals of the
linear fit of division length against birth length depicted as a histogram shaded in blue with a kernel density
estimate as a solid blue line. A fitted normal distribution with the same standard deviation is overlaid in black.
(B) Quantile–quantile plot of residual data quantiles against theoretical normal distribution quantiles (blue
circles) with a perfect fit denoted with a black line.

3.3.5 Cell-size control with alternative sole carbon sources

The natural environment that mycobacteria inhabit is unlikely to be similar to laboratory media

which optimise growth rate; M. smegmatis is a soil bacterium which probably has limited access

to the glycerol provided by HdB, and M. tuberculosis is thought to catabolise cholesterol as

its primary carbon source when living intracellularly within the phagosome (Salamon et al.
2014; Vromman 2014). Therefore I investigated how M. smegmatis cells behaved when provided

with sub-optimal carbon sources—pyruvate and acetate—as their sole carbon source, replacing

glycerol. Pyruvate and acetate (via acetyl-CoA) happen to be metabolic products of cholesterol

metabolism in mycobacteria (Gri�n et al. 2012), but it is unlikely that M. smegmatis has evolved

to utilise cholesterol to the extent that M. tuberculosis has. Rather, the research question was

whether changing carbon source would have any e�ect at all, and whether this would need to

be considered in future experiments.

Cells were grown in acetate or pyruvate in the micro�uidic device in an identical manner to

cells grown in glycerol, simply replacing 0.2 % glycerol in HdB with 0.2 % w/v potassium acetate

or sodium pyruvate (see Methods section: Variants of HdB). 383 cell division events were

observed for cells grown in acetate, and 367 cell division events were observed for cells grown

in pyruvate. For reference purposes, all pairwise combinations of the data acquired during these

experiments, according to the age of the pole inherited are depicted in Figure 3.16 for cells grown

in acetate, and in Figure 3.17 for cells grown in pyruvate. Cells have reduced cell sizes at birth

and increased interdivision time compared to cells grown in glycerol, indicating the paucity of
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the medium is having an e�ect (detailed in Table 3.2). When dependency of division length

on birth length is determined for cells grown in these alternative carbon sources, signi�cant

di�erences in cell-size control emerge compared to cells grown in glycerol, a surprising result

given the apparent robustness of the adder principle in glycerol.

Statistic Glycerol Acetate Pyruvate
Birth length (µm) 4.310 [4.253–4.383] 3.898 [3.838–3.967] 3.523 [3.474–3.573]
Division length (µm) 8.012 [7.872–8.138] 7.457 [7.383–7.563] 6.816 [6.730–6.899]
Added length (µm) 3.701 [3.620–3.805] 3.559 [3.481–3.629] 3.294 [3.209–3.377]
Growth rate (h−1) 0.263 [0.260–0.266] 0.265 [0.261–0.267] 0.235 [0.232–0.239]
Interdivision time (h) 2.262 [2.208–2.307] 2.485 [2.430–2.539] 2.868 [2.803–2.934]

Table 3.2: Single-cell statistics for cells grown in different sole carbon sources.Mean and 95% confidence
intervals in brackets (determined by bootstrapping) for cells grown with glycerol, acetate, or pyruvate as a sole
carbon source.

For cells grown in acetate, the relationship between division length and birth length as deter-

mined by ordinary least squares linear regression results in a = 0.964± 0.140 (Figure 3.10A),

consistent with the adder principle (p = 0.616; F -test). When cells are divided according to the

age of their inherited pole, old-pole inheritors have a slope of 1.181± 0.212, consistent with an

adder (p = 0.095; F -test; Figure 3.10C), but new-pole inheritors have a slope of 0.682± 0.187,

which is not (p = 0.001; F -test; Figure 3.10D). This indicates that new-pole inheritors grown

with acetate as a sole carbon source are deviating from the adder principle, and have acquired

“sizer-like” properties.

However, close observation of the raw data shows that the binned values do not conform to

the linear model very well (Figure 3.10A) with cells that are born large potentially skewing

the dataset. These large cells are old-pole inheritors, as indicated by the poor �t of binned

data to the linear model for old-pole inheritors (Figure 3.10C) but not for new-pole inheritors,

which are modelled relatively well (Figure 3.10D). This raises the possibility that cells that are

born very large are skewing the linear �t for the population and old-pole inheritors, with a

potential overestimation of the value of a. When data is restricted to exclude cells which are

born at sizes larger than 5 µm (16 cells), the regression coe�cients are altered—providing a

much more e�ective linear �t to the binned data (Figure 3.10B)—resulting in a = 0.730± 0.154

for all cells, which is inconsistent with an adder model. Restricted old-pole inheritors also have

a reduced a = 0.883± 0.233, which is still consistent with an adder, but verging on sizer-like

behaviour. Restricted new-pole inheritors, while �tted well without excluding large cells, also

have a reduced a = 0.576± 0.212, remaining sizer-like for this sub-population. This raises the

possibility that all cells grown in acetate may be acting in a sizer-like manner, though the e�ect

of these very large potential outliers may be re�ecting a biological phenomenon.

For cells grown in pyruvate, the slope of the ordinary least squares regression line of division
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Figure 3.10: Relationship between birth length and division length for single cells grown in acetate.
(A) Relationship between birth length and division length for M. smegmatis mc2155 cells grown with acetate
as a sole carbon source. (B) Relationship between birth length and division length for cells with birth lengths
less than 5 µm. (C) Relationship between birth length and division length for cells which inherit the old pole
from their mother. (D) Relationship between birth length and division length for cells which inherit the new
pole from their mother. Key as for Figure 3.5.
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length against birth length is 0.832± 0.137, which is inconsistent with the adder principle.

This di�erence in maintained when old- and new-pole inheritors are analysed separately with

a = 0.767± 0.192 (n = 197; Figure 3.11B) and a = 0.815± 0.221 (n = 170; Figure 3.11C)

respectively. This demonstrates that all cells grown in pyruvate are behaving in a “sizer-like”

manner, with p = 0.016 (F -test) regardless of which pole is inherited. This may relate to the

more signi�cant e�ect on growth rate observed in this medium (Table 3.2), where there is very

little di�erence in single-cell exponential growth rate between cells grown in glycerol (0.263 h
−1

[0.260–0.266]) compared to those grown in acetate (0.265 h
−1

[0.261–0.267]; p = 0.705, Welch’s

t-test), whereas cells grown in pyruvate are signi�cantly slower (0.235 h
−1

[0.232–0.239]; p =

8.26× 10
−29

, Welch’s t-test).
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n = 367 Figure 3.11: Relationship between birth length

and division length for single cells grown in pyru-
vate. (A) Relationship between birth length and di-
vision length for M. smegmatis mc2155 cells grown
with pyruvate as a sole carbon source. (B) Rela-
tionship between birth length and division length for
cells which inherit the old pole from their mother.
(C) Relationship between birth length and division
length for cells which inherit the new pole from their
mother. Key as for Figure 3.5.
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3.3.6 Impact of cell-size control on variability

Given that cells grown in the sub-optimal carbon sources appear to deviate from the adder

principle compared to cells grown in glycerol, I investigated the implications of the di�erence.

Other authors have suggested that birth length and interdivision time scale in direct proportion

to their mean—i.e. the distributions collapse when normalised to their mean value (Taheri-

Araghi et al. 2015; Kennard et al. 2016). This prediction does not hold for M. smegmatis mc
2
155

cells grown with acetate or pyruvate, where interdivision time and growth rate change.

Birth length distributions for cells grown in each carbon source vary signi�cantly (Table 3.2)

with cells grown in pyruvate and acetate having much narrower distributions compared to

cells grown in glycerol (Figure 3.12A). This is a predicted consequence of reduced growth

rate; however, when values are normalised by the mean value, distributions do not collapse

(Figure 3.12B). This is indicated by the coe�cient of variation (CV) of birth length for each

carbon source, with 19.53 % [18.52–20.55] (95 % con�dence interval), 14.23 % [12.73–15.30], and

14.84 % [13.89–15.79] for cells grown in glycerol, acetate, and pyruvate respectively, indicating

that cells grown in glycerol are inherently more variable in birth length (Figure 3.13A).

Conversely, interdivision times—although coupled with inherent technical noise due to the sam-

pling frequency of the time-lapse (15 min) though they are interpolated where possible—appear

to collapse when scaled by their means (Figures 3.12C and 3.12D). Normalised interdivision

time distributions have the same height and width in all three carbon sources (Figure 3.12D)

as demonstrated by similar CVs, with 22.57 % [19.93–25.39], 20.01 % [17.29–21.76], and 22.94 %

[20.54–25.20] for glycerol, acetate, and pyruvate respectively (Figure 3.13C).
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Figure 3.12: Scaling and collapse of birth length and interdivision time distributions for different
carbon sources. Plots depict histograms and kernel density estimates for single M. smegmatis mc2155 cells
grown in glycerol (red), acetate (blue), or pyruvate (yellow) as a sole carbon source. (A) Distribution of birth
length for single cells grown in different carbon sources. (B) Distribution of birth length scaled by mean birth
length for each carbon source. (C) Distribution of interdivision time. (D) Distribution of interdivision time
scaled by mean interdivision time.
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Figure 3.13: Variability in single-cell statistics for cells grown in different carbon sources. Representation
of single-cell statistics separated by the age of the pole inherited: new-pole inheritors (closed circles), old-pole
inheritors (open circles), and combined datasets (closed squares) with error bars depicting 95% confidence
intervals (determined by bootstrapping) for cells grown in glycerol (red), acetate (blue), or pyruvate (yellow).
(A–E) The left side of each panel depicts the absolute values, and the right side depicts the coefficient of
variation (CV; standard deviation divided by the mean). (F) The slope of division length against birth length
as determined by ordinary least squares linear regression.
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A key prediction of cell-size control, especially between the sizer and adder models is that

the sizer principle strongly predicts that noise should be reduced, particularly in division

length, since size is “reset” at every cell division, correcting any stochastic variation acquired

in the previous cell cycle. The adder model predicts that variations are inherited for several

generations before cells return to the population mean value. Since new-pole daughters grown

in acetate and both old- and new-pole daughters in pyruvate have slopes signi�cantly less

than 1 in the cell-size control linear model (a < 1), this directly predicts that distributions for

division length should be reduced compared to cells grown in glycerol for sub-populations

that are acting in the “sizer-like” manner. This is indeed observed with a division length CV of

new-pole daughter cells grown in acetate of 11.06 % [9.39–12.51] compared to a division length

CV of cells grown in glycerol of 16.94 % [15.76–17.95], and CVs for cells grown in pyruvate

of 12.47 % [11.69–13.39], 12.08 % [10.83–13.67], and 12.06 % [10.95–13.35] for the population,

new-, and old-pole daughters respectively (Figure 3.13B). Indeed, division length CVs appear

to directly follow di�erences in cell-size control slope (Figure 3.13F) with new-pole daughters

grown in acetate—which behave in a sizer-like manner—having a lower CV than old-pole

daughters (14.03 % [10.95–17.64]), which ostensibly behave as adders, whereas cells grown in

pyruvate appear to have lower CVs compared to cells grown in glycerol regardless of pole age

re�ecting their general sizer-like nature (Figures 3.13B and 3.13F).

Interestingly, variability in birth length does not appear to be correlated with slope, with all

cells grown in acetate and pyruvate having lower birth length CVs compared to cells grown in

glycerol with 19.53 % [18.11–20.40], 14.23 % [13.13–15.48], and 14.84 % [13.75–15.86] for glycerol,

acetate, and pyruvate respectively (irrespective of inherited pole age; Figure 3.13A). This may

re�ect di�erences in division asymmetry observed between these carbon sources, with size

di�erences between new- and old-pole daughters being much greater for cells grown in glycerol

compared to cells grown in acetate or pyruvate (Figures 3.13A and 3.13E). Division asymmetry

is also expected to be increased in old-pole daughters, given that birth length increases with

pole age for cells grown in glycerol (Figure 3.8A), and to a lesser extent in cells grown in the

alternative sources. This di�erence is however not apparent in CVs for either asymmetry or

birth length for cells grown in glycerol, with old-pole daughters having lower variation in

birth length (16.78 % [15.29–18.24]) compared to new-pole daughters (19.25 % [18.08–20.42];

Figures 3.13A and 3.13E).

Few di�erences in variability are observed in interdivision time between carbon sources (Fig-

ure 3.13C), re�ecting the scaling of interdivision time by mean value (Figures 3.12C and 3.12D).

Di�erences in variability in growth rate are also relatively low between carbon sources and pole

age, although old-pole inheritors grown with glycerol may have a hint of a lower CV, as well as

cells grown in acetate or pyruvate, though the implications of this are unclear (Figure 3.13D).

In summary, cells which do not conform to the adder principle, with a <1, display reduced
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variability in their length at division, in qualitative agreement with the extent of their deviation

from adder.

3.3.7 Population and lineage-weighted statistics

Population Lineage

G
ly
ce
ro
l Birth length (µm) 4.310 [4.253–4.383] 4.194 [4.159–4.224]

Division length (µm) 8.012 [7.872–8.138] 7.984 [7.946–8.030]
Added length (µm) 3.701 [3.620–3.805] 3.790 [3.741–3.830]
Interdivision time (h) 2.262 [2.208–2.307] 2.275 [2.252–2.298]
Growth rate (h−1) 0.263 [0.260–0.266] 0.270 [0.269–0.272]

Ac
et
at
e

Birth length (µm) 3.898 [3.838–3.967] 3.896 [3.870–3.926]
Division length (µm) 7.457 [7.383–7.563] 7.476 [7.423–7.515]
Added length (µm) 3.559 [3.481–3.629] 3.580 [3.541–3.606]
Interdivision time (h) 2.485 [2.430–2.539] 2.756 [2.728–2.780]
Growth rate (h−1) 0.265 [0.261–0.267] 0.242 [0.241–0.244]

Py
ru
va
te

Birth length (µm) 3.523 [3.474–3.573] 3.466 [3.441–3.494]
Division length (µm) 6.816 [6.730–6.899] 6.798 [6.749–6.840]
Added length (µm) 3.294 [3.209–3.377] 3.332 [3.283–3.365]
Interdivision time (h) 2.868 [2.803–2.934] 3.097 [3.054–3.132]
Growth rate (h−1) 0.235 [0.232–0.239] 0.223 [0.222–0.225]

Table 3.3: Population and lineage-weighted statistics for single-cell data. Estimated mean values and
bootstrapped 95% confidence intervals for single-cell parameters in each of three carbon sources are represented.
Population statistics represent the average of all observed cells, and lineage statistics represent the values
adjusted for bias introduced by the age structure of the lineage trees (see Methods section: Population and
lineage-weighted statistics).

Statistics of tree-structured data, such as single-cell lineages, can become biased due to the over-

representation of cells that divide more rapidly than others: a single cell that has a stochastically

shorter interdivision time at the start of an experiment will result in more descendants observed

at the end of an experiment, even if all its progeny divide at the mean division rate (Powell

1956; Hashimoto et al. 2016; Thomas 2017). The e�ect of such age structure on the data can be

reduced by using lineage-weighting in which statistics are adjusted to represent the average of

random paths through the lineage tree (see Methods section: Population and lineage-weighted

statistics). Random paths through the data are termed “forward lineages”, as opposed to the

average of all the data, as used above, which is termed the “population”. This analysis was

performed by Philipp Thomas (Department of Mathematics) on the same data used to draw

the above conclusions. Interdivision time is the key parameter in the biasing of population

statistics, and indeed interdivision time is lower in the population compared to forward lineages

for cells grown in acetate (2.485 h [2.430–2.539] and 2.756 h [2.728–2.780] respectively) and

for cells grown in pyruvate (2.868 h [2.803–2.934] and 3.097 h [3.054–3.132]; Table 3.3). These

di�erences imply that cells that divide faster contribute more to the population mean than cells
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that divide more slowly. This di�erence implies that other cell statistics should di�er between

lineage-weighted and population measures, such as growth rate, which is indeed observed, cells

grown in acetate and pyruvate appear to grow faster when analysed as a population compared

to lineage-weighted values, with mean growth rates of 0.265 h
−1

[0.261–0.267] and 0.242 h
−1

[0.241–0.244] for populations and lineages grown in acetate respectively, and 0.235 h
−1

[0.232–

0.239] and 0.223 h
−1

[0.222–0.225] for populations and lineages grown in pyruvate (Table 3.3).

Although growth rate estimates from the population appear to be biased towards faster growth

and greater interdivision times, this appears to have little impact on birth and division length,

with signi�cantly overlapping con�dence intervals for both these statistics (Table 3.3). This

implies that any population structural bias in these datasets does not a�ect the determination

of the relationship between birth and division length, and adherence or non-adherence to the

adder principle.
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Figure 3.14: Relationship between ex-
ponential growth rate and interdivision
time according to carbon source. Inter-
division time for cells grown with (A) glyc-
erol, (B) acetate, or (C) pyruvate is plotted
against exponential growth rate, and linear
relationships determined. Key as for Fig-
ure 3.5. Relationships do not fit well to a
linear model for cells grown in pyruvate or
acetate however, as observed by comparing
the ordinary least squares regression line fit-
ted to the data (grey dotted line) to the
binned data (black open circles).
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While cells grown in acetate and pyruvate display these features, di�erences between pop-

ulation and lineage-weighted mean interdivision times appear not to di�er for cells grown

in glycerol, with 2.262 h [2.208–2.307] and 2.275 h [2.252–2.298] for population and forward

lineages respectively (Table 3.3), suggesting that population measurements for cells grown in

glycerol are not biased by cells that divide faster. Moreover, while growth rate is skewed in

favour of the population statistic for cells grown in alternative carbon sources, it is skewed in

the opposite way for cells grown in glycerol, with 0.263 h
−1

[0.260–0.266] and 0.270 h
−1

[0.269–

0.272] for populations and lineages respectively (Table 3.3). This is surprising, especially since

there is no apparent biological bias in the dataset. This may re�ect a �aw in the weighting

strategy, or may be a statistical anomaly, especially since the magnitude of the di�erence is very

small with 0.007 h
−1

di�erence in means. Also di�ering from data obtained from cells grown

in acetate or pyruvate, there are statistically signi�cant di�erences in birth length—but not

division length—for population and lineage-weighted measures. Mean birth length is 4.310 µm

[4.253–4.383] for the population and 4.194 µm [4.159–4.224] for lineages (Table 3.3). However,

as for growth rate di�erences, the magnitude of the di�erence is small, with 0.116 µm between

the two measures (approximately 1–1.5 pixels), thus should not a�ect conclusions drawn from

population measures.

The lack of bias for glycerol data may relate to the lack of observable correlation between

growth rate and interdivision time for cells grown in glycerol, with Pearson’s r = −0.063

(Figure 3.14A), which is not observed for cells grown in acetate (r = −0.315; Figure 3.14B) or

pyruvate (r = −0.417; Figure 3.14C).

It appears that the relationship is non-linear for acetate and pyruvate however, since the

ordinary least squares regression lines �t the binned data poorly (Figures 3.14B and 3.14C).

Regardless of the poor linear �t, a correlation between growth rate and interdivision time

is expected to be necessary for fast growers to dominate populations, and the lack of this

correlation may explain why population measures are not biased for cells grown in glycerol.
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Figure 3.15: All pairwise interactions between single-cell parameters for new- and old-pole inheritors
grown in glycerol. Birth length, division length, added length, interdivision length, and growth rate are plotted
pairwise on a grid. New-pole inheritors are plotted in a lighter shade than old-pole inheritors. Diagonals
represent histograms of the x-axis data, with kernel density estimates plotted as a solid line. For non-diagonals,
the underlying data is plotted as circles, with the lines representing y-axis data binned by x (for bins with more
than 5 data-points), with error bars denoting the 95% confidence interval of each bin, with new-pole inheritors
in grey, and old-pole inheritors in black. The Pearson correlation coefficient r is annotated in the top left of
each comparison.
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Figure 3.16: All pairwise interactions between single-cell parameters for cells grown in acetate. Key
as for Figure 3.15.
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Figure 3.17: All pairwise interactions between single-cell parameters for cells grown in pyruvate. Key
as for Figure 3.15.
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3.4 Discussion

3.4.1 Summary of major findings

Using careful analysis of basic time-lapse microscopy data, M. smegmatis mc
2
155 cells can be

shown to divide by the adder principle: they add a �xed length between birth and division,

with a slope determined by linear regression between division length and birth length of a =

0.996± 0.102 and a Pearson correlation coe�cient of r = 0.637 (Figure 3.5A). This indicates

that M. smegmatis behaves as a perfect adder (with respect to the noisy linear map) with

remarkable correspondence to various model predictions. The data also show that cell cycle

time is not constant as predicted by a timer, with interdivision time correlated with birth length

(r = −0.354; Figure 3.5B). The adder model has been extended to make several predictions

that depend on how single cells elongate, and observation of how cell length increases over

time. Model selection on these data provides strong evidence that M. smegmatis single cells

grow exponentially at the single cell level (Figure 3.4). This implies that predictions such as the

division of larger cells earlier than smaller cells (negative correlation of interdivision time and

birth length) apply, and indeed they do (Figure 3.5A).

Previous investigations of cell-size control in mycobacteria have used laboratory media, and the

two prior studies have used 7H9 rich medium supplemented with glycerol (Aldridge et al. 2012)

or both glycerol and glucose (Santi et al. 2013), and both enriched with oleic acid–albumin–

dextrose–catalase (OADC) growth supplement and the detergent Tween-80 which include

additional carbon sources. These two studies—which included comparing added length to birth

length—found di�ering results which may indicate a role for culture medium in how birth and

division length are related. For this reason, as well as in an attempt to adjust the population

doubling rate, I used a minimal medium containing acetate or pyruvate as a sole carbon source,

and compared data to standard minimal medium containing glycerol as a sole carbon source.

In this manner, I control for the complex components of 7H9 and OADC, simply changing

the carbon source and the carbon source alone. When determining the relationship between

birth length and division length, M. smegmatis mc
2
155 cells deviate from adder in a pole age-

dependent manner when grown with acetate (Figure 3.10A)—though this may be skewed by

large cells—and in a pole age-independent manner when grown with pyruvate (Figure 3.11A).

Acetate-grown cells which inherit the new pole (new-pole inheritors) from their mother behave

in what I have termed a “sizer-like” manner, in which the slope of the linear regression of

division length on birth length is a = 0.682± 0.187 which is signi�cantly di�erent from 1 (p =

0.001; F -test; Figure 3.10D), whereas old-pole inheritors remain consistent with the adder

principle (Figure 3.10C). Cells grown in pyruvate behave in this sizer-like manner regardless of

inherited pole age, with a = 0.832± 0.137 for all cells (Figure 3.11A). This work was published

in Priestman et al. 2017, and at the time was the �rst de�nitive result demonstrating bacteria
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that could deviate from the adder principle without requiring a drastic reduction in growth rate.

Shortly after this, another report describing cell-size control in M. smegmatis was published

(Logsdon et al. 2017), and I will discuss my results in context with this.

3.4.2 Single-cell exponential growth

Many organisms have been conclusively been determined to grow exponentially at the single-

cell level, including E. coli (e.g. Godin et al. 2010), which is consistent with the incorporation of

cell wall material along the cell body, which provides an exponentially increasing surface area in

which nascent material can be introduced (Margolin 2009; Typas et al. 2012; Wang et al. 2012a).

Mycobacteria however elongate exclusively from their polar tips (Thanky et al. 2007; Hett and

Rubin 2008), and preferentially from a single pole (Joyce et al. 2012; Aldridge et al. 2012; Santi

et al. 2013; Meniche et al. 2014; Manina et al. 2015; Botella et al. 2017; Rego et al. 2017). Since

cell width is constant during the cell cycle, the surface area available for incorporation of cell

wall during growth does not increase, thus exponential single-cell growth has been less certain

in mycobacteria (Daniel and Errington 2003), with authors using both linear and exponential

growth measures (e.g. Aldridge et al. 2012; Wakamoto et al. 2013, respectively). The di�culty in

distinguishing between the models is partially due to the slow doubling time of mycobacteria

compared to other bacterial species. This necessitates long-term time-lapses, which limits

the maximum possible frequency of imaging during one cell cycle, since phototoxic e�ects

become signi�cant at these time scales. This time constraint results in single-cell length traces

in which both linear and exponential �ts to a single cell are hard to distinguish. In addition,

measurement noise—which is a consistent occurrence in single-cell microscopic studies of

bacteria—can disguise any underlying model, especially since the di�erences between the two

models are minor even in theory.

The linear model, described in Chapter 2 (Equation 2.1), is L(t) = λt + L1 where L(t) is

a function describing length L at time t, t is time from birth (the �rst frame), L1 is initial

length, and λ is the linear elongation rate. The exponential model, described in Chapter 2

(Equation 2.3), is L(t) = L1eγt, where γ is the exponential growth rate. In my data, a randomly

chosen cell trace has a mean squared error (MSE) of the residuals of the linear �t of 0.016 µm
2
,

and 0.022 µm
2

for the exponential �t (Figures 3.4A and 3.4B), highlighting the similarities

between the models. When all cells grown in glycerol are considered (n = 1319), MSE for the

linear model is 0.038 µm
2

[0.035–0.042] and 0.035 µm
2

[0.031–0.038] for the exponential model

(95 % con�dence interval), with signi�cant overlap of the con�dence intervals indicating that

the models cannot be distinguished on a cell-by-cell basis. Santi et al. addressed this issue by

comparing size increment (change in length) in 30-minute time intervals from birth to division

for 50 individual cells and found that this increment increases as the cell cycle progresses, which

hints that growth is exponential at the single-cell level in mycobacteria (Santi et al. 2013).
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The approach taken here attempts to con�rm this result under my conditions (HdB minimal

medium). Plotting mean size increment per unit time (∆L/∆t) between sequential frames against

length in the �rst of the two frames for 1319 cells shows that size increment is indeed correlated

with length, i.e. single-cell growth is size-dependent (Figure 3.4C), indicative of exponential

growth and in agreement with Santi et al. 2013. Furthermore, to demonstrate exponential

growth, model selection was performed to compare linear and exponential models, and found

that the exponential model �ts single-cell data in 90 % of cases, also strongly indicating that

M. smegmatis mc
2
155 cells grow exponentially at the single-cell level. Logsdon et al. also

attempt to determine the single-cell growth model in M. smegmatis, and conclude similarly

that single traces are insu�cient to discriminate between models (Logsdon et al. 2017). They

compared single cells to a key prediction of single-cell exponential growth, that interdivision

time τd is proportional to the natural logarithm of the ratio of division size to birth length
3
:

τd ∝ ln (Ld/Lb) and to the linear model, in which interdivision time is proportional to added

length
4
: τd ∝ (Ld − Lb) (Logsdon et al. 2017). They observe that the exponential prediction is

a better �t for 98.5 % of their dataset (n = 391), and conclude that exponential growth is more

likely, in close agreement with my data (Logsdon et al. 2017). Therefore, a consensus appears to

have been built that M. smegmatis mc
2
155 single cells elongate exponentially, in conformance

with other bacteria, using multiple approaches (Santi et al. 2013; Priestman et al. 2017; Logsdon

et al. 2017). A true con�rmation of this would require more complex methods however, such

as precise measurement of cell mass (Godin et al. 2010; Cermak et al. 2016). I also observe

better exponential �ts using model selection for cells grown in the alternative carbon sources

pyruvate and acetate (data not shown), indicating that predictions of adder cell-size control

given exponential growth also hold for these datasets.

This result suggests that single-cell elongation is not rate-limited by the surface area available

to incorporate nascent cell wall material, as has been suggested (Daniel and Errington 2003).

Exponential single-cell growth can also be considered in terms of cellular mass, of which the

majority is cytoplasmic; cytoplasm is able to produce more cytoplasm through protein synthesis

by ribosomes, and the production of more ribosomes by such proteins; therefore, the clear

expectation is that cytoplasmic mass increase must be exponential (Cooper 2006), and thus the

capacity to add new cell wall material may therefore depend on cytoplasmic mass rather than

existing surface area in which to incorporate it.

3.4.3 Emergence of adder cell-size control

Early reports of cell-size control in mycobacteria measured birth length Lb against added length

∆L and determined the correlation between the two. This resulted in two reports of r = 0.03

3
This is derived from the exponential growth function: L(t) = L1eγt (Equation 2.3) at t = τd, where L(t)|t=τd =
Ld and L1 = Lb to give τd = ln(Ld/Lb)/ γ (Soifer et al. 2016).

4
derived from the linear growth function (Equation 2.1).
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(Aldridge et al. 2012), and r = 0.20 (Santi et al. 2013). The noisy linear map used in this chapter

describes the relationship between Ld and Lb, but can be trivially converted to compare ∆L to

Lb (Equation 3.2), thus a �nding of no linear correlation is indicative of an adder (a = 1), and a

positive correlation of timer-like behaviour (Aldridge et al. 2012; Santi et al. 2013). However,

as discussed above, these studies used di�erent formulations of 7H9 rich medium, including

several simultaneous carbon sources—glycerol, glucose, oleic acid, dextrose, and Tween-80.

Thus, I set out to determine the cell-size control principle in M. smegmatis mc
2
155 cells in a

de�ned minimal medium, using glycerol as a sole carbon source.

For M. smegmatis cells grown in glycerol, the linear regression of division length and birth

length (interpolated as per the Methods section: Interpolation of birth length and division

length, with the assumption of exponential single-cell elongation) is a = 0.996± 0.102 with a

Pearson correlation coe�cient of r = 0.637 (Figure 3.5A). This is highly indicative of a basic

adder principle, in which added length between birth and division is constant. This is in close

correspondence with the observations of no correlation between birth length and added length

(Aldridge et al. 2012), and more recent results that report a slope of 0.05 between the two, which

is equivalent to a slope of 1.05 according to the noisy linear map (Logsdon et al. 2017). The

latter report also shows a Pearson correlation of r = 0.65± 0.06 (Logsdon et al. 2017), again

very similar to my observed values. This is not however in agreement with other authors who

observe a correlation of r = 0.20 (Santi et al. 2013). This might be explained by their use of

a strain carrying an additional integrated copy of Wag31 tagged with GFP (Santi et al. 2013).

Wag31 is a cell division protein intimately involved in the polar incorporation of peptidoglycan

in mycobacteria, and the preferential incorporation at the old-pole (Nguyen et al. 2007; Kang

et al. 2008; Jani et al. 2010; Santi et al. 2013; Meniche et al. 2014). The merodiploid strain used by

Santi et al. (2013) has been shown to result in some marked e�ects on cell division and growth,

including symmetric elongation from both poles (Botella et al. 2017), thus may have a�ected

the relationship between birth and division length (Logsdon and Aldridge 2018). My approach

has the advantage of using wild-type M. smegmatis mc
2
155 cells, and demonstrates a reliable

adder principle. While my results are in agreement with others, they still use complex media

and genetic mutants (Aldridge et al. 2012; Logsdon et al. 2017).

In addition to demonstrating that added length is independent of birth length, I also show

that M. smegmatis cells are not timers. The noisy linear map (Equation 3.1) does not consider

interdivision time, which is constant in the timer model, but the timer model can be tested by

determining the dependence of interdivision time on birth length, which should be uncorrelated.

This is not observed in my data, with a Pearson correlation coe�cient of r = −0.354 (Figure 3.5B),

indicating that M. smegmatis mc
2
155 single cells grown in glycerol are not timers. This is

in agreement with data from other authors, who report that M. smegmatis cells are neither

sizers or timers (Santi et al. 2013), and that M. smegmatis cells are not sizers (Aldridge et al.
2012). The latter study reported that size control was time-based, but they published several
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years before the adder model was widely disseminated, and came to the conclusion based on

lack of conformity to the sizer model rather than evidence of timer itself (Aldridge et al. 2012).

Subsequent analysis with the adder in mind shows that they also observe adder behaviour with

r = 0.03 as discussed above. The only manner in which interdivision time can be uncorrelated

to birth length, with single-cell exponential elongation, is if division length is a multiple of

birth length
5
, and this multiple must be 2 if division is symmetric, hence a = 2 for a timer in

the noisy linear map, which is de�nitively not true based on the relationship between birth

length and division length that I observe (Figure 3.5A).

There are several predictions of the adder principle which are not necessarily re�ected in

mycobacteria. The core principle of the adder model is that added length is constant (Taheri-

Araghi et al. 2015). However, the above data only determines that added length (Ld − Lb) is

independent of birth length (Lb) (Figure 3.5A). When added length is compared to growth rate,

there is dependency observed, with r = 0.285 (Figure 3.6A) which implies that added length is

not constant. This relationship has not been reported by others, but appears to hold for E. coli
single cells according to the dataset of Taheri-Araghi et al. 2015 (personal communication).

Additionally, growth rate itself is negatively correlated with birth length with r = −0.451

(Figure 3.6B), which other authors have also noted in M. smegmatis and in M. bovis BCG

(Logsdon et al. 2017). These factors might indicate at �rst approximation that added length

cannot be independent from birth length, since larger daughter cells have a lower growth

rate, and cells with a lower growth rate have a lower added length. However, there is clearly

no dependence between the two in my data (Figure 3.5A). This may re�ect the simplicity of

the noisy linear map as a description of the complex underlying biological interplay between

growth, division, and cell-size homoeostasis. The other factor is that the correlations are not

strong, especially between added length and growth rate, with less than 30 % of the variation

explained by the dependence. In addition, since the impact of birth length on growth rate

is minor in magnitude (Figure 3.6B)—coupled with the low correlation of growth rate with

added length—the overall impact on the relationship between birth length and division length

is negligible.

The noisy linear map equation includes the noise term η, which has generally been assumed to

be normally distributed (e.g. Amir 2014; Bertaux et al. 2018). This term can be estimated by

examining the residuals of the linear �t of division length to birth length, since the mean of η is

zero (according to least-squares approach). My data reveals that η is apparently not normally

distributed for cells grown in glycerol (p = 1.28× 10
−14

, Shapiro–Wilk test; Figure 3.9A), with

a signi�cant right-skew (1.17; p = 6.01× 10
−20

). This indicates that positive errors are more

likely than negative errors, or that division length is more commonly over-estimated than

under-estimated. This is re�ected by visual examination of the raw data where larger deviations

5
As stated above, based on the exponential growth function (Equation 2.3) evaluated at t = τd, τd = ln(Ld/Lb)/ γ;

therefore for τd not to depend on Lb, Ld must be a multiple of Lb.
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can be observed above the linear �t compared to below (Figure 3.5A). This makes sense as

an experimentally-derived error, since division is assigned manually by the analysis pipeline

(see Chapter 2), and there are some cells in which division might have occurred but not be

immediately obvious (e.g. septum formation without clear pinching) that might lead to over-

estimation of division length. Alternatively, given the correlation between added length and

growth rate (Figure 3.6A), this non-normal error might be biological in nature, and could re�ect

an inability for larger cells to regulate their cell size. Indeed, the residuals appear to be positively

correlated with division length (Pearson’s r = 0.77) and with growth rate (r = 0.28; data not

shown).

3.4.4 Role of pole age in cell-size control

Given that mycobacteria are believed to grow preferentially from a single pole, speci�cally

the pole inherited from their mother (Thanky et al. 2007; Hett and Rubin 2008; Joyce et al.
2012; Aldridge et al. 2012; Santi et al. 2013; Meniche et al. 2014; Botella et al. 2017; Rego et al.
2017), this immediately provides a mechanism by which heterogeneity between daughters is

established. At each division, a new pole is created at the septum, resulting in each daughter

cell receiving a pre-existing pole and a new pole. Since only one of these poles is thought

to be actively growing (the pole inherited from the previous generation), one daughter will

receive this active pole and one will receive an inactive pole. The active pole is known to be

the pre-existing pole inherited from its mother, thus inheritance of this “old pole” is expected

to confer a di�erence compared to the daughter that inherits the inactive “new pole”. Other

authors have noted asymmetry between daughter cells in size at birth, with old-pole inheritors

consistently larger than new-pole inheritors (Aldridge et al. 2012; Santi et al. 2013), and I

observe similar di�erences, with mean cell size at birth increasing as a function of age of the

inherited pole (Figure 3.8A and Table 3.1). In addition, other single-cell parameters change

in response to pole age, including division length which progressively increases (Figure 3.8B

and Table 3.1), and growth rate which progressively decreases (Figure 3.8C and Table 3.1).

Reduction in growth rate is somewhat surprising, since old-pole inheritors ostensibly inherit

the pole that was actively growing in the previous generation, thus might be expected to grow

faster than new-pole inheritors. However, growth from both poles may be initiated between

septum formation and cell division, i.e. prior to birth (Santi et al. 2013)—in a manner somewhat

analogous to the principle of “new end take o�” in Schizosaccharomyces pombe, which switch

from unipolar to bipolar growth during their cell cycle (Martin and Chang 2005)—which may

negate this age factor on the speci�c growth at each pole. Additionally, since old-pole daughters

are larger than their new-pole sibling, the principles of exponential growth might predict that

larger cells should grow faster than small cells. However, the prediction is based on absolute

added length per unit time rather than relative increase in length, i.e. linear elongation rate

(added length over time) should be higher in old-pole inheritors, and that is indeed what is
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observed (Table 3.1). Other authors have also reported that old-pole inheritors have higher

linear elongation rates (Aldridge et al. 2012; Santi et al. 2013), consistent with my results. Active

growth at a single pole does not necessarily imply a faster exponential growth rate in the cell

that inherits it, though it might be expected intuitively. No signi�cant di�erences in growth

rate of M. smegmatis new- and old-pole inheritors have been observed in two independent

studies (Wakamoto et al. 2013; Santi et al. 2013), which is not consistent with my data, but

interestingly, M. tuberculosis new-pole inheritors do have a higher exponential growth rate

(Manina et al. 2015), as I observe in M. smegmatis. While growth rate is higher in new-pole

inheritors, this does not appear to translate to a change in interdivision time, with no clear

di�erence according to pole age (Figure 3.8E). This is in agreement with the observation that

there is no correlation between growth rate and interdivision time (Figure 3.14A), a surprising

result that is discussed below.

Given these di�erences, especially in birth length and division length, di�erences in cell-size

control between new- and old-pole inheritors might be expected. However, both new- and

old-pole inheritors have a linear relationship between Lb and Ld which is consistent with a = 1,

with a = 0.894± 0.149 (Figure 3.7B) and a = 0.948± 0.162 (Figure 3.7A) respectively. When

old-pole inheritors are separated by known pole age, the slope does not signi�cantly deviate

from a = 1 regardless of pole age (Figure 3.8F). Therefore, it can be concluded that pole age

does not a�ect adherence to the adder principle: the relationship between birth length and

division length is not signi�cantly di�erent from an idealised adder, irrespective of the age of

the inherited pole.

Other authors have observed that distributions of birth length and interdivision time scale with

their mean values when single cells follow the adder principle, implying that these distributions

normalised by their mean are identical (Taheri-Araghi et al. 2015; Kennard et al. 2016). This

implies that CV (σb/〈Lb〉) of birth length Lb should not be a�ected by mean birth length 〈Lb〉. I

can test this hypothesis on my glycerol dataset, since new- and old-pole inheritors both behave

as adders, but have signi�cantly di�erent birth lengths (4.02 µm [3.94–4.11] and 4.71 µm [4.60–

4.78] respectively; p = 2.47× 10
−22

; Table 3.1). However, their CVs are not equal, with 19.3 %

[17.5–21.2] and 16.8 % [15.1–17.8] respectively (Figure 3.13A). This implies that—contrary to

expectations of adder control in E. coli (Taheri-Araghi et al. 2015; Kennard et al. 2016)—birth

length distributions do not collapse.

3.4.5 Deviation from adder in alternative carbon sources

The observation that diverse single-cell parameters can vary signi�cantly between cells—such

as birth length, division length, and growth rate—under constant conditions, yet cells apparently

follow the adder principle may suggest that the principle might be universally conserved among

bacteria (Taheri-Araghi et al. 2015). This is rooted in the long-known observation that mean
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cell size scales with the population doubling rate, even in diverse media (Schaechter et al. 1958).

E. coli cells have been predicted and observed to deviate from the adder principle at very slow

growth rates, due to the initiation and completion of DNA replication within one cell division

cycle (Wallden et al. 2016). Deviations from adder have also been hinted at in M. smegmatis
(Santi et al. 2013) and in M. tuberculosis (Manina et al. 2015) as discussed above, and these studies

utilise a di�erent medium composition compared to other authors who report conformance to

adder (Aldridge et al. 2012; Logsdon et al. 2017). Santi et al. use 7H9 rich medium supplemented

with glycerol, glucose, Tween-80, and OADC—containing oleic acid and dextrose—which can

all be used as carbon sources. Since culture medium might a�ect cell size, I determined how

changing the carbon source in a more controlled manner might a�ect this, by using HdB

minimal medium, replacing glycerol as the sole carbon source with pyruvate or acetate (see

Methods section: Variants of HdB). When grown in these media, M. smegmatis mc
2
155 cells

have higher mean interdivision rates, with 2.262 h, 2.485 h, and 2.868 h for glycerol, acetate, and

pyruvate respectively (Table 3.2 and Fig. 3.13C), which is predicted to determine the cell size

distribution of the population, at least in E. coli (Schaechter et al. 1958). This indeed appears to

be the case, with mean birth and division length scaling inversely with interdivision time in

the three media (Table 3.2 and Figs. 3.13A and 3.13B). Interestingly, although interdivision time

is altered, growth rate does not re�ect these changes, with cells grown in acetate having no

signi�cant di�erence in mean growth rate compared to cells grown in glycerol—0.263 h
−1

and

0.265 h
−1

respectively—while cells grown in pyruvate have signi�cantly reduced mean growth

rate of 0.235 h
−1

(Table 3.2 and Fig. 3.13D).

When the relationship between birth length and division length is determined for acetate, a =

0.964± 0.140, fully consistent with the adder principle (Figures 3.10A and 3.13F) as evidenced

by the overlap of the con�dence interval with a = 1. However, when cells are separated

according to the age of their inherited pole, interesting deviations emerge. Old-pole inheritors

have a slope of a = 1.181± 0.212 (Figure 3.10C), also consistent with adder, though the overlap

is small (p = 0.095; F -test), but new-pole inheritors signi�cantly deviate from adder, with a =

0.682± 0.187 (p = 0.001; Figure 3.10D). These values are re�ected, as predicted by the noisy

linear map, by the correlation of added length with birth length with Pearson’s correlation

coe�cients of r = 0.119 and r = −0.240 for old- and new-pole inheritors respectively. I term

this new-pole behaviour as “sizer-like”, in that added length is negatively correlated with birth

length, but not completely negatively correlated as in a pure sizer.

This discrepancy between new-pole inheritors and both poles together may be partially ex-

plained by the e�ect of cells that are born very large, which appear to deviate from the population

cell-size control programme as shown by deviation of the linear �t from the binned data (Fig-

ure 3.10A). With cells born at above 5 µm excluded (n = 16), the linear �t is in close accordance

with the binned data, and gives a much lower estimate of a = 0.730± 0.154 (Figure 3.10B). This

indicates that, if large cells are excluded, cells grown in acetate appear to act in a sizer-like
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manner, regardless of the age of the inherited pole. However, these large cells may re�ect an

underlying biological process by which cell-size control is subverted: it might be expected that

these large cells have more DNA than smaller cells, and are perhaps undergoing multifork

replication. As posited by Wallden et al., adder cell-size control might be a consequence of

overlapping replication cycles (discussed below), thus these larger cells may be acting under a

di�erent principle to cells born small with acetate as a sole carbon source.

For cells grown with pyruvate as a sole carbon source, a = 0.832± 0.137, inconsistent with

the adder principle as a population (p = 0.016; Figure 3.11A), though this reduction is only

observed in old-pole inheritors (a = 0.767± 0.192; p = 0.017; Figure 3.11B) and not new-pole

inheritors (a = 0.815± 0.221; p = 0.101; Figure 3.11C). However, given that the population as a

whole appears to act in this sizer-like manner, this may be a consequence of the lower n-values

of old-pole inheritors observed dividing (n = 197 and 170 for old- and new-pole inheritors

respectively).

The di�erences from adder for cells grown in acetate and pyruvate are surprising, given how

robust the adder principle appears to be for cells grown in glycerol. At �rst glance, the di�erences

in interdivision time and growth rate might underlie these di�erences, given that cells spend a

longer time between birth and division when grown in acetate or pyruvate, especially when

coupled with no change in growth rate for cells grown in acetate (Figures 3.13C and 3.13D

and Table 3.2). An increase in interdivision time with no concurrent decrease in growth rate

directly implies that the mean ratio between division length and birth length (speci�cally the

logarithm of this ratio) must increase for cells grown in acetate compared to cells grown in

glycerol, given that cells grow exponentially at the single-cell level. As mentioned above, this

is derived directly from the cell length function (Equation 2.3) at t = τd (interdivision time):

L(t)|t=τd = Ld = Lbe
γτd , (3.10)

γτd = ln

(
Ld
Lb

)
(3.11)

This is indeed observed, with a log-ratio of 0.595 [0.582–0.608] (95 % con�dence interval)

for glycerol-grown cells compared to 0.624 [0.612–0.636] for acetate-grown cells (p = 0.001;

Welch’s t-test). This log-ratio increase is also observed for cells grown in pyruvate, with 0.626

[0.612–0.640], which may imply that the relative scaling of growth rate and interdivision time

do not compensate for one another, thus requiring the ratio to change.

The increase in interdivision time for cells grown in acetate or pyruvate may explain their

sizer-like behaviour, given the prediction and observation of sizer-like behaviour in E. coli at

very slow growth rates (Wallden et al. 2016). The prediction in E. coli is based on models in

which cell size is controlled by DNA initiation, with initiation triggered at a �xed cell length

relative to the number of origins (Cooper and Helmstetter 1968; Cooper 1969; Helmstetter
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1969), followed by a �xed time to complete DNA replication. At fast growth rates, this results

in adder cell-size control, due to initiation occurring in the mother cell. However, at slow

growth rates, initiation in E. coli occurs in the same birth–division cycle resulting in higher

dependence of division length on birth length, due to the constant size at initiation rule—i.e.

sizer-like behaviour (Wallden et al. 2016). In M. smegmatis, multifork replication is believed

to be limited (Santi et al. 2013; Trojanowski et al. 2015; Logsdon et al. 2017), thus only a small

change in interdivision time—as observed in acetate and pyruvate—may be necessary to result

in synchrony between the division cycle and the DNA replication cycle, and thus sizer-like

behaviour according to the Wallden et al. model. As discussed above, potential outliers that are

born large when cells are grown in acetate appear to skew the cell-size control model towards

adder (i.e. a is reduced when they are excluded; Figure 3.10B), and since larger cells might be

expected to have more DNA than smaller cells, this may provide some evidence for this in

M. smegmatis. Knowledge of DNA replication in these cells would be required to con�rm this

model however.

Also potentially explaining di�erences between acetate and pyruvate is the observation that

asymmetry between new- and old-pole inheritors is reduced for cells grown in acetate compared

to glycerol (Figure 3.13E) with smaller di�erences in birth length (Figure 3.13A) and in division

length (Figure 3.13B). Asymmetry is also reduced for cells grown in pyruvate, but not to such a

great extent as for cells grown in acetate. This might underlie the observation that both old-

and new-pole inheritors appear to act in a sizer-like manner when cells are grown in pyruvate,

compared to only old-pole inheritors in acetate. Elucidating this potential relationship would

require decoupling asymmetry from other single-cell parameters, especially interdivision time

and growth rate. Loss of asymmetry has recently been reported in a ∆lamA strain, a protein

that appears to regulate the targeting of new cell wall material preferentially to the old pole

(Rego et al. 2017), and analysis of cell-size control in this strain could be illuminating.

Interestingly, cells grown in glycerol have no signi�cant correlation between interdivision time

and growth rate with r = −0.063 (Figure 3.14A). This lack of correlation is not observed for

cells grown in acetate with r = −0.315 (Figure 3.14B), or for cells grown in pyruvate with r =

−0.417 (Figure 3.14C). In comparison, Santi et al. observe strong negative correlation between

interdivision time and growth rate (r = −0.84), although they observe positive correlation

between birth length and division length as discussed above (Santi et al. 2013). Indeed, it is

very surprising that there is no correlation for glycerol-grown cells, since it implies that cells

that grow faster do not divide faster, which might be expected to be a universal feature of

bacterial growth. The impact of this di�erence is di�cult to unpick, but given Equation 3.11:

γτd = ln(Ld/Lb), this might imply that growth rate and interdivision time can scale freely to

maintain the adder principle for cells in glycerol. For cells grown in pyruvate and acetate—sub-

optimal carbon sources—where it might be possible that DNA replication and division occur

synchronously, this lack of freedom constrains cells to sizer-like behaviour, as predicted by
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Wallden et al. 2016.

Other authors have investigated the role of increased interdivision time on cell-size control

in M. smegmatis, with the use of carbon-limited media. Logsdon et al. increased the mean

interdivision time of M. smegmatis cells from 3.1 h in rich 7H9 medium to 4.9 h by modifying

the composition of 7H9 to omit oleic acid, reduce albumin from 10 % to 1 %, and omit glycerol

completely (Logsdon et al. 2017). The authors track DNA replication with the use of a SSB-GFP

reporter, and note that the E period of the bacterial cell cycle—when extra rounds of chromosome

replication occur—is highly rare for cells grown in carbon-limited medium (Logsdon et al. 2017).

Critically, they determine that the slope of added length against birth length is −0.4, i.e. a =

0.6 according to the noisy linear map, highlighting how lack of an E period caused by a high

interdivision time could lead to sizer-like activity (Logsdon et al. 2017). They also show a

similar slope for BCG grown in rich medium, which has a very slow doubling time (∼20 h)

similar to pathogenic M. tuberculosis, implying that the slow-growing mycobacteria may well

also act in this sizer-like manner.

3.4.6 Implications of deviation

The key di�erence between the cell-size control models concerns how biological noise in size

is controlled. The timer model cannot provide cell-size homoeostasis, as discussed above (see

Figure 3.3), since there is no mechanism by which deviations from mean size at birth or division

can be corrected. The adder model corrects errors by allowing cell size to converge to the mean

over successive generations, since cells that are born smaller result in larger daughters, and

cells that are born larger result in smaller daughters (see Figure 3.1). The sizer model provides

immediate correction at every division, since division occurs at a critical size (see Figure 3.2;

Taheri-Araghi et al. 2015). Therefore, the key di�erence between adder and sizer, with regards

to cell-size homoeostasis, is that size at birth and division should be less variable in sizers. This

prediction should hold for cells that act in a sizer-like manner (a < 1).

I observe that division length variability is 16.9 % [15.9–18.0] (CV; standard deviation divided

by mean) for cells grown in glycerol, which behave as adders, compared to 12.9 % [11.2–15.3]

and 12.5 % [11.5–13.3] for cells grown in acetate and pyruvate respectively (Figure 3.13B). This

appears to re�ect the sizer-like nature of cells grown in these alternative carbon sources: with

both new- and old-pole inheritors grown in glycerol behaving as adders, with similar high

CVs of 16.0 % [14.5–17.2] and 15.7 % [14.0–17.3] respectively (Figure 3.13B). For cells grown in

pyruvate, which act in a sizer-like manner as a population, both new- and old-pole inheritors

have similar low CVs of 12.1 % [10.8–12.9] and 12.1 % [10.7–13.4] respectively (Figure 3.13B).

Cells grown in acetate re�ect this prediction very well, since new-pole inheritors behave in a

sizer-like manner with a low division length CV of 11.1 % [9.5–12.5], whereas old-pole inheritors

behave as adders, and potentially in a timer-like manner, with a corresponding higher CV
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of 14.0 % [11.6–16.8] (Figure 3.13B). Indeed, within each carbon source, division length CV

appears to directly re�ect corresponding values of a (Figure 3.13F).

These di�erences in CV are however not entirely re�ected in birth length CVs, with 19.5 % [18.5–

20.5], 14.2 % [13.0–15.3], and 14.8 % [13.6–15.6] for cells grown in glycerol, acetate, and pyruvate

respectively (Figure 3.13A). While CVs are similar for both new- and old-pole inheritors for

pyruvate, as expected (13.8 % [11.8–15.3] and 14.2 % [12.8–15.2] respectively; Figure 3.13A),

they are also similar for all cells grown in acetate regardless of pole age (14.3 % [12.3–16.1] and

13.6 % [12.2–14.8] for sizer-like new-pole inheritors and adder-conforming old-pole inheritors

respectively; Figure 3.13A). The clear explanation underlying this di�erence is that asymmetry

varies between carbon sources (Figure 3.13E), and cell-size control principles act on division

length, not on birth length. Thus the speci�c di�erence between birth lengths of new- and

old-pole inheritors grown in acetate is much lower than for cells grown in pyruvate or glycerol

(Figure 3.13A). This can be calculated by determining the ratio of each daughter to the sum of

its length and its sibling’s length for new- and old-pole daughters. In glycerol, this asymmetry

re�ects the large di�erence in length with ratios of 0.477 [0.472–0.483] in new-pole inheritors

compared to 0.493 [0.488–0.500] for new-pole inheritors in acetate, and 0.487 [0.480–0.496] in

pyruvate (Figure 3.13E). Therefore, division is close to symmetric for cells grown in acetate,

meaning that birth length variability is expected to be inherently lower than that of the more

asymmetric divisions of cells grown in glycerol or pyruvate, regardless of cell-size control

strategy. It is notable that theoretical approaches have suggested that the most signi�cant

source of variability in cell-size is partitioning noise (Modi et al. 2017), which may be re�ected

in my data.

Logsdon et al. have also investigated variability in single-cells and observe a very similar birth

length CV of 19 % for cells grown in 7H9 rich medium (Logsdon et al. 2017), compared to my

observed CV of 19.5 % for cells grown in glycerol (Figure 3.13A), and an identical division length

CV of 17 % (Logsdon et al. 2017), compared to my observation of 16.9 %, implying that many of

their conclusions may well be applicable to my results. They however observe an increase in

birth length CV to 22 % for cells grown in carbon-limited medium, potentially inconsistent with

their observations of a < 1, though the asymmetry of division in this medium is not reported

(Logsdon et al. 2017). However, while they do not report CV of division length—the more

important parameter in the context of cell-size control—they provide �gures for these values

from which CV can be estimated. CV of division length for cells grown in their carbon-limited

medium appears to be ∼15 %, indeed a reduction compared to their rich medium conditions

(Logsdon et al. 2017), and conforming to my observations of sizer-like cells grown in acetate

and pyruvate (Figure 3.13B).
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3.4.7 Role of population age structure

The age structure of populations, especially at the single-cell level, is predicted to be biased by a

form of founder e�ect, whereby cells which happen to divide faster in the initial stages of growth

will have more descendants than cells which divide slower initially, even if mean interdivision

times are the same between the descendants (Powell 1956; Wakamoto et al. 2012; Hashimoto

et al. 2016; Thomas 2017). This over-representation introduces a bias into single-cell studies,

where lineages derived from cells with a stochastically low interdivision time will dominate

single-cell statistics. This bias can be accounted for by constructing “lineage-weighted” statistics,

essentially by scaling parameters by the number of cells contained in each lineage (Methods

section: Population and lineage-weighted statistics). Lineage-weighted values can be compared

to population values to determine whether this potential bias a�ects the statistics from which

the above conclusions are drawn. For cells grown in glycerol, the statistics for population and

lineage-weighted measures are very similar, indicating that fast dividers are not biasing the

population measures for this carbon source (Table 3.3). This may re�ect the lack of correlation

between growth rate and interdivision time for cells grown in glycerol (Figure 3.14A), where

increases in growth rate do not translate to more frequent division. However, for cells grown in

acetate or pyruvate, interdivision time is lower in the population compared to lineage-weighted

values, indicating that cells which divide faster are contributing more to the population average

(Table 3.3). This appears to have little impact on the other statistics, except for growth rate,

where fast dividers appear to grow faster and bias the population measures in this manner

(Table 3.3). This probably also re�ects the correlation that is observed between growth rate

and interdivision time for these carbon sources (Figures 3.14B and 3.14C), where cells which

grow faster by chance also divide more frequently, thus introducing bias into the population

measure. However, any di�erences are generally very minor in magnitude, and the bias—if

any—is very weak, allowing conclusions drawn from the population measures to be made with

high con�dence.

3.4.8 Context of the work

There has been mounting evidence that bacteria universally follow the adder principle, and at

the time of publication of the majority of the work discussed above, this was simultaneously

the �rst de�nitive report that mycobacteria follow the adder principle—although prior evidence

was strong through the adder lens (Aldridge et al. 2012; Santi et al. 2013)—and the �rst report

that they can deviate from it (Priestman et al. 2017). This deviation is signi�cant since it occurs

with only a minor change in environment, whereas the only other sizer-like behaviour reported

(post adder model) has been due to very severe growth reduction in E. coli (Wallden et al. 2016).

Very shortly after publication, another investigation of cell-size control in M. smegmatis was

reported, in which adder cell-size control in single M. smegmatis cells is clearly demonstrated—
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they add a �xed length between birth and division—when grown in rich laboratory media,

with very similar results to mine (Logsdon et al. 2017). They also track DNA replication, in

order to determine the relationship with cell size as per the Cooper–Helmstetter model (Cooper

and Helmstetter 1968; Cooper 1969; Helmstetter 1969). They argue that M. smegmatis cells

are not behaving as adders between birth and division, but between initiation and initiation,

simultaneously with behaving as adders between initiation and division, which they term a

“parallel adder” (Logsdon et al. 2017). However, this model completely conforms to a birth-to-

division adder as I observe, and their results are essentially identical to mine. Logsdon et al. also

test cell-size control in a carbon-limited medium and in M. bovis BCG—conditions under which

interdivision time is much greater than wild-type M. smegmatis in permissive media—and

demonstrate that the birth-to-division adder model breaks down, providing con�rmation of

my results in pyruvate and acetate (Priestman et al. 2017; Logsdon et al. 2017). Their model

however holds for these cells, and they argue—convincingly—that the birth-to-division adder

is in e�ect a coincidental property of the parallel adder that they propose (Logsdon et al. 2017).

This work, with my results, highlights the need to take carbon source and growth medium

into account when assessing basic bacterial growth parameters. This may well have important

implications for studies on M. tuberculosis, especially since the intracellular environment in

which it generally survives is thought to be highly carbon-limited.

Cell-size control is a highly important part of bacterial survival, since it determines the inheri-

tance of critical cellular components, and may well have an impact on survival to antibiotics and

survival in the face of immune attack. Much remains undiscovered in this context, including

de�nitive mechanistic understanding, and given apparent rigid control across the bacterial

kingdom, may well provide signi�cant new targets and strategies for the killing of pathogenic

species, including M. tuberculosis.
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Chapter 4 Antibiotic Tolerance at the

Single-Cell Level

When I woke up just after dawn on September 28, 1928, I certainly didn’t plan to
revolutionize all medicine by discovering the world’s first antibiotic, or bacteria killer.
But I suppose that was exactly what I did. Alexander Fleming

4.1 Introduction

S
ince their discovery, antibiotics have revolutionised modern medicine thanks to their

ability to treat bacterial infections e�ectively and rapidly. Child mortality has dramat-

ically fallen, surgeries that would have led to deadly infections are now comparatively

safe, and many diseases that once were major causes of death have been relegated to interesting

case studies.

The �rst antibacterial compounds were discovered in the early 20
th

century by Paul Ehrlich. He

speculated that since the dyes he was using could selectively stain bacteria, compounds could

be created that would be able to selectively kill bacteria. He discovered arsphenamine (also

known as salvarsan), an arsenic-based compound, in 1909 in a systematic screen of hundreds of

dyes—arsphenamine was initially termed compound 606 for this reason—and found that it could

be used to treat syphilis (Alt 1909), a massive improvement over the therapies mostly centred

around repeated large doses of pure mercury at the time (Abraham 1948). Arsphenamine

was produced and used in massive amounts, but was also an important stepping stone in the

development of how such drugs are tested. Paul Ehrlich was a contemporary and colleague of

Robert Koch who had developed an extract of tuberculosis that he termed ‘tuberculin’ which he

had become convinced could be used to cure tuberculosis, and aggressively marketed it as such

(Koch 1890). However, while Koch claimed that he had tested tuberculin successfully on guinea

pigs, he was unable to prove the same, and the lack of a systematic method of testing drugs led

to an enthusiastic welcoming of tuberculin by doctors and the general public despite this lack

of objective evidence (Gradmann 2006). Tuberculin was �rst demonstrated to be ine�ective
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against tuberculosis by Rudolf Virchow in 1891 (Virchow 1891a,b) and Koch was thoroughly

discredited. Given this experience, Ehrlich was keen to avoid such a failure, and conducted

and published careful clinical evaluations of arsphenamine (Alt 1909), and though some doubt

was cast over its e�ectiveness and toxicity a few years later (Yakimo� and Kohl-Yakimo�

1911; McDonagh 1912), arsphenamine was seen as a miracle cure for syphilis. This move

towards clinical rigour was further driven by the outbreak of World War I: the sudden loss

of arsphenamine availability in Britain, given that it was manufactured in Germany, created

an immediate local demand which led to the commercial synthesis of the drug in the UK (by

Burroughs Wellcome, stimulating the start of a drug-production industry in Britain) and its

assessment by the Medical Research Committee—an early incarnation of the modern Medical

Research Council (MRC)—which stressed the importance of testing actual clinical e�cacy

over chemical purity (Williams 2005). This groundwork was invaluable when it came to the

mass-production of insulin in the 1920s, when the MRC oversaw a systematic set of clinical

trials, though they were still not formally regulated in the modern sense (Cox-Maksimov 1997).

Penicillin, the β-lactam antibiotic, is produced by the fungus Penicillium chrysogenum (pre-

viously Penicillium notatum) which Alexander Fleming found growing on a Staphylococcus
culture plate and inhibiting its growth in 1928 (Fleming 1929). The demonstration of the utility

of penicillin in clinical settings was not appreciated or tested until later, with Cecil Paine

treating the �rst human patients successfully in 1930, though this work was not published

(Wainwright and Swan 1986). Penicillin was clearly much more e�ective than arsphenamine,

and much less toxic, but could not be produced in large enough amounts to treat humans

(preparations by Fleming are thought to be only 1 % penicillin). Howard Florey and Ernst

Chain were instrumental in producing penicillin at the high purity required for routine therapy,

and in proving their e�caciousness in animal models (Chain et al. 1940; Abraham et al. 1941),

though not in the vast quantities required. This work was taken over by the Northern Regional

Research Laboratory in the United States—at the instruction of the War Production Board who

perceived its usefulness in treating wounded soldiers in World War II—whose research into

mass production techniques allowed several million doses to be produced prior to the Allied

invasion of Normandy in 1944 (Parascandola 1980), in contrast to the 10 doses that Howard

Florey and collaborators had been able to produce.

Penicillin ushered in the “antibiotic era”, with novel classes of antibiotics isolated and manu-

factured regularly for the next 50 years. The discovery of streptomycin in 1944 by means of a

lengthy search for antimicrobial agents in soil (Schatz et al. 1944) was especially important,

since it was the �rst drug that was shown to be e�ective in the treatment of tuberculosis, a

disease that is una�ected by arsphenamine, penicillin, or sulfonamide—the three antibiotics

available at the time—and was the cause of approximately 20,000 annual deaths in England and

Wales (55 deaths per 100,000) at the time, making it a serious public health problem in the eyes

of the authorities (PHE 2013). Streptomycin was discovered almost simultaneously with another
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antibiotic e�ective against tuberculosis: para-aminosalicylic acid (PAS), discovered based on

the observation that Mycobacterium tuberculosis rapidly metabolises salicylic acid (Lehmann

1946a,b). This was followed by the discovery of the �rst highly e�ective anti-tuberculosis

drug—isoniazid—in 1951 (Robitzek et al. 1952; Singh and Mitchison 1955). These three drugs

were tested in randomised controlled clinical trials devised by the MRC—now considered to be

a gold standard in demonstrating drug e�cacy—as monotherapy, and in all combinations (MRC

1950, 1955). This led to the rapid adoption of these antibiotics into tuberculosis therapy in the

UK and worldwide, and led to an astonishingly rapid reduction in TB mortality, dropping from

50 to 7 deaths per 100,000 between 1945 and 1956 in UK (PHE 2013). The MRC observed rapid

loss of e�cacy of these drugs when used in monotherapy (MRC 1950, 1955), demonstrating

the worrying tendency of bacteria to develop resistance to antibiotics, often rapidly after their

introduction into clinical settings.

4.1.1 Drug resistance

Antibiotic resistance is a critical modern problem, recognised by the World Health Organisation

(WHO) as “one of the biggest threats to global health, food security, and development” (WHO

2017a), with an estimated 10 million excess deaths predicted by 2050, and 100 trillion US dollars

in lost economic output (WHO 2015a; O’Neill 2016; WHO 2017b). Resistance has emerged

to all classes of antibiotics rapidly after their introduction (Palumbi et al. 2001; Clatworthy

et al. 2007, Figure 4.1). There are at least 50,000 deaths caused by antibiotic-resistant infections

annually in Europe and the USA alone (O’Neill 2014), and an estimated 700,000 worldwide

(O’Neill 2016). Some species of bacteria appear to be especially prone to acquisition of drug

resistance: meticillin-resistant Staphylococcus aureus (MRSA) infections have been extensively

reported in the media, and in the early 2000s 40–60 % of S. aureus infections were thought

to be caused by MRSA in the UK and the US (Weinstein 2001; EARSS 2002), and worryingly

approximately 50 % in Portugal and Romania in 2016 (ECDC 2016). Bacteria such as Acinetobac-
ter baumannii, Pseudomonas aeruginosa, Escherichia coli, and Klebsiella spp. are also however

acquiring resistance rapidly and becoming a serious health risk worldwide. The rise of drug

resistance in tuberculosis is of considerable concern; in 2016, the WHO estimated that there

were 600,000 new cases of tuberculosis resistant to at least rifampicin, including 490,000 cases of

multidrug-resistant tuberculosis (MDR-TB)—resistant to at least two �rst-line anti-tuberculosis

drugs—of which there were an estimated 240,000 deaths globally (WHO 2017c). In addition,

extensively drug-resistant tuberculosis (XDR-TB)—resistant to all four �rst-line drugs—cases

were reported in 121 countries in 2016 (WHO 2017c). Worryingly, only 54 % of MDR-TB cases

were reported as being treated successfully, compared to 85 % of sensitive TB cases (WHO

2017c), though this number includes a high proportion of patients that are lost to follow-up as

well as rare deaths due to treatment failure (WHO 2017c). MDR-TB therapy is arduous, which

may partially explain the high rate of patient loss, treatment in most countries takes up to 20
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months of daily antibiotics from at least 5 di�erent classes simultaneously (WHO 2011)—many

of which have severe side-e�ects and are administered by injection—which may encourage

higher rates of treatment default (Franke et al. 2008; Ahmad and Mokaddas 2014). The WHO

started to recommend a shorter course in 2016 which lasts 9–12 months (WHO 2016) and this

may help to increase patient retention. This has only been adopted in 35 countries to date,

though they have reported an encouragingly high proportion of treatment success (87–90 %;

WHO 2017c).
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Figure 4.1: Timeline of the introduction and emergence of resistance to antibiotics. A selected subset
of antibiotics are depicted comparing the approximate date of their introduction into the clinic (top) to the
approximate first emergence of reports of resistance to that antibiotic (bottom). Drugs that are relevant in the
treatment of tuberculosis are highlighted in bold. PAS: para-aminosalicylic acid.

Drug resistance has been investigated for almost as long as antibiotics have been widely available

(Bryskier 2005), and we now understand many of the mechanisms by which bacteria can acquire

resistance and how this resistance is e�ected. Most antibiotics are derived from soil fungi and

bacteria—especially actinomycetes (Kieser et al. 2000)—which are thought to produce them to

avoid competition for resources with other bacteria (Waksman and Woodru� 1940), and the

majority of resistance mechanisms are thought to have arisen from environmental sources rather

than in response to human use (Martínez 2008; Davies and Davies 2010). This evolutionary

arms race has been occurring since microorganisms �rst began producing antibiotics, and

the soil not only provides a huge potential reservoir of novel antibiotics, but also associated

resistance to them (D’Costa et al. 2006; Davies and Davies 2010). Bacteria develop resistance

by two pathways: de novo mutation (Martínez and Baquero 2000) and by horizontal gene

transfer (Davies 1994; Boto and Martínez 2011). Mutations that lead to resistance fall into a

small set of categories: those that modify the target of the antibiotic, those that up-regulate

transporters that can export the antibiotic (e.g. e�ux pumps) or down-regulate those that import

the antibiotic, or those that can modify the antibiotic itself directly (Martínez 2014). Horizontal
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gene transfer allows the movement of non-native genes between bacteria, whether pathogenic,

commensal, or environmental. Clinically-relevant antibiotic resistance is thought to originate

primarily from environmental bacteria via horizontal transfer to pathogens (Davies and Davies

2010). Environmental bacteria are thought to possess antibiotic resistance mechanisms both

as a selective advantage against competitors producing antibiotics, and also—perhaps more

importantly—to prevent self-in�icted damage in the antibiotic-producing bacteria themselves

(Benveniste and Davies 1973). However, the provenance of the majority of the resistance

genes found in human pathogens is unknown, aside from two which are derived from non-

antibiotic-producing bacteria—quinolone resistance from Shewanella algae (Poirel et al. 2005)

and β-lactamase activity from Kluyvera (Cantón et al. 2012)—which might suggest otherwise.

Indeed, antibiotic resistance may be a side-e�ect of other processes in many environmental

bacteria (Piepersberg et al. 1988), such as the detoxifying e�ect of multidrug e�ux pumps on

heavy metals or other toxic compounds that bacteria may encounter (Nies 2003; Poole 2005).

Indeed, historical E. coli strains that were stored before the advent of the antibiotic era have

been shown to be resistant to modern drugs (Smith 1967; Houndt and Ochman 2000), suggesting

that the evolution of drug resistance occurred well before their use in humans. Supporting this

view, analysis of the sequence divergence of β-lactamases suggests that they may have �rst

arisen over 2 billion years ago, and moved to plasmids up to 150 million years ago (Feng et al.
1997; Hall and Barlow 2004). Interestingly, horizontal gene transfer appears to be completely

absent in M. tuberculosis (Achtman 2008; Eldholm and Balloux 2016), aside from evidence of

ancient acquisition of virulence factors that promoted its pathogenicity (Reva et al. 2015), which

implies that drug resistance mutations in M. tuberculosis have occurred exclusively de novo and

have been spread by clonal expansion.

4.1.2 Drug tolerance and the phenomenon of persistence

Drug resistance is generally de�ned as the heritable genotypic ability for bacteria to grow

unimpeded in the presence of high concentrations of an antibiotic (Scholar and Pratt 2000) with

an associated increase in the minimum inhibitory concentration (MIC). However, bacteria are

also able to survive antibiotics by other mechanisms including drug tolerance and persistence.

Drug tolerance can be de�ned as the ability (whether heritable or not) for microorganisms to

survive a temporary exposure to high concentrations of antibiotics without an increase in MIC

(Handwerger and Tomasz 1985; Kester and Fortune 2014). Drug tolerance can be acquired by

genetic changes that allow bacteria to adapt to their environment in a manner that renders

them insensitive to antibiotics, for example nutrient deprivation signalling pathways that can

lead to drug tolerance. The ability to arrest growth and reduce metabolism under stressful

conditions is a key aspect of drug tolerance, and can be induced by exposure to antibiotics

themselves (Handwerger and Tomasz 1985). A major de�ning feature of drug tolerance is that
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longer exposure to antibiotics results in bacterial killing and this may explain in part why

some clinical infections take so long to treat, as well as highlighting the importance of course

completion during treatment.

Persistence is the ability of a sub-population of a genetically homogeneous bacterial population

to transiently acquire drug tolerance, usually in a growth-arrested state, and in a non-heritable

manner (Lewis 2007). The phenomenon of persistence was reported shortly after the introduc-

tion of penicillin into routine therapy by the doctor Joseph Bigger in 1944, who observed that

he could not completely sterilise genetically homogeneous Staphylococcus spp. cultures using

penicillin (Bigger 1944). Bigger made a series of conclusions:

1. Only a small subset of the population is able to survive—which he termed “persisters”.

2. Persisters are not resistant mutants.

3. Persisters can both pre-exist and be induced by penicillin.

4. Persistence is not hereditary—descendants of persisters are equally likely to be killed.

5. Persisters are likely to be in a transient, dormant, non-dividing phase of growth.

These conclusions were not con�rmed for sixty years, when these characteristics were observed

at the single-cell level (Balaban et al. 2004; Keren et al. 2004a; Wiu� et al. 2005). Persistence

appears to be universal property of bacteria, and persister cells have been observed in every

species tested to date (Lewis 2001; Lewis 2010; Cohen et al. 2013).

Bigger demonstrated that persister cells occur at about a frequency of one cell in a million

in his Staphylococcus cultures (Bigger 1944), and this is true in E. coli, but dependent on the

growth phase of the population: 10
−6

in early exponential, 10
−4

in mid-exponential, and a

maximum of 10
−2

during stationary phase (Lewis 2007). Moreover, pre-existence of persister

cells has been con�rmed subsequently by repeated sub-culture of early exponential cultures,

resulting in the complete lack of persister cells, demonstrating that most persister cells are

pre-formed during stationary phase (Keren et al. 2004a; Wiu� et al. 2005). This frequency still

implies a non-deterministic mechanism of formation, since only one in a hundred cells appear

to be persistent in stationary phase, though clearly environmental cues must be involved in

the enrichment during this phase. Persisters result in highly characteristic biphasic killing

curves when populations are exposed to antibiotics, with a rapid initial linear decrease when

the majority of the population is killed, followed by a slow rate of cell death as the persister

sub-population is revealed (Lewis 2010; Kint et al. 2012). The slope of the �rst phase (death

phase) is dependent on the antibiotic concentration, whereas the second phase (persister phase)

is independent, since the rate of switching between persister and susceptible states is thought

to be random (Balaban et al. 2004; Lewis 2010; Cohen et al. 2013, see Figure 4.2).

The phenomenon of persistence was largely neglected following its discovery due to the

focus on antibiotic resistance, rapidly reported after their introduction (Figure 4.1), which
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Figure 4.2: A biphasic killing curve reveals persister
cells. Idealised plot of cell number (log-scale) against
time for different responses to antibiotics. Data was
generated computationally. Drug-sensitive cells (green)
rapidly die when exposed to antibiotics. Drug-resistant
cells (blue) continue to grow normally. Drug-tolerant
cells (orange) arrest growth and die slowly over time.
Populations harbouring a persister sub-population (red)
behave as sensitive cells initially with a rapid death
phase, followed by a slow rate of cell death indicative
of drug tolerance.

was combatted by the frequent discovery of novel antimicrobial agents during the 1940–1960

golden era (Walsh 2003). The signi�cance of persistence was not revisited until the 1980s, when

Harris Moyed became interested in non-heritable variation and searched for E. coli mutants

that were more able to survive antibiotics, without increasing the MIC of the population—a key

feature of persistence—and discovered a gain-of-function mutation in the hip operon (hipA7 )

which enhanced the persister fraction by a thousand-fold (Moyed and Bertrand 1983; Moyed

and Broderick 1986; Black et al. 1991, 1994). There are many non-genetic conditions that

trigger an increase in persistence, such as high cell density via quorum sensing (Leung and

Lévesque 2012), the SOS response (Bernier et al. 2013), and internalisation in macrophages in

pathogens (Helaine et al. 2014). Interestingly, while transposon and gene knockout screens

investigating persistence have been conducted, they have not discovered genes that abrogate

persister formation, and only found strains that increase persistence (Hu and Coates 2005;

Spoering et al. 2006; Hansen et al. 2008). This may support the hypothesis that persistence may

be a intrinsic feature of bacterial growth in general, and that drug tolerance is an emergent

property.

Mechanistically, several speci�c means to acquire transient drug tolerance have been suggested.

Various e�ux pump genes have been reported to become up-regulated in response to drug

exposure, including in response to clinical drugs, such as iniA in response to isoniazid and

ethambutol (Colangeli et al. 2005), and rv1258c in response to rifampicin and isoniazid (Siddiqi

et al. 2004; Jiang et al. 2008); both of which appear to enhance tolerance to their inducer.

Indeed, M. tuberculosis—which appears to be especially pro�cient at tolerating antibiotics—has

at least 26 chromosomally-encoded e�ux pumps, the majority of which are multidrug exporters:

considerably more than the 8 known in the more “resistant” MRSA (Poole 2004, 2005; De Rossi

et al. 2006). Many of these e�ux pumps have been shown to be up-regulated by macrophage

internalisation in the �sh pathogen M. marinum, where their over-expression leads to tolerance

to drugs in zebra�sh in vivo models of infection (Adams et al. 2011). Notably, this induction

occurs in actively growing mycobacteria, suggesting that growth arrest may not be a universal

feature of drug tolerance, though this may be speci�c to M. marinum (Adams et al. 2011).
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A more recent underlying mechanism that confers rifampicin tolerance has been observed in

M. smegmatis, whereby the error rate in protein synthesis appears to be deliberately increased

to generate a pleiotropic e�ect, crucially in the expression of RNA polymerase (RNAP)—the

target of rifampicin. Canonical genetic resistance to rifampicin is generally caused by a handful

of speci�c mutations within an 81-bp region of the β-subunit of RNAP (rpoB), known as the

rifampicin resistance-determining region (Ramaswamy and Musser 1998). These mutations

are so common (95–97 % of resistant isolates) that tests for rifampicin resistance in clinical

settings can be performed by simply sequencing this region of rpoB, a test which has a very low

false-negative rate (van Klingeren et al. 2007; Lawn and Nicol 2011). Javid et al. demonstrate

that mistranslation of the rpoB from wild-type mRNA can produce proteins which exhibit

the same protein sequence as these resistance mutations would produce (Javid et al. 2014).

This in e�ect provides a sub-population of RNAP molecules within the larger pool of RNAP

which happen to be resistant to the e�ects of rifampicin (Javid et al. 2014). This resistance is

non-heritable—aside from by protein inheritance at division—thus forms a true mechanism

of transient phenotypic drug resistance, highly similar to—and potentially indistinguishable

from—the transient drug tolerance observed in persistence.

There remains a lack of consensus in the �eld on whether persistence is a speci�c strategy

evolved to combat antibiotics or whether it is a side-e�ect of other pathways (Balaban et al.
2013; Levin et al. 2014). Many authors have suggested that growth arrest as a mechanism to

avoid cell death in a small proportion of a population is an example of ecological bet-hedging

(Kussell and Leibler 2005; Veening et al. 2008; Lennon and Jones 2011). Bet-hedging is a general

mechanism by which a population will diversify phenotypes under identical environmental

conditions to those which might be better adapted to a potential future environment, at the

expense of optimal �tness under the current conditions (Seger 1987; Philippi and Seger 1989;

Simons 2011; Starrfelt and Kokko 2012). However, there is mounting evidence that suggests

the vast majority—if not all—persister cells form deterministically (Kim and Wood 2016), and

pre-formed cells (as described above) are cells that arrested growth during stationary phase

with longer lag times (Fridman et al. 2014), and are derived from the inoculum in in vitro
experiments and not formed during exponential growth at all (Keren et al. 2004b; Orman and

Brynildsen 2013). This con�icts with early reports that persister cells form stochastically during

exponential phase (Balaban et al. 2004). In addition, experiments demonstrating that transient

induction of e�ux pumps confers drug tolerance in M. marinum also show that this induction

confers enhanced growth within macrophages in the absence of antibiotics (Adams et al. 2011),

suggesting that phenotypic drug tolerance may occur as a side-e�ect of increased e�ux.

As mentioned above, the hip operon was noted to greatly a�ect persistence in E. coli over 30

years ago (Moyed and Bertrand 1983), which encodes the hipBA toxin–antitoxin (TA) system.

TA systems involve a stable toxin (HipA in this case) that inhibits a crucial biological process,

and a labile antitoxin (HipB in this case) that prevents its action, which are simultaneously
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expressed (Yamaguchi et al. 2011; Page and Peti 2016). These molecular systems have been

repeatedly identi�ed in screens for persister cells (e.g. Keren et al. 2004a,b; Shah et al. 2006),

and they appear to cause growth arrest when induced, which may provide another mechanistic

underpinning for non-replicating persistence.

Toxin–antitoxin systems

TA systems were �rst identi�ed as a plasmid stabilisation system, where the loss of the plasmid

would lead to the degradation of the inherently unstable antitoxin, the release of the stable

toxin, and the post-segregational death of any cell that had lost the plasmid (Gerdes et al. 1986;

Thisted et al. 1994; Jensen and Gerdes 1995). Chromosomal TA systems were subsequently

discovered, and a similar mechanism of stabilisation of chromosomal regions proposed and

a role in programmed cell death (Aizenman et al. 1996), though most chromosomal systems

appear to trigger reversible growth arrest rather than death (Tsilibaris et al. 2007; Fu et al. 2009;

Ramisetty et al. 2016b). TA systems may be the e�ectors of persistence, whereby triggering

them causes growth arrest, and consequent tolerance to antimicrobials, most of which require

active growth to kill bacteria. They can be used to explain both the consistent persister fraction

found in homogeneous populations and the deterministic increase under certain conditions such

as stationary phase. TA systems are generally controlled by the expression of the antitoxin in

excess of the toxin, and strong autorepression of the system. Stochasticity in gene expression—

observed in most biological systems (McAdams and Arkin 1999; Elowitz et al. 2002; Losick and

Desplan 2008)—can lead to stochastic spikes in toxin expression, and mathematical modelling

predicts that such spikes can result in a transient increase in toxin, an inhibition of growth,

and a persistent phenotype (Rotem et al. 2010; Gelens et al. 2013; Feng et al. 2014). They can

also be triggered deterministically by the repression or degradation of antitoxin components

leading to release of toxins.

Most bacteria encode multiple TA systems, E. coli K-12 has at least thirty-nine (Yamaguchi et al.
2011; Tan et al. 2011; Wang et al. 2012b; Guo et al. 2014; Page and Peti 2016), Salmonella enterica
serovar Typhimurium at least eighteen (Lobato-Márquez et al. 2015), and M. tuberculosis at

least eighty-eight (Ramage et al. 2009; Gupta 2009; Han et al. 2010). Transcriptomic analysis of

bacteria that survive antibiotic exposure shows a general up-regulation of TA systems in E. coli
pointing to their role in persistence (Keren et al. 2004b; Shah et al. 2006).

The TA systems can be divided into at least �ve classes based on their mechanism of interaction

between toxin and antitoxin. Type II TA systems are the best characterised and most numerous,

with both toxin and antitoxin components being small proteins, with the antitoxin disabling

the toxin by direct binding. Most of the type II systems act by blocking translation, mostly by

cleavage of RNA, whether mRNA, transfer RNA (tRNA), or ribosomal RNA (rRNA) (Christensen

et al. 2001; Winther and Gerdes 2011; Schifano et al. 2013; Zhang et al. 2003b). Type II antitoxins
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are unstable due to intrinsic disorder (Oberer et al. 2007; Li et al. 2008), and are degraded by

proteases, notably Lon protease, which is involved in the stringent response to amino acid

deprivation (Van Melderen et al. 1996; Smith and Rawlings 1998). The hipA7 allele identi�ed by

Moyed and Bertrand (1983) involves the hipBA type II TA system, with a mutation in hipA that

prevents the binding of the HipB antitoxin to HipA leading to greatly increased toxin activity

(Korch et al. 2003). HipA does not cleave RNA, rather it inhibits glutamyl-tRNA synthetase

preventing the charging of tRNA
Glu

(Winther and Gerdes 2011).

Role and activation of the TA systems

The extensive proliferation of TA systems in bacteria raises the question of why so many

modules are required, when only a single TA system is ostensibly required to cause growth

arrest. In Salmonella, internalisation by macrophages induces the up-regulation of at least

fourteen TA systems, and deletion of single systems reduces the proportion of growth-arrested

bacteria by 10–30 % (Helaine et al. 2014) indicating that these systems may be additive rather

than redundant during infection by Salmonella, or that antibiotic tolerance is a poor indicator

of the ability to survive in macrophages. In E. coli however, deletion of �ve TA systems had

no e�ect on levels of persistence (Tsilibaris et al. 2007), but E. coli has almost ten times this

number of TA systems. While early reports suggested that the deletion of 10 TA systems

(∆10TA) in E. coli led to a decrease in persister levels (Maisonneuve et al. 2011, 2013), these

results were challenged strongly (Kim and Wood 2016; Ramisetty et al. 2016a; Van Melderen

and Wood 2017). The ∆10TA strain has been re-evaluated and is now known to have no defect

in persistence (Shan et al. 2017; Harms et al. 2017). This has led to the retraction of both

of the papers describing this mutant, ostensibly due to evidence of polar o�-target e�ects

and a phage contamination (Maisonneuve et al. 2018a,b). These developments point to the

possibility that these systems are not redundant, and have both distinct triggers and distinct

roles, including those outside persistence. The role of the TA systems themselves has also

been subsequently questioned, with observations that induction of the TA systems in E. coli
under several stresses does not lead to a concurrent increase in antibiotic tolerance (Shan et al.
2017), and the observation that deletion of multiple TA systems in S. aureus has no e�ect on

persistence (Conlon et al. 2016).

However, even given the con�icting evidence, there still appears to be strong evidence that

the TA systems do play a role in persistence, though this may be through distinct pathways

and speci�c mechanisms according to the type of stress applied rather than via a single master

pathway (Lewis 2010; Dörr et al. 2010; Norton and Mulvey 2012; Wood et al. 2013; Helaine

et al. 2014; Verstraeten et al. 2015; Harms et al. 2016; Fisher et al. 2017). The mechanism

underlying the hipBA TA system also provides an interesting model. HipA phosphorylates

glutamyl-tRNA synthetase, preventing the charging of tRNA
Glu

(Germain et al. 2013). The
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presence of uncharged tRNAs bound to ribosomes leads to the activation of the stringent

response to amino acid starvation, with the activation of RelA, which produces the alarmones

guanosine tetraphosphate and pentaphosphate ((p)ppGpp; Gentry and Cashel 1996). (p)ppGpp

leads to the production of polyphosphate which binds to inactive ribosomes and targets them

for degradation (Akiyama et al. 1992, 1993; Kuroda et al. 2001). This response leads to a dramatic

down-regulation and redirection of protein synthesis (Braeken et al. 2006; Kanjee et al. 2012;

Mechold et al. 2013; Hauryliuk et al. 2015). The retracted papers linked the stringent response

directly to activation of the TA systems, but there is still other evidence that (p)ppGpp and

the stringent response play a role in TA system activation, though potentially less directly

(Viducic et al. 2006; Fung et al. 2010; Nguyen et al. 2011; Verstraeten et al. 2015; Gaca et al. 2015;

Corrigan et al. 2016). Indeed, basic evidence that (p)ppGpp levels correlate with growth rate

suggests a role in drug tolerance (Ryals et al. 1982).

The role of the TA systems in mycobacteria

As mentioned above, M. tuberculosis encodes a vast array of TA systems on its chromosome,

with at least 88 identi�ed and con�rmed as active (Ramage et al. 2009). This raises the question

of why M. tuberculosis requires such an extensive repertoire of such systems, if as was suggested,

they may perform similar functions in growth arrest during stress. This implies that the systems

are non-redundant in M. tuberculosis, and may provide highly speci�c functions and respond

to a large array of signals, though evidence for this hypothesis is not forthcoming. Evidence

for their role in host survival and drug tolerance is growing however.

TA systems are known to be up-regulated in M. tuberculosis during cellular stress, such as

HigBA and VapBC-15 during hypoxia, and VapBC-11 and VapBC-3 during macrophage infection

(Ramage et al. 2009). Deletion of three mazF loci in M. tuberculosis has also been shown to result

in decreased tolerance to levo�oxacin and rifampicin (Silva-Herzog et al. 2015; Tiwari et al. 2015).

The stringent response has been implicated in the long-term survival of M. tuberculosis in vitro
(Primm et al. 2000), and in vivo mouse infections (Dahl et al. 2003). Starvation ofM. tuberculosis—
as for E. coli—induces the stringent response and the formation of (p)ppGpp (Primm et al. 2000).

In E. coli, RelA synthesises (p)ppGpp, and SpoT both synthesises and hydrolyses it, with the

deletion of either gene resulting in cells that cannot survive in minimal medium and poorly

in stationary phase (Cashel et al. 1996). M. tuberculosis has a single RelA/SpoT homologue—

RelMtb—which both produces and degrades (p)ppGpp, and in ∆relMtb deletion strains, survival

under long-term nutrient deprivation, prolonged aerobic culture, and hypoxic shock is severely

reduced (Primm et al. 2000). However, this growth defect does not cause any reduction in

survival within THP-1 human macrophage-like cells (Primm et al. 2000), but does in an in
vivo mouse model of infection (Dahl et al. 2003). These reports indicate that the stringent

response may have a signi�cant role in M. tuberculosis survival during infection. Proteomic
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analysis of nutrient-deprived M. tuberculosis cells shows that thirteen toxins are up-regulated,

including two with more than 100-fold increase in abundance suggesting that there is indeed a

link (Albrethsen et al. 2013).

Expansion of the TA systems appears to be exclusively limited to the pathogenic species of

Mycobacterium (Ramage et al. 2009), which may imply a connection between pathogenicity and

the TA systems in mycobacteria. The model species M. smegmatis encodes only three known

TA systems: vapBC, mazEF, and phd/doc, thus investigations of their role may have little impact

on understanding in M. tuberculosis. Notwithstanding this di�erence, M. smegmatis is far more

tractable to genetic manipulation and phenotyping, and the knockout of three loci is much less

likely to cause polar e�ects compared to the Herculean task of TA knockouts in M. tuberculosis.
Single, double, or triple knockouts of any of the three systems appears to have no phenotypic

e�ect in M. smegmatis, including their response to antibiotics (Frampton et al. 2012), although

exposure times were extremely brief in their assay. The only phenotypes apparent in a triple

knockout of all three TA systems were a survival defects in complex medium after 15 d, in

response to oxidative (H
2
O

2
) stress, and to heat shock (Frampton et al. 2012). The authors

suggest that growth in a complex medium may enhance oxidative stress on cells, which they are

less able to combat due to the lack of the TA systems, though the relevance of this observation

to either antibiotic tolerance or host survival in M. tuberculosis is unclear.

Persistence in clinical disease

The role of persistence in disease is not fully established, but the phenomenon of persistence

could be a large component in recurrent infections. Many infections recur after treatment, and

evidence suggests that these repeated episodes are caused by clonal descendants of the original

agent in many cases, such as in Chlamydia trachomatis infection (Mpiga and Ravaoarinoro

2006), E. coli in urinary tract infections (Mysorekar and Hultgren 2006), Borrelia burgdorferi
in Lyme disease (Berndtson 2013), and during fungal infection with Cryptococcus neoformans
(Spitzer et al. 1993). Selection of drug-tolerant persister cells by treatment could explain how

reservoirs of bacteria could remain viable until reactivation, and underlie the recurrence of

symptoms. Evidence of the clinical signi�cance of persistence has been found in several species.

In P. aeruginosa infections in cystic �brosis patients, high persistence mutants appear to be

selected for, with late isolates having up to a 100-fold increase in levels of persistence compared

to early isolates in the same patient (Mulcahy et al. 2010). Whole genome sequencing of

one such pair reveals that mutations conferring resistance, such as those that up-regulate the

expression of the MexXY-OprM multidrug e�ux pump, are not responsible for the increase

in persistence, since complete removal does not a�ect persistence levels (Mulcahy et al. 2010).

Thus in a clinical setting, P. aeruginosa cells are acquiring mutations that increase their persister

fraction, permitting survival in the face of treatment, and contributing to the recalcitrance of
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this infection in cystic �brosis patients (Mulcahy et al. 2010). This is supported by evidence

that bio�lms—a common problem during P. aeruginosa infection—harbour high levels of drug-

tolerant bacteria (Brooun et al. 2000; Spoering and Lewis 2001). Cells isolated from patients

with recurrent Candida albicans infections have also been observed to possess mutations that

enhance persistence (La�eur et al. 2010). Uropathogenic E. coli infections, notorious for their

recalcitrance to treatment and recurrence, have been noted to acquire mutations in hip, the

�rst observed mechanism underlying persistence in vitro (Schumacher et al. 2015).

The requirement for extensive therapy (at least 6 months) to treat tuberculosis successfully has

been proposed to be related to persistence (McDermott 1958), and the presence of viable bacilli

after treatment has been demonstrated in a mouse model (McCune and Tompsett 1956; McCune

et al. 1956, 1966a,b), with subsequent support from clinical data (Fox et al. 1999; Jindani et al.
2003). Live M. tuberculosis have been found in lesions and potential persister-like cells in adipose

tissue (Neyrolles et al. 2006; Agarwal et al. 2014), as well as sputum (Jindani et al. 2003; Garton

et al. 2008; Walter et al. 2015; Honeyborne et al. 2016) during treatment. Sputum studies have

identi�ed kill curves on initiation of anti-tubercular therapy that closely resemble characteristic

persister kill curves (Figure 4.2), with 94 % of bacteria dying within the �rst four days, while

complete sterilisation takes six months, suggesting that M. tuberculosis treatment length may

be signi�cantly lengthened by the presence of persisters (Walter et al. 2015; Honeyborne et al.
2016). The key anti-tuberculosis drug pyrazinamide speci�cally targets non-growing cells by

membrane depolarisation (Zhang et al. 2003a) and inhibition of trans-translation (Shi et al. 2011).

Trans-translation is the mechanism by which stalled ribosomes are rescued and is a crucial

process in adapting to stress by the removal of toxic protein products (Li et al. 2013). It has been

shown in vitro to be an important factor in persistence (Withey and Friedman 2003; Wilson and

Nierhaus 2007; Li et al. 2013; Amato and Brynildsen 2015), thus implying that pyrazinamide may

be targeting persisters speci�cally. It is notable that pyrazinamide greatly reduces treatment

time when included in tuberculosis treatment regimens, and treatment outcomes are always

inferior when it is excluded (Tasneen et al. 2008; Drusano et al. 2010; Tasneen et al. 2011),

which may indirectly implicate the role of non-growing, potentially persistent bacteria during

tuberculosis treatment.

In addition to complicating treatment, persistence may also underlie virulence itself. Similarly

to resistance mechanisms, drug tolerance may have evolved as a side-e�ect of stress response

mechanisms that lead to growth arrest (Hayes and Low 2009; Baek et al. 2011) and these

mechanisms are probably selected for in pathogens to allow bacteria to survive immune attack

by their host. Common strategies by immune cells such as macrophages and neutrophils that

combat intracellular bacterial infections include the restriction of nutrients and essential metal

ions such as iron and manganese (Jabado et al. 2000; Appelberg 2006; Flannagan et al. 2015;

Sprenger et al. 2018), the over-supply of other metals such as copper or zinc to normally toxic

levels (Botella et al. 2011, 2012), and the acidi�cation of the bacteria–containing phagosome
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(Vieira et al. 2002; Russell et al. 2009; Sun-Wada et al. 2009), many of which are conditions that

are known to enhance survival and drug tolerance in in vitro and in vivo models (Bernier et al.
2013; Helaine et al. 2014; Kurthkoti et al. 2017). This hypothesis is supported by the observation

that uropathogenic E. coli adaptations that enhance drug tolerance also enhance survival in

the face of immune attack (Putrinš et al. 2015). This concept also highlights the di�erences

between in vitro and in vivo models of persistence, where exposure to antibiotics only plays one

part in infection, experiments that increase tolerance in vitro often do not transfer to in vivo
systems—such as overexpression of the toxin relE in M. tuberculosis that enhances persistence

in culture, but not survival in mice (Singh et al. 2010b)—and vice versa—such as high persistence

M. tuberculosis mutants isolated from isoniazid-treated mice that do not display increased

tolerance in culture (Dhar and McKinney 2010).

There is also increasing evidence that the acquisition of mutations that enhance drug tolerance

may pre-dispose bacteria to acquire drug resistance, blurring the lines between phenotypic and

genotypic resistance (Levin and Rozen 2006; Smith and Romesberg 2007; Hansen et al. 2008;

Cohen et al. 2013; Wakamoto et al. 2013; Levin-Reisman et al. 2017). This is proposed to be

due to the fact that persisters are exposed to antibiotics for longer, increasing the statistical

probability of acquiring resistance mutations, as well as the increased mutation rate itself due

to stress (Cohen et al. 2013; Levin-Reisman et al. 2017).

4.1.3 Latency in tuberculosis

Related to persistence in other bacteria, M. tuberculosis has long been characterised by its

ability to become dormant. This introduces an additional concept to bacterial growth, already

complicated by overlapping and poorly de�ned terminology. Dormancy is a phenotypic state

of reversible quiescence that may underlie the signi�cant issue of latent tuberculosis, the

asymptomatic infection that may a�ect an estimated third of the global population (Dye et al.
1999). In addition to this huge reservoir of infection—while the relationship between latency

and drug resistance is largely unknown—the high current incidence of resistant cases (490,000

MDR-TB cases in 2016; WHO 2017c) implies that there is also a huge reservoir of drug-resistant

latent tuberculosis, which has very concerning implications for progress towards complete

eradication, especially given the usage of pre-emptive prophylactic isoniazid monotherapy for

latent tuberculosis in close contacts of active patients (Jagger et al. 2018).

Only 5–10 % of new M. tuberculosis infections are thought to result in active disease, with the

remaining cases resulting in latent tuberculosis (Sutherland et al. 1982; Styblo 1985; Esmail

et al. 2012; Zumla et al. 2013; Glaziou et al. 2014), though this value may be higher dependent

on age, geographical location, or immunological status as has been suggested in other studies

(Shanaube et al. 2009; Sloot et al. 2014). This is either due to e�ective immune control of bacteria,

or a speci�c adaptation of M. tuberculosis to host-living whereby growth is severely limited,
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or indeed both. The absolute distinction between latent and active infection may however

conceal the complexity that underlies tuberculosis. Bacteria are generally contained within

a large lesion of immune cells known as a granuloma, where they are sealed away from the

body by the immune system. Uncontrolled bacterial replication within the granuloma leads

to the breakdown of the structure, and release of bacteria into the airways, whereupon they

can induce the formation of new granulomas, or be ejected from their host by coughing to

e�ect transmission. This provides the basis of the M. tuberculosis life cycle, and underlies

latent infection (Ehlers and Schaible 2012). Latency can be considered as the state in which

the integrity of each granuloma is maintained in a restrictive state, thereby preventing active

symptoms, and transmission. However, recent evidence points to a more dynamic picture

of latency, whereby each granuloma may behave independently, forming and re-forming

constantly (Egen et al. 2008; Kling et al. 2014; Coleman et al. 2014; Lenaerts et al. 2015; Martin

et al. 2017). Latency in this context can be considered as a constant battle between immune

containment and frequent bacterial release, where active disease occurs when the immune

system can no longer keep up. Progression from latency to active disease may lie along a

continuous spectrum of balance between immune control and bacterial replication, which is

exacerbated by conditions that suppress the immune system, such as HIV co-infection (Young

et al. 2009).

It is well known that M. tuberculosis induces a dormancy programme when subjected to a

number of conditions that are relevant to human infection, especially hypoxia which is thought

to be a major factor within the granuloma that cells generally reside within (Tsai et al. 2006).

This programme involves the up-regulation of a large number of genes involved in stress

responses, and the down-regulation of genes involved in growth, especially genes involved in

central metabolism (Muttucumaru et al. 2004). The DosRS two-component system has been

frequently referred to in the context of dormancy, where the DosR response regulator induces

a set of around �fty genes (known as the dos regulon; Park et al. 2003; Voskuil et al. 2004). This

regulon includes genes involved in metabolism such as the glyoxylate shunt—which permits the

utilisation of alternative carbon sources when glycolysis is limited (Lorenz and Fink 2002)—fatty

acid metabolism, and nitrogen assimilation pathways (Wayne and Lin 1982; Voskuil et al. 2003).

Though these genes might be expected to be highly related to persistence, in vitro persister cells

do not appear to activate the dos regulon, as determined by transcriptomics (Keren et al. 2011)

and proteomics (Albrethsen et al. 2013). Additionally, deletion of dosR only causes a minor

decrease in viability in murine models (Rustad et al. 2008). However, the induction of the dos
regulon may be a transient e�ect, with almost half of the genes induced returning to normal

levels after 24 hours of hypoxia (Rustad et al. 2008). This may imply that dos is important in

initial adaptation to hostile conditions during early infection, but is not involved in long-term

survival, and indeed arti�cial induction of the dos regulon does not cause growth arrest in
vitro (Minch et al. 2012). Investigation of long-term microaerophilic cultures demonstrates
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the induction of a di�erent set of genes, sometimes known as the enduring hypoxic response,

de�ned as genes that are induced after the DosR-induced genes return to pre-hypoxic levels,

and includes 230 genes that are signi�cantly up-regulated after up to seven days of hypoxia

(Rustad et al. 2008). These genes may play a signi�cant role in the longevity of M. tuberculosis
within its intracellular niche.

While dormancy may or may not be directly related to persistence, features are clearly in

common. Both transcription and translation are down-regulated during dormancy (Bunker et
al. 2015), and growth is delayed (Flores Valdez and Schoolnik 2010)—features which are thought

to be important in persistence. Additionally, under microaerophilic conditions—a trigger of

dormancy—M. tuberculosis appears to be insensitive to isoniazid (Park et al. 2003; Bartek et
al. 2009) suggesting some overlap between the phenomena of dormancy and drug-tolerant

persistence. Other factors other than hypoxia also appear to trigger dormancy, such as acid

stress (Byrne et al. 2007; Cho et al. 2007; Deb et al. 2009), in common with persister cells in vitro.

In vivo, other shared triggers are observed, such as induction after macrophage internalisation

(Schnappinger et al. 2003), in mice (Karakousis 2004), and in guinea pigs (Sharma et al. 2006).

As with persistence, dormancy also appears to be a reversible and somewhat heterogeneous

phenotype, and may underlie the spectrum of disease from latent to active tuberculosis, with

bacteria switching between non-growing dormancy and replicating phases within granulomas

(Esmail et al. 2012; Esmail et al. 2014).

Related to dormancy, and often equated with it, is the phenomenon of the viable but non-

culturable (VBNC) state. Cells that have been cultivated for extensive periods in stationary

phase appear to lose the ability to grow on solid medium (Kaprelyants et al. 1993). This state is

presumed to be highly similar to the dormant state, and it is unclear what di�erences there are

between the two. VBNC bacteria are most commonly identi�ed by comparing colony-forming

units (CFUs) on solid medium to estimates of bacterial numbers in liquid medium by serial

dilution: by use of a most probable number (MPN) assay (de Man 1975). MPN estimates are

often increased by the addition of spent culture �ltrate to the liquid growth medium, implying

the presence of a secreted factor that promotes growth (Shleeva et al. 2002; Shleeva et al.
2004). Early evidence for VBNC mycobacteria has been seen in the Cornell mouse model of

infection, in which viable numbers (by CFU counting) of M. tuberculosis in mice treated with

antibiotics falls to zero over time (Wayne 1994), but appreciable amounts of DNA are still

recovered indicative of high numbers of bacteria within organ systems which are ostensibly

sterile (de Wit et al. 1995), though this may also suggest high numbers of dead cells which are

not cleared for unknown reasons. It is notable that the Wayne microaerophilic model does not

induce a VBNC state, whilst inducing apparently dormant cells, suggesting that there may be a

di�erence between the two states. The VBNC state in mycobacteria is signi�cantly enriched

after extensive stationary phase—four months in the case of M. tuberculosis (Shleeva et al.
2002)—and by growth in nitrogen- or carbon-limiting conditions in M. smegmatis (Shleeva et al.
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2004) which implies an important role of metabolism in this growth-arrested state. VBNC cells

may signi�cantly a�ect experimental systems that rely on regrowth as a measure of viability,

especially in the context of those that investigate the response of bacteria to antibiotics.

4.1.4 Role of growth rate in antibiotic susceptibility

There is a signi�cant diversity in terms which describe states associated with drug tolerance, but

a common theme appears to be the role of growth rate: non-replicating persistence, dormancy,

and the VBNC state all imply growth arrest. This association with increased drug tolerance is

consistent with the long-held view that most antibiotics are more e�ective on actively growing

bacteria; indeed, many cidal agents appear to require active growth, such as the canonical β-

lactams (Tomasz 1979). Drug tolerance has been linked extensively with the population growth

rate, most notably with the association between growth phase and survival, with survival

increasing from 10
−6

in exponential phase to 10
−2

in stationary phase in E. coli (Keren et al.
2004a,b; Lewis 2007). In addition, non-dividing cells are enriched in E. coli persisters (Shah

et al. 2006) and in Salmonella persisters recovered from macrophages (Helaine et al. 2010, 2014).

At the single-cell level, E. coli persisters can be identi�ed prior to exposure to antibiotics by

their reduction in growth rate (Balaban et al. 2004), again demonstrating a strong link between

growth arrest and ultimate survival.

Growth arrest and quiescence is strongly associated with a dramatic metabolic shutdown, in

which transcription and translation are greatly down-regulated. This has been observed in the

eukaryote Saccharomyces cerevisiae, with a 3–5-fold decrease in transcription (Choder 1991)

and a 20-fold decrease in translation (Fuge et al. 1994) during quiescence. This is also observed

in very slow-growing E. coli, with a dramatic decrease in both transcription and translation

initiation events (Pederson 1985). In mycobacteria, this e�ect is also observed, but coupled

with a signi�cant 15-fold increase in mRNA stability (Rustad et al. 2013), thought to enable the

maintenance of essential proteins during dormancy (Rao and Li 2009), which is also seen in

S. aureus (Anderson et al. 2006) and S. cerevisiae (Jona et al. 2000) upon sustained quiescence.

This shutdown of protein synthesis is not an uncontrolled global shutdown, as indicated by

continued expression of essential proteins, but is �nely choreographed upon starvation. In

E. coli, immediately after the onset of starvation, protein synthesis actually increases 5-fold

due to the large induction of proteases (Shaikh et al. 2010). These proteases act to degrade a

large proportion of the proteome to provide the raw materials for stress-related proteins to

be expressed (Reeve et al. 1984), such as those controlled by σ
S

(Talukder et al. 1996). Indeed,

protein expression appears to be maintained during dormancy, as indicated by the ability for

RNA polymerase and DNA gyrase inhibitors to kill non-replicating mycobacteria (Betts et al.
2002; Sala et al. 2010). In addition, maintenance of the proton-motive force is essential for

long-term survival under dormancy (Rao et al. 2008), indicative of the maintenance of turnover
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of essential proteins. This is sometimes referred to as a “non-growing but metabolically active”

state, which may or may not refer to the same phenomenon as the dormant or VBNC states.

These factors imply that simple growth arrest is not su�cient to confer multidrug tolerance,

since drug targets which are ostensibly indicative of active growth must be maintained to retain

viability.

In addition to the additional layers of complexity underlying growth arrest in dormancy, the

universality of growth arrest in drug tolerance itself has been called into question in several

studies. As mentioned above, M. marinum can acquire drug tolerance by the transient over-

expression of multidrug e�ux pumps, which are speci�cally enriched in actively growing

mycobacteria (Adams et al. 2011). At the single-cell level, isoniazid-tolerant cells have also

been shown to maintain growth during drug exposure, with survival linked to expression of

KatG, the bacterially-encoded enzyme that converts isoniazid into its active form (Wakamoto

et al. 2013). The suggestion that persister cells arrest their growth prior to addition of the drug

has also not been observed in mycobacteria (as discussed in more detail below; Aldridge et al.
2012; Wakamoto et al. 2013; Manina et al. 2015). These studies strongly question the role of

growth arrest in phenotypic drug tolerance, at least in mycobacteria.

4.1.5 Antibiotics at the single-cell level

Single-cell studies are crucial in the investigation of antibiotic tolerance, since they provide a

means to identify transient phenotypes, and to distinguish sub-populations whose averaged

behaviour may conceal any underlying complexities. Early work catalysing renewed interest

in persisters was performed using a custom micro�uidic device which allows the monitoring

of E. coli single cells by trapping them in grooves under a membrane through which medium

is perfused (see Figures 2.1E and 2.1F; Balaban et al. 2004). This permits the exchange of the

medium whilst permitting the continued observation of the same single-cell lineages, and was

used to great e�ect to demonstrate that E. coli that are able to survive ampicillin exposure

pre-exist with reduced growth rate (Balaban et al. 2004). Fluorescence-activated cell sorting

(FACS) of cells expressing a �xed amount of �uorescent protein that dilutes at each cell division

has also been used to determine that S. enterica serovar Typhimurium cells internalised within

macrophages arrest their growth (Helaine et al. 2010), and that these cells are drug-tolerant

(Helaine et al. 2014).

With regards to mycobacteria, micro�uidic approaches have been used extensively to investigate

the response to antibiotics at the single-cell level. Aldridge et al. used a micro�uidic device that

provides a growth chamber for cells which constrains them in the Z-dimension—similar to the

ONIX system that I use—in which they demonstrate that asymmetry in cell division leads to

cells which are di�erentially susceptible to di�erent classes of antibiotics (Aldridge et al. 2012).

They also show that the pre-existing, growth-arrested cells reported by Balaban et al. (2004),
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are not observed in M. smegmatis cells in response to any of the four antibiotics which they

tested (Aldridge et al. 2012). Asymmetry here refers to the inheritance of di�erentially aged cell

poles (as described in Chapters 2 and 3), whereby cells which inherit the pole formed by their

mother at birth (the new-pole inheritors) appear to have enhanced survival to the cell wall

targeting antibiotics meropenem, cycloserine, and isoniazid compared to cells which inherit

the pole formed at least two generations prior (the old-pole inheritors) which are apparently

more tolerant to rifampicin (Aldridge et al. 2012).

Following this study, Wakamoto et al. also used similar custom micro�uidics to determine

the single-cell response of M. smegmatis to isoniazid. They also did not observe any cells that

arrested their growth rate prior to exposure to drugs, demonstrating that the pre-exposure

growth rate (exponential model) is identical between survivors and non-survivors (Wakamoto

et al. 2013). Moreover, they demonstrate that surviving cells continue to grow in the presence

of isoniazid, albeit at a greatly reduced rate (Wakamoto et al. 2013), consistent with suggestions

that drug-tolerant M. marinum cells maintain growth (Adams et al. 2011), and that dormant

cells retain biosynthetic capability (Betts et al. 2002; Sala et al. 2010). Similarly to the e�ux

pump mechanism of drug tolerance in M. marinum, isoniazid tolerance is correlated with

transient and stochastic levels of expression of a bacterial protein: KatG (Wakamoto et al. 2013).

KatG is a catalase-peroxidase that converts isoniazid from its pro-drug form into its active

cidal form (Vilchèze and Jacobs 2007; Suarez et al. 2009), thus increased expression of KatG

leads to increased conversion of isoniazid, and decreased survival. Cells which avoid stochastic

expression of KatG are therefore more able to survive (Wakamoto et al. 2013).

Two investigations of single-cell antibiotic responses in mycobacteria—including pathogenic

M. tuberculosis—were published in quick succession by the same group in 2015. They both used

the same custom micro�uidic device as Wakamoto et al. (2013) which permits very long-term

observation of single cells, a necessity given the interdivision time of M. tuberculosis (∼24 h),

with up to 24 day continuous time-lapses reported.

Manina et al. investigated rRNA expression in M. tuberculosis single cells (Manina et al. 2015).

Using an unstable GFP integrated into the chromosome at the rrn rRNA locus, they demonstrate

large heterogeneity in ribosome activity between single cells, with growth rate positively

correlated to GFP �uorescence—as predicted by ribosome scaling (Klumpp and Hwa 2014)—and

negatively correlated to CV (i.e. cells that grow faster have more ribosomes and less variation).

Interestingly, inheritance of GFP �uorescence (ribosomes) was equal between daughter cells

in terms of total �uorescence, even given the smaller size of new-pole inheritors—asymmetry

which is also observed by many other authors in M. smegmatis (such as Aldridge et al. 2012;

Santi et al. 2013), as well as in my own data (Figure 3.8A and Table 3.1; Priestman et al. 2017)—

suggesting that ribosome concentration is higher in new-pole inheritors (Manina et al. 2015).

Given known correlations between growth rate and ribosome numbers (Klumpp and Hwa
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2014), M. tuberculosis new-pole inheritors also have higher growth rates as expected (Manina

et al. 2015), in agreement with my M. smegmatis data demonstrating higher growth rate in

new-pole inheritors (Figure 3.8C and Table 3.1; Priestman et al. 2017). The authors tested

the response of M. tuberculosis single cells to isoniazid, with survival measured by Sytox blue

staining (which stains permeabilised cells). They observed no correlation between growth

rate prior to isoniazid treatment and survival, similarly to Wakamoto et al. (2013), and did not

observe any di�erence among survivors between non-growing cells and cells which could

recover growth after removal of isoniazid (Manina et al. 2015). They did however note that

new-pole inheritors lysed more frequently and more rapidly after the introduction of isoniazid

compared to old-pole inheritors, in contrast to reports by Aldridge et al. (2012), implying a

strong role for pole age in tolerance to isoniazid. They interestingly only observed new-pole

inheritors to survive isoniazid exposure (Manina et al. 2015) even though their lysis rate was

increased, although their numbers are too small to draw strong conclusions.

Closely following this report, Vaubourgeix et al. (2015) published a further investigation of the

role of asymmetry in drug tolerance in M. tuberculosis. They investigated how the inheritance

of proteins irreparably damaged by oxidation could a�ect antibiotic susceptibility, using the

same custom micro�uidics and time-lapse microscopy as Wakamoto et al. (2013) and Manina

et al. (2015). In response to reactive oxygen species (ROS) and reactive nitrogen species (RNS),

proteins accrue oxidative damage, usually in the form of carbonylation (Dukan and Nystrom

1998). Excessive oxidation can lead to the exposure of hydrophobic regions, misfolding, and

toxic consequences (Hartl et al. 2011). Misfolded proteins are usually detected by hydrophobic-

binding chaperones which target them for proteolysis, however some proteins can become so

extensively carbonylated that they can no longer enter the proteolytic channel present on most

general proteases (Grune et al. 2004), in which case they are considered to be irreversibly oxi-

dised proteins (IOPs), which are usually toxic, and require constant sequestration by chaperones

to prevent undue adverse e�ects. Vaubourgeix et al. demonstrate that IOPs accumulate under a

variety of stresses relevant to immunological attack including nutrient deprivation, hydrogen

peroxide (which generates ROS), and acidi�ed sodium nitrite (which generates RNS). They

additionally show that IOPs accumulate when M. smegmatis cells are exposed to sub-inhibitory

concentrations of kanamycin—which targets ribosomal protein synthesis to increase the trans-

lation error rate—leading to aggregated patches of IOPs which are closely associated with the

chaperone ClpP (Vaubourgeix et al. 2015). These patches are distributed unevenly along the cell,

with the vast majority of IOPs near a single pole. This leads directly to asymmetric inheritance

of the majority of the IOPs by a single daughter cell, and this has a signi�cant detrimental

e�ect on these daughters as shown by reduced linear elongation rate, and reduced survival

when challenged again with a lethal concentration of kanamycin (Vaubourgeix et al. 2015). The

same e�ect is observed when both M. smegmatis or M. tuberculosis single cells are exposed to

clinically-relevant levels of isoniazid, indicating that accumulation of IOPs is not limited to
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translation-targeting antibiotics—although the active form of isoniazid is likely a free radical

that may cause oxidative damage itself. This report again stresses the importance of asymmetry

in mycobacteria with respect to antibiotic tolerance, though the authors do not specify whether

pole age is an important factor.

Further increasing the breadth of micro�uidic investigations of mycobacterial drug tolerance,

Richardson et al. determined the response of single M. smegmatis cells to rifampicin and

attempted to determine factors that might predict survival (Richardson et al. 2016). They

developed another novel custom micro�uidic device permitting the long-term observation

of mycobacteria while allowing precise control of their environment and growth medium.

They observe that M. smegmatis cells which ultimately die after rifampicin exposure are likely

to be at extremes of the cell cycle: small and early in the cell cycle, or large and late in the

cell cycle, at least at the point of drug administration (Richardson et al. 2016). Tolerant cells

conversely, while at generally normal length upon treatment, were much more likely to be born

at a larger than average size, and signi�cantly more likely to have inherited the old pole from

their mother. This again highlights interesting and repeated observations of the importance

of pole age in mycobacteria (Aldridge et al. 2012; Manina et al. 2015). In concordance with

the other single-cell studies, they observed no signi�cant di�erence in growth rate between

survivors and non-survivors to rifampicin treatment (Richardson et al. 2016).

Most recently, the role of asymmetry in drug tolerance has been investigated more directly, by

using an assay of metabolic activity in single cells which re�ects the inheritance of cytoplasmic

contents at birth. Cells that are more able to convert a �uorescent precursor (calcein) into its

�uorescent form are less likely to divide after rifampicin treatment, indicating that survival

is negatively correlated with the ability to metabolise calcein (Rego et al. 2017). The authors

performed a screen of a transposon library to �nd insertions which would alter the �uorescence

distribution of calcein. They identi�ed an interesting gene—annotated as mmpS3—which greatly

reduces variability in �uorescence between cells, which they renamed lamA (loss of asymmetry

mutant A). In a clean ∆lamA background, susceptibility to rifampicin is greatly increased,

which the authors hypothesise is due to the loss of tolerant sub-populations. Mycobacteria

are largely thought to incorporate nascent cell wall material preferentially at the old pole

(Thanky et al. 2007; Hett and Rubin 2008; Joyce et al. 2012; Aldridge et al. 2012; Santi et al. 2013;

Meniche et al. 2014; Botella et al. 2017) which provides the basis for cell growth di�erences

between daughter cells. This preferential unipolar growth is also thought to lead to the size

di�erence between daughters, with the septum correctly placed at mid-cell and the period

between septum formation and cytokinesis leading to greater elongation at the old pole and

subsequent asymmetric division (Aldridge et al. 2012; Meniche et al. 2014; Botella et al. 2017).

Therefore, the prevention of preferential unipolar incorporation might lead to symmetric

division in ∆lamA, and indeed the ∆lamA mutant appears to incorporate cell wall equally

at both new and old poles, without a�ecting the overall growth rate of the cell (Rego et al.

133



A Single-Cell Investigation of Mycobacteria Antibiotic Tolerance

2017). This symmetry is apparently caused by the derepression of cell wall synthesis at the new

pole, usually performed by LamA (Rego et al. 2017). The authors hypothesise that asymmetry

provides a useful mechanism to rapidly generate heterogeneity in the population, with sub-

populations more able to survive certain stresses, such as antibiotic insult. In accordance with

this hypothesis, symmetric division in ∆lamA appears to greatly reduce tolerance to rifampicin,

vancomycin, and several β-lactams in both M. smegmatis and in M. tuberculosis (Rego et al.
2017).

4.1.6 Summary of this chapter

In this chapter I use M. smegmatis mc
2
155 to investigate some features that permit mycobacteria

to survive exposure to the front-line antibiotic rifampicin—potentially the most important

of the four standard regimen drugs—�rstly at the batch culture population level, then at the

single-cell level, extensively using techniques described and developed in Chapter 2.

The original basis of the project was to determine how growth rate a�ects survival, to attempt

to resolve the discrepancy between the growth arrest that is observed to precede ampicillin

exposure in E. coli (Balaban et al. 2004) and the lack of correlation reported in the context of

isoniazid tolerance in M. smegmatis (Wakamoto et al. 2013; Manina et al. 2015). Speci�cally,

given that isoniazid requires conversion to its active form by mycobacterial KatG (Vilchèze and

Jacobs 2007; Suarez et al. 2009), any growth rate di�erences might be masked by the expression

level of KatG. This work was started prior to the publication of evidence that this di�erence

is also not observed prior to rifampicin exposure (Richardson et al. 2016), but this provides a

useful comparison with my data.

Initially, I determined the role of population growth phase on survival. This has been described

in E. coli, where 10
−6

cells survive in exponential phase compared to 10
−4

in late exponential

phase, and 10
−2

in stationary phase (Lewis 2007). Dormancy models in M. tuberculosis have

demonstrated increased survival to rifampicin using gradual oxygen deprivation which may

overlap somewhat with stationary phase (Wayne 1994), and others have investigated long-term

nutrient starvation which greatly increases survival to rifampicin (Betts et al. 2002). Studies

demonstrating increased dormancy and VBNC state in cells that are starved or maintained at

long-term stationary phase also very much imply that survival increases to rifampicin under

these conditions. However, a general comparison of survival after rifampicin treatment at

di�erent growth phases has not been described, and I use a batch culture method to investigate

this. I also compare how the survival fraction changes with di�erent initial conditions, such as

in low carbon and nitrogen media, and in the alternative sole carbon sources used in Chapter 3:

acetate and pyruvate.

Since survival—at least prior to the retraction of the two Maisonneuve et al. papers—has been
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extensively linked to expression and activation of the TA systems, I also tested how survival at

di�erent growth phases in knockout M. smegmatis strains might di�er. I received the same

strains used by Frampton et al. (2012), and tested their response to rifampicin. In collaboration

with a Master’s student—Nicola Harris—I also designed several plasmids expressing di�er-

ent toxin and antitoxin combinations to permit overexpression of individual components in

knockout backgrounds. These results were largely negative and are not discussed in depth

here.

I then move on to single-cell time-lapse microscopy experiments, using an altered protocol

in which rifampicin can be perfused into the ONIX growth chambers at will. Life and death

at the single-cell level is—perhaps surprisingly—hard to determine, and I develop, test, and

re�ne several single-cell measures of viability that can be coupled with time-lapse microscopy.

Using the most accurate measure in my estimation, I then analyse the single-cell factors that

are over-represented in cells that are able to survive rifampicin, making extensive use of the

software I developed and described in Chapter 2.

4.2 Methods

4.2.1 OADC enrichment

Middlebrook 7H10 oleic acid–albumin–dextrose–catalase growth supplement (OADC; USBi-

ological) is prepared by slowly adding 31.616 g OADC powder to 350 ml ddH
2
O pre-warmed

to 55
◦
C and stirring well on a hotplate. As much powder is permitted to dissolve as possible

by heating and stirring continuously for approximately 15 min. The suspension is made up

to 400 ml with ddH
2
O, transferred to 50 ml Falcon tubes, and spun at 3000 g for 30 min at 4

◦
C.

Supernatants are sterile �ltered, and stored at 4
◦
C.

4.2.2 7H9 liquid medium

Difco™ Middlebrook 7H9 broth (BD) is prepared according to the manufacturer instructions,

with the use of 0.05 % (v/v) tyloxapol—a non-hydrolysable detergent—instead of Tween-80. The

preparation of tyloxapol stock solution is described in the Chapter 2 Methods section (Tyloxapol

stock solution). 4.7 g 7H9 powder is added to 850 ml Milli-Q water (ddH
2
O) containing 2 ml

glycerol (to a �nal concentration of 0.2 % v/v) and mixed well, then made up to 875 ml with

ddH
2
O. The solution is autoclaved at 121

◦
C for 20 min, and permitted to cool. 100 ml OADC

enrichment is added to the cooled 7H9 solution, followed by 25 ml of 20 % v/v tyloxapol stock

solution, under sterile conditions. 7H9 medium is stored at 4
◦
C.
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4.2.3 7H11-agar solid medium

Difco™ Mycobacteria 7H11 Agar (7H11-agar; BD) is prepared according to the manufacturer

instructions, as follows: 21 g of 7H11-agar powder is dissolved in 900 ml ddH
2
O containing 5 ml

glycerol (to a �nal concentration of 0.5 % v/v), mixed well, autoclaved at 121
◦
C for 20 min, and

permitted to cool in a 55
◦
C incubator for 1 h. The preparation is further cooled by stirring at

4
◦
C for 5 min before adding 100 ml OADC enrichment, and any other supplementation required

(such as antibiotics) under sterile conditions. Approximately 25 ml is poured into 90 mm Petri

dishes and permitted to set in a laminar �ow hood for 10 min, then dried in the same hood for

another 10 min, before storage at 4
◦
C.

4.2.4 Hartmans–de Bont minimal medium

Hartmans–de Bont minimal medium (HdB) is prepared as described in the Chapter 2 Materials

section (Hartmans–de Bont minimal medium).

Variants of HdB were made by modifying components. For carbon-limited HdB (cHdB), the

glycerol concentration is reduced to 0.08 % v/v (0.8 ml per litre). For nitrogen-limited HdB

(nHdB), (NH
4
)
2
SO

4
is reduced to 1 mM, to 0.15 mM for nitrogen-deprived HdB (xHdB), and

removed completely for nitrogen starvation experiments (∆N HdB). For alternative carbon

sources, as in Chapter 3 (Methods section: Variants of HdB), glycerol is replaced with 0.2 % w/v

potassium acetate (Sigma) or 0.2 % w/v sodium pyruvate (Sigma).

4.2.5 Rifampicin stock

Rifampicin stock solution is prepared by dissolving rifampicin powder (Sigma) in dimethyl

sulfoxide (DMSO; Sigma) to a �nal concentration of 32 mg ml
−1

, approximately 1000×MIC for

wild-type M. smegmatis (Alexander et al. 2003, see also below). Solutions are aliquoted and

kept frozen at −80
◦
C, and discarded after use (to prevent any freeze–thaw cycles).

4.2.6 Theophylline stock

5× theophylline stock solution is prepared by dissolving powder (Sigma) to a �nal concentration

of 10 mM in the growth medium of each particular experiment. Solutions are sterile �ltered,

and stored at 4
◦
C for up to a month.

4.2.7 Batch culture killing curves

To determine the kinetics of killing by antibiotics in batch culture, a simple approach assaying

colony-forming units (CFUs) over time is used. M. smegmatis mc
2
155 (referred to generally
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as wild-type) or other strains are inoculated from frozen glycerol stock using a sterile loop

into 3–5 ml 7H9 or HdB medium. Cultures are incubated in a shaking incubator at 37
◦
C

overnight twice (40–48 h) to stationary phase. Cultures are sub-cultured 1:200 in fresh medium

(appropriate for the experiment, e.g. a di�erent carbon source), and grown overnight (∼16 h)

to mid- to late exponential phase. OD600 is measured for the culture, and 50 ml Falcon tubes

are inoculated to OD600 0.05 in at least 20 ml of the appropriate medium in duplicate, with one

designated as a control tube (i.e. no antibiotic) and the other as a treatment tube. Tubes are

incubated at 37
◦
C in a shaking incubator.

At approximately 3 h intervals, 1 ml culture is taken from both tubes and serially diluted using a

96-well plate. The plate is prepared with 180 µl HdB or PBS in the �rst six rows of the plate, and

enough columns for the target dilution. 20 µl of culture is added to alternate rows of the plate

from each tube, allowing three technical replicates of the serial dilution. If OD600 measurements

are desired, they are measured using the remaining sample. Dilutions are performed using a

multi-channel pipette taking 20 µl from each column and mixing it into the subsequent column.

Fresh pipette tips are used for each dilution. To determine CFU counts, 20 µl is taken from the

�nal dilution (or multiple dilutions in initial experiments) using the multi-channel pipette with

three tips with empty spaces between each, and spotted onto a 7H11-agar plate. The spacing

allows appropriate spreading of spots on the plate without resulting in mixing of spots, whilst

maximising the space used on each plate allowing up to twelve spots per plate. For initial

experiments, where the appropriate dilution was unknown, a broad range of dilutions was

spotted, and subsequent CFU counts used for future runs to limit the requirement for large

numbers of plates.

Plates are incubated for at least two nights in a 37
◦
C static incubator, until visible colonies can

be observed. Colonies are counted using a colony counter and the CFUs/ml in the undiluted

sample are calculated from the knowledge of the volume spotted and the dilution.

According to the experiment being performed, rifampicin is added to a �nal concentration of

5×MIC (160 µg ml
−1

) to the treatment tube, and an equivalent volume of DMSO added to the

control tube. Tubes are then wrapped completely in aluminium foil to reduce light-induced

degradation. For all experiments, rifampicin treatment is continued for 48 h, at which point

both control and treatment tubes are spun at 1690 g at room temperature for 10 min and the

pellet resuspended in an identical volume of fresh medium. Cells are washed in this manner

twice more before re-incubating the tubes and continuing the experiment.

Depending on the experiment, time-points are selected in advance to permit the broadest range

of coverage without requiring too many overnight time-points to be taken. For example, if

rifampicin is to be added after 16 h, the experiment is started at around 5 pm and left overnight,

allowing drug to be added the subsequent morning and multiple time-points to be taken during
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that day to record the initial action of the drug. Conversely, if rifampicin is to be added after 6 h,

the experiment is started as early as possible in the morning to allow rifampicin to be added

with su�cient time for multiple time-points on that same day.

4.2.8 Determination of rifampicin MIC by broth dilution

A 96-well clear plate (Greiner) is �lled with 100 µl HdB in 10×8 wells. Solutions of 512 µl ml
−1

and 768 µl ml
−1

rifampicin are prepared by diluting rifampicin stock (32 mg ml
−1

) in HdB. 100 µl

of the 512 µl ml
−1

solution is added to the �rst well of the �rst 4 rows, and 100 µl of the 768 µl ml
−1

solution is added to the �rst well of the last 4 rows. Using a multichannel pipette, 100 µl of

each column is taken and added to the subsequent column, resulting in a two-fold dilution

series. The 100 µl excess volume from the ninth column is discarded, resulting in a 0 µg ml
−1

control column (tenth). The concentration layout of a typical plate is depicted in Table 4.1. 5 µl

of undiluted M. smegmatis mc
2
155 stationary phase culture is added to all wells in rows 2–3

and 6–8 (leaving rows 1 and 5 as sterile controls), the plate is sealed and incubated at 37
◦
C in

a shaking incubator for 4 d. Wells are then well-mixed by pipetting without introducing air

bubbles, and the optical density of each well is read at 620 nm using a plate reader. The lowest

concentration of rifampicin in a well with no detectable growth is taken to be the MIC.

1 2 3 4 5 6 7 8 9 10
1–4 256 128 64 32 16 8 4 2 1 0
5–8 384 192 96 48 24 12 6 3 1.5 0

Table 4.1: Concentration of rifampicin in a broth dilution microtitre plate. Values depict concentration
of rifampicin in µgml−1 in each column and row.

4.2.9 Determination of fluorescent protein half-life

Fluorescent protein half-life is determined by a plate-based time-course experiment in which

�uorescence in a strain induced for �uorescent protein expression is placed in PBS (in the

absence of inducer) and �uorescence measured over time using a plate reader. This is compared

to an uninduced control, and PBS alone. Cultures are grown to mid-exponential phase, and

induced for protein expression overnight (or not for controls), culture tubes are kept wrapped

in aluminium foil throughout. Cultures are washed twice in PBS supplemented with 0.05 %

tyloxapol (PBS-tyloxapol) by centrifugation at 1690 g for 10 min, then diluted to an OD600 of

0.5 in PBS-tyloxapol and incubated at 37
◦
C in a shaking incubator. Approximately every hour,

100 µl samples of induced and uninduced cultures, and a 100 µl PBS-tyloxapol control are placed

into a black, �at-bottomed 96-well plate (Greiner), and �uorescence measured using a plate

reader with an exposure time of 1 s, a 460 nm excitation �lter, and a 520 nm emission �lter.

Fluorescence over time is �tted to an exponential decay curve, N(t) = N0eλt, where N(t) is
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�uorescence at time t, N0 is �uorescence at t = 0, and λ is the exponential decay constant. The

half-life (τ ) of the �uorescence signal is determined as τ = ln 2/λ.

4.2.10 Viability staining of bacteria with CTC

M. smegmatis mc
2
155 cultures are grown in 7H9 for two days to stationary phase at 37

◦
C in a

shaking incubator, then rifampicin added to 5×MIC (160 µg ml
−1

), or an equivalent volume of

DMSO for 48 h at 37
◦
C in a shaking incubator. 100 µl samples are removed and incubated with

5-cyano-2,3-ditolyl tetrazolium chloride (CTC) to a �nal concentration of 40 µM (dissolved in

ddH
2
O) for 30 min at 37

◦
C. 20 µl of each sample is spread onto a glass microscope slide, and

air-dried. 20 µl of Mowiol
®

4-88 mounting medium (Sigma) is added, and a #1 thickness glass

coverslip placed onto the slide. Slides are left to set overnight in the dark before imaging.

4.2.11 Cloning

pST5552

pST5552 is a mycobacterial shuttle vector containing both E. coli and mycobacterial origins of

replication, with a kanamycin resistance cassette, EGFP with an upstream truncated constitutive

Phsp60 promoter, and a theophylline riboswitch leader containing the ribosome-binding site

(Seeliger et al. 2012). The riboswitch functions by preventing the binding of the transcript to the

ribosome unless it has bound theophylline, it is both very tightly controlled, dose-dependent,

and strongly inducible.

pRIEST5

pRIEST5 is a variant of pST5552 with a degradation tag fused to the C-terminus of EGFP.

I initially cloned EGFP from pST5552 by polymerase chain reaction (PCR) using primers

EGFP-F, which anneals to pST5552 at the EcoRI restriction site within EGFP, and EGFP-R4,

which replaces the stop codon from EGFP with the ASV variant of the ssrA degradation tag

(AANDENYAASV), and incorporates a SalI restriction site downstream of this tag (see Primers

section below). This PCR product was cloned back into pST5552 using the restriction enzymes

EcoRI and SalI to produce the pRIEST5 plasmid. Successful replacement of EGFP with EGFP-

ASV in the pST5552 background was con�rmed by Sanger sequencing with primers pST F

and pST5552-rev3 (see Primers section below). M. smegmatis mc
2
155 was transformed by

electroporation with pRIEST5.
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Primers

Name Sequence (5’–3’)

EGFP-F TGCAGAATTCGTGAGCAAG

EGFP-R4 AGCAGTCGACTTAAACTGATGCAGCGTAGTTTTCGTCGTTTGCTGCCTTGTACAGCTCGTCCATG

pST F CTTCTTGCACTCGGCATAGG

pST5552-rev3 AGCTGATCACCGCGGCCATG

4.3 Results

4.3.1 Determination of the MIC of rifampicin

The minimum inhibitory concentration (MIC) of rifampicin for M. smegmatis mc
2
155 used

throughout this thesis was 32 µg ml
−1

, as determined by Alexander et al. (2003). However, I

wished to verify this under my conditions, and conducted a broth dilution assay in a 96-well

plate (see Methods section: Determination of rifampicin MIC by broth dilution). I observed

that the minimum concentration of rifampicin that prevented growth was 24–32 µg ml
−1

in 3

independent experiments, i.e. not signi�cantly di�erent from the published value.

4.3.2 Role of growth phase in antibiotic tolerance

It is known that many bacterial species have di�erent susceptibilities to antibiotics under

di�erent growth phases, with survival generally increasing as the population growth rate falls.

To determine whether this relationship holds for M. smegmatis cells in response to rifampicin,

I used a batch cultures grown for di�erent lengths of time before the addition of rifampicin for

48 h. After this period of exposure, cells were washed with fresh medium, and permitted to

grow again. CFUs/ml were determined at approximately 3 hour intervals by serial dilution and

spotting onto plates (see Methods section: Batch culture killing curves).

Growth phases were determined empirically by preliminary growth curves (Figure 4.3). Expo-

nential phase was de�ned to occur after 6 hours when population growth is at maximal levels,

stationary phase after 48 hours when growth begins to plateau, and an intermediate point—with

intermediate growth—selected at 16 hours post inoculation termed “late exponential”.

Using these time-points, M. smegmatis cells were exposed to rifampicin at 5×MIC for 48 h

and CFU counts determined before and after treatment to determine overall survival. Survival

to this high dosage of rifampicin was dramatically a�ected by growth phase, with a 2-log

increase in populations exposed to drug during stationary phase compared to those exposed

during exponential phase (Figure 4.4D), with 0.08± 0.03 % (± the standard error of the mean
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Figure 4.3: Representative growth curve of
M. smegmatis cells grown in HdB minimal
medium in batch culture. Bacteria were grown
in Hartmans–de Bont minimal medium for up to
80 hours with colony-forming units measured ap-
proximately every three hours by serial dilution
and plating on 7H11 agar. Time points for subse-
quent experiments at different growth phases were
determined from this dataset, with “exponential”
defined at 6 h after inoculation, “late” defined at
16 h, and “stationary” defined at 40 h, as shown
by the red unfilled circles, and associated labels.

of multiple experiments, n = 4) of cells surviving at exponential (Figure 4.4A), 1.13 % (n = 1)

at late exponential (Figure 4.4B), and 21.85± 6.17 % (n = 7) at stationary phase (Figure 4.4C).

I observed apparent increases in CFU/ml counts during the rifampicin exposure period that

might indicate the acquisition of drug resistance (e.g. in Figure 4.4A), so I tested the MIC of cells

pre- and post-exposure to rifampicin by two methods. I plated 100 µl of culture on 7H11-agar

plates supplemented with 32 µg ml
−1

rifampicin (1×MIC) prior to exposure and observed no

visible colonies after several days incubation at 37
◦
C, and repeated this procedure with cells

from the end of the experiment, and again observed no visible colonies on 7H11-agar plates

supplemented with rifampicin. In addition, I repeated broth dilution assays at these same

time-points, and observed no change in MIC in bacteria exposed to rifampicin in this manner.

4.3.3 Effect of changing nutrient conditions on survival to rifampicin—batch culture

Since nutrient deprivation has been considered to be a major factor in the genesis of persister

cells, I investigated how restricting nutrients might a�ect population survival. Initially, I used

nitrogen-modulation as a model for nutrient deprivation, by reducing the concentration of

ammonium sulphate ((NH
4
)
2
SO

4
) provided in the culture medium. Initial experiments utilised

batch culture to determine killing kinetics, but this raises various issues that make accurate

nutrient deprivation di�cult since bacteria constantly consume nutrients as they grow. Thus,

to attempt to investigate nutrient deprivation in a simple manner in batch culture, I adjusted

the nitrogen levels of the starting culture medium, from 10 mM in the standard HdB medium, to

1 mM, and 0.15 mM, which I have termed nHdB and xHdB respectively (see Methods section).

The expectation of nitrogen limitation in this manner was that cells would be placed into a

more antibiotic-tolerant state as a population, since pathways involved in persistence might be

triggered by the nutrient deprivation signal. However, I did not observe this in my experiments.

Survival was greatly reduced when cells were grown in nutrient-limited (nHdB) or nutrient-

deprived (xHdB) media, even when cells were grown for 40 h before the addition of rifampicin
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A: Exponential phase, 6 h
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Figure 4.4: Impact of growth phase on antibiotic survival. M. smegmatis mc2155 was grown in Hartmans–
de Bont minimal medium from an optical density of 0.05 at 600 nm for 6 h (A, exponential), 16 h (B, late
exponential), or 40 h (C, stationary) before the addition of 5×MIC rifampicin (160 µgml−1) or an equivalent
volume of DMSO for 48 h (grey box). Samples were taken approximately every three hours, serially diluted,
and plated on 7H11-agar for counting of colony-forming units. CFUs/ml against time are plotted for DMSO
control (blue line), and rifampicin cultures (orange) for each condition. (D) Percentage survival is determined
by dividing CFUs/ml at the time-point that rifampicin was added by the lowest CFUs/ml count though the
treatment period. Survival percentages were averaged from multiple independent experiments with error bars
depicting the standard deviation, and number labels representing the mean survival ± the standard error of
the mean. n = 4 for exponential, n = 1 for late exponential, and n = 7 for stationary. Panels A–C depict
representative experiments.
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(Figure 4.5D). Compared to 21.85± 6.17 % survival at stationary phase for cells grown in HdB

(Figure 4.4), only 1.14 % of cells grown in nHdB (Figure 4.5A), and only 0.11± 0.10 % of cells

grown in xHdB survived (Figure 4.5B). Cultures appear to reach very similar cell densities after

40 h in nitrogen-limited conditions (nHdB) compared to nitrogen-replete conditions (HdB),

with approximately 10
9

CFUs/ml; thus a delayed stationary phase does not appear to explain

the reduction in survival in this medium (Figure 4.5A). However, under nitrogen-deprived

conditions (xHdB), cell density at 40 h is reduced to approximately 10
8

CFUs/ml. This may

suggest that bacteria have not truly entered into stationary phase when they are deprived

of nitrogen (Figure 4.5B)—although growth appears to have plateaued—and could potentially

underlie some part of the dramatic change in survival compared to nitrogen-replete conditions.

The response to nitrogen limitation and deprivation is contrasted by the e�ect of limiting

carbon in batch culture, in which reduction of glycerol from 0.2 % to 0.08 % does not cause such

a drastic reduction, with survival in the same order of magnitude (4.09± 0.09 %; Figures 4.5C

and 4.5D) as for standard HdB (21.85± 6.17 %; Figures 4.4C and 4.4D), at least when cells are

exposed after 40 h of growth, hinting that there may be speci�c e�ects that nitrogen limitation

induces that enhance killing with rifampicin.

I also tested the response to rifampicin exposure for cells grown with di�erent sole carbon

sources, including glycerol (standard HdB), pyruvate, and acetate, as in Chapter 3. When

cells are grown in these sub-optimal carbon sources, survival is greatly increased when ri-

fampicin is added ∼6 h into the experiment—as for the exponential phase experiments above

(Figure 4.4A)—with 0.04± 0.01 % survival in glycerol (Figure 4.6A), 47.42± 6.84 % survival in

acetate (Figure 4.6B), and 33.64± 6.62 % survival in pyruvate (Figures 4.6C and 4.6D).

4.3.4 Role of the toxin–antitoxin systems in survival of M. smegmatis

Given the evidence that the toxin–antitoxin systems are involved in persistence and antibiotic

tolerance, deletion mutants in each of the three systems as well as a triple deletion strain—

originally created by, and kindly provided by Frampton et al. (2012)—were treated with 5×MIC

rifampicin for 48 hours, and percentage survival determined by CFU counts before and after

exposure, as previously. These strains were ∆mazEF, ∆phd/doc, ∆vapBC, and ∆mazEF ∆phd/doc
∆vapBC (∆triple). Each strain, as well as mc

2
155 wild-type, was treated 40 hours (stationary

phase) post-inoculation, and percentage survival was determined after 48 hours (Figure 4.7). The

stationary phase time-point was selected given the expectation that deletion of the TA systems

would decrease survival. Survival was determined from kill-curves as 7.20± 4.22 % (± the

standard error of the mean) in ∆phd/doc (Figure 4.7A), 11.62± 7.95 % in ∆mazEF (Figure 4.7B),

41.75± 3.78 % in ∆vapBC (Figure 4.7C), and 31.61± 7.39 % in ∆triple (Figure 4.7D), as shown

in Figure 4.7E. While this appears to show signi�cantly reduced survival in ∆phd/doc and

∆mazEF compared to wild-type mc
2
155, these di�erences were not recapitulated in the ∆triple
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Figure 4.5: Impact of medium composition on survival at stationary phase. M. smegmatis mc2155 was
grown to stationary phase similarly to Figure 4.4C in Hartmans–de Bont minimal medium variants containing
different amounts of nitrogen or carbon. (A) Nitrogen-limited nHdB, 1mM (NH4)2SO4. (B) Nitrogen-deprived
xHdB, 0.15mM (NH4)2SO4. (C) Carbon-limited cHdB, 0.08% glycerol. CFUs/ml against time are plotted
for DMSO control (blue line), and rifampicin cultures (orange) for each condition. (D) Percentage survival is
determined by dividing CFUs/ml at the time-point that rifampicin was added by the lowest CFUs/ml count
though the treatment period. Survival percentages were averaged from multiple independent experiments with
error bars depicting the standard deviation, and number labels representing the mean survival ± the standard
error of the mean. n = 1 for nHdB, n = 2 for xHdB, and n = 2 for cHdB. Survival for mc2155 at stationary
phase is shown for comparison, with n = 7 (Figure 4.4). Panels A–C depict representative experiments.
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Figure 4.6: Impact of alternative sole carbon sources on survival at exponential phase. M. smegmatis
mc2155 cells were grown to exponential phase similarly to Figure 4.4A in Hartmans–de Bont minimal medium
variants containing either glycerol (A), acetate (B), or pyruvate (C). CFUs/ml against time are plotted for
DMSO control (blue line), and cultures exposed to rifampicin (orange line) for each medium (panels A–C).
Error bars denote the 95% confidence interval of CFU counts of three independent serial dilutions from the
same biological replicate. The grey shaded region denotes the time period in which rifampicin was introduced to
the culture tubes. (D) Percentage survival as determined by dividing CFUs/ml at the time-point that rifampicin
is added by the lowest CFUs/ml count throughout the treatment period. Error bars denote the 95% confidence
interval of the combined error in the CFU counts at both start and maximum positions. n = 4 for glycerol,
n = 2 for acetate, and n = 2 for pyruvate.
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strain (which was tested more times), indicating that these results may be anomalies of the

inaccurate technique used, as shown by very large errors between experiments.

Survival at exponential phase was also assessed, with 0.283 % of cells surviving in ∆phd/doc,
0.041 % in ∆mazEF, 0.430 % in ∆vapBC, and 0.060 % in ∆triple (Table 4.2). While this experiment

was only performed once, these values are all within the same order of magnitude as for

wild-type, and apparent increases in survival observed in ∆phd/doc and ∆vapBC were again

not recapitulated in the ∆triple strain.

Strain Exponential n Stationary n

mc2155 0.08± 0.03% 4 21.85± 6.17% 7
Δphd/doc 0.283% 1 7.20± 4.22% 2
ΔmazEF 0.041% 1 11.62± 7.95% 2
ΔvapBC 0.430% 1 41.75± 3.78% 2
Δtriple 0.060% 1 31.61± 7.39% 6

Table 4.2: Survival of toxin–antitoxin mutants at exponential and stationary phase. Cells were exposed
to 5×MIC rifampicin (160 µgml−1) for 48 h and survival determined after 48 h by counting colony-forming
units. Cells were grown for 6 h prior to treatment for exponential, and 40 h for stationary. See also Figures 4.4
and 4.7. Where n-values are greater than 1, percentage survival is expressed as the mean ± the standard error
of the mean.

Given these results, it appears that the TA systems may not be involved in drug tolerance to

rifampicin in M. smegmatis, at least under these in vitro conditions.

In addition to these preliminary results, in collaboration with Nicola Harris, various plasmids

were constructed to attempt to dissect the role of the TA systems. This included inducible

over-expression constructs of toxins, antitoxins, and both simultaneously in each of their cor-

responding deletion strain backgrounds. However, overexpression of either toxin, or antitoxin,

had no e�ect on survival to rifampicin in wild-type or ∆triple backgrounds, indicating that

these molecules may indeed not play a role in rifampicin tolerance under these conditions (un-

published data), I therefore decided not to pursue the toxin–antitoxin systems in M. smegmatis
further.

4.3.5 Assaying life and death at the single-cell level

The batch culture experiments were severely limited by a lack of reproducibility—for example,

survival of wild-type M. smegmatis at stationary phase in HdB ranges from 5.6 % to 37.9 % in

individual experiments under ostensibly the same conditions. This may be due to biological

factors such as the age of the inoculum, or variable lag time and initial growth rates which may

a�ect cell numbers and states when rifampicin is added; or due to technical factors such as the

accuracy of CFU counting and sampling of the cultures. In addition to these sources of variability,

the chemical composition of the medium varies during the experiment due to consumption of

nutrients during batch culture, thus confounding nutrient limitation experiments.
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Figure 4.7: Impact of toxin–antitoxin sys-
tem deletions on survival at stationary phase.
M. smegmatis toxin–antitoxin mutants were grown
in Hartmans–de Bont minimal medium to station-
ary phase as in Figure 4.4C. (A) Δphd/doc. (B)
ΔmazEF. (C) ΔvapBC. (D) Δtriple. CFUs/ml
against time are plotted for DMSO control (blue
line), and rifampicin cultures (orange) for each con-
dition. (E) Percentage survival as determined by
dividing CFUs/ml at the time-point that rifampicin
was added by the lowest CFUs/ml count though the
treatment period. Survival percentages were aver-
aged from multiple independent experiments with
error bars depicting the standard deviation, and num-
ber labels representing the mean survival ± the stan-
dard error of the mean. n = 2 for Δphd/doc, n =
2 for ΔmazEF, n = 2 for ΔvapBC, and n = 6 for
Δtriple. Survival for mc2155 at stationary phase
is shown for comparison, with n = 7 (Figure 4.4).
Panels A–D depict representative experiments.
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To address these issues, I moved to a single-cell approach using the ONIX micro�uidic platform,

as described in Chapter 2. The platform permits the rapid switching of media without causing

bacteria to �ow away, thus allows the long-term observation of single-cell responses to antibi-

otics during time-lapse experiments. Experiments were conducted as described in Chapter 2,

except rifampicin was perfused with the growth medium after a period of pre-exposure growth

for ∼7 h. A period of pre- and post-exposure growth was required to allow statistics such as

growth rate to be determined, thus an experimental design with 7 h pre-exposure to observe

growth and to allow bacteria to adapt to the conditions, 7 h of rifampicin treatment, and a

7–10 h post-exposure observation was followed. The period of exposure would ideally be 48 h

to emulate the batch culture experiments, but the plates were not stable enough to support

such long time-lapses.

Initial experiments simply involved determining cell survival by growth in the post-exposure

period, which is an accurate measure of viability, but does not necessarily distinguish all viable

cells: i.e. cells that regrow can be considered to be alive, but cells that do not regrow cannot be

assumed to be dead, especially in the somewhat brief 7 h window in which cells are observed

post-exposure. Indeed, preliminary experiments showed that very few cells could be observed

to regrow when treated with rifampicin in the micro�uidic device. Cells present prior to

the addition of rifampicin can be tracked as lineages and their elongation and growth rates

determined after removal of the drug. In one experiment, no lineages of 71 lineages present

upon treatment can be observed to regrow after exposure to 5×MIC rifampicin. I also tested

how cells reacted to 1×MIC rifampicin, and only 7 of 47 pre-treatment lineages regrow (14.9 %

survival). An example of a cell that regrows after rifampicin is removed is shown in Figure 4.8.

To investigate the drastic decrease in survival observed for cells cultivated in limited nitrogen

(Figure 4.5), I also cultivated M. smegmatis mc
2
155 cells starved of nitrogen and observed their

response to rifampicin by time-lapse microscopy. Cells were grown from glycerol stocks in

standard HdB containing 15 mM (NH
4
)
2
SO

4
for approximately 48 h before sub-culturing in

HdB containing no nitrogen (∆N HdB) at 17 h and 5 h prior to the start of imaging. Cells were

subsequently placed into a micro�uidic plate and cultured for an additional 7 h in ∆N HdB.

After 7 h growth, the medium was switched to ∆N HdB containing 5×MIC rifampicin. This

treatment was maintained for 7 h before switching medium to fresh standard HdB to observe

any regrowth as above. This was designed to determine the di�erence in response to rifampicin

after 24 h and 12 h starvation.

Initial cell densities were signi�cantly di�erent between the populations, even though cells were

diluted to the same optical density (OD600 0.05) prior to cultivation in the plate, with 142 cells

observed in the initial frame for the 24 h starvation experiment and 36 cells observed for the 12 h

starvation experiment. This may re�ect di�erences in size between the two populations, where

cells become smaller with starvation, thus contribute less to optical density. Indeed, simply

148



Antibiotic Tolerance A Single-Cell Investigation of Mycobacteria

No RIF

1 xMIC

5 xMIC

Figure 4.8: Time-lapse microscopy of cells exposed to rifampicin and monitored for regrowth. M. smeg-
matis mc2155 cells were grown at 37 ◦C in a B04A-03 microfluidic plate (Millipore) with Hartmans–de Bont
minimal medium (HdB) for 7 h, the medium was switched to HdB containing either no rifampicin, 1×MIC
rifampicin (32 µgml−1), or 5×MIC rifampicin for 7 h, before switching back to fresh medium for another 7 h.
Images were acquired at 15min intervals on a Zeiss AxioVert 200M inverted microscope, with a 100× objective
(Zeiss Plan-Apochromat 100× 1.40 Oil Ph3) with phase-contrast acquired with a Hamamatsu EM-CCD
C9100-02 camera. In-focus images were obtained by the use of software autofocus (HCImage), and 1 µm-spaced
Z-stacks. The figure depicts three growth chambers from the experiment, exposed to no rifampicin (top),
1×MIC (middle), or 5×MIC (bottom), cropped to highlight single cells. Frames every 210min are shown to
represent the whole time-lapse, with rifampicin being added in the third frame depicted. A cell that regrows
is highlighted with a white arrow in the 1×MIC experiment, and a cell that lyses can be observed from the
t = 420 frame in the 5×MIC experiment.

determining the length of cells in the �rst frame reveals that cells which have been starved

for a longer period are shorter, with 3.33 µm [3.21–3.47] (95 % con�dence interval) for the 24 h

experiment compared to 3.62 µm [3.33–3.92] for the 12 h experiment, though this di�erence is

not statistically signi�cant. Since these cells are at random points within their cell cycle, their

lengths might be expected to be inherently variable. When birth length for cells which are

observed to divide is determined, the cells in the 24 h experiment are signi�cantly smaller than

those in the 12 h experiment, with 4.01 µm [3.91–4.10] and 4.401 µm [4.26–4.56] respectively.

Division frequency in the initial 7 h incubation period was also markedly di�erent between the

two experiments, with only 29 division events observed in the 24 h experiment (20.4 %), com-

pared to 41 division events observed in the 12 h experiment (114 %). This implies a signi�cant

lag phase associated with long-term starvation, or greatly arrested growth, though this was not

re�ected by mean interdivision rate, with 1.87 h [1.56–2.21] and 1.98 h [1.78–2.17] respectively,

a non-signi�cant di�erence. However, this number only re�ects the interdivision time for cells

that divide at least once during the growth period; the true division rate is probably re�ected

more accurately by the number of divisions observed. Re�ecting this di�erence in division rate,
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cells starved for the longer period also have signi�cantly reduced single-cell growth rates with

0.188 h
−1

[0.177–0.199] compared to 0.239 h
−1

[0.223–0.254] for the 24 h and 12 h experiments

respectively.

Compared to unstarved control cells, starved cells have a noticeably increased rate of apparent

lysis, with rapid loss of contrast between frames observed (e.g. frame 3 of Figure 4.9). For cells

that could be tracked, of 70 cells present at the point of addition of rifampicin, only 2 cells are

observed to lyse after 12 h starvation (2.86 %), compared to 42 lysis events observed among

the 273 cells present at the start of treatment after 24 h starvation (15.4 %). This might help

to explain the di�erence in response to rifampicin in batch culture when cells are cultivated

under nitrogen-limiting conditions (Figure 4.5).

Figure 4.9: Time-lapse microscopy of cells exposed to rifampicin in the absence of a nitrogen source.
Cells were pre-cultured in Hartmans–de Bont minimal medium (HdB) completely lacking (NH4)2SO4 as a
nitrogen source (ΔN) for 17 h, then loaded into a B04A-03 microfluidic plate. Cells were perfused with ΔN for
7 h. The medium was switched to ΔN containing 5×MIC rifampicin for 7 h (frames 2–4), then switched to
nitrogen-replete HdB (15mM (NH4)2SO4) for the remainder of the experiment (frames 5–6). Images were
acquired at 15min intervals on a Zeiss AxioVert 200M inverted microscope, with a 63× objective (Zeiss
Plan-Apochromat 63× 1.40 Oil Ph3) with phase-contrast captured with a Hamamatsu EM-CCD C9100-02
camera. The time since the start of the time-lapse is shown in the top left corner of each frame, and the scale
bar in the bottom left denotes 5 µm. Cells which appear to lyse are highlighted with white arrows in frame 3.

Post-exposure regrowth under standard conditions—while a de�nitive indicator of viability—is

not consistent with expected survival, with much fewer cells observed to regrow compared to

batch culture expectations. This may indicate that the 7–10 h post-exposure window may not

be su�cient to allow all survivors to regrow, which might explain why no cells are observed

regrowing in the 5×MIC preliminary experiment. In addition to this, lysis—while a de�nitive

indicator of lack of viability—is clearly not a common occurrence under standard conditions,

rather being indicative of a starvation condition induced by lack of nitrogen. Therefore, I

investigated methods to determine viability at the single-cell level in the absence of regrowth or

lysis. These methods can be divided into those that identify dead cells, and those that identify

live cells.

Staining dead cells: propidium iodide

Propidium iodide (PI) is a chemical that binds strongly to DNA and �uoresces when bound. It

is unable to cross the cell membrane, thus can only stain cells when this is compromised, which

is a strong indicator that cells are dead. PI was added at 10 µg ml
−1

throughout the time-lapses,

and both �uorescent and phase-contrast channels were acquired during each experiment. Cells
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were observed to become �uorescent as rifampicin was added and throughout the exposure

period (Figure 4.10).
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Figure 4.10: Propidium iodide staining of dead bacilli. M. smegmatis mc2155 cells were grown in a
microfluidic chamber with Hartmans–de Bont minimal medium supplemented with propidium iodide (HdB/PI),
at 37 ◦C in a B04A-03 microfluidic plate (Millipore). Images were acquired at 15min intervals on a Zeiss
AxioVert 200M inverted microscope, with a 63× objective (Zeiss Plan-Apochromat 63× 1.40 Oil Ph3 M27) with
phase-contrast (200ms exposure) and fluorescence (600ms exposure, TxRed-4040C filter (Semrock): excitation
562/35 nm, emission 624/40 nm, and 593 nm dichroic beam splitter) channels acquired with a Hamamatsu
EM-CCD C9100-02 camera. In-focus images were obtained by the use of software autofocus (HCImage) and
1 µm-spaced Z-stacks. (A) Cells were cultured with constant flow of HdB/PI for 22 h. (B) Cells were cultured
with constant flow of HdB/PI for 7 h, followed by HdB/PI with 160 µgml−1 rifampicin (5×MIC) for 7 h, and
returned to HdB/PI for a further 8 h. Panels A and B depict merged fluorescence (yellow) and phase-contrast
(grey) channels at the 14 h time-point (when rifampicin is removed). Stained cells are presumed to be dead
cells and appear prominently and brightly in yellow. (C) Cells from all fields at the 14 h time-point were counted
manually, and the proportion of cells stained is shown in this panel. 6 of 308 cells were stained in the control
chamber, and 43 of 113 cells were stained in the rifampicin chamber.

To determine survival in a manner that might be compared with batch culture CFU measures

of survival, I counted all cells in all �elds of a time-lapse, and determined what percentage were

stained with PI. In one experiment, 6 of 308 total cells (1.9 %) were stained after 14 h of growth

in HdB, and 43 of 113 cells (38.1 %) were stained when cells were grown for 7 h in HdB and

treated with 5×MIC rifampicin for 7 h (Figure 4.10). Approximately 8.35 % [6.79–10.09] (95 %

con�dence interval) of cells survive after approximately 6 h exposure in the exponential phase

batch culture model
1
, equivalent to a death proportion of 89.91–93.21 %. Given this rate of

death in the batch culture model, a similar rate of staining by PI might be expected, but instead

less than half this number appear stained (Figure 4.10C). This indicates that either the batch

culture experiments overestimate the number of dead cells, or staining with PI underestimates

this number. Overestimation might indicate the presence of non-culturable cells that would

reduce the apparent number of surviving cells in batch culture, since cells are exclusively

determined as viable by plating on 7H11-agar. Underestimation by PI staining could indicate

that cells take a long time to take up the dye after death, even after rifampicin is removed, or

1
Determined by dividing the CFUs/ml at the closest point to 7 h exposure by the CFUs/ml at the point of addition

of rifampicin, e.g. in Figure 4.4A
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that membrane integrity in M. smegmatis is more robust after death compared to other bacterial

species. Indeed, the mycobacterial cell envelope is highly complex and contains an external

envelope—sometimes referred to as the “mycomembrane”—that is very hydrophobic and may

exclude the dye even after cell death.

Staining live cells: 5-cyano-2,3-ditolyl tetrazolium chloride

A: No rifampicin

Phase-contrast CTC Merge

B: 5×MIC rifampicin

Phase-contrast CTC Merge

Figure 4.11: Staining of M. smegmatis viable cells with 5-cyano-2,3-ditolyl tetrazolium chloride. Two
M. smegmatis mc2155 cultures were grown in 7H9 for two days to stationary phase, then rifampicin added
to 5×MIC (160 µgml−1), or an equivalent volume of DMSO for 48 h at 37 ◦C. Samples were incubated with
5-cyano-2,3-ditolyl tetrazolium chloride (CTC) for 30min in the dark at a concentration of 40 µM at 37 ◦C.
Cells were dried onto a microscope slide, and mounted with Mowiol and a cover-slip. Images were acquired
with a Zeiss AxioVert 200M inverted microscope with a 100× objective (Zeiss Plan-Apochromat 100× 1.40 Oil
Ph3) with phase-contrast (100ms exposure) and fluorescence (1 s exposure; FITC Quad filter cube: excitation
485/20 nm, emission 520/21 nm) channels acquired with a Hamamatsu EM-CCD C9100-02 camera. For no
rifampicin control (A) and cells incubated with 5×MIC rifampicin (B) phase, fluorescence, and merged channels
(with fluorescence in red) are shown from left to right. The scale bar denotes 5 µm.

Since the e�ects of PI staining were not a conclusive measure of cell viability, or rather that

PI might not be a reliable indicator of lack of viability, I turned to more direct measures of
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cell viability. 5-cyano-2,3-ditolyl tetrazolium chloride (CTC) is a compound that is converted

from its non-�uorescent tetrazolium salt form into an insoluble—and thus retained by the

cell—�uorescent formazan by the redox activity of the electron transport chain. Thus CTC can

provide a direct measure of metabolic activity, and viability, of cells. To determine the utility of

CTC as a viability measure in single cells, I stained untreated and treated M. smegmatis mc
2
155

cells with CTC and mounted them on microscopic slides, and imaged these with a �uorescent

microscope (see Methods section: Viability staining of bacteria with CTC).

CTC appears to stain untreated cells more readily than treated cells, indicating that it might

function correctly, at least in a qualitative sense (Figures 4.11A and 4.11B). However, there are

severe apparent changes in morphology in stained bacteria noticeable on the phase-contrast

channel, with large occlusions and bright puncta visible (Figure 4.11). This re�ects one of the

underlying problems with the use of CTC—it is toxic, thus can only be used as an endpoint

measure of death. Ideally I wished to be able to observe death dynamically, allowing access to

details such as time-of-death, which an endpoint measure is not able to capture. Additionally,

growth rates post-exposure were of interest, and factors such as lag time have been strongly

implicated in the generation of persister cells. These requirements were not compatible with a

toxic endpoint dye, I therefore tested genetic approaches.

Dynamic viability: unstable EGFP

To obtain such a dynamic and non-lethal measure, I considered inducible expression of plasmid-

borne �uorescent proteins such as EGFP. Theoretically, an appropriate system would show

viable cells as highly �uorescent, with dead cells losing this as they died. However, EGFP

is highly stable within bacterial cells, with a half-life of up to seven days in mycobacteria

(Tombolini et al. 1997; Blokpoel et al. 2003), thus dead cells that retain some structural integrity

upon death will retain EGFP �uorescence. Fluorescent protein stability can be modi�ed by the

addition of an 11-amino acid C-terminal degradation tag (AANDENYALAA) that targets proteins

for ssrA-mediated proteolysis (Muto et al. 1998). The �nal three amino acids (native LAA) can

modify the rate at which proteolysis occurs (Keiler and Sauer 1996). Such variants have been

tested in M. smegmatis by Blokpoel et al. who tested the half-life of GFPmut2 fused to the

degradation tag with LAA, ASV, and AAV terminal tripeptides, and observed half-lives of 165,

110, and 70 min respectively, compared to an e�ectively in�nite stability observed in untagged

GFPmut2 (Blokpoel et al. 2003). The authors used an acetamide-inducible system, which is a

solvent, and given that the ONIX micro�uidic plates are somewhat incompatible with solvents,

I decided to clone the C-terminal tags into a di�erent expression vector derived from pST5552

(Seeliger et al. 2012), which encodes EGFP controlled by a theophylline-inducible riboswitch.

Additionally, EGFP has a higher quantum yield and a faster maturation time compared to

GFPmut2 (McRae et al. 2005; Iizuka et al. 2011), and the riboswitch is much less leaky than the
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acetamide-inducible system (Schnappinger and Ehrt 2014).

I created a M. smegmatis mc
2
155 strain carrying the plasmid pRIEST5, encoding the ASV

unstable variant of EGFP (EGFP-ASV) under the control of a theophylline-inducible promoter

(see Methods section: Cloning for construction of this plasmid). The half-life of EGFP-ASV

�uorescence was determined by a plate reader time-course experiment (see Methods section:

Determination of �uorescent protein half-life) as 41.9± 7.0 min (standard error of the mean of

three independent experiments) as shown in Figure 4.12.
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Figure 4.12: Determination of EGFP-ASV half-life. M. smegmatis mc2155 cells harbouring the pRIEST5
plasmid were grown in Hartmans–de Bont minimal medium supplemented with 50 µgml−1 kanamycin, in the
presence or absence of 2mM theophylline (induced and uninduced respectively), transferred into PBS and
EGFP fluorescence measured over time. (A) Representative experiment showing fluorescence (arbitrary units)
over time for a PBS control, uninduced pRIEST5, and induced pRIEST5. (B) Three independent repeats of
the same experiment are depicted (induced sample only), with mean uninduced fluorescence subtracted as
background, and as a percentage of fluorescence at t = 0 (purple faded lines). The black dotted line shows an
exponential decay curve

(
N(t) = N0e−λt

)
fitted to the mean of all three experiments, with its formula and

calculated half-life (defined as τ = ln 2/λ) shown in the panel legend.

I envisioned two potential mechanisms by which unstable EGFP-ASV �uorescence could present:

ideally cells that died would lose the ability to produce new mRNA, would stop expressing

EGFP-ASV, and the remaining pool of EGFP-ASV would be degraded by proteases remaining

within the cell; alternatively the degradation machinery could be disabled resulting in EGFP-

ASV present within the cell being retained for long periods of time, in which event I would

modify experiments to stop inducing expression, allowing viable cells to degrade EGFP-ASV

and lose �uorescence over time. However, conceptually it would be impossible to distinguish

between the two models if EGFP-ASV was induced prior to introduction of rifampicin and the

inducer retained, since cells which remained �uorescent could be both interpreted as having no

viable proteases thus dead, or retaining the ability to express protein and thus alive. Therefore,

the second approach was taken, cells were induced for �uorescence in the 7 h pre-treatment

period, then the inducer was removed when 1×MIC rifampicin was added for the 7 h treatment
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period (note 1×MIC was used to ensure that survivors could be observed). When rifampicin

was washed out with fresh medium, inducer was again added for a 2 h period then removed

again (Figure 4.13 for an example microcolony).

Figure 4.13: Example of a microcolony carrying unstable EGFP-ASV exposed to rifampicin. M. smeg-
matis cells carrying the pRIEST5 plasmid, with an inducible unstable EGFP (EGFP-ASV) cassette, were grown
at 37 ◦C in a B04A-03 microfluidic plate (Millipore). Hartmans–de Bont minimal medium was supplemented
with inducer (2mM theophylline) in the pre-treatment 7 h window (first frame), then medium with 1×MIC
rifampicin and no inducer added for 7 h (second and third frames). Rifampicin was washed out and inducer
re-introduced for 2 h (fourth frame), followed by growth in fresh medium without inducer (fifth frame). These
periods are annotated on the figure, with phase-contrast images on the top row, and fluorescence on the
bottom row. Images were acquired at 15min intervals on a Zeiss AxioVert 200M inverted microscope, with a
63× objective (Zeiss Plan-Apochromat 63× 1.40 Oil Ph3 M27) with phase-contrast (200ms exposure, 6.4 V
lamp power) and fluorescence (1 s exposure, GFP-3035B filter (Semrock): excitation 472/30 nm, emission
520/35 nm, and 495 nm dichroic beam splitter) channels acquired with a Hamamatsu EM-CCD C9100-02
camera. In-focus images were obtained by the use of software autofocus (HCImage) and 1 µm-spaced Z-stacks.

In the example time-lapse, cells can be observed increasing their �uorescent signal upon

induction of EGFP-ASV as they grow and divide (Figure 4.13, frames 1–2) with relatively

uniform expression, though the experiment is hampered by the overlapping of cells. When

rifampicin is added, and theophylline withdrawn, the EGFP signal is lost progressively over the

7 h treatment window, except for in three cells which did not lose �uorescence (frame 3). When

theophylline is re-introduced (frame 4), �uorescence increases in almost all the cells that lost

�uorescence in the microcolony, and then lost again when theophylline is again withdrawn

(frame 5). This form of experiment is di�cult to interpret: the cells that retain �uorescence can

be assumed to have lost the ability to degrade EGFP-ASV, and thus to die early in the treatment

period, but the number of cells which display this behaviour is low. Indeed, bacteria might die

at any point within the rifampicin exposure period (as seen in the PI experiments), thus the

level of EGFP-ASV remaining within the cell at the point of death will be highly variable. This

means that cells without �uorescence at the end of the treatment window cannot be assumed

to be alive. This is demonstrated by the inability to induce �uorescence in the post-treatment

induction step in several cells. This trial experiment convinced me that unstable EGFP-ASV

expression probably over-complicates the apparently simple question of whether a cell is alive

or not. It is also �awed as a dynamic measure of death, since �uorescence levels at time-of-death
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would be highly variable.

Metabolic activity: inducible EGFP

This experiment did however lead to the �nal measure of viability, simple induction of a

�uorescent protein in the post-treatment period. This is a clear indication of metabolic activity,

and therefore viability. It also has the advantage of not requiring the exposure of bacteria to

high-powered excitation light until the �nal post-treatment period. The disadvantage of using

induction in this manner is that dynamic observation of death is not possible—similarly to the

CTC measure—this is an endpoint-only method. It is also potentially a�ected by the regrowth

issue, though to a lesser extent, cells may not recover the ability to synthesise protein for some

time after the drug pressure is removed, thus cells that do not �uoresce might ultimately do so

at some time-point beyond the observation period of the experiment. However, I believe that

this is less likely, since metabolic activity must be observed much earlier than growth which

requires a large diverse set of proteins to initiate.

Cells were transformed by electroporation with pST5552 plasmid (Seeliger et al. 2012, described

in Methods section: pST5552), bearing theophylline-inducible EGFP. Cells were grown in

the micro�uidic device to test the functionality of inducible EGFP as an endpoint measure

of viability. In short, cells were grown in normal medium supplemented with kanamycin (to

maintain the plasmid) for approximately 8 h and then exposed to rifampicin at 5×MIC for 7 h,

whilst acquiring phase-contrast images only. Fresh medium supplemented with both kanamycin

and theophylline to a �nal concentration of 2 mM was then added to induce EGFP �uorescence

in any metabolically active survivors. Phase-contrast images were captured throughout the

experiment, and concurrently with the addition of inducer (2 mM theophylline), cells were

additionally imaged for EGFP �uorescence. Cells which had high �uorescence, had divided,

or were observed to grow were denoted as survivors (Figure 4.14 for an example microcolony

with two survivors). There was usually an initial high background of �uorescence (e.g. frame 5

of Figure 4.14), which was quickly bleached to leave highly �uorescent cells which could be

deemed to have survived.

The analysis of repeated experiments shows that 25 of 171 lineages present at the point of

introduction of rifampicin �uoresce when induced after exposure to 5× rifampicin, indicating

a survival proportion of 14.6 %, which is greater than the range predicted by the batch culture

exponential phase model (6.79–10.09 %). If 8.35 % (mean survival as measured by CFUs at

6 h) of lineages are expected to survive, 15 lineages might be expected to be observed in the

micro�uidic experiments. Conducting a binomial test with these numbers suggests that the

di�erence is signi�cant (p = 0.0047). This measure of survival—ignoring such factors—is both

conceptually simple and technically easy to perform, whilst minimising interference with

normal cell growth due to exposure to the high energy light required for �uorescence imaging,
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Figure 4.14: Time-lapse series of the determination of viability by induction of EGFP. M. smegmatis
cells carrying the pST5552 plasmid, with an inducible EGFP cassette, were grown at 37 ◦C in a B04A-03
microfluidic plate (Millipore). Cells were grown in Hartmans–de Bont minimal medium (HdB) for 8.5 h (frames
1–2), then 5×MIC rifampicin (RIF) was added for 7 h (frames 3–4), before the medium was switched to
HdB supplemented with inducer (2mM theophylline) for a final 6.5 h (frames 5–6). Medium composition is
annotated in the top right corner of each frame, and timestamps are annotated in the bottom right corner of
each frame. The scale bar in frame 1 denotes 5 µm. Images were captured at 15min intervals on a Zeiss Axio
Observer inverted widefield microscope, with a 63× objective, with phase-contrast (100ms exposure, 7.6 V
lamp power), acquired with a Hamamatsu Flash 4.0 camera. In-focus images were obtained with the use of
software autofocus (Zen) and 1 µm-spaced Z-stacks. Frames 5–6 were additionally imaged with fluorescence
(1 s exposure) with a GFP 38HE filter (Zeiss): excitation 470/40 nm, emission 525/50 nm, dichroic 495 nm,
and displayed as merged images, with GFP fluorescence in yellow and phase-contrast in grey.

and several experiments were performed using this method.

4.3.6 Single-cell factors that affect survival

We can use the measures of treatment failure or success above to investigate single cell fac-

tors that may a�ect survival to rifampicin. The time-lapse experiments can be divided into

three major phases: growth, treatment, and post-treatment; and into two minor phases: pre-

treatment and initial treatment. In these lineages, a surviving cell in the post-treatment period

is determined and tracked backwards through all divisions to �rst frame of the experiment,

a structure that can be termed a “back lineage”. From this back lineage, statistics from the

di�erent experimental phases can be determined. The phases are de�ned as follows:

• Growth: the period after the �rst observed cell division until treatment
2
.

2
The �rst cell is omitted due to adaptation to the micro�uidic environment, and since factors such as birth length,
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• Pre-treatment: the 2 h period prior to introduction of rifampicin.

• Treatment: the 7 h period in which cells are exposed to 5×MIC rifampicin.

• Initial treatment: the 1 h period after introduction of rifampicin.

• Post-treatment: de�ned as the period after which rifampicin is removed.

Each phase has various statistics attached to it for each lineage, including linear elongation rate,

exponential growth rate, added length, and length at the start of the phase. These statistics are

limited to the portion of each cell lifetime that occurs within that phase. Many lineages will

undergo cell division during one of the phases, in which case the statistics are averaged for each

cell. This analysis of back lineages is depicted in Figure 4.15 for three selected surviving cells,

and all statistics are shown in Table 4.3. Note that the original aim of these experiments was

to determine whether survivors had unusual characteristics compared to the population, and

as such surviving lineages are overrepresented in the data. The following analysis generally

compares branches of the same lineage which do not survive to branches which do survive.

There are however around four divisions during the growth phase prior to treatment, which

may allow for su�cient diversi�cation between lineage branches.

When M. smegmatis cells carrying pST5552 are grown in glycerol, with a ∼8 h growth phase, a

7 h treatment phase (5×MIC), and a ∼8 h post-treatment phase with induction of EGFP: 25 of

171 cells observed to enter the treatment phase have appreciable levels of �uorescence in the

post-treatment phase (e.g. Figure 4.14). It is notable that almost no cells observably regrow

during the post-treatment period (see Figures 4.16C and 4.16D with values near zero), in line

with the experiments measuring survival by regrowth where no cells are observed to regrow

after withdrawal of 5×MIC rifampicin (Figure 4.8), although some cells are able to divide and

grow post-exposure (see the top lineage in Figure 4.15).

Pre-treatment growth and elongation rate have frequently been analysed by other authors in

the context of antibiotic survival (e.g. Aldridge et al. 2012; Wakamoto et al. 2013; Richardson

et al. 2016), given the strong link between growth arrest and persistence. E. coli cells are

known to arrest their growth prior to antibiotic exposure, in a potentially stochastic manner

(Balaban et al. 2004). However, in these data, there is no evidence that M. smegmatis cells

that survive grow more slowly prior to exposure than those that do not. There were 100

lineages at the start of the pre-treatment phase—many of which divide during this time, hence

the discrepancy with lineages at the start of the treatment phase—of which 12 survive and

88 do not. The survivors have a growth rate of 0.245 h
−1

[0.224–0.263 h
−1

] (95 % con�dence

interval of the mean as determined by bootstrapping) compared to 0.263 h
−1

[0.251–0.274 h
−1

]

in non-survivors, and elongation rates of 1.657 µm h
−1

[1.437–1.851 µm h
−1

] and 1.575 µm h
−1

[1.492–1.658 µm h
−1

] respectively. These results are not signi�cantly di�erent, with p = 0.144

and 0.506 respectively (Welch’s t-test; Figures 4.16A and 4.16B and Table 4.3). These results

interdivision time, and the age of the inherited pole cannot be determined.
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Survivors Non-survivors p*
Number of lineages 25 143
Growth phase
Length (µm) 4.748 [4.450–5.285] 3.997 [3.731–4.298] 0.083
Elongation rate (µmh−1) 1.501 [1.243–1.825] 1.535 [1.439–1.638] 0.863
Growth rate (h−1) 0.236 [0.218–0.268] 0.271 [0.260–0.283] 0.144
Length added (µm) 3.643 [2.640–5.585] 3.673 [3.198–4.216] 0.978
Pre-treatment phase
Length (µm) 5.617 [4.979–6.341] 5.154 [4.879–5.467] 0.261
Elongation rate (µmh−1) 1.657 [1.437–1.851] 1.575 [1.492–1.658] 0.506
Growth rate (h−1) 0.245 [0.224–0.263] 0.263 [0.251–0.274] 0.144
Length added (µm) 2.005 [1.512–2.517] 1.874 [1.688–2.067] 0.651
Initial treatment phase
Length (µm) 5.494 [4.990–6.027] 5.427 [5.215–5.638] 0.819
Elongation rate (µmh−1) 0.969 [0.843–1.095] 0.893 [0.831–0.955] 0.296
Growth rate (h−1) 0.165 [0.150–0.181] 0.154 [0.145–0.162] 0.244
Length added (µm) 0.924 [0.790–1.054] 0.832 [0.769–0.895] 0.236
Treatment phase
Length (µm) 5.494 [5.001–6.019] 5.373 [5.171–5.578] 0.679
Elongation rate (µmh−1) 0.350 [0.294–0.407] 0.427 [0.387–0.471] 0.041
Growth rate (h−1) 0.055 [0.048–0.062] 0.071 [0.065–0.078] 0.002
Length added (µm) 1.377 [1.188–1.557] 1.131 [1.035–1.228] 0.028
Post-treatment phase
Length (µm) 6.338 [5.655–7.039] 6.715 [5.304–8.311] 0.677
Elongation rate (µmh−1) 0.004 [−0.014–0.027] 0.004 [−0.016–0.024] 0.985
Growth rate (h−1) 0.000 [−0.003–0.004] −0.005 [−0.010–0.000] 0.136
Length added (µm) −0.039 [−0.114–0.038] 0.047 [−0.040–0.126] 0.162

Table 4.3: Single-cell statistics of lineages exposed to rifampicin and monitored for survival. Numbers
indicate the mean and ranges in brackets indicate the 95% confidence interval, as determined by bootstrapping.
Survivors and non-survivors refer to whether these lineages have any descendants which are observed to fluoresce
in the post-treatment period upon induction of EGFP. The length parameter is defined as the average length at
the start of the period (i.e. birth length for the growth phase, but average length at entry for all other phases).
*p-value for comparing survivor and non-survivor means using Welch’s t-test.
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Figure 4.15: Cell length of back lineages that survive exposure to rifampicin. Cells were grown as in
Figure 4.14, and survivors determined by fluorescence during the induction period of the experiment. Three
lineages that result in survivors are depicted here, one of which (top) is able to continue growing during the
treatment phase and subsequently divide. Cell length over time relative to the start of rifampicin treatment
is graphed for all members of each lineage. Phases of the experiment are represented above this trace, with
“growth” (blue) indicating the time from the first division until rifampicin is added when cells are growing
freely; “treat” (orange) indicating the treatment phase from this time-point until rifampicin is removed, and
“post” for the remainder of the experiment, at which point inducer is added to the growth medium. The phase
boundaries are denoted by coloured dotted lines. Two additional phases are shown above the major phases:
“pre” indicates 2 h pre-treatment, and “in” indicates the initial 1 h of treatment. These phases are used for
analysis of the bacteria. Underneath the growth trace, the pole inheritance status of each cell is marked, with
old-pole-inheritors in light orange, and new-pole-inheritors in light blue.

imply that there is no signi�cant di�erence in growth rates just prior to addition of rifampicin.

I also investigated other single-cell parameters that might di�er between survivors and non-

survivors and noted some interesting di�erences in how cells responded upon extended treat-

ment. In the treatment phase, survivors were signi�cantly more likely to grow more slowly

than non-survivors, with growth rates of 0.055 h
−1

[0.048–0.062 h
−1

] compared to 0.071 h
−1

[0.065–0.078 h
−1

] (p = 0.002; Welch’s t-test; Figure 4.17A), and elongation rates of 0.350 µm h
−1

[0.294–0.407 µm h
−1

] and 0.427 µm h
−1

[0.387–0.471 µm h
−1

] respectively (p = 0.041; Welch’s

t-test; Figure 4.17B), with 25 surviving and 142 non-surviving lineages (Table 4.3). This result

indicates that surviving cells may be able to arrest their growth upon exposure to rifampicin

more readily than those that do not survive.

Interestingly, surviving lineages also add a statistically signi�cant greater length during this pe-
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Figure 4.16: Growth of surviving cells treated with rifampicin. Cells were grown as in Figure 4.14 and
back lineages constructed based on fluorescence levels in the final few frames. (A) Mean growth rate for lineages
in the 2 h prior to addition of rifampicin (pre-treatment phase); and (B) elongation rate for pre-treatment
lineages; survivors (n = 12) are shown in blue, and non-survivors (n = 88) are shown in orange. (C) Mean
growth rate for surviving lineages in the period after rifampicin is removed (post-treatment phase); and (D)
elongation rate for the post-treatment lineages; n = 28. Data are shown as histograms of survivor values, with
kernel density estimates as a solid line, and a boxplot above, with the box denoting 25%, 50%, and 75%
quartiles, whiskers denoting 1.5 times the interquartile range, and outliers outside this range as diamonds.

riod with 1.377 µm [1.188–1.557 µm] added by survivors compared to 1.131 µm [1.035–1.228 µm

by non-survivors (p = 0.028; Welch’s t-test; Figure 4.17C and Table 4.3). Given that survivors

appear to grow more slowly, this di�erence is unexpected. This may re�ect di�erences in

division between survivors and non-survivors: only 3 of 25 surviving lineages (12.0 %) include

a division event during the treatment phase, whereas 36 of 142 non-surviving lineages (25.4 %)

include a division event. This di�erence is not statistically signi�cant—non-survivors do not

divide signi�cantly more or less often than survivors—with p = 0.201 (Fisher’s exact test; odds

ratio 0.402). Regardless, given that M. smegmatis cells probably grow exponentially at the

single-cell level (Chapter 3, Section 3.3.2), cells will incorporate more length per unit time the

closer they get to divison. Therefore, since non-survivors include more dividing cells than

survivors, mean added length may consequently be greater. The discrepancy between growth

and elongation rate, and added length might also be explained by the method by which the dif-

ferent statistics are measured: elongation rate and growth rate are calculated by �tting ordinary

linear regression lines to length data, minimising error in frame-to-frame measurement errors,

whereas added length is calculated simply as the length in the last frame (or division) sub-

tracted by the length in the �rst frame (or at birth). Furthermore, although di�erences in mean
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Figure 4.17: Single-cell statistics for lineages
during treatment. Cells were grown as in Fig-
ure 4.14 and back lineages constructed based on
fluorescence levels in the final few frames. Statis-
tics for cells after addition of rifampicin until its
removal (treatment phase) are shown. (A) Growth
rate; (B) elongation rate; and (C) added length of
lineages during this phase. Data are shown as in
Figure 4.16. Survivors (n = 25) are shown in blue
and non-survivors (n = 142) are shown in orange.

growth and elongation rate are statistically signi�cant in the treatment phase (as determined by

Welch’s t-test), there are a large number of outliers in these datasets, especially apparent in the

non-survivor lineages (Figures 4.17A and 4.17B), therefore I also checked that median values

were di�erent, which should be more robust to outliers. This reveals that survivors still have

a signi�cantly di�erent growth rate compared to non-survivors (p = 0.0376; Kruskal-Wallis

H-test), but do not have a signi�cantly di�erent elongation rate (p = 0.270). This still supports

the possibility that survivors might be able to arrest their growth upon addition of rifampicin

more e�ectively however.

While there are signi�cant di�erences in parameters during the treatment phase for survivors

compared to non-survivors, there is no signi�cant di�erent in any of these statistics in the initial

treatment phase, which is comprised of the same data as for the treatment phase, truncated to

the �rst hour (Table 4.3).

I was also interested whether survivors had a di�erent history compared to non-survivors in

their growth phase, especially with respect to their division characteristics. Key questions were:

do statistics such as interdivision time, birth length, division length, pole age inheritance, or

asymmetry di�er between lineages; and whether surviving cells or non-surviving cells follow

di�erent models of cell-size control. To determine these data, lineages were constructed from

cells at the start of each experiment, and traced through their divisions until rifampicin was

added (the growth phase). The �rst division was discarded due to lack of information about
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birth length and pole age, and the last cell was discarded since its division status could not be

determined. From each of these lineages, and depending on whether these lineages ultimately

resulted in a cell that survives treatment, statistics of each cell division event were recorded. As a

consequence of experimental design, more division events were observed in lineages that would

survive (65) compared to those that would not (47), since these lineages were retrieved precisely

because they resulted in surviving cells. However, this provides insight into what may di�er

between sibling lineages, when one branch will ultimately survive, and the other will not. An

example of this can be seen in Figure 4.19A, where the surviving lineage is shown in black and its

sibling non-surviving lineages in grey. There are no signi�cant di�erences in division statistics

between cells from surviving lineages compared to their non-surviving siblings, including

birth length (4.36 µm [4.12–4.60 µm] in survivors compared to 4.44 µm [4.22–4.67 µm] in non-

survivors; Figure 4.19B), division length (8.09 µm [7.76–8.41 µm] and 7.94 µm [7.60–8.30 µm]

respectively; Figure 4.19C), and added length (3.72 µm [3.51–3.96 µm and 3.50 µm [3.31–3.71 µm]

respectively; Figure 4.19D). There is however a signi�cant di�erence in interdivision time, with

surviving lineages dividing with a mean interdivision time of 2.36 h [2.23–2.50 h] compared to

2.10 h [2.01–2.19 h] among their non-surviving siblings (Figure 4.19E) with p = 0.0024 (Welch’s

t-test). This �ts into the hypothesis that growth arrest of cells may aid survival of cells, given

that survivors appear to divide less frequently than their non-surviving siblings.
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Figure 4.18: Pole age of cells at the point of rifampicin treatment. Poles were tracked during time-lapse
using the lineage scripts and pole ages assigned during the growth phase. Each cell present at the point
of addition of rifampicin (start of the treatment phase) which had an descendant which survived exposure
was classed as a “surviving lineage”, and any cell which had no descendants which survived were classed as a
“non-surviving lineage”. Counts of specific pole ages are plotted for survivors (A) and non-survivors (B). A pole
age of 1 denotes a new-pole inheritor, and a pole age of above 1 denotes an old-pole inheritor. Colours are
arbitrary.

Regarding pole inheritance, pole ages can be tracked throughout the growth period, where poles

are known, and the inheritance of the new- or old-pole from the mother cell can be determined.

In the growth phase, I observe that survivors inherit the old-pole in 25 divisions, and the

new-pole in 40 divisions, whereas non-survivors appear to exhibit no di�erence in inheritance

of old or new pole from their mother, with 23 cells inheriting the new pole compared to 24 cells

inheriting the old pole. While this di�erence is not statistically signi�cant (p = 0.33; Fisher’s

exact test), this could potentially hint at a di�erence between survivors and non-survivors

that should be investigated further, especially given the asymmetry observed that depends

on pole age. If pole age is determined at the point of rifampicin addition, of the 25 surviving
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lineages, 16 were new-pole inheritors, and 9 were old-pole inheritors (Figure 4.18A). Of 146

non-surviving lineages at the point of treatment, 75 were new-pole inheritors, and 71 were

old-pole inheritors (Figure 4.18B). This again shows that there is no signi�cant di�erence in

pole age between survivors and non-survivors in my dataset (p = 0.20; Fisher’s exact test),

though my cell numbers are clearly low indicating a lack of statistical power.

Considering pole age in terms of size asymmetry between daughters, I also observe no statis-

tically signi�cant di�erence in asymmetry between daughter cells in lineages that result in

survivors compared to those that do not. If asymmetry is de�ned as Lb1/(Lb1+Lb2 ), where Lb1 is

the smaller daughter and Lb2 is the larger daughter, division events in survivor lineages result

in mean asymmetry of 0.446 [0.437–0.454] compared to 0.452 [0.442–0.461] in non-survivor

lineages.

Given the deviation of cells from the adder model of cell-size control when grown in pyruvate or

acetate (Chapter 3, Figure 3.13F) coupled with the observation that survival is greatly enhanced

when cells are grown in these carbon sources in batch culture (Figure 4.6), I also wanted to test

whether surviving lineages also diverged from adder. To do this, I performed ordinary least

squares linear regression of division length (Ld) against birth length (Ld) to �t the equation

for the noisy linear map Ld = aLb + b+ η with slope a, y-intercept b, and noise η (Chapter 3,

Equation 3.1). The value of a determines the cell-size control model that cells follow, with a =

1 de�ning an adder, and indicating that Ld is completely dependent on Lb. When survivors

and non-survivors in the growth phase are �tted to the noisy linear map, a = 0.97± 0.24

and b = 3.86± 1.08 µm for survivors, and a = 1.29± 0.25 and b = 2.23± 1.14 µm for non-

survivors (Figure 4.19F). This di�erent is not statistically signi�cant as determined by analysis

of covariance (ANCOVA), with p = 0.101 implying that there is no di�erence in adherence to

adder in survivors compared to non-survivors.

4.4 Discussion

In this chapter, I have investigated the response to M. smegmatis to rifampicin in a number of

conditions, and demonstrated commonalities with other bacteria, such as dramatic enrichment

of the apparent persister fraction in stationary phase (Figure 4.4). Con�rming previously

published results (Frampton et al. 2012), I observe no e�ect on survival to rifampicin in toxin–

antitoxin knockout mutants (Figure 4.7), raising questions as to their role in M. smegmatis. I

also uncover some interesting e�ects of nutrient deprivation which were unexpected, such

as dramatic reduction in survival when nitrogen is limited (Figure 4.5), surprising given the

strong role of nutrient deprivation in E. coli, in triggering dormancy in M. tuberculosis, and the

probable low nitrogen state at entry into stationary phase. This drastic decrease is not observed

for cells grown in a low carbon medium (Figure 4.5C), though there is still a decrease, implying
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Figure 4.19: Analysis of cell division statistics in the growth phase for survivors compared to non-
survivors. Cells grown as in Figure 4.14 were analysed in their growth phase (period from the first division of
the lineage to the point at which rifampicin is added). (A) Cell length against time is plotted for a surviving
lineage with non-surviving siblings shown in grey. (B–E) Birth length, division length, added length, and
interdivision time for survivors (blue) and non-survivors (orange) observed to divide within the growth phase.
Data are plotted as the mean value with error bars denoting the 95% confidence interval as determined by
bootstrapping. (F) Scatter plot of birth length against division length for all cells within the growth phase, cells
from surviving lineages are depicted in blue, and cells from non-surviving lineages in orange. Linear regression
lines as determined by ordinary least squares regression are drawn, with 95% confidence limits depicted as a
shaded region. Histograms indicating the distribution of each variable are shown above (birth length) and on
the right (division length) of the scatter plot, with kernel density estimates depicted as solid lines. The slope
(m), y-intercept (c), and number of divisions observed (n) are given in the top left corner.
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that nutrient state itself may not trigger drug tolerance. When cells are grown in alternative

carbon sources, which decreases the population doubling rate, survival is greatly enhanced,

pointing to a stronger role for minor changes in population doubling rate (Figure 4.6).

Since batch culture experiments were limited by a severe lack of reproducibility, I developed

and re�ned time-lapse methods to determine the response of M. smegmatis to rifampicin at the

single-cell level. This uses methods developed in previous chapters to provide a relatively robust

and reproducible platform to expose growing mycobacteria to antibiotics at will. However,

determining viability at the single-cell level is non-trivial, since regrowth of single cells is non-

indicative of survival and lysis of cells in response to rifampicin is rare under standard conditions

(Figure 4.8). I therefore test several methods of determining viability in micro�uidic experiments,

and determine that an endpoint measure of metabolic activity—the induction of a �uorescent

protein—is a conceptually simple and robust measure of viability (Figure 4.14). Using this assay,

I determine single-cell characteristics of cells that survive rifampicin exposure, and demonstrate,

as other authors have, that growth rate prior to drug treatment does not appear to predict

survival (Figure 4.16A). Instead, survivors may be able to more rapidly arrest growth upon

contact with rifampicin, and interestingly maintain very low level growth throughout rifampicin

treatment, in contrast to non-surviving cells which do not arrest their growth immediately

(Table 4.3). This results in an apparent paradox of surviving cells increasing their length to a

greater degree than non-surviving cells during treatment (Figure 4.17), whilst simultaneously

arresting their growth more e�ectively. Regarding cell-size control as determined in Chapter 3,

I also determine that surviving cells grown with standard HdB do not diverge from the adder

principle, though there is a hint that they may increase their cell cycle time prior to the addition

of rifampicin (Figure 4.19E).

I demonstrate here the importance of single-cell studies in determining antibiotic response

pro�les, especially important given the prominence of sub-populations in the current literature,

and the further usefulness of the image analysis pipeline that I developed in Chapter 2.

4.4.1 Batch culture experiments

Enhanced drug tolerance has long been associated with growth rate, with Joseph Bigger noting

that persisters were likely to be in a transient dormant state (Bigger 1944). He noted that

approximately 10
−6 Staphylococcus spp. were able to survive penicillin, and a similar fraction is

observed in E. coli in exponential phase (Bigger 1944; Lewis 2007). This fraction increases from

10
−6

to 10
−4

in late exponential and to 10
−2

in stationary phase (Lewis 2007). The observation

that maintenance of E. coli cells at exponential phase almost entirely removes the surviving

fraction implies that persister cells only form in stationary phase (Keren et al. 2004a), and that

this drug tolerance may have evolved as a mechanism to enhance survival in stationary phase.
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To investigate survival in M. smegmatis, I developed a simple killing assay in which CFUs/ml are

measured over time, as in a standard growth curve. At time-points corresponding to di�erent

growth phases of the population, I added rifampicin at a high dose for 48 h, and determined

what proportion of cells were able to survive by comparing CFU counts after this period to

counts prior to it. Rifampicin dosage was calculated based on the MIC, determined from the

literature (Alexander et al. 2003) and by a broth dilution assay as 32 µg ml
−1

. In an attempt to

ensure that cells were being killed and not simply ceasing growth, and to decrease the chance

of rifampicin resistance arising, I generally used �ve times this value (5×MIC) for experiments

in this chapter. Growth phases were selected from a growth curve in the absence of antibiotics

from an initial optical density at 600 nm of 0.05, corresponding to approximately 10
6

CFUs/ml

in standard HdB. Exponential phase was selected as 6 h post-inoculation, and stationary phase

as 40 h post-inoculation from this growth curve (Figure 4.3).

Survival was determined from CFU counts as 0.08± 0.03 % (∼10
−3

) in exponential phase (Fig-

ure 4.4A) and 21.85± 6.17 % (∼10
−1

) in stationary phase (Figure 4.4C). This recapitulates

observations in E. coli with an approximate 3-log increase in survival between exponential and

stationary phases (Lewis 2007). However, the proportion is clearly greatly increased: there

are similar numbers of rifampicin survivors observed at exponential phase in M. smegmatis
compared to survivors at stationary phase in E. coli (Figure 4.4D). This data represents—to

my knowledge—the �rst report of the impact of growth phase itself on rifampicin tolerance in

mycobacteria. The underlying cause of this increase in survival at stationary phase is largely

unknown, but it may be related to stress responses that allow survival during this non-growing

phase as well as growth arrest itself. The greatly increased survival fraction in M. smegmatis
compared to E. coli may re�ect an inherent mycobacterial property of general drug insensitivity,

related to its cell wall structure and impermeability (Kieser and Rubin 2014).

If stationary phase is assumed to be associated with a lack of nutrients that prevents further

population growth, this may imply that nutrient deprivation plays some role in increasing

the tolerant fraction. Nutrient deprivation has been linked to drug tolerance by other authors,

which is highlighted by the apparent role of the stringent response to amino acid starvation in

long-term survival ofM. tuberculosis in vitro (Primm et al. 2000) and in vivo (Dahl et al. 2003), and

of E. coli in minimal and stationary phase (Cashel et al. 1996). To investigate this, I performed

the same survival assay at stationary phase using variants of HdB with a lower concentration of

(NH
4
)
2
SO

4
(the sole nitrogen source) or glycerol (the sole carbon source). However, restriction

of carbon under these conditions does not enhance survival, it instead causes a reduction in the

survival proportion from 21.85± 6.17 % to 4.09± 0.09 % (Figure 4.5C). This e�ect is even more

stark when nitrogen is limited, with only 1.14 % (∼10
−2

) of cells surviving in 1 mM (NH
4
)
2
SO

4

(Figure 4.5A), and 0.11± 0.10 % (∼10
−3

) surviving in 0.15 mM (NH
4
)
2
SO

4
(Figure 4.5B). To

investigate this di�erence, I also analysed the e�ect of nitrogen starvation at the single-cell

level (discussed below) and observed a signi�cant increase in the rate of cell lysis which might
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play some part in explaining this increase in death. This plays into a hypothesis proposed

by Frampton et al. (2012), in which oxidative stress is increased in complex media, or when

cells are deprived of nutrients (Frampton et al. 2012). This might lead to increased sensitivity

to antibiotics under conditions of increased metabolic stress. It remains di�cult however to

reconcile the large increase in survival at stationary phase, and its reduction under nutrient

deprivation. Since the time between inoculation and plateauing of cell numbers appears to be

largely unchanged in these di�erent conditions (Figures 4.5A to 4.5C) compared to standard

HdB (Figures 4.4A to 4.4C), batch culture nutrient limitation may not cause growth rate changes

at all, at least not when rifampicin is added. These experiments should be repeated with a larger

range of initial nutrient concentrations to attempt to investigate this further. It is interesting

that others have noted a strong increase in dormancy due to nutrient deprivation or extended

stationary phase (Kaprelyants et al. 1993; Shleeva et al. 2004) which might imply an increase in

the survival fraction, yet I do not observe this. This could also be explained by an increase in

the VBNC state, which my assay does not capture. To address this, MPN assays in fresh broth

and broth supplemented with culture �ltrate would need to be performed in parallel with CFU

counts.

Given the extensive work conducted on TA systems with respect to their role in drug tolerance,

and the huge number of them encoded by M. tuberculosis (Ramage et al. 2009), I utilised

M. smegmatis knockout strains constructed by Frampton et al. (2012). Since M. smegmatis only

has three TA systems—MazEF, VapBC, and Phd/Doc—the authors constructed single deletion

strains (∆mazEF, ∆vapBC, and ∆phd/doc), and a triple deletion strain (∆triple). When Frampton

et al. tested the response of ∆triple to rifampicin, they observed no di�erence in survival

compared to wild-type M. smegmatis. However, they only exposed cells to rifampicin for 2 h

(whilst in exponential phase), less than a single doubling time of M. smegmatis, albeit at very

high concentration (80 mg ml
−1

or 2500×MIC).

I therefore attempted to determine if there was any di�erence in survival in my assay, with

48 h exposure and 5×MIC rifampicin. At exponential phase—though performed only once—I

observed no signi�cant di�erences in survival between the strains and wild-type M. smegmatis
with percentages within an order of magnitude of each other (Table 4.2). At stationary phase,

there were di�erences in survival, such as an apparent reduction from 21.85± 6.17 in wild-type

to 7.20± 4.22 in ∆phd/doc (Figure 4.7A). However, these di�erences were not observed in the

other single deletion strains, and crucially not observed in the ∆triple strain, implying that this

was a spurious observation (Figure 4.7 and Table 4.2). Since a Master’s student was undertaking

investigation into modulation of the TA systems in these mutant backgrounds, I decided not to

pursue this avenue further, especially given my apparent negative results. Given the recent

retraction of the E. coli studies directly linking the TA systems and persistence (Maisonneuve

et al. 2018a,b), the role of the TA systems in triggering drug tolerance is less clear, though there

is still strong evidence for their involvement.
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The batch culture experiments were very variable under ostensibly the same conditions. For

example, survival of wild-type M. smegmatis at stationary phase in standard HdB ranged from

5.6 % to 37.9 % in independent experiments. The initial cell density was very di�cult to keep

constant between experiments, since it was estimated by optical density, which is an unreliable

measure of CFUs/ml in mycobacteria, as evidenced by variability in my experiments, sometimes

di�ering by almost an order of magnitude between experiments. This probably re�ects cell

size changes that occur in the inoculating culture as they reach di�erent growth phases. As a

consequence of altered initial CFU counts, experiments could not be directly compared in a

similar manner to optical density killing curves, hence the use of representative experiments

in all cases. Note that survival could not be estimated by optical density, since cells killed by

rifampicin still appear to contribute to the turbidity of the culture (data not shown). The state

of the initial inoculum has also been noted to greatly a�ect the number of persistent cells in

E. coli experiments (e.g. Keren et al. 2004a), since the majority of tolerant cells are derived from

stationary phase, therefore might well a�ect the surviving fraction in my experiments.

4.4.2 Single-cell experiments

The ONIX micro�uidic device, as described extensively in previous chapters, provides a robust

and powerful platform to perform experiments on the e�ect of antibiotics in single cells.

Micro�uidics have been used extensively in the mycobacterial �eld to investigate single-

cell responses to antibiotics (Aldridge et al. 2012; Wakamoto et al. 2013; Manina et al. 2015;

Vaubourgeix et al. 2015; Richardson et al. 2016; Rego et al. 2017), which are notoriously di�cult

to monitor using conventional live-cell microscopy.

I initially determined the single-cell response of M. smegmatis grown in standard HdB to 7 h

exposure to rifampicin, preceded by a ∼7 h initial growth period, and followed by a ∼7–10 h

post-growth recovery period. I tested 1×MIC and 5×MIC rifampicin to optimise the platform.

I assessed survival by regrowth in the post-growth period, and observed very few cells that

regrow. At 1×MIC, only 7 of 47 (14.9 %) lineages present at the start of treatment were observed

to regrow, and 0 of 71 lineages observed to regrow at 5×MIC (Figure 4.8). My expected survival

proportion, given the batch culture experiments at exponential phase—which the micro�uidic

system most closely represents—was approximately 8 % (Figure 4.4A). Given that my recovery

period is relatively short, I surmised that it was too short to allow su�cient observable regrowth.

All current reports of the single-cell antibiotic response to rifampicin have used regrowth or cell

division as the primary marker of viability in M. smegmatis (Aldridge et al. 2012; Richardson

et al. 2016).

The former study observed that approximately 20 % of cells regrow after withdrawal of ri-

fampicin, with a 8 h post-treatment recovery (Aldridge et al. 2012). However, the authors used

1×MIC rifampicin for their experiment, and observe similar survival levels to my experiment at
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1×MIC (14.9 %). The latter study used 3×MIC, with a 9.75 h recovery period, and noted 19.2 %

of 208 cells present at the start of treatment were tolerant—i.e. they regrew—they however also

tested 2×MIC rifampicin and observed as high as 47.9 % survival by regrowth (Richardson et al.
2016), a much higher proportion than observed at 1×MIC previously (Aldridge et al. 2012).

Notwithstanding this discrepancy, they extended the regrowth period to 16 h to determine

whether this fraction might increase, and added propidium iodide to stain cells with compro-

mised membranes, and did not observe a signi�cantly higher number of cells recovering or

labelled as non-viable compared to their standard design (Richardson et al. 2016). Interestingly,

their survival fraction did appear to signi�cantly vary between experiments, with 12 % of 92

cells in the propidium iodide experiment, 19.2 % of 208 cells in the 9.75 h recovery experiments,

and 29 % of 286 cells in the extended recovery experiment, implying some signi�cant source of

variability in their experiments (Richardson et al. 2016).

Therefore, while other authors observe signi�cant regrowth after rifampicin removal, I could

not recover any cells that regrew at 5×MIC, and I believe this might be due to the higher drug

concentration compared to other studies, in which case a longer recovery period might well

reveal regrowth of cells post treatment. However, the constraints of the physical operation of

the plates prevented signi�cantly extending this period, due to a tendency for steam to occlude

the imaging window after overnight experiments (described in Chapter 2).

I was also interested in investigating the response of nitrogen-starved cells to rifampicin at the

single-cell level, given the large observed decrease in survival in batch culture (Figures 4.5A

and 4.5B). I cultivated cells in HdB containing no nitrogen source (∆N HdB), for 5 h and 17 h

prior to loading, and then for the standard further 7 h in the device—i.e. 12 h and 24 h starvation

respectively. I designed the experiment to use ∆N HdB rather than nHdB (1 mM ammonium

sulphate) or nHdB (0.15 mM ammonium sulphate) due to the constant perfusion used in the

micro�uidic device. Since fresh medium is constantly provided to cells within the micro�uidic

device, nutrient limitation becomes a much harder problem, since it is not completely clear

at what level nitrogen becomes “limiting”. Growth rate in this pre-treatment period was

signi�cantly reduced compared to cells grown in nitrogen-replete conditions, re�ective of

the starved condition, with 0.239 h
−1

[0.223–0.254] and 0.188 h
−1

[0.177–0.199] observed in the

12 h and 24 h experiments respectively, compared to 0.263 h
−1

[0.260–0.266] observed for cells

grown in HdB (Chapter 3, Table 3.2). The observation that cells starved of nitrogen for 17 h

prior to imaging can grow at all was relatively surprising, but M. smegmatis is well known to

have excellent nitrogen scavenging, storage, and recycling capabilities which may permit this

form of long-term maintenance of growth during starvation (Amon et al. 2009; Jenkins et al.
2012, 2013; Williams et al. 2013; Elharar et al. 2014). I observed signi�cantly increased lysis

in the 24 h starvation condition (15.4 %; Figure 4.9) compared to both 12 h starvation (2.86 %),

and unstarved cells (very rare but not measured, an example of a lysed cell in standard HdB

can be seen in Figure 4.8). This may underlie the decreased survival fraction observed in batch
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culture, since increased lysis implies a weakened cell wall, and increased stress on cells which

have been starved for longer, a condition that is likely to be true for the low initial nitrogen

(1 mM) compared to the very low nitrogen (0.15 mM) conditions used.

Other authors have used cell lysis as a measure of cell death, coupled with post-treatment

regrowth as a measure of viability in the context of isoniazid treatment (Wakamoto et al.
2013; Manina et al. 2015). However, isoniazid is a cell wall-targeting antibiotic, and as such

appears to cause a very high lysis rate. Rifampicin conversely targets RNA polymerase, thus

does not directly a�ect the cell wall, implying that lysis events are a consequence of events

signi�cantly downstream of its direct target. Therefore, additional stress placed upon cells

grown in nitrogen-limited media, or starved completely of nitrogen must render cells more

susceptible to cell wall damage and subsequent lysis. This marked increase in lysis also re�ects

the inappropriateness of lack of lysis as a robust measure of viability, since a tiny fraction of

cells appear to lyse under standard conditions, or even after 12 h nitrogen starvation.

Given that both post-treatment regrowth and lysis during treatment appear to be poor measures

of viability or lack of viability respectively, I developed and tested several alternative single-cell

measures of survival. As mentioned above, regrowth after rifampicin treatment has been

used as the primary measure of viability in the literature, and other authors observe high

proportions of cells that are able to resume growth post-treatment—indeed more than might be

expected from batch culture experiments (Aldridge et al. 2012; Richardson et al. 2016), although

I use a signi�cantly higher concentration of rifampicin. For experiments with isoniazid, lysis

is additionally used as a marker of death (Wakamoto et al. 2013; Manina et al. 2015). Two

studies have used an endpoint marker of membrane permeability to demonstrate non-viable

cells, including Sytox blue (Manina et al. 2015) and propidium iodide (Richardson et al. 2016).

These measures assay cell death (lysis or membrane permeability) and cell survival (regrowth)

accurately, since cells with damaged membranes can be assumed to be truly dead, and cells

which resume growth can be assumed to be alive, but may not re�ect cells which are not

captured by either assay technique.

Therefore, I �rst tested the applicability of propidium iodide to assay cell survival. Propidium

iodide is a DNA-binding dye which �uoresces brightly when bound to DNA, but it excluded from

membranes with an active potential across them—i.e. viable cells. In the control experiment

which was not exposed to rifampicin, 1.9 % of cells were stained with propidium iodide after

14 h growth indicating the basal level of cell death in the ONIX micro�uidic device, and 38.1 %

of 113 cells were stained after 7 h growth and 7 h exposure to 5×MIC rifampicin (Figure 4.10).

This demonstrates that 61.9 % of cells are able to maintain their membrane integrity after 7 h

rifampicin treatment, a much higher survival fraction than expected if propidium iodide is

an accurate measure of viability. I therefore tested a direct marker of cell viability: 5-cyano-

2,3-ditolyl tetrazolium chloride (CTC). CTC is converted by the bacterial electron transport
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chain from its non-�uorescent salt form into an insoluble �uorescent formazan form. CTC

�uorescence therefore denotes cells which are able to maintain an active redox potential to

drive the electron transport chain, and thus can be assumed to be viable. I performed this assay

in batch culture at stationary phase with either DMSO or 5×MIC rifampicin added for 48 h,

then incubated cells with CTC and observed them mounted on glass slides. The number of

viable cells qualitatively matched expectations—fewer cells were stained on the rifampicin slide

than the control slide—but severe morphological changes were observed (Figure 4.11). Most

noticeably, there were bright puncta visible on the phase-contrast channel which corresponded

with regions of high �uorescence. Formazan is insoluble, therefore presumably aggregates

within cells to form these regions, but considering the di�culty of distinguishing cells from one

another with such change, and my interest in post-exposure growth, I decided not to pursue

this measure. In addition, I ideally wished to have a dynamic measure of viability, in which the

point of death could be measured, which CTC endpoint staining does not permit.

To attempt to �nd a real-time readout of viability during rifampicin exposure, I considered

the use of inducible �uorescent protein expression as a proxy for metabolic activity—and

therefore viability. Ideally, live cells—in the presence of an inducer—would constantly produce

�uorescent protein, signalling their viability, and dead cells would be unable to maintain

expression resulting in loss of �uorescence. However, �uorescent proteins are highly stable,

generally only being removed by dilution caused by cell growth (Tombolini et al. 1997; Blokpoel

et al. 2003), and indeed this is the basis of assays of intracellular growth that identify Salmonella
persisters induced by macrophage internalisation (Helaine et al. 2010, 2014). Therefore, I

attempted to construct an inducible EGFP system in which �uorescence would be degraded

over time in dead cells. To do this I fused EGFP to a previously described degradation tag that

targets cells for proteolysis (Muto et al. 1998; Blokpoel et al. 2003), coupled to a theophylline-

inducible promoter. I con�rmed that half-life of unstable EGFP (EGFP-ASV) was 41.9± 7.0 min

in an ensemble plate-based assay (Figure 4.12). Experiments with 1×MIC rifampicin (chosen

to increase the surviving fraction) demonstrated that �uorescence is indeed degraded when

theophylline is withdrawn (Figure 4.13), with some cells retaining �uorescence throughout

the treatment period. I reasoned that this was due to dead cells losing the ability to degrade

EGFP-ASV rather than continued expression of new EGFP-ASV. When rifampicin was removed,

and EGFP again induced however, not all the cells which had degraded their �uorescent signal

recovered �uorescence. This implies that degradation of EGFP-ASV is not an accurate measure

of viability.

This can be explained by considering the kinetics of cell death. Cells presumably die at e�ec-

tively random times after exposure to rifampicin, therefore will degrade their initial EGFP-ASV

levels to di�erent extents. Cells which die near the end of the treatment period will e�ectively

have degraded the vast majority, or all their EGFP-ASV, and will appear to be live cells by

the degradation metric. As a measure of time-to-death, EGFP-ASV �uorescence is therefore
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probably an unreliable method, since �uorescence levels will be variable throughout the treat-

ment period. Alternatively, while it is clear that some cells—presumably dead—lose the ability

to degrade EGFP-ASV, it is not clear that all dead cells lose this ability. Residual proteases

could retain their activity for some time after the loss of viability, and thus degrade remaining

EGFP-ASV molecules. These considerations aslo ruled out the use of an alternative assay of

dynamic death, in which EGFP-ASV is induced throughout the treatment period, with dead

cells losing �uorescence, since the response of dead cells is unclear, cells might lose the ability

to degrade or the ability to synthesis new protein at di�erent stages of death.

For these reasons, I decided not to pursue unstable EGFP as a measure of viability. Instead, I

decided to use induction of EGFP �uorescence as an endpoint measure (Figure 4.14). This is

similar to the CTC experiment, in that it measures metabolic activity (the ability to synthesise

new protein), except it does not involve toxic products, or a�ect cell morphology. In repeated

experiments, 25 of 171 cells (14.6 %) present at the point of introduction of rifampicin had

appreciable levels of �uorescence post-treatment. This value is greater than the range predicted

by batch culture experiments (6.79–10.09 %; Figure 4.4A), but given reports of enrichment of

VBNC cells after drug treatment in vivo (Wayne 1994), this might be expected to be re�ected

by an increased survival proportion at the single-cell level. Alternatively, given the di�erences

between the batch culture experiments and the single-cell experiments, this may re�ect a true

di�erence. Regardless, EGFP inducibility in the post-treatment period is a simple method—

conceptually and practically—that indicates metabolically active and viable cells at close to the

levels expected by batch culture experiments.

4.4.3 Single-cell response to antibiotics

Using EGFP signal in the post-treatment phase, I attempted to determine single-cell factors

that distinguish surviving lineages. Of particular interest were reports that growth rate prior

to treatment has no e�ect on survival post-treatment in mycobacteria (Aldridge et al. 2012;

Wakamoto et al. 2013; Manina et al. 2015; Richardson et al. 2016), in contrast to reports in E. coli
which observe growth arrest prior to drug exposure (e.g. Balaban et al. 2004). To address this I

calculated the growth rate of cells in the 2 h period prior to addition of rifampicin, and compared

lineages in which at least one descendant survived to lineages in which no descendants survived.

I termed this period the “pre-treatment phase”. This is very similar to the analysis strategy used

by Wakamoto et al. (2013), who test the response to M. smegmatis to isoniazid. Survivors have

no signi�cant di�erence in growth rate in the pre-treatment phase compared to non-survivors

with a p-value of 0.144 (Table 4.3 and Fig. 4.16A). This is consistent with others, whether they

analyse the response to isoniazid by exponential growth rate (Wakamoto et al. 2013; Manina

et al. 2015) or rifampicin by linear elongation rate (Aldridge et al. 2012; Richardson et al. 2016).

This suggests that mycobacterial drug-tolerant cells either do not pre-exist, or that growth rate

173



A Single-Cell Investigation of Mycobacteria Antibiotic Tolerance

does not correlate with drug tolerance.

Although there is no apparent di�erence in growth rate in the pre-treatment phase, I also

analysed the interdivision time within the growth phase (from the start of the experiment until

addition of rifampicin). Lineages that ultimately survive have a statistically signi�cantly greater

interdivision time in the growth phase compared to lineages that do not survive with p =

0.0024 (Figure 4.19E). Given that I observe no correlation between growth rate and interdivision

time (Chapter 3, Figure 3.14A) for cells grown in standard HdB, interdivision time di�erence

might indicate a di�erent form of growth arrest, whereby division is delayed in the surviving

fraction of cells, which confers drug tolerance to their descendants in some manner, whilst

single-cell elongation is unchanged. Interdivision time is also the single-cell parameter that is

most closely related to the population doubling rate, which is the key variable that changes

during stationary phase.

There are also clearly observable di�erences in growth rate during treatment. Lineages that

survive have a signi�cantly lower overall growth rate during the treatment phase compared

to non-surviving lineages with p = 0.002 (Table 4.3 and Fig. 4.17A). This might imply that

survivors are more readily able to arrest their growth upon introduction of rifampicin. However,

estimates of growth rate are unlikely to be accurate when growth arrest is involved, since

ordinary least squares linear �ts are probably not appropriate. Therefore, I restricted analysis

to the �rst hour of treatment—the “initial treatment phase”—to attempt to reduce this increased

source of error. Growth rate in this initial treatment phase is not signi�cantly di�erent between

surviving and non-surviving lineages, implying that ability to arrest growth is not a factor in

ultimate survival. This might be expected since the action of rifampicin itself probably causes

growth arrest, rather than induction of a potential survival programme.

Another interesting di�erence is added length during the treatment phase. Surviving cells add

a signi�cantly greater length during treatment compared to non-surviving cells with p = 0.028

(Table 4.3 and Fig. 4.17C). Since added length is an absolute measure—i.e. not �tted—this may

imply the opposite e�ect to the growth rate implication: cells that survive are able to maintain
growth during treatment. This might be expected of viable cells, since a good indicator of

viability is growth itself. Indeed, I observe some lineages which are able to grow signi�cantly

during the treatment window (e.g. Figure 4.15). However, growth arrest generally occurs

rapidly after introduction of rifampicin in my experiments by naive observation (e.g. cell

numbers over time), and I did not expect this result. A recent paper that investigated the

single-cell response of M. smegmatis to rifampicin also mentions that some cells are able to

maintain growth during treatment, however they use sub-MIC concentrations of rifampicin

(Rego et al. 2017) which might be expected to result in some variability in responses.

Other authors have noted that rifampicin-susceptible cells appear to be in either the early or
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late stages of their cell cycle (i.e. just divided or just about to divide) when rifampicin is added

(Richardson et al. 2016). I do not track the cell cycle directly, but I can observe cell division

events during the treatment phase. Non-surviving lineages appear to be more likely to divide

during the treatment phase (25.4 % of 142 cells divide during treatment) compared to surviving

lineages (12.0 % of 25), which implies that non-surviving lineages are closer to the end of the

cell cycle compared to surviving lineages at the point of treatment. However, this di�erence is

not signi�cant (p = 0.201; Fisher’s exact test), which may be a consequence of the low numbers

of lineages that I observe to survive. Richardson et al. (2016) also report that non-surviving

lineage cell lengths were more likely to be either small or large when rifampicin is added,

re�ecting their cell cycle state (early or late). I do not observe any signi�cant di�erence in cell

length at the start of treatment however (p = 0.819; Table 4.3).

Pole age has been a signi�cant factor in prior investigations. Aldridge et al. (2012) and Richard-

son et al. (2016) report thatM. smegmatis old-pole inheritors are more likely to survive rifampicin

exposure, and Manina et al. (2015) report that M. tuberculosis old-pole inheritors are less likely

to lyse during isoniazid treatment. In my data, when the ages of the inherited poles of cells at

the start of the treatment period are determined, there are 9 old-pole inheritors and 16 new-pole

inheritors (Figure 4.18A) among surviving lineages, which is not signi�cantly di�erent from

the age distribution of non-surviving lineages (p = 0.20) which are relatively evenly divided

(Figure 4.18B). However, this analysis does not have enough statistical power to allow a conclu-

sion to be drawn concerning the role—or lack of a role—of pole age in tolerance to rifampicin

under my conditions.

Given that growth in the alternative carbon sources acetate and pyruvate leads to deviation

from adder cell-size control (Chapter 3), and given that the survival fraction at exponential

phase in batch culture is greatly increased in these media (Figure 4.6), the phenomenological

strategy by which cells divide might have some role in enhancing antibiotic survival, especially

given that growth rate does not appear to di�er greatly between standard HdB and the two

alternative sources at the single-cell level (Table 3.2). I therefore determined the relationship

between birth and division length according to the noisy linear map for the growth phase of

the antibiotic experiments.

The preliminary hypothesis was that cultivation in sub-optimal carbon sources might bias the

population towards sizer-like behaviour, which might confer drug tolerance. While I did not

conduct antibiotic experiments using the alternative carbon sources, I determined whether

lineages that resulted in survivors di�ered in their cell-size control during the growth phase

compared to non-surviving lineages. I did not observe any signi�cant change in slope with

a = 0.97± 0.24 for survivors, and a = 1.29± 0.25 for non-survivors (Figure 4.19) with p =

0.101 (ANCOVA). While this might imply that non-survivors do deviate from adder (the slope

does not overlap with a = 1), the numbers were relatively small with 65 divisions observed in
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surviving lineages and 47 observed in non-surviving lineages.

4.4.4 Context of the work

Antibiotics have been a critical component of modern medicine since shortly after their discov-

ery, and have been credited with the prevention of hundreds of millions of deaths over the past

70 years. Resistance to antibiotics was observed clinically almost simultaneously with their

discovery and has remained a huge problem now and in the future, with an estimated 10 million

excess deaths predicted annually by 2050 (O’Neill 2016). Tolerance, as de�ned as the ability to

survive antibiotics in a non-heritable manner, was also observed (Bigger 1944) but was not as

high priority compared to understanding and combatting drug resistance, especially during the

“golden era” of antibiotic drug discovery. However, new classes of antibiotics with broad activity

and few side-e�ects are not being discovered quickly enough to address growing insensitivity.

Therefore, it is important that we understand how bacteria respond to currently existing drugs,

and how we can enhance killing of transiently tolerant sub-populations, which may underlie

many recurrent infections and the relapse of apparently cured individuals. M. tuberculosis—
currently the leading cause of death by any single infectious agent (WHO 2017c)—appears to

be particularly pro�cient at switching to a drug-tolerant state, requiring at least 6 months of

antibiotic therapy to cure.

Therefore, in this chapter, I have described some basic properties of drug tolerance in the

mycobacterial model species M. smegmatis. I demonstrate—as in E. coli (Lewis 2007)—that

the fraction of cells able to survive rifampicin greatly increases in stationary phase, but that

this does not appear to be related to nutrient availability or in response to nutrient starvation.

Indeed, single-cell growth rate prior to introduction of rifampicin, as reported by others, appears

to be unrelated to ability to survive. This work has raised a somewhat philosophical question

of what cell death actually consists of at the single-cell level. Ability to regrow and membrane

permeability, while used by others, do not appear to accurately represent the survival fraction

expected, but metabolic activity does. This de�nition of survival may be related to reports

of non-growing but metabolically active cells (Manina et al. 2015), which may be similar to

the viable but non-culturable state (Kaprelyants et al. 1993). My data appears to suggest that

there are very few single-cell characteristics that can predict survival prior to administration of

rifampicin. I do not observe di�erences in pole age, growth rate (either exponential or linear), or

in cell-size control in survivors compared to non-survivors. I do however observe an apparent

delayed cell cycle, with increase interdivision time, which may hint at some form of delay in

division permitting survival to rifampicin. This work is preliminary in nature, it requires many

more cells to be analysed, since the number of cells which are able to survive high dosage

rifampicin (160 µg ml
−1

) is apparently low. Future experiments should also include the response

of M. smegmatis to rifampicin in alternative carbon sources, and with di�erent concentrations
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of nutrients. I have conducted many experiments which were not analysed fully, thus there

is a large dataset available for future work, including nitrogen starvation experiments—do

any single-cell parameters predict lysis?—and some killing kinetics information which can be

derived from experiments performed with propidium iodide in a similar vein. This chapter also

demonstrates the power of micro�uidic experiments, with the ability to change the medium

rapidly and consistently, whilst observing the same cell for long periods of time. It makes

extensive use of the scripts which I developed in Chapter 2 as a basis for all the single-cell

analysis performed in this chapter, demonstrating their utility in another application.

177



A Single-Cell Investigation of Mycobacteria Antibiotic Tolerance

178



A Single-Cell Investigation of Mycobacteria

Chapter 5 Thesis Discussion

T
here is evidence that tuberculosis �rst emerged as a killer of humans as long as 40,000

years ago, and spread worldwide along with human expansion concurrent with the

migration of humans out of Africa (Wirth et al. 2008; Hershberg et al. 2008; Comas

et al. 2013). De�nitive evidence of M. tuberculosis has been found in 9000-year-old Neolithic

human bones in Europe (Hershkovitz et al. 2008), in a 5000-year-old Egyptian mummy (Nerlich

et al. 1997), and in a 1000-year-old Peruvian remains (Salo et al. 1994), demonstrating that

M. tuberculosis has been killing humans for millenia. Despite advances in medicine—including

the development of germ theory, bacteriology, epidemiology, and public health—tuberculosis

remained the leading cause of death by any cause up to at least the 19
th

century. In the UK,

gripped by the fervour of the industrial revolution, tuberculosis caused half of all deaths in

Bristol in the last decade of the 18
th

century, and a quarter of all deaths in London in the

early 19
th

century (Dubos and Dubos 1952; Chalke 1959). This terrible mortality rate probably

drove the perverse romanticisation of tuberculosis, highlighting the scale of the disease at the

time. Tuberculosis deaths began to fall in the mid to late 19
th

century, with the introduction

of public health measures and improving living conditions, long before the production of

the BCG vaccine. However, the burden of disease remained high, fuelling the search for

chemotherapeutic solutions, in the era following the discovery of arsphenamine (Alt 1909) and

penicillin (Fleming 1929): highly e�cacious against many previously fatal diseases. The �rst

drugs e�ective against tuberculosis were discovered in mid-20
th

century: streptomycin (Schatz

et al. 1944), para-aminosalicylic acid (Lehmann 1946a), and isoniazid (Robitzek et al. 1952),

which were tested using a novel approach which has become the foundation of the veri�cation

of any new treatment: the randomised controlled trial (MRC 1950, 1955). The modern treatment

regime for tuberculosis: rifampicin, isoniazid, ethambutol, and pyrazinamide, is highly e�ective

against drug-sensitive infection, resulting in a cure in the vast majority of cases when treatment

is completed (WHO 2017d). However, tuberculosis still remains the greatest cause of death by

any single infectious agent, with 1.7 million deaths worldwide in 2016 (WHO 2017c).

The lack of success in reducing tuberculosis deaths could be ascribed to the ability for M. tu-
berculosis to survive within its host, a niche to which it has adapted to since the expansion of

modern humans. Indeed, M. tuberculosis is very host-speci�c, and does not routinely infect
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non-human animals, nor is it found in the environment, implying that M. tuberculosis has

evolved to survive in humans and only humans. Unlike the common theme of a zoonotic source

for many diseases, with jumps from animal reservoirs into humans, the opposite appears to be

true in the pathogenic mycobacteria. M. bovis causes natural infection in all warm-blooded

vertebrates (Sakamoto 2012), thus it was thought for some time that M. tuberculosis derived from

M. bovis after the domestication of cattle (Stead et al. 1995). However, comparative genomics

strongly suggest that M. bovis is derived from M. tuberculosis, implying that tuberculosis in

animals—currently a signi�cant veterinarian problem—evolved from a reverse zoonosis event

from contact with humans (Brosch et al. 2002).

Host speci�city has shaped M. tuberculosis into a bacterium which is able to subvert many of the

sophisticated immunological defence mechanisms in humans, including robust innate immune

attacks via macrophages and neutrophils, and a strong adaptive response involving many arms

of the complex system. M. tuberculosis has evolved to thrive within such an environment,

with evidence suggesting that a robust immune response may even be provoked in order to

allow M. tuberculosis to expand within its preferred niche: the human macrophage (Baena and

Porcelli 2009). Indeed, it is notable that tuberculosis most commonly a�ects humans in the

20–30 year age category (Marais et al. 2004), an age group in which the immune response is

expected to be powerful and e�ective.

The ability for M. tuberculosis to survive such stresses may directly translate into its ability to

survive antibiotic treatment, and may underlie the extended six-month treatment required to

cure tuberculosis. This is related to the concept of drug tolerance—the ability for bacteria to

survive exposure to an antibiotic without genetic resistance, in a transient manner—�rst noted

shortly after the discovery of penicillin in Staphylococcus spp. (Bigger 1944). Drug tolerance

occurs in a subset of bacterial populations, in a phenomenon known as bacterial persistence,

and has been observed in all species in which it has been investigated (Lewis 2001; Lewis 2010;

Cohen et al. 2013), implying that it is a universal aspect of bacterial physiology. However,

mechanistic understanding of the development of persistence is lacking, notwithstanding a

focus on the toxin–antitoxin systems which has subsequently been attacked from multiple

angles. Persistence is thought to underlie the clinical presentation of recurrent infections

(Mpiga and Ravaoarinoro 2006; Mysorekar and Hultgren 2006; Mulcahy et al. 2010; Berndtson

2013; Schumacher et al. 2015), and the lengthy treatment required for treatment of tuberculosis

(McDermott 1958; Jindani et al. 2003; Agarwal et al. 2014; Walter et al. 2015; Honeyborne et al.
2016). There have been strong indications that growth arrest is involved in drug tolerance

in non-mycobacterial bacterial species (e.g. Balaban et al. 2004), but evidence is not strong in

mycobacteria (Aldridge et al. 2012; Wakamoto et al. 2013; Manina et al. 2015). This discrepancy

re�ects a surprising lack of understanding of the basic features of mycobacterial physiology,

including the mode in which they grow, and in their decision to divide.
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To address this, I have used long-term time-lapse microscopy coupled with micro�uidics to

observe M. smegmatis single cells as they grow and divide. This has required the optimisation of

a protocol suitable for observing mycobacteria, and a robust analysis work�ow, which I describe

in detail in Chapter 2. This chapter reports the development of an analysis pipeline that I

believe is well-suited to mycobacterial time-lapses, which are often problematic. Other authors

mostly use ImageJ (Abràmo� et al. 2004) or its descendant Fiji (Schindelin et al. 2012) with the

ObjectJ plugin, which involves signi�cant manual intervention. Here I use MicrobeTracker

(Sliusarenko et al. 2011) followed by custom Python scripts. This approach is mostly automated,

with acceptable levels of manual intervention, and couples the power of the MicrobeTracker

mesh concept with the lineage tracking developed in other analysis software packages such as

SchnitzCells (Young et al. 2012).

I applied this work�ow to a dataset acquired by Iria Uhía, a post-doctoral researcher within the

group, regarding the chromosome segregation machinery of M. smegmatis. I demonstrate the

extension of the software to track �uorescent proteins quantitatively and how this was used

to draw conclusions based on the dataset. Speci�cally, we show that ParA may be inherited

preferentially by larger daughter cells at division, and that this might confer a growth advantage

to these cells. We also show that ParB—which binds to ParA and to parS sites near the origin of

replication—moves actively to e�ect chromosome segregation, ruling out passive models of

this process. This work was published recently (Uhía et al. 2018).

In Chapter 3, I observe cells growing with three carbon sources: standard glycerol, acetate,

and pyruvate, using the micro�uidic protocol developed in Chapter 2, and analyse cells using

the same scripts. Using these data, I demonstrate that M. smegmatis cells most likely grow

exponentially at the single-cell level, which was an open question at the time of the research,

though a clear consensus is now forming in its favour. I then show that length at birth predicts

length at division in a linear fashion, with the length added being constant on average for cells

grown in glycerol. This demonstrates conformity to the adder principle of cell-size control, as

opposed to the timer model—in which cell cycle time is �xed—and the sizer model—in which

size at division is �xed (Jun and Taheri-Araghi 2015; Tanouchi et al. 2015). I show that this is

robust to heterogeneity in the population generated by pole age inheritance, where cells which

inherit the pole formed by their mother (new-pole inheritors) di�er from cells which inherit

the pole that their mother inherited (old-pole inheritors) in cell length, growth rate, and even

added length. However, the adder principle breaks down when cells are grown in alternative

carbon sources, with cells acquiring “sizer-like” activity. This work was published in July 2017

(Priestman et al. 2017), and was rapidly con�rmed by another paper published in November of

the same year which demonstrated almost identical results (Logsdon et al. 2017). At the time of

publication, this was the �rst de�nitive report of adder behaviour in mycobacteria, and the �rst

report in any bacterial species of deviation from adder cell-size control without severe growth

retardation. Deviation from adder control has been proposed theoretically at very slow growth
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rates, and shown in E. coli (Wallden et al. 2016), but growth rates in acetate and pyruvate are

very close to growth rates in glycerol. The key questions arising from this work are the role of

DNA replication in size control, though this has been partially addressed by others (Logsdon

et al. 2017), and the e�ect of other medium perturbations. Growth in cholesterol as a sole

carbon source would be interesting, given that M. tuberculosis may utilise it as a preferred

carbon source in vivo (Pandey and Sassetti 2008; Salamon et al. 2014; Vromman 2014). However,

cholesterol is unlikely to be a major physiological carbon source for M. smegmatis, limiting

its potential applicability to the pathogenic mycobacteria. Cell-size control in pathogenic

mycobacteria has not been widely addressed, presumably due to technical constraints given

the requirement for BL3 facilities and their slow growth rate, though some work has been

conducted on M. bovis BCG (Logsdon et al. 2017). BCG has the advantage of maintaining many

of the pathogenic properties of M. tuberculosis but is classed as a BL2 biological agent, requiring

fewer practical considerations. Attenuated forms of M. tuberculosis, such as the ∆leuD ∆panCD
double auxotroph (Sampson et al. 2004), are also classed as BL2, and could be used in more

practical settings. Testing the response of BCG or M. tuberculosis to alternative carbon sources,

especially cholesterol, could provide a very interesting and relevant indicator of the state of

M. tuberculosis during infection, and provide insight into its intracellular physiology which

may be of importance in the development of novel therapeutics.

The physiology of mycobacteria is important in understanding their response to antibiotics, and

the phenomenon of bacterial persistence which potentially underlies the massive reservoir of

tuberculosis infection worldwide. With this in mind, in Chapter 4 I address how M. smegmatis
responds to the front-line antibiotic rifampicin, potentially the most important drug of the

four used in the standard regimen. I demonstrate that, in batch culture, survival to rifampicin

is intimately linked to the population growth phase, greatly increasing as cells approach and

enter stationary phase. However, this change appears not to be due to nutrient status, since

cultivation in carbon- or nitrogen-limited media reduces the surviving fraction, and to a very

high degree during nitrogen limitation. To my knowledge, the increase in survival fraction has

not been formally reported in mycobacteria, nor the apparent reduction in survival observed

when nutrients are limited. Nitrogen limitation appears to greatly increase cell lysis at the

single-cell level. Since lysis is uncommon under normal conditions in response to rifampicin, a

philosophical question of the nature of death in single cells arises. There is frequent mention of

non-culturable cells in the literature (Kaprelyants et al. 1993), and a large interest in dormancy

in the context of latent tuberculosis infection (Esmail et al. 2014). Thus lack of regrowth—which

is easily observable at the single-cell level—is not a de�nitive indicator of non-viability.

I therefore test several means of determining viability at the single-cell level, including mem-

brane integrity with propidium iodide, active oxidative phosphorylation with CTC, and active

protein synthesis and degradation machinery with an unstable �uorescent protein variant.

None of these measures appear to accurately re�ect cell viability, or are too complex to con�-
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dently analyse. I instead use a measure of metabolic activity post-treatment: the induction of

EGFP expression. Using endpoint metabolic activity, I demonstrate that cell lineages which

survive do not have a signi�cantly di�erent growth rate compared to non-surviving lineages, in

agreement with others in the �eld (Aldridge et al. 2012; Wakamoto et al. 2013; Manina et al. 2015;

Richardson et al. 2016). However, I do observe a reduction in interdivision time, which implies

that cells which survive may have a delayed cell cycle that might confer some protection. I

also observe di�erences in growth arrest upon treatment, with rifampicin survivors apparently

more able to reduce their growth rate rapidly, but also more able to maintain low-level growth

throughout treatment. Unlike other authors (Richardson et al. 2016), I do not observe any bias

in pole age between survivors and non-survivors, though this may re�ect a lack of statistical

power rather than a true re�ection of single-cell behaviour. Finally, I show that cells which

survive rifampicin do not appear to have altered cell-size control compared to cells which do

not survive, suggesting that the phenomenological model of cell-size control might not have a

role in predicting antibiotic tolerance.

Future work to investigate this should be performed, crucially using alternative carbon sources

for which I have preliminary data (not shown). I observe that survival is greatly increased at

the population level when cells are grown in pyruvate or acetate, which raises a speculative

question: given that growth rate does not predict survival for cells grown in glycerol, could

the deviation from adder cell-size control be related to increased survival for cells grown in

pyruvate or acetate? Unpicking the relationship between nutrient starvation and the response

to antibiotic response, especially with nitrogen starvation, might also provide an interesting

avenue of research: if cells are more drug-tolerant at stationary phase, why are they not more

tolerant when they are starved of nitrogen? This may be related to the stress response of

mycobacteria, and other authors have suggested that medium-speci�c e�ects can increase

the oxidative burden of cells (Frampton et al. 2012), which might result in a greater impact

on cell wall integrity and the increased lysis rate that is observed when cells are starved of

nitrogen. Additionally, it could be assumed that the capacity for cells to remodel and repair

their cell wall might be compromised when starved of nitrogen. Stationary phase occurs via a

gradual transition from exponential phase which might allow cells to prepare more readily and

comprehensively than is permitted by relatively sudden starvation.

In summary, I believe that this work demonstrates the utility of quantitative single-cell method-

ology in understanding basic mycobacterial physiology, and how this might impact important

higher-level questions including that of antibiotic tolerance. Such approaches may be vital in

addressing the current worldwide tuberculosis epidemic, especially with respect to enhancing

the e�cacy of current drug treatments.
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