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Iñaki Comas Espadas

PhD thesis
Doctoral Programme in Biomedicine and Biotechnology

Valencia, 2020
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veces tus palabras (y tu testarudez) me han dado el impulso necesario para no

decaer y llegar a la meta. Sobre todo, para llegar feliz. Porque no es tu apoyo en

los malos momentos lo que más aprecio, sino tu honesta y sincera felicidad en
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General introduction

1.1 Tuberculosis disease

Tuberculosis (TB) is an airborne infectious disease characterized by symptoms

that include fatigue, weight-loss, fever, night sweats and continuous coughing with

occasional expectoration of bloody sputum (hemoptysis) [1]. Over the centuries,

TB has killed more people than any other infectious disease [2]. Nowadays, and

contrary to common believe, TB is still the most lethal infectious disease in the

world and one of the top ten causes of death worldwide. No effective vaccine

exists and according to the World Health Organization (WHO), about 10 million

people developed TB in 2018 and 1.4 million people were estimated to die [3].

Its main causative agent is Mycobacterium tuberculosis (MTB), an obligate

pathogen transmitted almost exclusively by cough aerosols. Following

inhalation, infective bacteria arriving to the lower respiratory tract can be

controlled and cleared by the immune system, or persist within cavitary lung

lesions known as granulomas (Figure 1.1). Tubercle bacilli can then remain

within granulomas in a non-replicative state during long periods of latency known

as latent TB infection (LTBI). Periods of latency range from months to decades

and, interestingly, most of the infected people never develop the disease: only

between 5% to 15% of LTBI progress to active TB [4]. During active TB, MTB

bacteria replicate and a complex interplay between the pathogen and the host
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General introduction

immune system, which is yet poorly understood, leads to the formation of a

necrotizing granuloma that eventually breaks, releasing the bacteria that will be

transmitted through cough aerosols, thus completing the infective cycle.

Yet TB is a complex disease that comprehends different clinical

manifestations and possible outcomes. A percentage of patients with active TB

are asymptomatic. These cases, known as subclinical TB [5], have been

traditionally thought to not transmit the disease, but increasing evidence

suggests that transmission occur in these patients as well [6, 7]. Furthermore,

whereas pulmonary TB is the most common manifestation of the disease,

extra-pulmonary TB accounts for around 20% of cases [8, 3], potentially

affecting any place in the body, including the central nervous system, bones and

joints, or even the skin.

Figure 1.1: Clinical scenarios of M. tuberculosis infection. Although clinically is
classified as either active TB or latent TB infection, in reality tuberculosis is a complex
disease that comprehends many possible scenarios. Since infection, patients will progress
through different disease stages, which might even revert, depending on the status of
the immune system and comorbidities. Results from diagnostic tests, and therefore case
management, will be different depending on the disease stage, and other factors like host
adaptive immune response or previous exposure to mycobacteria. Source: Pai et al. [1]
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Tuberculosis disease

There is a high incidence and mortality of TB despite the fact that an effective

treatment exists. The standard treatment for TB consists in the administration of

rifampicin, isoniazid, pyrazinamide and ethambutol over a period of 6 months

and is highly effective [9]. However, since the first antibiotic treatment for TB,

streptomycin, became available in the decade of 1940, the need for a combined

therapy with multiple drugs was regarded due to the rapid emergence of

drug-resistant (DR) strains [10]. A period of active search and development of

new antibiotics for TB started, and as new compounds were discovered,

treatment regimens were modified, with drug combinations that were safer and

more effective. However, one decade after the current combined treatment

began in the early 1980s, strains resistant to several of the antibiotics started to

be identified. Multidrug resistant (MDR) strains are defined as those resistant to

at least isoniazid and rifampicin, the keystones of the standard TB treatment. As

happens for other infectious diseases, the rapid emergence and spread of drug

resistance is now a major public health concern, and greatly complicates the

control of an already complicated disease. Globally, the incidence of MDR-TB is

of 4% for new TB cases and 17% for previously treated cases. This reflects that

most cases of MDR-TB are originated from initial acquisition of DR rather than

transmission, with the exception of countries with a high incidence of DR strains,

where transmission is the main factor driving the MDR-TB epidemic [11].

Treatments for MDR-TB exist but are long, present several side-effects and are

extremely expensive, reason why their programmatic treatment success is of

only 50% [12, 13, 14]. In addition, extremely drug resistant strains (resistant to

first and second-line drugs) and even totally drug resistant strains have already

appeared. The approval of new anti-tubercular drugs for the treatment of

MDR-TB, particularly bedaquiline and delamanid, supposed a renewed hope in

the control of drug resistant TB [15], but resistance to both drugs has already

been reported [16, 17, 18, 19, 20].

The high complexity of the disease and its difficult control is not exclusively

due to factors intrinsic to TB. Globally, the incidence is very heterogeneous, with
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Figure 1.2: Estimated TB incidence rates in 2018. There were under 10 incident cases
per 100,000 population in most high-income countries, 150–400 in most of the 30 high TB
burden countries and above 500 in the Central African Republic, the Democratic People’s
Republic of Korea, Lesotho, Mozambique, Namibia, the Philippines and South Africa.
Source: Global Tuberculosis Report 2019 [3].

eight countries accounting for 66% of the total TB cases, and 30 countries that

are listed as “high-burden countries” by the WHO, accounting for almost 90% of

cases (Figure 1.2). This asymmetry in the global burden of TB, which is

concentrated in middle and low-income countries, clearly reflects the impact that

the socio economic factors have in its incidence. Strikingly, 27% of TB cases

worldwide have been attributed to undernutrition and 22% to indoor air pollution

[21]. Tuberculosis, once known as consumption, is especially dangerous when

combined with malnourishment, poor hygienic conditions, lack of access to

primary care, and comorbidities such as diabetes or HIV co-infection

[22, 23, 24].
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1.2 Mycobacterium tuberculosis

The causative agent of TB is a bacteria that belongs to the genus

Mycobacterium, a group that comprehends more than 170 species sharing

several unique phenotypic and genotypic features [25]. They are non-motile,

aerobic, rod-shaped bacteria with a thick, lipid-rich, hydrophobic cell wall. This

cell wall confers mycobacteria resistance to harsh conditions, and many

disinfectants and antibiotics [26] and, because of its resistance to decolorization

with acidic compounds after staining, mycobacteria are also classified as

acid-fast bacilli (AFB). Mycobacteria causing TB disease in humans and other

mammals are classified within a group named Mycobacterium tuberculosis

complex (MTBC), whereas mycobacteria other than MTBC, and other than M.

leprae (the causative agent of lepra), are known as non-tuberculous

mycobacteria (NTM) [27]. The MTBC comprises a group of slow-growing

bacteria that are >99% genetically identical between them, and thus considered

the same species, although different variants exist that are specialized on

infecting different animal hosts [28]. TB in humans is caused by M. tuberculosis

sensu stricto and M. africanum while other variants cause TB in other mammals

like in cattle (M. bovis), goats and sheeps (M. caprae) or antelopes (M. orygis).

Importantly, spillover of MTBC variants between different hosts occur and, for

example, 1-3% of human TB is caused by M. bovis and M. caprae [29].

Human-associated MTBC variants are classified in 7 major lineages according

to their genetic differences which are predominantly point mutations and large

deleted regions known as regions of difference (RD) [30]. Lineage 5 and 6

belong to the variant M. africanum while the rest are M. tuberculosis sensu

stricto. Given the obligate association of MTB to its host, MTB bacteria and

humans seem to have coevolved through the history and this fact is nowadays

reflected in the phylogeographical distribution of the lineages [31]. Interestingly,

the genetic differences between lineages do have a biological impact. It has

been shown that different lineages can have different latency periods [32], be
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more prone to lead to active TB disease [33], or even differentially transmit

among different human populations [34] and, therefore, the genetic diversity

within the MTBC arise as a relevant factor to take into account in TB research.

Despite not producing TB, non-tuberculous mycobacteria are also relevant

in the management of the disease. This group of environmental mycobacteria

are capable of causing opportunistic infections that usually become chronic and

present many complications, including the lack of standardized treatments [35].

Importantly, the vast majority of NTM infections are pulmonary and many times

resemble TB disease [36, 37, 38] and, in fact, most NTM infections are diagnosed

in the context of a “TB suspect” [39]. In addition, co-infection with both MTB and

NTM has also been reported [40]. Taking into account that some TB diagnostic

tools, particularly the most used worldwide, smear microscopy, cannot distinguish

between MTBC and NTM infections, and that some NTMs are naturally resistant

to several anti-tubercular drugs [41, 42], it is clear that NTM can have a clinical

impact, not only by themselves, but also in TB control, diagnosis and treatment.

1.3 Tuberculosis diagnosis

As we have seen, TB presents many complexities that difficult its effective

control. But there is yet another key aspect of TB management that further

complicates the scenario. Most TB deaths could be prevented by an early and

accurate diagnostic that enables a prompt and proper treatment. We may

distinguish between diagnostics aimed to detect latent TB infection (LTBI) and

active TB. Currently, two main tests are used for screening and detecting LTBI.

The tuberculin skin test (TST), originally developed in the late 1800s [43],

consists in the intradermal injection of purified protein derivative from MTB cells

(also known as tuberculin). If a person has generated a cell-mediated immune

response to these MTB antigens, then a skin reaction is typically observed in

48h-72h. However, the TST cannot distinguish between non-infected patients

that have had a previous contact with the bacteria and actual LTBI. In addition,
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BCG-vaccination and exposure to NTM also produces a (false) positive result,

and about 25% of infected patients are known to be negative for the TST [44].

Despite that, the TST is widely used as a screening tool, particularly in

low-income high-burden countries, since it is cheap and requires no special

skills or equipment. Alternatively, the Interferon Gamma Release Assay (IGRA)

is also available since early 2000, an in-vitro assay that measures the release of

interferon gamma by T-cells reactive to MTB. Since the immune response of

these cells is very specific to MTB, the main advantage over the TST is that it

shows no cross reaction with NTM nor with the vaccine, which is based on a

different MTB strain (Bovis-BCG). However, in reality, both TST and IGRA are

unable to distinguish between LTBI and active TB, and between new infections

and re-infections. For this reason diagnosis of LTBI relies on a combination of

positive TST/IGRA tests and the absence of clinical symptoms and lung lesions

as observed by chest radiography.

In the diagnosis of active TB, the gold standard test is culturing MTB bacteria

from respiratory specimens in solid agar or liquid culture [45]. It is the most

sensitive approach, definitive proof of active TB, and provide the necessary

isolates to perform phenotypic drug susceptibility testing (DST). However, MTB

bacteria require long incubation times to grow, greatly delaying effective medical

interventions. In solid cultures, typically four weeks are needed to observe

growth of MTB bacteria [46, 47]. As an alternative, mycobacteria growth

indicator tubes (MGIT) are liquid cultures supplemented with a fluorescent

compound that allows to measure the oxygen consumption by viable

mycobacteria as a proxy of growth. The advantage of using MGIT cultures is

that fluorescence can be conveniently measured by automated devices, like the

Bactec 960 MGIT system, and that the time needed to detect mycobacterial

growth in MGIT cultures is shortened to about two weeks [48]. However, given

that distinguishing different mycobacterial in liquid cultures is virtually

impossible, the WHO recommendation is to perform additional tests to identify

the species growing in the culture [49]. In both cases, solid and liquid cultures,
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DST results require longer incubation periods with the antibiotics to be tested

(28 additional days on average since culture positivity) [50].

Beyond late diagnostics, a major problem of culturing MTB bacteria is the

high associated costs given the requirement of a specialized infrastructure and

trained personnel to ensure minimum biosafety conditions. For these reasons,

smear microscopy instead of culture has been the most used approach to

diagnose TB. Smear microscopy was the decisive innovation that allowed Robert

Koch to identify the bacilli causative of tuberculosis in 1882 [51]. The staining

technique in which is based was improved by Ziehl and Neelsen in 1892 [52]

and, since then, this methodology has been the main method to diagnose active

TB [53]. A positive diagnostic for TB based on smear microscopy requires the

observation of AFB in the sputum within a clinical context congruent with TB

disease. Smear microscopy is cheap, easy to perform, require little equipment

and can yield a result the same day of sputum collection. However, smear

microscopy cannot discriminate the mycobacterial species present in the

sputum, which is particularly relevant for NTM infections, nor between

drug-resistant and susceptible strains. In addition, smear microscopy has a poor

sensitivity, that greatly varies between 20% to 80% among different settings [54].

Around 40% to 50% of sputa are estimated to be smear-negative though

culture-positive, and the sensitivity is particularly poor in paucibacillary patients

such as children and people co-infected with HIV ([55, 56, 57].

Given the limitations of the culture-based methods and smear-microscopy,

rapid molecular assays for diagnosis of tuberculosis have been of increasing

relevance over the past decade. As we will see in the following chapter, nucleic

acid amplification tests (NAAT), mostly based on the amplification of MTB DNA

by PCR, have become a key tool in the diagnosis of TB. The rapid turnaround

times enable same-day testing and initiation of treatment, thus reducing the loss

to follow-up, particularly in low-income high-burden countries [58]. Importantly,

molecular assays also allow to accurately detect drug resistance to several

drugs, and therefore can help guiding a tailored treatment from the beginning.
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WHO-endorsed technology Method Year

Commercial liquid culture; DST Culture phenotypic 2007
Molecular line-probe assays for first-line anti-TB drug-resistance
prediction

NAAT/genotypic 2008

LED microscopy Microscopy 2010
Xpert MTB/RIF for rifampicin-resistance prediction (proxy of
MDR)

NAAT/genotypic 2010

Loop-mediated isothermal-amplification (LAMP-TB) NAAT/genotypic 2016
Urine LAM rapid test Antigen detection

test
2016

Molecular line-probe assays for second-line anti-TB drug-
resistance prediction

NAAT/genotypic 2016

Xpert MTB/RIF Ultra for rifampicin-resistance prediction (proxy of
MDR)

NAAT 2017

Table 1.1: WHO-endorsed diagnostics for TB detection and drug susceptibility testing.
NAAT: nucleic acid amplification test; LAMP: loop-mediated isothermal amplification; LAM:
lipoarabinomannan; RIF: rifampicin Source: WHO [60].

Currently, different commercial tests exist to detect MDR-TB [59] several of

which count with the WHO endorsement (Table 1.1).

However, the available tools are still not allowing an effective control of the

disease, and the need for novel molecular diagnostics has been largely

recognized over the last years [61, 62]. Particularly, a cheap, point-of-care,

non-sputum-based, rule-out test capable of diagnose all forms of TB and an

universal DST are highly needed [63]. To develop such diagnostics, many efforts

are directed towards the identification of novel biomarkers indicative of TB

disease including both pathogen and host biomarkers [64, 65, 66, 67]. Currently,

over 50 companies are involved in the research and development of novel

diagnostics for TB. However, most of these diagnostics will be feasible only for

well-equipped reference laboratories and, thus, there is an urgency for additional

investment in basic research to identify novel biomarkers that can be translated

into clinical tools.

Beyond diagnostics, but closely related, there is another application of

molecular assays that is key in TB control and surveillance: molecular

epidemiology. Genotyping the infecting MTB isolates allow the study of TB
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outbreaks and transmission events with a resolution that could never be met by

contact tracing. Three main approaches have reached global application and

have been extensively used in the surveillance of TB over the last two decades:

DNA fingerprinting based on restriction fragment length polymorphism (RFLP) of

the insertion sequence IS6110, spoligotyping, and mycobacterial interspersed

repetitive-unit–variable-number tandem-repeat (MIRU-VNTR) typing [68].

Amongst them, spoligotyping lacks of enough resolution to study transmission,

whereas RFLP analysis can be complex and hampered by the fact that some

MTB strains lack the insertion sequence IS6110. Given these limitations,

molecular epidemiology of TB is mainly performed by using MIRU-VNTR typing.

This approach amplifies different MTB loci that have variable tandem repeats

and a standardized numerical encoding is given to the strain depending on the

number of repeats for each locus. Standard MIRU-VNTR, however, lacks

discriminatory power to distinguish closely related strains, which are frequent in

high-burden or isolated settings [69]. Something relevant about the

aforementioned molecular assays is that they interrogate a limited, pre-defined

set of loci or mutations to either predict drug-susceptibility or estimate

transmission events.

However, there is another strategy, included within the molecular methods,

that allows to identify the MTB bacteria up to the strain level, accurately predict

DR and estimate transmission events, at the same time and with outstanding

resolution. That strategy, whole-genome sequencing, is central to the present

thesis and deserves its own section.

1.4 Whole-genome sequencing of Mycobacterium
tuberculosis

In 1998, the chromosome of M. tuberculosis was one of the first sequenced in

the genomic era. Using a combination of cosmid and BAC libraries with shotgun

sequencing, Cole and colleagues sequenced the clinical strain H37Rv [70], which
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had been isolated in 1905, and has been extensively used since then as the

MTB reference strain [71]. The MTB genome is about 4.4 megabases long and

encodes approximately 4,000 genes. It has a high content of Guanine/Cytosine

(65%) and is rich in repetitive DNA and insertion sequences [70]. Importantly,

MTB does not have plasmids and most of the evidence supports that no horizontal

gene transfer occurs in the MTBC [72, 73]. As a consequence, the evolution

of MTBC seems to be mainly driven by sequential point mutations and some

large genomic rearrangements like large deletions and gene duplications [74, 75,

76]. As mentioned earlier, the genetic diversity of the MTBC is extremely low.

The estimated substitution rate is of 0.2 SNPs per genome per year, although a

high variability between different MTBC lineages and settings exist [77]. MTBC

bacteria are >99% genetically identical between them and, in fact, the maximum

distance between circulating MTBC strains is of around only 1,800 SNPs [78, 79].

Two decades after the publication of the MTB H37Rv genome,

high-throughput sequencing platforms, along with the availability of affordable

high-performance computers, allow a modest research laboratory, like ours, to

sequence dozens of complete MTB genomes in a matter of days. As I write

these lines (November 2019), 71,891 whole-genome sequencing samples are

deposited (only) in the NCBI Sequence Read Archive under the name

“Mycobacterium tuberculosis complex”. The analysis of thousands of MTBC

genomes over the last years has shed light into the genomic characteristics of

MTBC bacteria and their evolution [73, 72].

Importantly, beyond its utility in the research context, over the last five years

WGS has become a key tool for TB control, opening the door to precision

medicine in the TB field. As compared to other methods like smear microscopy

or liquid cultures, WGS can unequivocally identify the infective MTBC variant and

discriminate between different lineages and even strains [80, 81]. Thanks to this

resolution, WGS is now a cornerstone of TB surveillance, since outbreaks can

be delineated with high-precision, even across borders [82, 83, 84], and much

more efficiently than conventional molecular typing [85, 86]. By using WGS,
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transmission can be tracked with extraordinary precision [87]. For example, Xu

et al. used a phylogenetic modelling approach to identify the index case within

transmission clusters and estimate their transmission date. Combining this

methodology with epidemiological information, they were also able to establish

the direction of the transmission (who infected whom) [6]. In addition, WGS can

be used to predict drug resistance (even susceptibility) in TB, achieving an

outstanding accuracy as compared to traditional methods [88, 89, 90, 91, 92].

By sequencing multiple isolates from the same patient, acquisition of DR and its

evolution within patient can be monitored, unraveling complex cases impossible

to address with conventional methods [93, 94, 95]. Given the lack of genetic

interchange in MTBC bacteria, acquisition of DR is due almost exclusively to

point mutations and, therefore, DR in TB is predicted by looking in reference

catalogs for known DR-conferring mutations [96]. Thus, the accuracy of the

predictions directly depends on our knowledge about these mutations and, for

this reason, big consortia like ReSeqTB [97] and the CRyPTIC project [98] are

building large databases of MTBC strains and associated phenotypic data.

Importantly, the applications of WGS are complementary and can be run in

parallel, thus making of WGS a single assay capable of providing a complete

analysis of the infective MTBC strain. In other words, fast, affordable and

accurate WGS can now guide all components of TB control: diagnosis;

treatment; surveillance; source investigation (Figure 1.3). This is the reason

why some countries like United Kingdom and The Netherlands are implementing

WGS as a primary tool for the diagnosis of TB [99] and why the WHO is already

using WGS for DR surveillance [100]. Similarly, EUSeqMyTB is an european

consortium that aims to provide the scientific evidence and the necessary

standards to implement genomic-based typing as the reference method for TB

surveillance in EU.

However, implementing WGS as an effective tool for diagnosis and

surveillance of TB presents several challenges. While the cost of sequencing a

complete genome of MTB is cheap, the initial investment to set up a sequencing
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Figure 1.3: Primary applications of whole-genome sequencing to tuberculosis
control. a) Determination of the species or subspecies of M. tuberculosis complex isolates
b) Determination of drug resistance patterns on the basis of the presence of specific
SNPs c) and identification of transmission clusters and outbreaks d) ETH, ethambutol;
INH, isoniazid; PZA, pyrazinamide; RIF, rifampicin. Source: Conor J. Meehan et al. [101].

infrastructure is very high. Apart from the sequencing platform that costs

thousands of dollars ($125,000 an Illumina MiSeq machine as of November

2019), the associated costs of complementary machines, reagents and

bioinformatic capacity, and the need for a highly trained staff, can prevent many

laboratories of adopting WGS, particularly in low-income countries, where most

benefit would be obtained from genomic-based diagnostic and surveillance. As

an alternative, centralized sequencing services might be a cost-effective solution

to provide end-to-end genomic analysis of MTB isolates, but this strategy would

also require secure and efficient procedures for sample handling and shipping,

and stable internet connections for data sharing. Regardless of the setting, the

management of the large amounts of data produced by high-throughput

sequencing and bioinformatic analysis is one of the bottlenecks that restricts the

accessibility and wide adoption of WGS for TB control [102]. A comprehensive

genomic analysis of MTB that includes epidemiology and drug resistance
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prediction is complex and consists of many different steps. Importantly, several

of these steps as well as many parameters and cutoffs used might have a huge

impact on the final interpretation of the sequencing data yet they are not widely

agreed, and the accuracy of the analysis pipelines are seldom evaluated. As we

have recently reviewed, many open questions remain to be addressed in TB

bioinformatics, and this lack of standardization difficulties the routine

implementation of WGS [101].

Notwithstanding, the main barrier that prevents using WGS as an effective

control tool for TB is the dependance on the process of culturing MTB bacteria.

Clinical samples of TB patients, mainly sputa, have low amounts of MTB bacilli

that coexist in the sample with other bacteria and huge quantities of extracellular

human DNA. As a consequence, sequencing cannot be performed directly from

DNA extractions of clinical specimens since the amount of sequencing reads

retrieved from MTB bacteria is extremely low as compared to other organisms,

and the data is insufficient for the most relevant clinical applications [103]. For

this reason, WGS of MTB requires of previous cultivation so pure MTB DNA can

be obtained. However, as mentioned previously, culturing MTB bacteria is a

costly, long and cumbersome process that can take several weeks, excluding the

approximate extra week needed to produce the WGS data and to perform all

analyses. This great delay is one of the main hurdles that prevent the use of

WGS as an effective interventional tool. The ability of performing WGS of MTB

directly from clinical specimens, in a culture-independent manner, has been

largely considered as a major game changer in TB diagnosis and surveillance

[104, 101, 105].

1.5 Aim of this thesis dissertation

Despite the availability of rapid molecular assays for TB, current tools for TB

diagnosis and surveillance are insufficient to control the spread of the disease,

being the most used diagnostic (smear-microscopy), and the gold-standard
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(culture), both based on procedures that are decades, even centuries old. In this

context, whole-genome sequencing of MTB has demonstrated to provide many

advantages but its use has been mainly limited to research laboratories. From a

general perspective, the motivation of this thesis is to transfer the cutting-edge

techniques and scientific advances rendered by basic research to the diagnosis

and surveillance of tuberculosis in the clinical context. This broad motivation,

however, materialized in a main, clear and ambitious objective: to develop an

affordable, culture-independent methodology to sequence the complete genome

of M. tuberculosis directly from clinical specimens. From now on we will refer to it

as dWGS (standing for direct whole-genome sequencing). This ability is now

pursued by several groups across the world, and is thought to suppose a great

step forward in the application of WGS to TB control.

As we will see in Chapter 4, the implementation of the complete workflow,

that is to say, the end-to-end process that starts with a raw sputum sample and

finalizes with a complete genomic analysis, presents many challenges to

overcome and require many and careful considerations. One of the cornerstones

of such workflow is the computational analysis. Genomic data obtained from

clinical samples is usually of poor quality and contaminated with high proportions

of sequences from other organisms. Therefore, analysis pipelines must be

optimized for dWGS and, in particular, they have to be able to produce reliable

results despite the presence of contaminant sequences. This consideration

about contaminants has been completely neglected in re-sequencing pipelines,

in part because most studies perform WGS from pure cultures, in part because

of the general assumption that resequencing bioinformatic pipelines, based on

the alignment of sequences to a reference genome, do not map reads from

organisms other than the target organism. In Chapter 3 we extensively analyze

the impact that such contaminant sequences can have in the final outcomes of

WGS analysis, not only for MTB, but for other 13 pathogenic species.

Shortly after the beginning of my PhD, we recognized the necessity of a tool

to accurately detect and quantify MTB DNA in complex samples. This tool would
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allow me to monitor and optimize the protocols developed for DNA extraction

from sputum samples. The obvious choice was a qPCR assay amplifying a

specific target of MTBC bacteria. However, most of the assays developed to

date were based on loci described as MTBC-specific decades ago. We realized

that analyzing the vast amount of genomic data at hand could identify not only

targets that are completely specific to the MTBC, but also those that meet other

desirable features like genetic conservation or particular physiological functions.

In Chapter 2, we aimed to identify such MTBC-specific markers by analyzing the

genomic data available and develop a qPCR to accurately quantify MTBC DNA.
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Objectives

In short, the objectives of this thesis are:

• To identify novel MTBC-specific markers based on a large-scale

comparative genomic analysis. This part of the work is presented in

Chapter 2 and has been already published in Bioinformatics [106].

• To evaluate the extent of contaminant sequences in WGS experiments and

their impact in variant analysis. To develop a methodology to produce

reliable and accurate results from contaminated data, such as dWGS data.

This part of the work is presented in Chapter 3 and has been already

published in BMC Biology [107].

• To implement an accurate and automated analysis pipeline for both WGS

and dWGS. Described in Chapter 4.

• To develop a methodology to perform dWGS from clinical samples of TB

patients and implement an end-to-end dWGS workflow using the tools

developed. Described in Chapter 4. The work of Chapter 4 has been

accepted for publication in The Lancet Microbe.

Through the following chapters, I will describe the use of high-throughput

sequencing data and genomic analysis in the development and optimization of

clinical applications for tuberculosis diagnosis and surveillance. The rationale

behind the order of the chapters is that, as we will see, the techniques developed

in chapter two (a MTBC-specific qPCR) and chapter three (a method to reliably

analyze contaminated samples), became essential tools to achieve the main

objective of the thesis, which is described in chapter four: performing WGS of

MTB directly from clinical samples.
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Next-generation diagnostics for
tuberculosis: identification of novel
molecular targets by large-scale
comparative genomics

2.1 Introduction

Whereas isolating MTBC bacteria from clinical specimens is a time-consuming

process, rapid molecular tests have the potential to identify the pathogen DNA in

few hours [108, 109]. Over the years, many different molecular assays have

been developed for the specific detection of MTBC and its differentiation from

NTM [110]. Most of these assays are based on the PCR amplification of

genomic targets that are thought to be specific to the MTBC, like the insertion

sequence IS6110, or rely on the design of specific primers that amplify

conserved bacterial regions such as the rpoB or rrs genes. Most of these

markers were identified in the nineties and have not been evaluated in the light

of current genomic databases. In addition, several shortcomings are known for

the different assays targeting current MTBC markers, being of special concern

the lack of specificity and sensitivity [110].

The development of new molecular tools for TB diagnosis is an active area of
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research, with many companies involved, looking for the endorsement of the

WHO [54]. The most successful example has been the Xpert MTB/RIF test

[111], which was endorsed by the WHO back in 2010 for TB diagnosis, and

recommended as the first-line diagnostic in 2017 [112]. The Xpert assay

amplifies a conserved region within the rpoB gene to detect both MTBC DNA

and drug resistance mutations to rifampicin. With the aim of improving its

sensitivity, the new Xpert MTB/RIF Ultra assay also amplifies the MTBC insertion

sequences IS6110 and IS1018. However, these insertion sequences were

described as MTBC-specific decades ago [113, 114] and several studies have

shown them to be present in non-MTBC organisms while some MTBC strains

are known to lack any copy [115, 116, 117, 118] . The fact that the novel assays

developed are still based on the amplification of loci that are not specific to the

MTBC, highlights the need for the discovery of novel and specific MTBC targets.

Analyzing omic data has been proven to be an effective strategy for the

identification of species-specific markers in several organisms

[119, 120, 121, 122, 123, 124]. In the field of tuberculosis, large-scale omic

studies have been conducted to identify new biomarkers that are present in

patient samples as response to tuberculosis infection and genetic markers that

are associated with drug-resistance [125, 126, 127, 97, 59]. In contrast,

comparative genomics studies identifying Mycobacterium tuberculosis

complex-specific loci have been scarce and based either on limited

mycobacterial genome databases or on selection criteria that does not assure

specificity [128, 129]. Furthermore, none of the approaches have analyzed the

genetic diversity of the markers using a representative global collection of MTBC

strains, a key feature for a universal diagnostic target.

In this chapter, we perform a large-scale comparative genomic analysis to

provide a catalog of MTBC-specific loci that will be of great utility for the scientific

community working on the development of new research and clinical tools for

tuberculosis. We assess the global diversity of each MTBC-specific gene among

a comprehensive dataset of more than 4,700 MTBC strains, spanning all known
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lineages in which MTBC is divided, showing the value of using genomic data to

identify the best targets for diagnostic assays. Based on our analysis, we develop

a qPCR assay capable of quantifying MTBC DNA with 100% specificity.

2.2 Methods

In silico identification of MTBC-specific diagnostic markers

First, we aimed to identify loci that are present in all MTBC variants but not in any

other known organism. To identify MTBC-specific loci, we used blastn [130] to

look for all the genes of the tuberculosis reference strain H37Rv (NC 000962.3)

in the NCBI nucleotide non-redundant database (accessed October 2018) and a

custom database comprising 4,277 NTM assemblies (detailed below). We filtered

the results with a set of stringent parameters that allowed us to provide a diverse

catalog of MTBC-specific loci. We focused on the identification of loci having large

fractions with no homology outside the MTBC or alignments with low identities,

thus enabling the development of highly specific molecular assays minimizing the

risk of cross-reaction. We analyzed loci instead of genomic fragments as they are

functional units that tend to be more conserved across MTBC strains. We kept

loci that aligned with query coverages below 60% and identities lower than 80%.

In addition, we also kept genes with query coverages below 25% disregarding

the identity of the alignment. In this way we retained loci containing conserved

domains across species but with no global match with genes of other species.

Finally, we only considered loci that were present in all the variants of the MTBC

species genomes in the database.

BLAST searches and databases

To build the NTM custom database, 4,277 assemblies of NTM species were

downloaded and used to build a BLAST database (publicly available at zenodo

with doi:10.5281/zenodo.3374377). These assemblies comprised all the
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Mycobacterium genomes deposited in the RefSeq and GenBank databases

(October 2018), excluding MTBC species. To perform the BLAST searches, we

used the blastn algorithm (instead of megablast) with a word size (seed) of 7 bp

for maximum sensitivity. We found this to be relevant as both local and

web-based blast tools use the megablast algorithm with a word size of 28 bp by

default, hence only looking for highly similar sequences. The specific command

lines used are detailed in the appendix at the end of this book.

Genetic diversity and known properties of the MTBC-specific
loci identified

Once we identified the MTBC-specific loci, we assessed their genetic diversity in

circulating MTBC strains. To do this, we analyzed the polymorphisms (single

nucleotide polymorphisms [SNPs] and indels) observed at each position across

a dataset comprising 4,766 genomes of MTBC strains [131]. In the case of

indels, we only considered positions showing an indel in at least 10 strains (0.2%

of the database) to avoid the noise introduced by single-strain indels spanning

large genic regions. Finally, we looked for available information of these genes in

the bibliography, what allowed us to discard some candidates based on their

genomic context and provide extended information about their physiology. We

gathered transcriptomic and proteomic data derived from different published

studies: transcriptomic data in response to overexpression of 206 transcription

factors [132], different genotoxic stresses [133] and response to nitric oxide

stress at different time-points [134], as well as proteomic data in response to

nutrient starvation [135].

Set-up of a MTBC-specific qPCR assay for DNA detection and
quantification

We selected one of the MTBC-specific targets to set up a qPCR assay for the

detection and quantification of MTBC DNA. To select the target for the assay, we
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took into consideration the number of polymorphisms per base, the absence of

high-prevalent polymorphisms, the gene length and its genomic context. We

designed the primers and probes for the assay using the web tool Primer-BLAST

[136]. The qPCR assay consisted on the amplification of a 65 bp region within

the Rv2341 gene using the following primers: Forward-GCCGCTCATGCTCCTTGGAT,

Reverse-AGGTCGGTTCGCTGGTCTTG, Probe-TGAGTGCCTGCGGCCGCAGCGC. To test the

specificity of the assay we performed qPCR experiments with DNA from all

MTBC lineages (with exception of lineage 7 due to unavailability) selected from

the MTBC reference dataset described in [137], human DNA, a mock sample

with mixed DNA from 20 different bacterial species (ATCC® MSA-1002™) and

15 different species of NTM. The ATCC® MSA-1002™ standard includes DNA

from A. baumannii, A. odontolyticus, B. cereus, B. vulgatus, B. adolescentis, C.

beijerinckii, C. acnes, D. radiodurans, E. faecalis, E. coli, H. pylori, L. gasseri, N.

meningitidis, P. gingivalis, P. aeruginosa, R. sphaeroides, S. aureus, S.

epidermidis, S. agalactiae and S. mutans. The NTM species tested were M.

abscessus, M. avium, M. chelonae, M. fortuitum, M. gastri, M. gordonae, M.

intracellulare, M. kansasii, M. lentiflavum, M. marinum, M. mucogenicum, M.

smegmatis, M. szulgai, and M. vaccae. In addition, we evaluated the

performance of the assay detecting MTBC DNA in a small test set of clinical

samples. We used DNA extracted from 12 homogenized sputum samples from

confirmed TB patients, two of them with negative smear microscopy. The

reaction efficiency was calculated with decreasing concentrations of H37Ra

DNA.

Conditions of the qPCR assays

All the qPCR reactions were carried out using hydrolysis probes chemistry

(FAM/BHQ) in a total volume of 20ul, containing 10ul of Kapa Probe Fast Master

Mix 2X (Kapa Biosystems), 250 mM of each primer, 350 mM of probe and 1 ul of

sample at a concentration of 0.5 ng/ul. All were performed in a Roche

Lightcycler 96 (Roche Diagnostics), with three replicates per sample and
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including reactions with no template as negative controls. The conditions for

each assay comprised an initial denaturation step at 95ºC for 3 minutes, followed

by amplification cycles as follows: 20 seconds at 60ºC for annealing, 1 second at

72ºC for extension, and 10 seconds at 95ºC for denaturation. For the setup we

used 55 cycles of amplification to allow the full saturation of the curves and to

observe any artifactual fluorescence produced in late cycles. The results were

analyzed with LightCycler 96 ® 1.1 software. Triplicates of each assay were

carried out to check the reproducibility.

DNA extraction from NTM cultures

Available cultures of different NTM species were subcultured in 7H11 solid agar

media and then the DNA extracted following the standard CTAB protocol [138]

with an inactivation step of 1 hour at 80ºC. Extraction of MTB DNA from clinical

specimens is described in detail in chapter 4. DNA concentrations were

measured with the Qubit fluorometer (dsDNA high-sensitivity kit) and samples

with a concentration higher than 0.5 ng/ul were normalized to 0.5 ng/ul. All the

samples were handled in a Biosafety Laboratory Level 3 (BSL-3) until DNA was

extracted and purified.

Ethics approval

The clinical specimens used in this study were collected as part of the

surveillance program of communicable diseases by the General Directorate of

Public Health of the Comunidad Valenciana and, as such, fall outside the

mandate of the corresponding Ethics Committee for Biomedical Research. All

personal information was anonymized and no data allowing individual

identification was retained.
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2.3 Results

A catalog of MTBC-specific markers

We identified 40 genes to be uniquely present in members of the MTBC

according to our filtering parameters (Figure 2.1; Table 2.1). The median

number of SNPs per base (across 4,766 MTBC strains) was of 0.07, with some

of these genes showing either higher or lower diversities (up to 0.10 and 0.04

SNPs/base respectively). Importantly, although most of the polymorphisms

analyzed were strain-specific, we observed high prevalent polymorphisms as

well. For instance, Rv0610c showed a SNP present in 4,182 strains and

Rv2823c showed an insertion in 4,345 strains. Most of these genes are of

unknown function and had never been characterized. Only six had hypothetical

products according to the Mycobrowser database [139]. Rv0033 (acpA) is a

hypothetical acyl carrier protein; Rv0035 (fadD34) a fatty-acid-CoA synthase;

Rv0112 (gca) a GDP-D-annose dehydratase; Rv2142c (parE2) and Rv2274c

(mazF8) toxins; and Rv2341 (lppQ) a lipoprotein.
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Figure 2.1: The 40 MTBC-specific loci identified. Gene names in red indicate the
10 loci that were discarded as diagnostic markers for being within regions of difference
(Rv2274c and Rv2816c-2820c), associated to CRISPR (Rv2816c-2823c) or duplicated in
the genome (Rv3424c). Concentric circles represent different genetic diversity metrics.
Outer heatmap: number of SNPs per base. Blue circle: prevalence of each SNP of each
gene across the database of MTBC strains. Inner, red circle: prevalence of each indel of
each gene across the database of MTBC strains. Note that both inner circles have two
scales, one from 0 to 300 strains and other from 300 to 4,800 strains. The region of the
Rv2341 gene amplified in our qPCR assay is indicated in light yellow. Regions of difference
182 and 207 are clearly detected in our analysis, indicated as contiguous deleted regions
in a high number of strains.
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Among the initial 40 MTBC-specific genes, 9 were discarded as potential

diagnostic markers since they were included in large genomic deletions known

as regions of difference (RD) 182 (Rv2274c) and RD 207 (Rv2816c-Rv2820c)

[140] or were in variable genomic regions associated with CRISPR elements

(Rv2816c-2823c) [141]. Another gene, Rv3424c was also discarded as we

found it to be duplicated in a labile genomic region, between the transposase of

the insertion sequence IS1532 and PPE59. Therefore, the curated list of

MTBC-specific diagnostic markers finally consisted of 30 genes (Figure 2.1;

Table 2.1). When looking at published transcriptomic and proteomic data, we

found that Rv2003c, Rv2142c, and Rv3472 proteins are produced in greater

levels (6.19, 3.6 and 100-fold respectively) when the bacteria is subjected to

starvation, and that Rv2003c is also overexpressed upon treatment with nitric

oxide (Supplementary Table 8.1).

MTBC
marker

Gene
length

SNPs
per
base

Median
Polymorphism
prevalence

Most
Prevalent
SNP

Most
Prevalent
Indel

Rv0033 264 0.08 1 29 231

Rv0034 396 0.08 2 378 7

Rv0035 1689 0.10 1 1148 103

Rv0112 957 0.10 1 505 5

Rv0610c 1158 0.07 1 4182 46

Rv0698 612 0.05 2 907 886

Rv1046c 525 0.06 1 1148 42

Rv1049 447 0.07 1 16 13

Rv1374c 459 0.08 2 73 14

Rv1499 399 0.06 1 31 15

Rv1669 363 0.06 1 22 82

Rv1725c 711 0.08 1 37 178

Rv2003c 858 0.08 1 505 92

Continued
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MTBC
marker

Gene
length

SNPs
per
base

Median
Polymorphism
prevalence

Most
Prevalent
SNP

Most
Prevalent
Indel

Rv2142c 318 0.07 1 84 4

Rv2269c 333 0.07 1 25 11

Rv2274c 318 0.10 45 1143 55

Rv2307A 192 0.04 1 7 3

Rv2309A 288 0.08 1 6 6

Rv2336 969 0.07 1 505 18

Rv2341 420 0.07 1 30 65

Rv2432c 411 0.05 1 12 50

Rv2491 624 0.08 1 50 11

Rv2492 753 0.07 1 2120 43

Rv2662 273 0.06 2 85 2

Rv2767c 354 0.07 2 4 9

Rv2816c 342 0.05 160 16 181

Rv2817c 1017 0.06 162 159 184

Rv2818c 1149 0.04 156.5 86 237

Rv2819c 1128 0.06 149 29 175

Rv2820c 909 0.06 138 874 486

Rv2821c 711 0.06 1 44 12

Rv2822c 375 0.07 2 7 8

Rv2823c 2430 0.05 1 421 4345

Rv2929 312 0.07 1 14 5

Rv2960c 249 0.08 1 30 3

Rv3322c 615 0.06 2 85 20

Rv3424c 363 0.06 3 1089 3586

Rv3472 507 0.07 1.5 93 20

Rv3566A 267 0.08 1 37 4

Continued
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MTBC
marker

Gene
length

SNPs
per
base

Median
Polymorphism
prevalence

Most
Prevalent
SNP

Most
Prevalent
Indel

Rv3770c 576 0.08 1 2120 24

Table 2.1: Genetic diversity measures for the 40 MTBC-specific loci. Diversity measures
are based on the analysis of 4,766 strains representative of the global MTBC diversity.
Note that the number of polymorphisms include both SNPs and indels. Prevalence is
measured in number of strains harboring a particular polymorhism. Rv2341 was selected
as an amplification target to develop a specific qPCR. Rv2274c (in RD182), Rv2816c-
Rv2823c (in RD207 and associated to CRISPR), and Rv3424c (duplicated) were discarded
as diagnostic targets.
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A specific qPCR assay for MTBC DNA quantification

Based on our genomic analysis, we set up a qPCR assay targeting the Rv2341

gene. This gene, described as “probable conserved lipoprotein lppQ” in the

Mycobrowser database [139], is situated in a stable genomic region, between

the asparagine tRNA and the gene of the DNA primase. As shown in Figure 2.1,

we were able to design an optimized set of primers avoiding prevalent

polymorphisms. The specificity of the assay was 100% since no cross-reaction

was observed with non-MTBC samples. Fluorescence was occasionally

detected for some non-MTBC samples in cycles beyond Cq 35 (Figure 2.2).

This only happened for 1/9 replicates of the mock bacterial DNA and 16/135

replicates of NTM. Importantly, no NTM sample amplified consistently between

replicates, indicating that fluorescence in late cycles are not due to non-specific

amplifications but likely to cross-contamination or qPCR artifacts.

Figure 2.2: A specific qPCR assay for MTBC DNA targeting Rv2341. a) Cq values for
MTBC samples of different lineages in red; sputum samples from confirmed TB patients in
magenta; and non-MTBC samples in blue. b) Standard curve for the assay with decreasing
concentrations of pure H37Ra DNA (from 10ng/ul to to 1e-5 ng/ul). The reaction efficiency
was 100% (2.01). In both panel a) and b) points represent the mean Cq value of the three
sample replicates in each of the three replicated experiments.
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As shown, the sensitivity of the assay in our small test set was 100%, since

we were able to detect MTBC DNA in all TB patient sputa, including 2 confirmed

TB cases with a negative smear microscopy (Figure 2.2a). The standard curve

using purified H37Ra DNA showed an efficiency of the reaction of 100% (2.01)

with a limit of detection of 10fg (at Cq 34.43), hypothetically corresponding to

2 genome equivalents (Figure 2.2b). Based on these observations, any result

beyond Cq 35 should be considered negative and, therefore, the final setup of

our qPCR assay consists in 35 amplification cycles.

2.4 Discussion

Identification of MTBC markers has been an active area of research over the last

decades. It is striking that, for such a relevant disease, for which tons of genomic

data is already available, the identification of MTBC-specific genes had been

relegated to the background. So far, efforts have been focused on the design of

MTBC-specific primers and the optimization of assay conditions based on

targets identified even decades ago. Recently, Zhou et al. analyzed one loci

widely distributed across mycobacteria, the ku gene, against a database of more

than 7,000 genomes and assessed its suitability to identify several mycobacteria

species including MTBC [142]. Other works have developed molecular assays

based on targets that are claimed to be MTBC-specific, with some of them also

trying to identify MTBC-specific loci by using different strategies, including

comparative genomics [129, 128]. However, the targets described until now are

far from specific (Table 2.2; Supplementary Table 8.2), most likely due to the

limited datasets analyzed and permissive selection criteria.

Our analysis addresses these limitations by analyzing large genomic

datasets and using stringent selection criteria to provide a diverse catalog of

highly specific MTBC targets to be used by developers of novel molecular assays

for tuberculosis. Importantly, compared with previous efforts, we also analyzed

the genomic diversity of these targets across thousands of strains from all known
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MTBC marker Off-target Query
coverage

Identity Subject accesion

Ag85b
(Rv1886)

M. shinjukuense 100% 87% NZ MVIK01000029.1

ESAT6
(Rv3874)

M. lacus 99% 93% NZ LQPF01000173.1

IS1081 M. xenopi 100% 87% JAOB01000081.1
IS6110 M. arosiense 100% 84% NZ MVHG01000201.1
lepB M. shinjukuense 100% 81% NZ MVIK01000004.1
MPT64 M. kansasii 99% 78% NZ JNDJ01000131.1
mtss90 M. obuense 70% 92% NZ LAUZ02000035.1
Rv0303 M. riyadhense 99% 84% NZ LQPQ01000061.1
Rv1458c M. interjectum 99% 86% NZ FJVQ01000068.1
SenX3-RegX3 M. kansasii 100% 92% NZ CP019888.1

Table 2.2: BLAST best hits with non-tuberculous mycobacteria for markers described as
MTBC-specific

MTBC lineages, since the conservation of the targets is a key feature to ensure

the reproducibility of the diagnostic tests across clinical settings. Strikingly, none

of the markers considered to be MTBC-specific up to date and included in most

diagnostic tests are in our list of unique MTBC genes. For instance, when

examining in which species the IS6110 can be found, we observed several

non-MTBC organisms, including 14 NTMs, carrying at least one copy. The same

is true for IS1081 and mpt64, present in 38 and 6 NTM respectively (Table 2.2;

Supplementary Table 8.2). Based on this analysis, we developed a qPCR assay

capable of quantifying MTBC DNA with 100% specificity and a sensitivity up to 2

genome copies. This qPCR is now the routine tool in our laboratory to accurately

monitor the amount of MTBC DNA in any sample.
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Contaminant DNA in bacterial
sequencing experiments is a major
source of false genetic variability

3.1 Introduction

In our path towards a methodology to perform dWGS of MTB, we had to face

many challenges related to the complexity of the samples and their difficult

handling. We were aware from the beginning that such a protocol should enrich

the MTB DNA in the sample, since DNA extracted from sputum samples

comprehends a mixture of molecules from different respiratory and

oropharyngeal microbiota, and is strongly dominated by host DNA. It was also

clear, however, that sequencing data from organisms other than MTBC would be

present in the final sequencing files, as no enrichment protocol was expected to

perform with 100% efficiency. Therefore, we reasoned that assessing to what

extent non-MTBC (contaminant) sequencing data is present in clinical samples

undergoing dWGS, and whether it can bias the genomic analysis was relevant.

However, anticipating some of the results of this work, we also observed that

some samples sequenced from pure culture isolates also presented contaminant

reads and, most importantly, that this contamination led us to predict false drug-

resistance profiles and to a strongly biased variant analysis. Following this finding,
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we decided to analyze different datasets of MTB generated by different research

groups, and discovered that the presence of contaminant reads was a common

issue, even when sequencing culture isolates. Motivated by our discoveries, we

decided to assess whether contamination was also a common problem in other

bacterial pathogens and to estimate their impact in variant analysis.

Variant analysis is central to many bacterial WGS bioinformatics pipelines.

Incorrect identification of variants can have a major impact on several areas of

microbiological research. Applications based on variant analysis include, but are

not limited to, phylogenetics [143], phylodynamics and dating [144],

genome-wide association studies [145], experimental evolution [146],

epidemiological analyses [147] or drug development [148]. Furthermore, the

frequency at which each variant is observed in a sample can be used to

characterize population genetics processes. Analysis of the allele frequency

spectrum enables the study of population dynamics within a niche or

co-existence of mixed lineages [149]. In the clinical field, variant analysis at a

genomic scale allows the identification of pathogen species and genotypes,

distinguish between relapse and superinfections, or prediction of resistance

phenotypes and transmission links.

While many factors are taken into account when developing SNP calling

pipelines, surprisingly the potential role of contaminants is seldomly considered

[150]. However, misinterpretation of contaminated data can lead to draw

incorrect conclusions about biological phenomena [151, 152]. Genomic

databases are known to encompass contaminated sequences, with assembled

genomes that can contain large genomic regions from non-target organisms

[153, 154]. Strikingly, a recent study revealed that deposited bacterial and

archaeal assemblies are contaminated by human sequences that created

thousands of spurious proteins [155]. While the potential impact of

contamination has been considered in fields like metagenomics or

transcriptomics, most bacterial re-sequencing pipelines lack specific steps

aimed to deal with contaminant data. This situation likely originates from the
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assumption that microbiological cultures are mostly free of contaminant

organisms and that, if any, contaminating sequences hardly map to the

reference genomes or are removed using standard filter cutoffs.

To date, no comprehensive evaluation has been conducted to assess the

extent of contamination and its impact on bacterial re-sequencing pipelines. This

assessment, however, as well as the development of a methodology to

accurately analyze contaminated data, is of special relevance in the context of

this thesis, given that the final aim is to perform dWGS from sputum samples of

TB patients, where a high proportion of DNA comes from organisms other than

MTB.

In this chapter we analyze more than 4,000 WGS samples of 14 different

pathogenic bacteria from 20 different studies to evaluate the extent of

contamination in sequencing experiments and assess their impact in variant

analysis. More than 1,500 samples from 8 studies corresponded to MTB. We

develop two methodologies to deal with contamination in sequencing samples,

and use both real and simulated data to compare a standard bacterial

re-sequencing pipeline with both alternatives. We found that contamination

events are frequent across bacterial WGS studies and can introduce large

biases in variant analysis despite using stringent mapping and variant calling

cutoffs. Importantly, this is not only true for culture-independent sequencing

strategies (dWGS), but also for experiments sequencing from pure cultures. We

demonstrate that removing contaminant reads with a taxonomic classifier allows

the implementation of highly accurate variant calling pipelines, and we validate a

reliable analysis pipeline for WGS/dWGS of MTB, which is central in this thesis.
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3.2 Methods

Datasets analyzed from bacterial WGS studies

In order to detect contamination through different studies and evaluate its impact

in bacterial WGS experiments, we analyzed WGS runs from 20 different studies

(Table 3.1). We considered studies that have been published recently and for

which Illumina sequencing reads were already available for downloading. The

datasets comprised 8 MTB studies and 12 studies of other 13 relevant pathogenic

species. Nineteen of these datasets were publicly available beforehand [156,

157, 158, 159, 160, 161, 162, 163, 164, 165, 166, 167, 168, 169, 170, 171, 172,

173, 174]. To include a dataset generated in our laboratory, we sequenced 138

MTB samples from Mozambique in the Illumina MiSeq platform. A total of 4,194

Illumina runs were analyzed, comprising 1,553 MTB samples (MTB dataset) and

2,641 samples from the rest of organisms (bacterial dataset).
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Contaminant DNA in WGS experiments is a major source of error

Whole genome sequencing of MTB samples from Mozambique

DNA extractions were performed in heat-inactivated samples of MTB

Löwenstein-Jensen cultures with an automated DNA extraction platform

(NucliSENS EasyMag; bioMérieux). Sequencing libraries were prepared with

Nextera XT DNA Library Preparation Kit v3 (Illumina, San Diego, CA) following

the manufacturer instructions. Whole-genome sequencing was performed on the

Illumina MiSeq instrument with 2X300bp paired-end reads multiplexing 24

samples per run. The sequencing runs generated are available at the European

Nucleotide Archive under the accession PRJEB27421.

Contamination assessment using Kraken

In order to assess contamination in each dataset, sequencing reads were

taxonomically classified using Kraken [175] with a custom database comprising

all sequences of bacteria, archaea, viruses, protozoa, plasmids and fungi in

RefSeq (release 78), plus the human genome (GRCh38, Ensembl release 81).

Kraken classifications and Kraken database setup were performed with default

parameters. Since a proportion of reads are expected to be misclassified by

Kraken an thus incorrectly removed as contaminants, we used Bracken [176] to

estimate the number of misclassified reads that could be reassigned to the

target organism (see the appendix).

Analysis pipeline

To analyze WGS data we used a general analysis pipeline for read mapping and

variant calling (a detailed description is provided in the appendix at the end of

this book). In summary, bases with an average quality below 25 in a 20 bp

window were trimmed and reads shorter than 50 bp were filtered. Sequences

were then mapped to the reference genome of each organism using bwa mem

[177]. We used as reference genomes those used by the authors in their
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respective manuscripts when specified, and the representative genome of

RefSeq otherwise (Supplementary Table 8.3). For MTB samples we used the

genome of the inferred most recent common ancestor of the Mycobacterium

tuberculosis complex (available at Zenodo with doi:10.5281/zenodo.3374377).

Alignments with mapping qualities (MAPQ) below 60 were removed. Variants

were then called and filtered using two different set of parameters to call fixed

SNPs (fSNPs) and variable SNPs (vSNPs). The cutoffs to call fSNPs were

minimum depth of 20 reads, with the variant observed in at least 20 reads,

average base quality of 25, p-value cutoff of 0.01, observed in both strands and

minimum frequency of 90%. The cutoffs to call vSNPs were minimum depth of

10 reads, with the variant observed in at least 6 reads, average base quality of

25, p-value cutoff 0.01, observed in both strands and minimum frequency of

10%. We also removed SNPs near indels in a window of 4 bp. For MTB

samples, we used an additional annotation filter to remove SNPs in repetitive

and mobile regions. Additionally, to call fSNPs, we used a density filter removing

SNPs within high-density regions (allowing a maximum of 3 SNPs in 10bp

windows). This filter is commonly used in MTB WGS data since it is not

expected to observe many contiguous variants given the extremely low genetic

diversity of this species.

We compared this general analysis pipeline with two approaches for

contamination removal. The one referred as taxonomic filter consisted in the

removal of contaminant reads after the trimming step, prior to mapping. For MTB

samples, we removed those reads classified by Kraken as any species other

than Mycobacterium tuberculosis complex. In the case of organisms other than

MTB, to be conservative, we removed the reads classified as any organism other

than the target at the level of genus, keeping also those sequences classified as

phages of that organisms. For MTB samples, we additionally evaluated a

method consisting in a custom similarity filter. We tested several combinations

that filtered the alignments based on their similarity, length and mapping quality

(Supplementary Figure 8.1). The similarity filter finally consisted in the removal
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of alignments with length, identity and quality below 40 bp, 97% and 60

respectively.

Additionally, it can be argued that highly contaminated samples are likely to

be detected by basic sequencing quality controls regardless of the

implementation of specific contamination-control analysis. In contrast,

contaminating reads would likely pass unnoticed when enough data from the

target organism is produced and quality parameters like sequencing depth or

genome coverage meet certain criteria. Furthermore, the measures of the

impact of contamination in SNP analysis may be biased by including highly

contaminated data. Thus, for the following analyses we discarded samples with

contamination higher than 50% or depths lower than 40X. Only a minimum of

20X was required for studies sequencing directly from clinical specimens since

in this type of sequencing is expected to sequence samples with lower

coverages and high proportions of contaminant reads.

Generation of simulated datasets

We used the reference genome of each organism to generate simulated

sequencing samples using ART [178]. We generated paired-end sequencing

simulations of 250 and 100 bp using the error profiles of Illumina MiSeq (--ss

MSv3) and Illumina HiSeq (-ss HS20) platforms respectively (see the appendix).

These simulations were generated for the reference genomes of the organisms

analyzed in these studies (Supplementary Table 8.3) as well as for 45 other

organisms (Supplementary Table 8.4). This allowed us to estimate the

proportion of reads that cannot be classified by Kraken up to the genus and

species level for each organism and to generate in silico contaminated samples

(see below).
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Evaluation of the impact of contamination in MTB and methodology
validation

In order to inspect which regions of the MTB reference genome are susceptible

of recruiting non-MTB reads, we mapped the simulated reads from

Supplementary Table 8.4 and then measured the mean sequencing depth

across the genome in 1,000 bp windows. To assess whether false positive SNPs

and drug resistance predictions are produced by these non-MTB mappings, we

generated mock contaminated samples by mixing sequencing reads of the

reference genome with different proportions (5%, 15%, 30% and 70%) of other

organisms corresponding to 12 common contaminants identified in the MTB

dataset. Therefore, any SNP identified when analyzing these samples would be

false positive SNPs imputable to contamination.

In addition, we mapped these mock samples to a modified version of the

reference genome where we introduced random mutations each 100 bp, and all

the drug resistance conferring mutations described as “high confidence” in the

PhyResSE catalog [96]. Therefore, any of the introduced SNPs that were

undetected when analyzing these samples, would be false negative SNPs

attributable to contamination.
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3.3 Results

Contamination is common across WGS studies, even when
sequencing from pure cultures.

To assess the extent of contamination across bacterial WGS studies, we

taxonomically classified the sequencing reads of 4,194 WGS samples from 20

different studies using Kraken, a metagenomic read classifier that has been

extensively used and evaluated in the literature. Out of these, 1,553 samples

corresponded to M. tuberculosis, here referred as the MTB dataset, and 2,641 to

other 13 bacterial species, here referred as the bacterial dataset (Table 3.1).

According to taxonomic classifications, varying levels of contamination with

non-target reads can be found in the different studies (Figure 3.1). From the

bacterial dataset, Legionella pneumophila, Acinetobacter baumannii, Listeria

monocytogenes, Pseudomonas aeruginosa and Neisseria gonorrhoeae studies

showed the expected taxonomic profile from pure-culture isolate sequencing,

since virtually all the reads are classified in their respective target genus. By

contrast, contamination can be clearly found in the rest of studies from this

dataset, with an average of 45% of samples per study having less than the 90%

of the reads coming from the target organism. The Treponema pallidum study

represents an extreme case, with its samples having an average of only 40% of

reads coming from this organism. This result is expected since in this study the

samples were sequenced directly from clinical specimens using a bait capture

strategy. However, high levels of contamination can be found in other studies

where sequencing is performed from pure cultures (Figure 3.1a).

When looking at the MTB dataset, we also observed contamination to be

common across studies (Figure 3.1b). As expected, direct sequencing from

clinical specimens and early positive mycobacterial growth indicator tubes

(MGIT), which are inoculated with primary clinical samples, present higher levels

of contamination in terms of both the number of samples contaminated and the
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Figure 3.1: Proportion of sequencing reads for different organisms across 4,194
WGS samples from 20 different studies. Each dot represents a sample with a given
percentage of sequencing reads coming from the genus indicated in the y-axis. Dashed
lines highlight the target organism of each study. A 0.3 of vertical jitter was applied for
better visualization. Only organisms in a proportion above 2% are shown. a) Studies
of the bacterial dataset. b) Studies of the MTB dataset. The two Enterococcus species
analyzed in the bacterial dataset are shown under the same rectangle as they belong to
both the same genus and the same study.

proportion of non-target reads within them. Common contaminants for these

samples comprise human DNA, and bacteria usually found in oral and
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respiratory cavities like Pseudomonas, Rothia, Streptococcus or Actinomyces,

and can constitute virtually all reads in some samples. However, as observed for

the bacterial dataset, contamination was also detected in studies in which the

sequenced DNA came from pure culture isolates. For instance, Bacillus,

Negativicoccus and Enterococcus represented up to 68%, 58% and 32%,

respectively, of different samples from the KwaZulu study. Strikingly, 17 out of 73

MTB samples from the Nigeria study were identified as Staphylococcus aureus

(92% to 99% of reads). The high-depth dataset was mostly free of

contamination, with the exception of two samples for which 3.32% of A.

baumannii and 2.83% of non-tuberculous mycobacteria (NTM) was identified

(representing 795,887 and 920,379 reads respectively).

A taxonomic filter to selectively analyze non-contaminant reads

To assess the impact of these contamination events in bacterial WGS analysis,

we compared the outcomes in variant calling for each sample before and after

removing contaminant reads as classified by Kraken (taxonomic filter). To

assess whether our Kraken setup can be safely used to remove contaminant

reads across the analyzed datasets, we first estimated the proportion of reads

that can be classified up to the level of species and genus for each organism

using a simulated FASTQ file from the corresponding reference genome. This

analysis was performed with and without excluding the reference genomes from

the database (Table 3.2 and Supplementary Table 8.5). For most of the

organisms more than 99% of the reads could be classified at species level for

250 bp Illumina MiSeq simulations (median = 99.35%; 99.07% excluding the

reference) with the exceptions of K. pneumoniae (97.86%; 97.86% excluding the

reference), S. aureus (95.01%; 94.98% excluding the reference) and T. pallidum

(93.54%; 92.96% excluding the reference). Additionally, excluding the reference

genome caused Enterococcus faecalis to drop from 99.55% to 90.59%. For 100

bp Illumina HiSeq simulations the proportion of reads classified for each

organism was lower in every case (median=98.79%; 97.96% excluding the
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reference) with a dramatic drop for T. pallidum (72.74%; 71.25% excluding the

reference), and with the exception of M. tuberculosis that remained 99.98%. At

genus level, Kraken was able to classify most of the reads of each organism

(median=99.89% and 99.61% excluding the reference for 250 bp simulations;

median=99.77% and 99.1% excluding the reference for 100 bp simulations) with

the exception of S. aureus that remained around 95% in every case and E.

faecalis that was 91.17% after excluding the reference genome. Interestingly, for

T. pallidum, which showed to be the most difficult organism to classify at species

level, 100% of reads were classified at genus level even after excluding the

reference genome. Therefore, to safely analyze the effect that contaminant

reads have in WGS of the bacterial dataset, we applied the Kraken-based

taxonomic filter at the genus level (e.g we removed all non-Acinetobacter reads

from the A. baumannii study).
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Second, we scanned all the WGS samples to estimate the maximum

proportion of reads Kraken is capable of classify as the target organism in real

samples (Table 3.2). In most cases there was at least one sample per bacteria

that could be classified as well as the reference genome (median difference

between real and simulated sequencing of 1% at species level and 0.35% at

genus level). The higher difference was observed for T. pallidum for which the

maximum number of reads classified in a real WGS sample at genus level was

of 94.75%. This is most likely reflecting that sequencing directly from clinical

specimens usually produces contaminated samples.

Third, a fraction of reads that actually come from the target organism may be

misclassified and thus such reads would be incorrectly removed by the

taxonomic filter. In order to estimate the magnitude of this error in our analysis

we used Bracken to calculate the fraction of misclassified reads that were

expected to actually belong to the target organism. Overall, the proportion of

reads incorrectly eliminated by the taxonomic filter as estimated by Bracken was

very low (median=0.11%, IQR=1.32%). This proportion varied between different

organisms (Table 3.3). For example, whereas for several organisms like A.

baumannii only 0.07% of the reads eliminated by the taxonomic filter are

estimated to actually belong to Acinetobacter, in the case of K. pneumoniae, in

which a high proportion of reads remain unclassified or are assigned to

Negativicoccus massiliensis, 3.65% are estimated to actually belong to

Klebsiella.

Finally, as explained in methods, we only analyzed samples with less than

50% contamination and sequencing depth higher than 40X. From the initial 2,641

samples of the bacterial dataset, 2,233 met these criteria (408 had less than 40X

depth and 16 had more than 50% of contamination).
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Organism Unclassified
reads

Esimated
error in
unclassified

Misclassified
reads

Estimated
error in
misclassified

A. baumannii 0.59% 0.06% 0.52% 0.01%
C. difficile 2.39% 0.14% 15.35% 1.15%
E. faecalis 4.69% 0.92% 2.53% 0.44%
E. faecium 3.90% 0.84% 2.85% 0.53%
K. pneumoniae 2.81% 0.91% 7.36% 2.45%
L. pneumophila 0.50% 0.04% 0.06% 0.006%
L. monocytogenes 0.12% 0.05% 0.67% 0.28%
M. tuberculosis
complex

0.07% 0.0002% 0.2% 0.0006%

N. gonorrhoeae 0.03% 0.007% 0.06% 0.01%
P. aeruginosa 0.92% 0.15% 0.75% 0.22%
S. enterica 0.22% 0.15% 3.4% 2.1%
S. aureus 1.33% 0.6% 4.05% 2.04%
T. pallidum 0.31% 0% 67.32% 0%
V. cholerae 4.37% 0.23% 0.97% 0.07%

Table 3.3: Proportion of unclassified reads and misclassified reads that are estimated
by Bracken to actually belong to the target genus. We considered as misclassified those
reads that were classified as anything other that the target genus
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Contamination impacts bacterial WGS analysis

The expected effect of contaminant read mappings is to produce mixed calls,

leading to the identification of false positive vSNPs. These false positive calls

alter the frequencies calculated, which might also produce false negative fSNPs

by lowering the frequency below the threshold set to call fixed variants

(Supplementary Figure 8.2). Overall, there was a high correlation between

removing vSNPs and recovering fSNPs (Pearson correlation coefficient = 0.76)

(Figure 3.2). However, not all contaminant reads map to positions with fSNPs

and, in fact, for 405 samples (18%) the taxonomic filter only removed false

positive vSNPs. Similarly, in 38 samples (3%) we observed the recovery of at

least one false negative fSNP without removal of vSNPs. Notably, we did not

observe a correlation between the number of vSNPs removed and the degree of

contamination of a sample (Pearson correlation coefficient = -0.06) (Table 3.4).

This result suggests that the impact in variant analysis is highly dependent on

the identity of both the contaminant and the target organisms, rather than the

amount of contaminating reads.

Overall, the impact of removing contaminant reads on vSNP and fSNP

inference depended heavily on the species considered. For example, virtually no

change was observed for N. gonorrhoeae samples (Table 3.4, Figure 3.3) while

a mean of 89 vSNPs were removed and 57 fSNPs recovered for A. baumannii

samples. The greatest change was observed for K. pneumoniae, S. aureus and

Salmonella enterica datasets. However, in these cases the impact of

contaminant reads might be overestimated due to the incorrect elimination of

target reads by the taxonomic filter. Given that in many WGS applications

genetic variants are not analyzed on a sample basis but across the entire

dataset, we evaluated the impact of contaminant reads on polymorphic positions

called across datasets. On average, the total number of polymorphic positions

was reduced by 1.51% for fSNPs (range 0% - 6%) and 8.67% for vSNPs range

(0% - 41%) (Figure 3.3, Table 3.5).
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Contaminant DNA in WGS experiments is a major source of error

Figure 3.2: Correlation between the number of vSNPs removed and the number of
fSNPs recovered after contamination removal with the taxonomic filter.
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Figure 3.3: Fraction of polymorphic positions with vSNPs removed after applying
the taxonomic filter.
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We also observed a small proportion of fSNPs to be systematically removed

by the taxonomic filter (median=0.2% of fSNPs, ranging from 0% to 5.6%

between studies; Supplementary Table 8.6). Those positions can be considered

false negatives introduced by the pipeline, including inconsistencies of the

mapping software, and the inability of Kraken to classify a small proportion of

reads disregarding their similarity to the reference genome. We observed this to

occur mostly in low coverage regions that could be the result of, for instance,

hard-to-map regions like repetitive elements or different strains coexisting in the

same sample one of which has a deletion. In such regions, eliminating only one

read can lead to greater differences in frequencies making the position fall below

the required thresholds to call a fSNP (Supplementary Figure 8.2).

Most of the fSNPs incorrectly removed after the taxonomic filter were caused

by the inability of Kraken to classify some reads up to the level of genus. This

behaviour is a known limitation of the taxonomic classifiers for conserved regions

among bacteria. However, in many cases the incorrectly eliminated sequences

corresponded to reads mapped with 100% identity to the reference genome and

surrounded by other sequences that were classified, even at the level of species,

despite having several SNPs (Supplementary Figure 8.2d). This is probably due

to the fact that, for some reads, the k-mers in which they are decomposed, do

not allow Kraken to classify beyond a given taxonomic level, disregarding the

sequence diversity. However, since the immediate contiguous reads can be

correctly classified, this bias is normally compensated by the sequencing depth.

Unexpectedly, we also observed an inconsistency of the mapping software

(bwa-mem) to be responsible for a small fraction of the SNPs that are either

removed or recovered after applying the taxonomic filter. In these cases, we

observed that the number of supporting reads at a given position differed in one

read despite the fact that none of the reads mapping to that position were

classified as contaminant. Surprisingly, we observed this to be the result of the

exact same read, mapping to the same genomic position, but with different

qualities for the filtered and non-filtered fastq files. The fact that the fastq files
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Study Difference in fSNP
positions

Difference in vSNP
positions

A. baumannii 600 (0.15%) 129 (1.52%)
C. difficile 3,624 (5.84%) 1,437 (10.53%)
E. faecalis* 3,676 (1.94%) 635 (5.61%)
E. faecium* 492 (0.25%) 195 (0.89%)
K. pneumoniae 6,828 (1.17%) 68,246 (23.93%)
L. pneumophila 222 (0.12%) 157 (1.37%)
L. monocytogenes 68 (0.03%) 53 (0.71%)
N. gonorrhoeae 0 (0%) 2 (0.03%)
P. aeruginosa 299 (0.09%) 276 (2.38%)
S. enterica 813 (2.92%) 645 (19.11%)
S. aureus 3,652 (2.14%) 2,082 (3.57%)
T. pallidum 26 (4.47%) 252 (41.17%)
V. cholerae 2,190 (0.55%) 220 (1.84%)
Kwazulu-Natal 1 (0%) 240 (9.22%)
Nigeria 3 (0.32%) 170 (37.11%)
Belarus 0 (0%) 71 (3.42%)
Mozambique 39 (0.32%) 71,309 (92.65%) **
High-depth sequencing 0 (0%) 161 (3.40%)
Sputum capture-sequencing 124 (2.19%) 28,452 (95.11%)
Sputum direct-sequencing 24 (0.49%) 3,686 (83.79%)
MGIT sequencing 19 (0.11%) 517 (18%)

Table 3.5: Difference in the number of non-redundant variant positions within a
dataset between the basic and the taxonomic-filtered pipeline. *E. faecalis and E.
faecium are analyzed by separate but belong to the same study. **In the Mozambique
study one sample contaminated with 20% of Mycobacterium sinense contributed with
72,354 variant positions. The difference observed for the Mozambique study when
disregarding this sample was of 927 vSNP positions (20.1%).
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are different (because some reads are removed in the filtered fastq), makes bwa

to produce different results for a small number of reads (between 1 and 6 in our

tests), that are filtered because of the mapping quality cutoff (60). We confirmed

this behaviour by randomly sorting and mapping different times a set of fastq

files (tested versions 7.10, 7.12 and 7.17). This is likely due to the heuristics

implemented in the seed-and-extension algorithm of bwa mem.

Interestingly, we observed Negativicoccus massiliensis to be present at high

proportions in several datasets. Analyzing a subset of these reads using the

NCBI blast utility revealed that they present nucleotide similarity with eukaryotic

organisms (e.g Cyprinus carpio and Plasmodium vivax). Despite being

contaminant reads, their classification as N. massiliensis is clearly artifactual,

probably due to the absence of eukaryotic organisms in our database other than

Human. Similarly, Kraken left a high proportion of reads unclassified in many

samples. This could be mainly due to either the absence of the organism from

the database, or sequences that Kraken cannot classify up to the level of genus,

for instance when analyzing organisms with high genetic diversity. Indeed, when

using the NCBI blastn to search a random subset of unclassified reads in the

non-redundant database (nr), we observed three main patterns. Reads that

either did not produce significant matches with any organism, or came from

eukaryotes not present in our Kraken database; reads that produced partial

alignments with many different taxa; and reads that produced good alignments,

even with the target organism, but having alignment identities below 90%, what

makes Kraken unable to find exact matches of 31 base pairs.

Implementation of a contamination-aware analysis pipeline:
Mycobacterium tuberculosis as a test case

The analysis of the bacterial dataset revealed that contaminant reads can have a

major impact in bacterial diversity estimations. It is clear, however, that a unique

approach might not be appropriate for all organisms and that implementations of
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contamination-aware pipelines must take into account the genetic particularities

of each organism and rely on comprehensive validations. Following the analysis

of the bacterial dataset, we implemented and extensively evaluated two

contamination-control approaches on top of a specific analysis pipeline for M.

tuberculosis, which is the pathogen our laboratory is focused on. We tested the

Kraken-based taxonomic filter at species level (Mycobacterium tuberculosis

complex) and a similarity filter that removes read mappings with identity, length

and mapping quality below 97%, 40 bp, and 60 respectively. We tested both

approaches using simulated and real sequencing runs. In first instance, we used

in silico simulated experiments to evaluate how non-MTB reads are mapped to

the MTBC reference genome and quantify the false positive and negative SNPs

that arise as a consequence. We mapped sequencing simulations of 45

organisms to the MTBC reference genome, including oral and respiratory

microbiota, clinically common NTM, and human reads. As expected, conserved

genes like the 16S, rpoB, or the tRNAs, constitute hotspots where contaminant

sequences are frequently aligned. However, non-MTB alignments are not only

produced in these regions but across the reference genome (Figure 3.4a). This

is dependent on the phylogenetic relationship of the contaminant organism to

the one being studied. Non-tuberculous mycobacteria represent the best

example of this, as their read mappings can produce high sequencing depths

along the MTB reference genome. Remarkably, human reads, which are a

frequent concern in clinical samples, did not produce alignments at all.

Next, we evaluated the performance of the taxonomic filter and the similarity

filter using in silico contaminated samples. Whereas both approaches reduced

the number of non-MTB mappings, the taxonomic filter showed the best

performance, eliminating all non-MTB alignments with the only exception of a

proportion of Mycobacterium avium reads. Accordingly, the number of false

positive vSNPs due to contaminants was reduced with both methods, but in the

case of the taxonomic filter almost all erroneous SNP calls were eliminated

(Figure 3.4b). Only contamination with M. avium, a closely related bacteria,
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Figure 3.4: Mapping of non-MTB reads across the MTB reference genome
impacts variant calling. a) Mean sequencing depth along the MTB reference genome
across 1,000 bp windows when mapping 1,500,000 simulated reads of non-tuberculous
mycobacteria species and organisms other than mycobacteria (OTM). For OTM, the 10
organisms that produced higher sequencing depths are shown. b) Number of false-
positive vSNPs and false-negative fSNPs (note logscale) in samples in silico contaminated
with different proportions of non-MTB organisms when following three different analysis
pipelines (taxonomic filtering, similarity filtering and a standard pipeline including a
mapping quality filter [MAPQ 60]).

compromised its performance. Nonetheless, the errors observed were notably

lower than when only using a mapping quality threshold (60 in this work). For
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example, when a 5% of M. avium was present, the 3,325 false positive vSNPs

and 51 false negative fSNPs identified were reduced to 24 and 9 respectively

after applying the taxonomic filter. The few false negative fSNPs observed in

Figure 4b that are systematic between all methods, were due to some positions

next to hard-to-map regions that do not pass the coverage cutoffs required to

call a fSNP in contaminated samples.

Remarkably, even a 5% of contaminating reads can introduce a large number

of false positive vSNPs. As expected, the erroneous calls produced by such

small contamination events fall mainly in conserved regions. However, in

agreement with the results shown in Figure 3.4a, spurious SNPs can be called

across the genome (Figure 3.5). Importantly, it is precisely because many of the

contaminant alignments are produced in conserved genes that we predicted

false antibiotic resistances, including well-known mutations to first line drugs in

MTB treatment (Table 3.6).

Figure 3.5: Contamination can lead to incorrect calls across the M. tuberculosis
genome. Number of positions (in 1,000 bp windows) with false-positive SNPs arising from
5%, 15%, 30% and 70% contamination with different organisms in mock contaminated
MTB WGS samples.
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Contaminant Proportion Mutation Gene; Drug

R. mucilaginosa Starting at 5% 1473247 C>A (HC, new) rrs (16S);SM
1473329 G>T (HC;
described)

A. oris Starting at 15% 761154 T>A (LC, new) rpoB; RIF
761155 C>G (HC,
described)

M. abscessus Starting at 15% 761098 G>C (LC, described) rpoB; RIF

M. avium Starting at 15% 6738 C>A (HC, described) gyrB; FQ
6742 A>G (HC, new)

Starting at 70% 761098 G>C (LC, described) rpoB; RIF

M. chimaera

Starting at 15% 6742 A>G (HC, new) gyrB; FQ

Starting at 30%

1834852 C>G (LC, new) rpsA; PZA

4243245 G>C (LC, new) embA; EMB

4247729 G>C (HC, new) embB; EMB
4247730 G>C (HC,
described)

Starting at 70% 2289100 T>G (HC, new) pncA; PZA

M. fortuitum

Starting at 15% 761111 C>T (LC, new) rpoB; RIF

Starting at 30% 1834852 C>G (LC, new) rpsA; PZA

Starting at 70% 761098 G>C (LC, described) rpoB; RIF

1918494 T>C (LC, new) tlyA; CPR

M. kansasii
Starting at 15% 761098 G>C (LC, described) rpoB; RIF

1834852 C>G (LC, new) rpsA; PZA

Starting at 30% 781687 rpsL; SM

Starting at 70% 1918494 T>C (LC, new) tlyA; CPR

Table 3.6: Evaluation of false drug resistance predictions in mock contaminated
samples. Positions in which mutations have strong statistical association with drug-
resistant phenotypes are indicated as high-confidence (HC), or low-confidence (LC)
otherwise. SNPs indicated as new correspond to undescribed variants produced
in positions associated to DR phenotypes. AMK (Amikacin); CPR (Capreomycin);
EMB (Ethambutol); ETH (Ethionamide); FQ (Fluoroquinolones); INH (Isoniazid); KAN
(Kanamycin); LZD (Linezolid); PAS (Para-aminosalicylic acid); PZA (Pyrazinamide); RIF
(Rifampicin); SM (Streptomycin).
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Region Sequencing
depth difference
(mean)

Annotation

1,472,000:1,472,999 113.82X rrs
1,475,000:1,475,999 20.52X rrl
1,473,000:1,473,999 12.56X rrs
1,476,000:1,476,999 8.53X rrl
1,474,000:1,474,999 3.47X rrl
1,471,000:1,471,999 2X murA
3,705,000:3,705,999 1.66X sdhA
1,649,000:1,649,999 1.28X Rv1461
932,000:932,999 1.13X Intergenic

Table 3.7: Genomic regions (1,000 bp windows) with a coverage decrease greater
than 1X after taxonomic filtering for 984 samples of the MTB dataset with more than
99% of reads classified as MTB.

We also evaluated whether these filters systematically remove sequencing

reads from particular genomic regions leading to biases produced by the

methodology itself. To do so, we analyzed the mean sequencing depth obtained

across the genome, before and after applying the filters, for all the samples of

the MTB dataset that have less than 1% of contamination (984 samples; 78% of

the samples analyzed). Importantly, we observed the taxonomic filter to

systematically remove sequencing reads coming from the 16S gene due to the

inability of Kraken to classify many reads coming from this gene up to the level of

species. However, for the rest of the genome it showed an excellent

performance, with virtually no differences in depth, even for conserved regions

like the rpoB gene (Table 3.7). On the contrary, the similarity filter produced a

systematic decrease in depth across the genome. In 97% of the genome the

sequencing depth was reduced more than 1X, with several regions showing

larger decreases (Table 3.8).
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Region Sequencing
depth
difference
(mean)

Annotation

2,266,000:2,266,999 49.45X Rv2019,Rv2020c,Rv2021c
336,000:336,999 26.73X PE-PGRS3,PE-PGRS4
4,383,000:4,383,999 23.86X Rv3897c,Rv3898c
2,137,000:2,137,999 19.74X Rv1887,Rv1888c
3,119,000:3,119,999 19.27X Rv2813. Intergenic region (Rv2813-Rv2814c)
3,750,000:3,750,999 18.89X Rv3347c (PPE Family protein)
467,000:467,999 18.35X Rv0387c, Rv0388c (PPE Family protein)
2,421,000:2,421,999 17.46X Rv2159c, Rv2160c
3,843,000:3,843,999 17.16X Rv3426 (PPE Family protein), Rv3427c
3,296,000:3,296,999 17.13X Rv2946c, Rv2947c (pks15)

Table 3.8: Top ten genomic regions (1,000 bp windows) with greater coverage
decrease after applying the similarity filter for 984 samples of the MTB dataset with
more than 99% of reads classified as MTB.

Impact of contamination in clinical WGS samples of
Mycobacterium tuberculosis

After evaluating the performance of the taxonomic and similarity filters, we used

them to remove contaminants in a dataset comprising 1,553 MTB WGS samples

from eight different studies. As done for the bacterial dataset, we only analyzed

samples with at least 50% of reads classified as Mycobacterium tuberculosis

complex and 40x of median sequencing depth (20X for direct sequencing from

clinical specimens) to discard heavily contaminated samples (1,267 samples,

81.6% of the MTB dataset). Given that the taxonomic filter showed to be

extremely conservative with all genomic positions except the 16S gene, we

discarded from the following analyses any SNP called in this region (rrs, rrl, rrf ).

Therefore, the differences observed in variant analysis when applying this filter

can be attributed to noise introduced by contaminations. In accordance, we

expected no differences in variant calling in samples not affected by

contamination.

When analyzing real WGS MTB samples with the taxonomic filter, we
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observed no variant change for 788 samples (62% of the samples analyzed).

Importantly, this agreement was true for samples with low levels of contamination

(less than 1%) but also for samples with higher number of contaminant reads (up

to 31%) from organisms genetically distant to MTB. Overall, the number of SNPs

either removed or recovered after applying the taxonomic filter were independent

of the level of contamination of a sample (Pearson correlation coefficient = 0.03).

Altogether, these results strongly support that the changes observed in variant

analysis after applying the taxonomic filter can be attributed to noise introduced

by contaminants rather than a methodological bias. On the contrary, the

similarity filter always remove variant positions, even for the 984 samples with

99% of MTB. This is in agreement with the higher rate of false negatives

observed in the in silico experiments.

Contaminant read mappings introduce new variants that alter the allele

frequencies. After applying the taxonomic filter, we observed a mean change of

42% allele frequency (median=41%; IQR=36%). As shown in Figure 3.6, the

main consequence of these alterations is the introduction of many false positive

vSNPs, even for samples with contamination as low as 5%. However, altering

allele frequencies can also lead to call false negative vSNPs, and false positive

and negative fSNPs. Among the 38% of samples for which at least one change

was observed, the taxonomic filter removed on average 761.7 vSNPs

(median=18) and 4 fSNPs (median=1), and recovered 1.7 vSNPs (median=1)

and 5.9 fSNPs (median=2). On average, the total number of polymorphic

positions within each study was reduced by 0.4% for fSNPs (range 0% - 2%) and

43% for vSNPs range (3% - 95%) (Figure 3.3, Table 3.5). Applying the

similarity filter removed on average 129.1 vSNPs (median=20) and 6.1 fSNPs

(median=5) and recovered 2.6 vSNPs (median=2) and 2.3 fSNPs (median=2).

Sequencing directly from clinical specimens (dWGS) is subject to greater

alterations in variant analysis (Figure 3.6) since this strategy usually yields

highly contaminated samples and limited sequencing depth. In these cases, the

SNP frequencies are more sensitive to contaminant reads since only few reads
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Figure 3.6: Differences in SNP calling in samples of the MTB dataset between a
standard pipeline and the two contamination-control methodologies tested.

can be responsible for a shift in the frequencies that make a position to fall below

or above the required thresholds to call a variant (Supplementary Figure 8).

However, a high sequencing depth does not guarantee an analysis safe of errors

either. This effect can be observed in the High-depth sequencing study, a work

based on low-frequency variant analysis from samples with more than 1,000X

sequencing depth. In this study, 7 samples out of 63 showed changes in the

SNP analysis after applying the taxonomic filter. On average, 16.9 false positive

vSNPs were removed (ranging from 2 to 42 vSNPs) and for one sample 3 false

negative fSNPs and 2 vSNPs were recovered. Remarkably, no strong

contamination was detected for these samples (with MTB ranging from 96.86%

to 99.84%). For instance, in a sample with as much as 99.84% of MTB, the

taxonomic filter removed 13 false positive vSNPs in 12 different genes across

the genome.
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3.4 Discussion

In this chapter we analyze more than 4,000 WGS samples from 14 different

pathogenic bacterial species to evaluate the extent and impact of contamination

in bacterial WGS studies. We show that presence of sequencing reads from

contaminating organisms is frequent, even when sequencing is performed from

pure culture isolates (Figure 3.3). Regardless of the source of contamination,

the shared consequence is the presence of non-target reads in the sequencing

files that might impact the results of genomic analysis.

We evaluated such an impact and demonstrate that contaminant reads

suppose a pitfall in re-sequencing pipelines, since they are unexpectedly

frequent and can have major implications in variant analysis, which is the

foundation of many genomic analyses. We show that the errors introduced by

contaminations are very variable among different studies, (Table 3.4; Figure

3.2; Figure 3.3; Figure 3.6), which differ not only on the organism being

sequenced but also on the sampling source and laboratory protocols. For

example, in the T. pallidum study, where samples are heavily contaminated, very

little differences are observed in the variant analysis. This stems from the fact

that most of the contamination in this study comes from human reads, unlikely to

map to the T. pallidum genome. On the contrary, for the L. pneumophila dataset,

a sample with 96.27% of Legionella, had 79 vSNPs and 5 fSNPs removed, and

17 fSNPs recovered after filtering a 3% of unclassified reads. According to the

NCBI blast, those reads belonged to Legionella spiritensis. The high impact

observed for the vSNPs, both in terms of absolute numbers and frequencies,

can have large implications in those applications based on the analysis of the

allele frequency spectrum, for example when studying complex traits in bacterial

populations.

The main limitation of this work is that we have based our estimations on the

taxonomic classifications of Kraken. However, taxonomic classifiers are known

to misclassify a proportion of reads that are thus incorrectly identified as
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contaminants. We took into account several considerations to control for the

potential biases in our analysis. Whereas Kraken is computationally expensive,

its performance has been demonstrated in several studies to rank among the

best up to date [179, 180, 181]. Secondly, since distinguishing between closely

related species may be difficult, to be conservative we performed the taxonomic

filter at the genus level instead of species. Additionally, we estimated the error

introduced by Kraken in our own setting, particularly regarding unclassified and

misclassified reads, and showed that the error rate was very low (Table 3.2;

Table 3.3; Supplementary Table 8.5), in agreement with published data.

Despite these measures, we might have under or overestimated the impact of

contaminant reads in some cases. For example, by removing non-target reads at

the level of genus, we might have underestimated the impact of potential

contamination, given that contaminant reads from the same genus (but different

species) are more likely to map to the reference genome and thus impact variant

analysis. Our analysis also showed that Kraken might have overestimated the

number of contaminant reads in some datasets due to, for example, exchange of

genetic material between species (K. pneumoniae, S. aureus, S. enterica) or the

absence of enough genetic diversity in the database. These limitations highlight

that different implementations of contamination-control strategies should be

extensively evaluated and validated for different organisms, settings and

applications.

We perform such an evaluation for the pathogen our laboratory is focused on:

M. tuberculosis. In addition to the taxonomic filter, we evaluated a second

contaminant filtering approach based on the similarity of the read alignments. In

this case, the Kraken-based taxonomic filter clearly outperformed the similarity

filter, what is probably true for other organisms with representative genomes in

the databases and moderate genetic diversities (Figure 3.4, Figure 3.5, Table

3.7; Table 3.8). The analyses for MTB reveal a large number of variants

introduced by contaminants with downstream consequences. Remarkably, we

show that contamination can introduce substantial errors in samples that could
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be considered “pure” or with high sequencing depths, implying that

contamination-aware pipelines will be needed in any circumstance.

In our laboratory, taxonomic filtering is now performed by default for all MTB

WGS analyses.
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Implementation of a complete
dWGS workflow for high-resolution
genomic epidemiology and drug
resistance prediction of M.
tuberculosis

4.1 Introduction

As we have previously introduced, in this chapter we will address the main and

ultimate objective of this thesis: to develop a method that allows a complete

whole-genome sequencing analysis of MTB directly from clinical specimens. At

this point, we have thoroughly discussed about the advantages and outstanding

potential of WGS analysis, particularly for MTB. However, the utility of such

powerful analysis in the routine diagnosis and surveillance of TB has been

hampered by the long and cumbersome process of culturing MTBC bacteria for

DNA extraction, a process that takes weeks, even months [182, 183]. Given this

limitation, the ability of sequencing the complete genome of MTB bacteria

directly from clinical specimens of infected patients (dWGS) was the logical step

forward to deliver the full potential of WGS for TB control.
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In 2014, Doughty et al. [184] performed metagenomic sequencing on eight

smear-positive sputum specimens of TB patients. However, the extremely low

proportion of MTB reads in the sequenced samples prevented the authors from

leveraging the genomic data for purposes other than MTB detection and lineage

assignment using phylogenetic placement. In the subsequent years, two groups

demonstrated that sequencing the MTB genome from clinical specimens was

possible by following different strategies. Brown [185], Doyle [186] and

colleagues used biotinylated RNA-baits to capture the whole genome of MTB

from sputum samples, and accurately predicted drug-resistant (DR) phenotypes.

While this capture-based strategy was effective, the protocol can be intricated

and unaffordable in some settings, specially in low-income countries. As an

alternative, Votintseva et al. [187] developed a protocol for human DNA

depletion from clinical samples, what allowed the authors to perform dWGS on

smear-positive sputum samples. Whereas the capture-based strategy achieved

a higher success rate in producing analyzable genomes, the strategy followed by

Votintseva and colleagues was notably simpler and cheaper than using RNA

baits for MTB DNA enrichment.

Notwithstanding the advances achieved over the last years, dWGS of MTB

has been restricted to genotyping and DR prediction from smear-positive sputum

samples. Up to date, dWGS has not been used in genomic epidemiology,

despite prompt identification of transmission events can lead to effective medical

interventions. This is in part resulting from the poor quality of the data obtained

from dWGS, combined with the lack of dedicated analysis pipelines able to

address the issues that this type of sequencing is associated with: high-levels of

contamination and low sequencing depths, amongst other. In contrast to the

identification of already known DR or phylogenetic SNPs, genomic epidemiology,

which is based on the genetic distance between infecting strains, needs the

discovery of novel variation across the whole genome to accurately assign

strains to transmission clusters. The capacity of dWGS to identify the novel

epidemiological variants has not been proven and thus its accuracy to delineate
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transmission clusters remains unknown. In addition, works published until know

have focused on smear-positive sputum samples while many cases are

paucibacillary and others come from non-sputum samples.

In this chapter we implement an end-to-end workflow to perform dWGS for

MTB. We tackle many of the obstacles of dWGS both in the wet laboratory and

the computational analysis. Such workflow includes an optimized and biosafe

extraction protocol, precise quantification of MTBC DNA in complex samples,

alternative strategies to dWGS and, most importantly, accurate identification of

known and de novo variation that enable high-resolution transmission inference

for tuberculosis from dWGS samples. We show that at least 85% smear-positive

samples can undergo dWGS and, remarkably, we are also able to sequence

55% of smear-negative samples. We validate and provide a dedicated dWGS

bioinformatic analysis pipeline and use the genomic information obtained from

clinical specimens to accurately assign strains to culture-based clusters from a

three years population-based dataset and predict drug-resistance profiles.

4.2 Methods

Samples sequenced

MTB culture isolates from 780 TB patients in the Comunidad Valenciana (Spain)

were whole-genome sequenced. This represents approximately 75% of all TB

culture-positive cases in the region during the years 2014-2016 plus 4 additional

cases from 2017. From these patients, the remainder of 37 clinical specimens

that were still available after performing the routine diagnosis at the hospital

(involving culture and smear microscopy), were processed to perform dWGS as

described below. The 37 clinical specimens corresponded to 23 patients as

more than one specimen was available for some patients. Apart from the original

23 matching culture isolates used for diagnosis, five additional culture isolates

from three patients were available, giving a total of 28 sputum-culture pairs. The
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37 clinical specimens included 33 homogenized sputum samples, two

bronchoalveolar lavages, one bronchoaspiration, and one homogenized feces

sample, with 26 samples (70%) identified by the clinician as Ziehl-Neelsen

positive (19 AFB+++; 7 AFB+), and 11 (30%) smear negative. Additionally, 9

sputum samples from 9 patients infected with different non-tuberculous

mycobacteria (NTM) and culture negative for TB were used as controls in the

qPCR assays and the pre-sequencing runs described below. Species of NTM

included M. abscessus, M. avium, M. celatum, M. chelonae, M. chimaera, M.

fortuitum, M. intracellulare, M. kansasii and M. lentiflavum.

MTB DNA extraction and enrichment from clinical specimens

An in-house protocol was implemented based on previously published works. The

protocol is based on the differential lysis of eukaryotic cells as described by Lim

et al. [188] and implemented for sputum samples as described by Votintseva et

al. with additional modifications. As compared to the protocol by Votintseva and

colleagues, in summary, we used in-house prepared reagents instead of a kit,

which allowed us to greatly decrease the DNA extraction cost per sample. We

also inactivated the MTB cells at the same time than the DNAse instead of at the

beginning of the protocol, so the MTB cells remain intact until the DNAse was

added.

Clinical specimens were centrifuged at 16,000 g for 10 minutes to pellet the

cells and then the supernatant discarded leaving a volume of 200 ul. If a sample

had less than 200 ul then it was not centrifuged. GTC solution (guanidinium

thiocyanate 4 M, 0.5% w/v sodium N-lauryl sarcosine, 25 mM trisodium citrate,

0.1 M 2-mercaptoethanol, 0.5% w/v Tween 80), was added to the tube up to 1 ml

and then the sample was vortexed for 5 seconds and incubated at room

temperature for 10 minutes. This allows the GTC to lyse eukaryotic and

gram-negative bacterial cells while leaving tough-walled cells intact. Afterwards,

the samples were centrifuged at 16,000 g for 10 minutes, and then the
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supernatant discarded and ultrapure water added up to 1ml for washing the

GTC. Thereafter, 500 ul of DNAse solution (50 mM NaAc, 10 mM MgCl2, 2 mM

CaCl2, 50 U DNAse I) was added, the samples were vortexed for 5 seconds and

incubated at 37ºC for 15 minutes. In this incubation, the DNAse digests the

released DNA from eukaryotic and gram-negative cells. Samples were

centrifuged 16,000 g for 30 seconds and incubated at 95ºC for 15 minutes.

Importantly, this is the inactivation step of both the DNAse and the MTB cells.

Samples were then incubated for 10 minutes at 37ºC after adding 250 ul of 5%

SDS and 10 ul of 20 ng/ul proteinase K, and transferred to a FastPrep Matrix B

lysis tube containing 7 ul of EDTA 0.5 M. Bacterial cells were then lysed by

bead-beating in a FastPrep 24 machine using one pulse of 45 seconds at 6 m/s.

The supernatant was then recovered and the DNA purified by ethanol

precipitation. Briefly, 1/10 volumes of sodium acetate 3 M, 2 ul of GlycoBlue and

1 volume of isopropanol were added and incubated at -20ºC for at least 30

minutes. Samples were then centrifuged 16,000 g 15 minutes, the supernatant

discarded and the pellet washed with 1 ml of 70% ethanol. Afterwards, samples

were centrifuged 16,000 g for 5 minutes, the supernatant discarded and the

pellet allowed to dry. Finally samples were resuspended in 100 ul Tris-HCl pH

8.5 and purified using SPRI beads at a 1.8X ratio in a final resuspension volume

of 25 ul Tris-HCl pH 8.5.

To compare the efficiency of the protocols, we split 8 of the 37 specimens in

two aliquots of the same volume and processed them with both the unmodified

protocol of Votintseva et al. and our modified version. Another 8 specimens were

split to compare the efficiency of our protocol to direct DNA extractions (without

enrichment by differential lysis). The efficiencies were compared on the basis of

the proportion of MTB DNA obtained for the same sample.
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MTB inactivation testing

In our biosafety laboratory (BSL-3), each new protocol to be implemented has

to be previously tested for complete MTB cell inactivation. To identify the safe

checkpoints of the extraction protocol, we used 6 samples consisting in 1ml of

liquid Middlebrook culture 7H9 containing more than 6,000,000 H37Ra cells, a

higher concentration to what is usually found in sputum specimens from untreated

patients [189, 190]. These samples were processed according to the described

protocol of MTB DNA enrichment. Aliquots of 100ul were sampled after the GTC

solution incubation, the DNAse/MTB inactivation and the bead-beating steps, and

cultured in solid Middlebrook 7H11 media. For each sample a control aliquot

of 100ul was also cultured without any processing. We counted colony forming

units at each step and considered as safe point when complete sterilization was

observed.

MTB DNA quantification and sequencing strategy

We established a sequencing worfklow based on the proportion of MTB DNA

found in extracted clinical specimens. For all samples, sequencing libraries were

prepared using the Illumina Nextera XT library preparation kit, regardless of the

total concentration of DNA. These libraries were included in routine sequencing

runs (which we term “pre-sequencing runs”) with the only aim of quantifying the

proportion of MTB DNA in the samples as calculated by taxonomic classification

of reads with Kraken. Based on an aimed sequencing depth of 30X, libraries that

were calculated to have at least 10% MTB DNA in pre-sequencing runs were

directly sequenced in 2X300 bp Illumina MiSeq runs multiplexing 12 samples per

run. Libraries with less than 10% MTB DNA were further enriched using

biotinylated RNA-baits (Figure 4.1). The baits panel (myBaits®;

Arbor-biosciences, USA) was designed based on the inferred ancestral genome

of the Mycobacterium tuberculosis complex, which is genetically equidistant to

all MTB lineages. The bait-capture protocol was performed following the
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instructions provided by the manufacturer but diluting the baits 1:2 of the original

concentration in order to reduce the cost per sample. Briefly, the protocol started

with an already prepared library from the respective pre-sequencing run. After

bead cleaning and quantification, 200 ng of library was subjected to RNA baits

hybridization (24 h, 65ºC). Following a streptavidin-coated magnetic beads

washing step, post-capture enrichment PCR was performed with KAPA HiFi

HotStart ReadyMix PCR Kit (Roche) and 200 nM of P5 and P7 Illumina primers

in a 50 ul volume using 15 ul of washed capture reactions. Post-capture PCR

consisted in 15 cycles of 20 seconds to 98ºC, 30 seconds to 65ºC and 1 minute

to 72ºC. The resulting libraries were run on a MiSeq platform in paired-end runs

of 2x300bp length, multiplexing 12 samples per run. Additionally, the

concentration of MTB DNA was quantified using the MTBC-specific qPCR assay

developed in Chapter 2. Sequencing data was deposited in the European

Nucleotide Archive (accession PRJEB37609).

Sequence data analysis

A detailed description of the analysis pipeline for MTB samples is provided in the

appendix at the end of this book. Our pipeline is also available at

https://gitlab.com/tbgenomicsunit/ThePipeline. In this work we used additional

filters and parameters for dWGS data as explained below. In summary, low

quality sequences were removed and trimmed using Trimmomatic [191]. We

removed reads shorter than 50 bp, trimmed the last 10 bp and removed bases of

an average quality below 25 using a sliding window of 20 bp. In a preliminary

analysis, we observed a bias leading to the accumulation of SNPs in the first and

last 10 bp (after trimming) (Supplementary Figure 8.4). For this reason we

applied an additional step trimming the first and last 10 bp. Then, Kraken was

used to taxonomically classify and remove any read coming from organisms

other than Mycobacterium tuberculosis complex as we described in Chapter 3.

MTBC-only reads were mapped to the inferred ancestral genome of the MTBC

using bwa-mem [177]. Reads mapping with qualities below 60 were removed to
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Figure 4.1: Implemented workflow for dWGS of MTB in our laboratory. The upper
part of the diagram represents the decision tree followed for the dWGS workflow as
implemented in this thesis. Libraries are prepared for all samples and included in routine
runs. Only a small number of reads is enough to accurately estimate the proportion of
MTB DNA with Kraken (Supplementary Figure 8.3). Libraries with more than 10% MTB
DNA are directly sequenced. Libraries with less than 10% MTB DNA are further enriched
with RNA baits. Note that sequencing libraries are prepared only once. The bottom part of
the diagram represents an alternative decision tree that might be followed based on qPCR
results. MTB DNA extraction can be performed in one day. Library preparation requires
another working day. High-throughput sequencing, and therefore pre-sequencing runs as
well, require from one to three days depending on the platform used. RNA-bait enrichment
requires two additional days. Computational analysis and qPCR assays can be performed
in few hours.

keep only uniquely mapping reads. Alignments with more than 5 clipped bases

were also removed using samclip (available at

https://github.com/tseemann/samclip). Variants were called with VarScan2 [192].

For solid culture sequencing we used standard parameters: depth of 20

reads, variant observed in at least 20 reads, average base quality of 25, p-value

cutoff 0.01, variant observed in both strands and minimum frequency of 10%.

For direct sequencing from clinical samples, given the coverage limitations for
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this type of samples, we used more permissive parameters similar to previous

works performing dWGS: depth of 3 reads, variant observed in at least 3 reads,

average base quality of 20 and p-value cutoff 0.01, variant observed in both

strands and minimum frequency of 10%. Variants were considered fixed (fSNPs)

at minimum 90% frequency for culture sequencing and 80% for dWGS samples,

or variable (vSNP) otherwise. Additionally, we removed SNPs called in repetitive

regions (PE-PPE, PGRS), near indels (within a 4 bp window), and SNPs in high

SNP density regions (allowing a maximum of 3 SNPs in 10 bp windows). Finally,

we removed any vSNP if it was also observed as a vSNP in more than 50 strains

from a dataset of 4,958 MTBC [131] strains to remove systematic erroneous

vSNP calls. Then, we manually inspected each vSNP detected in clinical

specimens and their matching cultures. We considered a vSNP to be true if it

was also observed in another sample of the same transmission cluster. We also

considered true those vSNPs that were near other vSNPs if they kept the

phasing and strand concordance in the reads (e.g Supplementary Figure 8.5).

Additionally, when several vSNPs accumulated in the same genomic region we

used the ncbi blastn web server to discard possible contaminations not detected

by Kraken or homology with other genomic regions.

In order to calculate the genetic distances between samples, a multiple

alignment of concatenated non-redundant fixed variants (fSNPs) was built,

disregarding phylogenetic and drug-resistance positions. Importantly, for this

analysis we performed a “SNP recovery” step before building the alignment,

where SNPs filtered out in previous steps (because of, for example, low depth or

frequency below 80/90%) are re-incorporated to the analysis if the same SNP

has passed all the filters in at least other sample. From this multiple alignment

we calculated the pairwise distances between all samples (with pairwise

deletion) using the ape R library [193]. Samples were then grouped into

transmission clusters using a maximum fSNP distance of 10. Then, the

alignment of concatenated fSNPs was repeated for each particular cluster, and

used to build a median-joining network in PopArt [194, 195]. In order to predict
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drug-resistant (DR) phenotypes, we used the PhyResSE [96] and ReSeqTB

catalogs [196] to look for known DR conferring mutations. A strain was predicted

as resistant to a drug if a known DR mutation was found; susceptible if the wild

type was called, or missed if that position had not enough sequencing depth.

To reconstruct the phylogeny that included the MTB samples from the

Comunidad Valenciana together with the dWGS samples, we used Iqtree [197]

to build a maximum-likelihood phylogeny using the General-Time-Reversible

evolutionary model with 1,000 bootstrap pseudo-replicates and correcting for the

ascertainment bias by indicating the composition of the constant sites from the

genomic alignment (753,570 adenine sites; 1,436,011 guanine sites; 1,430,288

cytosine sites; 753,391 thymine sites).

Evaluation of the SNP calling pipeline accuracy for WGS from
clinical samples

Since the computational analysis of dWGS data requires less stringency in the

parameters and thresholds, we evaluated the accuracy of the analysis pipeline by

comparing the analysis outcomes for clinical samples and their matching cultures.

Considering pure culture samples as the reference, we calculated the precision,

recall and F1 score of the analysis pipeline according to the following definitions.

We considered true positive a SNP in a dWGS sample (fixed or not) if it was

also found fixed in the matching culture. We considered false negative a SNP

if it was found fixed in the culture sequencing but not found in the respective

clinical sample at any frequency. We considered false positive SNPs those fixed

in the dWGS sample but not in the matching culture. Variable SNPs that were

found in clinical samples but not found in matching cultures were not considered

false positives since i) that situation might be a consequence of the selection

bias produced by culture and ii) the number of vSNPs per sample is very low

(median=2) as compared to fixed SNPs (median = 810).

According to this definition of true positives (TP), true negatives (TN) and false

84



Methods

negatives (FN), precision (P), recall (R) and F1 scores were calculated with the

following formulas:

P = TP/TP + FP

R = TP/TP + FN

F1 = 2(R ∗ P )/(R+ P )

Estimation of costs and turnaround times

Prices were calculated as of November 2019. Calculations included all reagents

and materials needed to complete the dWGS workflow, (such as Qubit

measurements, intermediate cleaning steps and fungible material such as

pipette tips, tubes and PCR plates). The cost of the MTB DNA extraction was

calculated including guanidinium thiocyanate, sodium n-lauryl sarcosine,

trisodium citrate, 2-mercaptoethanol, tween 80, DNAse I, proteinase K and

FastPrep matrix B tubes. The cost of DNA purification was calculated including

GlycoBlue and SPRI purification beads. The cost of sequencing runs included

library preparation, cleaning steps, PCR quantifications, BioAnalyzer runs and

the sequencing kit reagents. The cost of bait-capture enrichment included

capture baits diluted 1:2, post-capture PCRs, quantification PCRs and a second

Bioanalyzer run. The cost of qPCR assays considered all the reagents plus a

fixed cost due to standard curves and control samples, and assumed 3

replicates per sample. The cost of pre-sequencing reads for MTB DNA

quantification was calculated considering a cost of 1,425C for the Illumina

MiSeq® Reagent Kit v3 sequencing kit and an average output of 25 million

reads.

To estimate turnaround times we took into account the careful handling and

special timings that working in a BSL-3 laboratory with a hazardous pathogen

requires. All estimations consider real hands-on time ant not only
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protocol-described times. Library preparation times include concentration

measures by fluorometry (Qubit), Bioanalyzer runs and normalization.

Sequencing times are estimated considering Illumina MiSeq runs of 2x300bp

paired-end reads. Bait-enrichment times are estimated considering a

hybridization time of 24 h, all the cleaning steps, enrichment PCR, a second

Bioanalyzer run and normalization.

Ethics statement

The clinical specimens used in this study were collected as part of the

surveillance program of communicable diseases by the General Directorate of

Public Health of the Comunidad Valenciana and, as such, fall outside the

mandate of the corresponding Ethics Committee for Biomedical Research. All

personal information was anonymized and no data allowing individual

identification was retained.

4.3 Results

DNA extraction from clinical specimens and MTB DNA
quantification

The MTB DNA extraction protocol greatly increased the proportion of MTB DNA

in the samples (Wilcoxon test p-value = 0.02) and showed the same efficiency as

that of Votintseva et al. (Wilcoxon test p-value = 0.93) (Figure 4.2) at a reduced

cost (see analysis of costs below).

After DNA extraction, the total DNA concentration was low, with 18 samples

(49%) under the detection limit of the Qubit fluorometer, and 19 samples (51%)

with a median of 0.23 ng/ul (IQR=0.48 ng/ul). As shown in (Figure 4.3), both the

proportion of MTB DNA and its concentration were quite variable between

samples. The median proportion of MTB DNA was 3% (IQR=19%) and the
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Figure 4.2: Assessment of the performance of the MTB DNA extraction protocol.
a) Proportion of MTB DNA as calculated by Kraken from pre-sequencing runs for different
samples after using the protocol as described by Votintseva et al. and our modified version.
No differences were observed in the proportion of MTB DNA enriched (p-value = 0.93) b)
Proportion of MTB DNA as calculated by Kraken from pre-sequencing runs for different
samples after using our extraction protocol and without enrichment by differential lysis.

median concentration was 208 genome copies per microliter (IQR=3,920).

Interestingly, AFB scores were not linked to the quantity of MTB DNA extracted

after the enrichment protocol. Although in pre-sequencing runs MTB was

detected in all samples, we considered two samples with less than 0.1% MTB to

be “unknown” due to known cross-contamination limitations in sequencing

platforms (index hopping) and possible misclassification of reads by Kraken.

This limitation is also reflected by the fact that a small number of MTB reads was

detected also in NTM samples (median=0.01%; IQR=0.01%). Using qPCR, 30

specimens were classified as MTB-positive (more than ten genome copies), four

specimens as “likely positive” (between one and ten genome copies) and three

as MTB-negative (one AFB+ and two smear-negatives). All NTM samples were
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negative. Given that all specimens are TB culture-positive, the qPCR sensitivity

detecting MTB was 92% (81% if excluding the “likely positive”), and the

sensitivity of the pre-sequencing runs was 95%. Among the 37 specimens, 16

(43%) had more than 10% MTB DNA and, therefore, the libraries that were

already prepared for pre-sequencing runs were directly sequenced, whereas the

remaining 21 (57%) were further enriched with RNA-baits.

Figure 4.3: Results of MTB DNA quantification and corresponding AFB scores
and genomic coverage. a) Proportion of MTB DNA as calculated by Kraken in pre-
sequencing runs and MTB genomic copies as calculated by qPCR in extracted clinical
samples. Numbers within boxes indicate the genomic coverage obtained for each sample
after analysis. b) Proportion of MTB DNA in clinical samples with different AFB scores.
Red dots indicate samples for which only half of the volume was processed since the other
half was used for comparison with the other protocols.

Sequencing outcomes

The median genomic coverage for directly-sequenced samples was 97%

(IQR=1%; range 95 to 97%) with a median sequencing depth of 30X (IQR=24X;

range 10 to 71X). For bait-enriched samples, the median genomic coverage was
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91.5% (IQR=34.75%; range 0 to 97%) with a median sequencing depth of 11.5X

(IQR=19.25X; range 0 to 112X) (Table 4.1). Samples that underwent

bait-enrichment presented a high proportion of read duplicates (median=80%;

IQR=18.5%) as compared to directly-sequenced samples (median=3%,

IQR=6.5%). The number of usable reads per sample (reads passing adapter,

trimming, duplication and contamination filters) was greater for

directly-sequenced samples (median=25.3%; IQR=53.6%) than for bait-captured

samples (median=6%; IQR=17.3%). Out of the 37 clinical specimens, 28 (76%

in total; 22 of smear-positive samples (85%); six of smear-negative samples

(55%)) met the quality criteria for downstream analyses. The coverage was

evenly distributed for both direct and bait-capture sequencings as compared to

culture (Supplementary Figure 8.6). Our analysis pipeline showed a

high-accuracy when comparing dWGS with WGS from matching culture isolates

(precision = 0.99, recall = 0.98, F1 score = 0.99) and our evaluation also

confirmed that removing duplicates led to a more reliable analysis (Figure 4.4;

Figure 4.6).

dWGS for genomic epidemiology

The 28 clinical specimens analyzed were incorporated into the WGS dataset

generated from culture isolates in the Comunidad Valenciana. Out of 780

patients, 324 (42%) were included in a total of 112 transmission clusters

involving a median of two patients per cluster (IQR=1; range 2 to 12 patients)

(Figure 4.5). Importantly, all samples sequenced by dWGS clustered with their

matching culture isolates or with samples from the same patient. In total, 16

clinical specimens from 12 patients were assigned to a transmission cluster

while 12 specimens from 7 patients had no match in the phylogeny and were

unique cases (Figure 4.6).

According to the median joining network, the median distance between

clinical specimens and their matching cultures was 0 SNPs (IQR=0; range 0 to
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Sample
ID

qPCR
Cq
value

MTBC
DNA
(Kraken)

Total
reads

MTBC
reads

Duplicates Usable
reads

Median
depth

Genomic
coverage
(>3X)

Observations

S01 31.07 1.57% 1,701,020 1,191,224 69% 22% 24X 96% Smear negative
S02 23.10 16.28% 1,590,883 257,723 1% 16% 21X 95% Smear negative
S04 44.99 0.07% 2,645,000 1,058 55% 0% 0X 0% Smear negative
S05 35.99 0.97% 1,461,758 1,266,467 95% 4% 3X 62% Smear negative
S07 28.69 20.03% 1,490,978 297,301 8% 18% 23X 96% Smear negative
S09 19.20 75.42% 921,314 692,552 2% 74% 59X 97% Smear negative
S11 44.99 0.23% 2,027,941 34,475 95% 0% 0X 0% Smear negative
S15 25.70 1.01% 1,216,094 601,480 46% 27% 20X 94% AFB+
S17 25.17 67.51% 846,497 571,978 2% 66% 48X 97% AFB+
S19 32.00 0.15% 4,576,356 506,145 86% 2% 6X 79% AFB+
S20 22.91 78.63% 767,748 603,066 1% 78% 56X 97% AFB+++
S21 29.25 33.72% 989,955 331,140 7% 31% 28X 96% AFB+++
S23 34.00 2.46% 1,629,782 1,565,406 80% 19% 21X 96% AFB+++
S24 30.15 0.54% 1,694,098 983,424 67% 19% 21X 95% AFB+++
S25 30.44 14.96% 1,569,383 234,152 3% 14% 28X 95% AFB+++
S26 21.23 13.06% 2,787,175 358,152 2% 13% 30X 97% AFB+++
S27 23.20 75.87% 885,104 674,007 1% 75% 59X 97% AFB+++
S28 30.89 21.89% 1,433,703 310,110 10% 19% 15X 96% AFB+++
S29 27.33 12.54% 2,080,792 262,804 3% 12% 19X 96% AFB+++
S30 32.10 2.99% 1,881,267 1,636,514 70% 26% 31X 96% AFB+++
S31 25.35 51.19% 916,562 470,838 2% 50% 30X 97% AFB+++
S54 28.24 1.18% 2,905,966 2,037,954 84% 11% 22X 96% AFB+++/Feces
S55 40.69 0.22% 652,568 176,324 97% 1% 0X 3% AFB+/BAL
S56 30.19 1.03% 1,788,763 367,233 69% 6% 11X 91% AFB+
S57 33.08 1.23% 2,259,219 1,591,168 90% 7% 12X 92% AFB+++
S58 30.62 2.27% 2,462,273 1,371,486 80% 11% 25X 97% Smear negative
S59 29.19 12.17% 3,754,075 479,020 40% 8% 31X 97% AFB+++
S60 30.39 11.9% 1,344,364 159,576 42% 7% 10X 95% AFB+++
S61 24.75 7.34% 1,601,107 1,390,561 43% 50% 77X 97% AFB+++
S62 31.74 0.10% 1,923,455 110,791 63% 2% 4X 66% AFB+
S63 23.18 5.70% 2,421,262 2,121,994 43% 50% 112X 97% AFB+++
S64 38.46 0.01% 2,206,364 2,427 78% 0% 0X 0% Smear negative
S65 37.50 0.37% 907,111 366,473 98% 1% 0X 8% AFB+/BAL
S66 32.00 1.27% 1,926,486 1,194,036 84% 10% 18X 96% AFB+++
S67 28.54 54.03% 1,342,669 720,476 16% 45% 71X 97% AFB+++/BAS
S68 36.90 0.16% 2,511,602 399,847 93% 1% 2X 47% Smear negative
S69 24.28 74.36% 578,321 427,206 3% 72% 49X 97% Smear negative

Table 4.1: Summary table for the 37 clinical specimens that were processed
using our dWGS workflow. Proportion of MTBC DNA was calculated with Kraken
in pre-sequencing runs. This proportion corresponds to the MTBC DNA found in
clinical specimens after undergoing our MTB DNA extraction protocol. Most specimens
were sputum samples. Other types of sample (Bronchoalveolar lavage [BAL] and
Bronchoaspirate [BAS]) are specified in the ”observations” column.
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3). The median distance between samples of the same cluster was 2 SNPs

(IQR=4) whereas between samples of different clusters, it was 647 SNPs

(IQR=64). The shortest distance between a clinical specimen and any other

sample outside its cluster was 23 SNPs (median of the shortest distance

between clinical specimens and unrelated samples=108 SNPs; IQR=127.5).

This value is beyond any established threshold to identify recent transmission (5

to 15 SNPs). Overall, reconstruction of the genetic networks involving the clinical

specimens and the culture-based genomes resulted in a highly resolved

topology.

Figure 4.4: Comparison of the variant calling accuracy with and without duplicate
read removal for dWGS samples. True positive, false positive and false negative
SNPs are shown in comparison to WGS from matching culture isolates according to the
definitions explained in Methods.

Drug resistance prediction

Out of the 28 clinical specimens analyzed, 25 were predicted to be susceptible

to all drugs and three to be resistant to at least one drug. Two samples were

predicted to be resistant to isoniazid, one of them with additional resistance to

streptomycin. One sample was predicted to be multi-drug resistant with

resistance to isoniazid, rifampicin, pyrazinamide, and streptomycin. All
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Figure 4.5: Maximum-likelihood phylogeny of circulating MTB strains in the
Comunidad Valenciana (Spain) during the years 2014-2016. The phylogeny includes
780 samples sequenced from culture and the 28 clinical specimens analyzed sequenced
by dWGS (indicated by black triangles). Black rectangles in the outer circle represent
samples that are within the same transmission cluster. All clinical specimens clustered
with their matching cultures or other samples from the same patient.

predictions were concordant between dWGS and culture-based WGS, as well as

with results from drug susceptibility testing at the hospital laboratory.
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Genetic variability

We found high-quality variable SNPs (vSNPs) in many of the samples analyzed

and, overall, the variability observed in clinical specimens was reflected by culture

sequencing and vice versa (Figure 4.6). However, we found exceptions where

the variants identified differed between the clinical specimen and the culture pair.

As shown, a vSNP in esxL (1341023 A>G) was observed at different frequencies

in all the samples of cluster 5, including the sputum sample (S30), but not in its

respective culture pair. The same happened for the vSNP (455883 C>G) which

was observed both in patient 31 culture isolate and in patient 30 sputum sample

at 10% frequency, but not in the patient 30 culture isolate. For all the samples

of this cluster, we also identified 9 vSNPs in vapC31 (Rv0749), the antitoxin of a

vapBC toxin-antitoxin system (Supplementary Figure 8.5). In the clinical sample

S15 of cluster 9, we observed a vSNP (4127196 C>T) at 60% frequency that

was completely fixed in a culture isolate from a specimen sampled from the same

patient on the same day (sample S62). Additionally, we detected a case of a

complex infection where a patient infected with two distant strains (23 fSNPs of

difference), showed one fixed in the population in a sample from six months later,

whereas the other strain was detected to be infecting a second patient in a sample

collected three months later (Figure 4.7).

Analysis of costs and turnaround times

Cost calculations included all reagents and fungible materials necessary to

complete the dWGS workflow, including any intermediate step or analysis. The

cost of MTB DNA enrichment (differential lysis + non-MTB DNA digestion) was

of C0.49 as compared to C12.7 for the Molysis Basic 5 - 100 kit used in

Votintseva et al. The total cost of MTB DNA extraction, including bead-beating

with FastPrep matrix B tubes and purification with glycoblue and SPRI beads

was of C5.8 per sample. The cost of sequencing a culture isolate in our

laboratory, in the Illumina MiSeq platform, with 2x300bp reads, and multiplexing
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Figure 4.7: Whole-genome sequencing from sputum can help clarify the
epidemiological history of complex infections. In a culture isolate of patient A we
detected 23 high-quality vSNPs. Thirteen of those vSNP were later fixed in a sample
of the same patient six months later (both in the culture and the sputum) The other 10
vSNPs in Patient A were fixed in the culture of a second patient (patient B). Selection bias
introduced by culture can hinder whether one or more strains are being transmitted. In this
case, dWGS from sputum reflected the same epidemiological history than culture-based
WGS.

24 samples per run is C99. The cost of performing dWGS multiplexing 12

samples per run was C158 per sample. Adding a bait-capture enrichment step

increased the cost to C262. The cost of pre-sequencing depends on the number

of reads sequenced for quantification, and is of approximately C0.57C each

10,000 reads (which is sufficient to accurately estimate the MTB DNA proportion

in a sample (Supplementary Figure 8.3). The cost of performing the

MTBC-specific qPCR is of C2 per sample (price ranges from C1.5 to C2.5
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depending on the number of samples analyzed in each assay). To compare the

cost of our workflow when using a qPCR instead of pre-sequencing runs to

estimate the MTB DNA quantity in a sample, we established two working cutoffs

so the decision of whether a sample should be bait-enriched would have been

as close as possible to the one taken by performing pre-sequencing runs. We

considered a cutoff of 100 genome copies above of which a sample could be

directly sequenced. Between 100 and 10, a sample should be bait-enriched, and

below 10 discarded since no sample achieved enough genomic coverage in our

dataset with the current setup. By using this cutoff, the same decision had been

taken for 23 samples (62%). 4 samples (10%) had been directly sequenced with

less than 10% of MTBC DNA and 3 samples (8%) had been “unnecessarily”

bait-enriched. Also, 7 samples (19%) had been discarded. Therefore, in our

work, where we directly sequenced 16 samples and bait-enriched 21, the cost

per sample was C217. If using a qPCR, the cost per sample had been C242,

taking into account that 3 extra samples had been bait-enriched and that the 7

libraries of the discarded samples would not have been prepared. We estimated

turnaround times taking into account actual laboratory hands-on times and

working hours. Overall, a complete genomic analysis could be reported since

the clinical sample is received in 4 working days for samples sequenced without

bait-enrichment and 6 working days for samples that require bait-enrichment.

The extraction protocol can be completed in 7 to 8 hours (1 day). Library

preparation (4h) and sequencing (56h) require 3 extra days. Bioinformatic

analysis is fully automated and requires less than 2h for 12 samples. In the case

of bait-enrichment, the hybridization step requires 1 day (24h) and the

subsequent cleaning steps, enrichment PCR, Bioanalyzer run and

normalization, require another day (7h).

96



Discussion

4.4 Discussion

In this chapter we implement a workflow to perform dWGS based on a low-cost

MTB DNA extraction protocol followed by a hybrid sequencing strategy where

only samples with lower amounts of MTB DNA undergo the expensive process

of RNA bait-capture. This implementation allows a complete genomic analysis,

including transmission, to be performed in a week at a cost of approximately C217

per sample (excluding person-hour expenses). However, it is important to note

that other implementations that vary both in turnaround times and final costs are

possible.

Central to our workflow is the decision regarding which samples should

undergo additional enrichment with RNA baits (Figure 4.1). We followed a

strategy based on the pre-sequencing of libraries in routine runs that allowed us

to precisely calculate the proportion of MTB DNA in a cost-effective way. Given

that sequencing libraries have to be prepared only once, and because that cost

is already imputed to the dWGS run itself, the cost of pre-sequencing runs only

depends on the cost of the sequencing kit. Including these samples at very low

molarities in routine runs allows performing pre-sequencing runs at a

hypothetical cost as low as C0·57, given that 10,000 reads are enough for an

accurate estimate (Supplementary Figure 8.3). However, this approach depends

on the multiplexing capabilities and thus is only feasible in settings where

continuous sequencing runs are being performed or when real-time sequencing

is not mandatory. Alternatively, qPCR results can also be used to guide the

dWGS workflow decisions. The qPCR is an assay with a high clinical value that

is today widely available in most laboratories and requires minimal training as

compared to sequencing protocols. When using a qPCR, decisional thresholds

could be based on the number of genome copies in a sample. In our setup,

when calibrated with pre-sequencing runs results, we found that direct

sequencing is possible when there are 100 or more genome copies in the

sample; RNA-bait capture is needed when the number of copies is between ten

97



Implementation of an end-to-end workflow for dWGS of M. tuberculosis

and 100, and samples below ten genomic copies should be discarded if no

further enrichments will be performed (Figure 4.1).

A cornerstone of our dWGS workflow is the computational analysis. Key

steps of this pipeline are the removal of non-MTB reads as described in Chapter

3, removal of duplicated reads (Figure 4.4 and 4.6), removal of non-unique

mappings, removal of mappings with soft-clipped alignments, and the “SNP

recovery” step performed before building the SNP alignment. In our study, this

high accuracy translates to a 100% agreement for both epidemiological and

drug-resistance predictions and, importantly, also held true for non-sputum

samples and 6 (55%) smear-negative sputums. The steps followed in our

bioinformatic analysis can be used as guidelines for the analysis of dWGS

samples although specific evaluations and validations might be needed for

different sequencing platforms and, even, for different settings.

Another relevant application of dWGS is the study of MTB genetic diversity in

sputum samples, which might better reflect the within patient bacterial

populations. We found that, overall, culture reflects the same vSNPs observed in

clinical samples. However, in some cases, there is a disagreement about the

vSNPs observed and their respective frequencies (Figure 4.6). This might be

due to the fact that, whereas many mutations are neutral, some other can have a

fitness cost when growing in culture. It is also very likely that additional diversity

can be identified in settings where several lineages coexist and generate mixed

infections [198]. In our dataset we detected a mixed infection (Figure 4.7),

although it was present both in the culture and the sputum sample.

The main limitation of dWGS is still the low sensitivity as compared to culture.

So far, the best sensitivity result applying dWGS is obtained in the present study,

where 85% of smear-positive samples and 55% of smear-negative have been

successfully sequenced. However, at the drug resistance and epidemiological

surveillance level, dWGS enables the study of TB transmission dynamics and

resistance in countries where culture and DST are not routinely done. It is

expected that new sequencing protocols will soon be available reducing the time
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and costs of dWGS [199], as well as new technologies, like those based on

microfluidics, that are currently under development. Combined with the

laboratory and bioinformatics protocols presented here, it is very likely that

dWGS will match the accuracy of culture-based diagnostics in the near future.
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Tuberculosis is a major public health concern with devastating consequences,

particularly in poor regions where, beyond a deathly disease, the families

affected have to face catastrophic costs [3]. However, there is strong evidence

which suggests that eliminating TB in the next three decades should be possible

[200, 201, 202, 203]. Over the last years, low-burden (and high-income)

countries have achieved an annual TB incidence decline rate of 7-10%, whereas

middle-incidence countries like China have a decline rate of 5%. However, little

progress has been made in high-burden countries, which is the reason why the

global decline rate of TB incidence is of only 1.5% per year [3]. In this context,

the WHO decided to move from the Stop TB strategy, aimed to control the TB

epidemic, to the End TB strategy, which plans to eliminate TB in the upcoming

decades. The End TB strategy goals by 2035 are very ambitious, aiming for a

90% reduction in TB incidence and 95% in TB mortality. However, the success

of the End TB strategy heavily depends on scientific breakthroughs that are yet

to come. Priorities in research and development include a vaccine capable of

reduce the risk of infection, novel treatments that are shorter and effective,

particularly for MDR-TB, as well as rapid diagnostics that can be performed at

the point of care. Aside from socioeconomic considerations, better diagnostics

for TB, which also enable an accurate surveillance of the disease, as well as

treatment of latent TB infection are thought to be the most effective interventions
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for the elimination of TB [204]. However, beyond optimistic predictions, whether

the necessary scientific and technical advances will be achieved cannot be

assured.

Thanks to the advent of high-throughput sequencing technologies, genomic

science has become a cornerstone in the study of TB, providing invaluable

insights and applications that will help achieving such breakthroughs. For

instance, the field of vaccine development has greatly benefited from the

screening of novel immunogenic targets at a genomic scale [205]. Similarly,

WGS has proven useful in the identification of novel drug targets [206] as well as

in deconvoluting the biological mechanisms leading to drug resistance

[207, 208, 90], effectively predict drug resistance profiles in the clinical context

[88], and conducting drug resistance surveillance [100]. This thesis situates

exactly in this context, being its purpose to leverage high-throughput sequencing

advantages and genomic analysis to improve the diagnosis and surveillance of

tuberculosis.

Towards next-generation diagnostics for tuberculosis

In the second chapter, we perform a large-scale comparative genomic analysis

to provide a catalog of MTBC-specific targets to be used in the development of

novel molecular tools for tuberculosis. Up to date, most tests for tuberculosis

have targeted loci that were thought to be unique to the MTBC. However, these

targets were never evaluated in the light of the vast amount of genomic data

currently available, and our analysis reveal that they present high nucleotide

similarity with genomic regions from non-MTBC organisms, mainly

non-tuberculous mycobacteria. The similarity with NTM organisms is of major

concern given the clinical relevance of NTM infections and the fact that

pulmonary presentations usually resemble TB disease [36, 37, 38, 39].

It is important to note that in our analysis we identify the MTBC-specific loci

based on the concept of similarity rather than in the concept of homology. We
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aimed to find regions with low nucleotide similarity in other organisms so

nucleotide-based molecular assays, such as the PCR, can be easily designed

with minimum risk of cross-reaction. Notwithstanding, in our analysis we also

take into account the evolutionary perspective by measuring the degree of

conservation of each of the loci provided and their relationship with the rest of

bacteria. We demonstrate the utility of such perspective by designing a pair of

fully specific primers that are completely conserved in circulating MTBC strains

and developing a highly-specific and sensitive qPCR assay for MTBC DNA

detection and quantification. This qPCR is currently the default assay to quantify

MTBC DNA in our laboratory and, most importantly, has been pivotal in the

development of the dWGS workflow described in Chapter 4. Our qPCR also has

a great diagnostic potential given its high sensitivity and specificity. Although its

accuracy in clinical samples was assessed with a small test set in Chapter 2, the

results of Chapter 4, in which we additionally compare the qPCR results with

those obtained from deep-sequencing and taxonomic classification of reads,

confirm its high specificity and sensitivity.

For quantification purposes, we observed that the proportion of DNA as

calculated by Kraken classifications and our qPCR differ significantly for several

samples (Figure 4.3; Table 4.1). We believe that Kraken estimations are very

accurate and, therefore, the differences observed are likely due to sub optimal

performance of the PCR reaction due to factors like the presence of inhibitors,

which are known to be an issue in different types of clinical samples like sputum

or feces [209, 210]. Further optimization of the reaction conditions or even the

primers, which can be developed to amplify any of the loci provided in our work,

may be needed to increase the accuracy of the quantifications [211]. In any

case, it is clear that the use of the qPCR for diagnostic purposes will require

additional evaluations with much larger sets of samples.

Noteworthy, the aim of our work was not to compare our assay with current

diagnostic tests, but to provide novel and fully MTBC-specific targets for future

ones. Importantly, we find that some of the markers that we identify could be
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targeted to determine the physiological status of MTBC bacteria under certain

conditions. For example, Rv2003c, overexpressed during starvation and upon

treatment with nitric oxide [135, 134], is also upregulated during dormancy [212].

Most interestingly, Rv1374c contains a small RNA that is highly expressed

during exponential growth [213]. RNA-based assays targeting dormancy and/or

replicative-associated genes that are MTBC-specific might be used to evaluate

the replicative state of the bacilli and thus distinguish between latent and active

TB, what would be a major advance in TB diagnostics. We expect our work to be

used as a reference catalog for the development of novel diagnostics for

tuberculosis.

Dealing with complex samples

In Chapter 3, we evaluate the impact of contamination in bacterial sequencing

experiments, which is of special relevance for the main objective of this

dissertation: sequencing from clinical specimens (dWGS). Previous efforts to

perform dWGS of MTB already shown that dWGS samples contain high

proportions of non-MTBC DNA [156, 187]. From these pioneer studies,

Votintseva et al., determined the levels of contamination of the samples by

mapping the sequencing reads to the MTB reference genome in first instance.

Afterwards, the remaining unmapped reads were taxonomically classified to

identify bacterial species other than MTB in the sample. In the study conducted

by Brown et al., the authors tried to remove contamination by filtering alignments

with lengths lower than 90% of the read length and similarities lower than 90%.

These approaches exemplify two relevant issues that we addressed in our work.

On the one hand, the procedure followed by Votintseva et al. assume that only

unmapped reads are those coming from respiratory microbiota. This stems from

the general assumption that only target reads are successfully mapped to the

target reference genome. However, as we show in Chapter 3, contaminant reads

from a variety of organisms are mapped to the MTBC reference genome

introducing many errors in SNP calling (Figure 3.4; Figure 3.5), even when
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using stringent parameters such as the mapping quality threshold of 60 used in

our work. On the other hand, in the study of Brown et al., a similarity filter is

used to remove contaminant reads but no validation was provided for such filter.

Therefore whether these cutoffs are enough to remove contaminant mappings

and the bias introduced by the filter is unknown. This illustrates a common issue

in bioinformatics, which is the application of methodologies without prior

validation for a specific task. For instance, in our work we show that there are

several “hotspot” regions across the MTBC reference genome that recruit many

contaminant reads, and we show that even a stringent alignment filter of 97%

minimum similarity is not able to eliminate such reads whereas some true MTBC

alignments are lost. Proper assessment and validation of computational

methodologies should be a requisite, as it is for wet laboratory protocols, given

that they have the same relevance in the research pipeline.

In our work we use both real sequencing data and in-silico simulations to

extensively assess and validate two methodologies for contamination removal in

MTB WGS. We show that the Kraken-based taxonomic filter implemented is

highly efficient, unobtrusive with the data that actually belongs to the strain

sequenced, and eliminates near any possible error introduced by contamination.

However, this approach will not be suitable for all settings and applications. For

example we show that, as implemented in our work, the taxonomic filter

incorrectly removes reads in the 16S rRNA gene. Whereas this is a minor issue

for our analysis, some groups might be particularly interested in calling variants

in this region. Additionally, we chose Kraken because of its high speed and

proven accuracy. However running Kraken requires high computational

resources that might not be available for all research groups. This is worth of

consideration given that WGS of MTB is expected to become a main diagnostic

and surveillance tool in the near future. For this reason other

contamination-removal approaches should be explored. For example, Wyllie et

al., developed a method based on the filtering of variants in 242 regions of the

MTB genome prone to accumulate false SNP calls due to contaminant DNA
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[214]. Whereas the implementation of this filter is very straightforward, it

disregards 5.1% of the MTB genome, what has to be added to the 10% that is

already discarded in all MTB analyses [101]. Furthermore, this filter does not

take into account contamination with DNA from NTM, which we show to be the

most problematic. Different contamination control implementations will need to

find the best trade-off between the needs of each application and the resources

available.

Importantly, we also find that experiments sequencing from pure MTB

cultures are not necessarily free of contamination (Figure 3.3), and that using

standard mapping quality parameters are not enough to deal with contaminant

reads. Given all the possible implications of this finding, we decided to evaluate

whether contamination events were also frequent in WGS of bacterial pathogens

other than MTB. We show that, indeed, contamination events are frequent in

sequencing experiments of other bacteria as well. Knowing the origin of such

contamination, in samples of different organisms, sequenced by different groups

with different methodologies is virtually impossible. Beyond inappropriate

laboratory practices, there are several potential sources of contamination which

depend on different factors such as the type of sample processed and its origin,

or the protocols followed for culture, DNA extraction and sequencing. For

instance, Salter et al. demonstrated that contaminating DNA in laboratory

reagents can critically impact microbiome analysis from low-biomass samples

[215]. Culture-free sequencing approaches for unculturable or slow-growing

pathogens, such as T. pallidum or MTB, entail the presence of high amounts of

contaminating DNA from the host organism and other organisms coexisting in

the sample. Other sources unrelated to sample handling are also possible. For

example, we identify 17 samples of S. aureus that were supposed to be MTB in

the study from Nigeria. We believe this to be most likely a submission error or

mislabeling rather than contamination. Notwithstanding the origin of

contamination or whether it is a mistake in sample handling, the final

consequence is that the sequencing files will have different amounts of
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sequencing data from organisms other than the expected, which might bias the

variant analysis and thus the biological conclusions drawn.

We use a taxonomic filter to estimate such bias, and show that slight

contamination can pass unnoticed to conventional pipelines yet introduce many

errors in variant calling. We show that most of the errors are introduced when

calling variable SNPs, having major implications in studies based on the analysis

of the allele frequency spectrum. For instance, vSNPs are analyzed to

determine heteroresistance to antibiotics [216], within host diversity of

pathogens [217], host adaptation of bacteria [218] and even to study

transmission of pathogens [219]. While not specifically tested in our analysis,

our results also have obvious implications in other applications which highly

depend on the variation detected (e.g cgMSLT typing) or when contaminant

reads are incorporated in de novo assemblies [155]. It may be considered that

contamination would be a minor concern in applications analyzing only fixed

variants. However, it is very important to note that the relevance in the

downstream analysis is not directly proportional to the absolute number of

erroneous SNPs and frequencies, but to what that errors mean for each

organism. For example, for organisms with low genetic diversities, like in the

case of MTB, a change in few fSNPs can have major implications in

epidemiological inferences since transmission cutoffs vary between 5 to 12

fSNPs [220]. This is also true when predicting drug resistance, particularly

considering that many drug-resistance associated genes are conserved among

bacteria and hence more prone to recruit contaminant mappings.

Interestingly, we also find that the effect size is not dependent on the amount

of contamination, but rather on the identity of both the contaminant and the

organism being analyzed. This result is relevant as some groups might consider

using a “contamination threshold” above of which a sample is considered clean

and therefore suitable for analysis. For example, the pipeline implemented by

ReSeqTB, a very large consortia that analyzes thousands of MTB isolates from

around the world, consider suitable for analysis any MTB sample with as much
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as 10% contamination [97].

Altogether our results show that contaminant reads in re-sequencing

experiments are frequent and can greatly bias variant analysis at a genomic

scale. However, based on our results, it is clear that different settings will require

different contamination control strategies that take into account the genetic

particularities of each organism. Whereas the taxonomic filter we propose

seems to perform well in many situations, in the case of highly diverse bacteria

other approaches might be better suited. For instance, coverage information and

k-mer frequencies [221, 222] can be used to distinguish between target and

contaminant reads when these are present in significantly different proportions.

Similarly, detecting cross-contamination with strains of the same species is

challenging and require specific strategies. These strategies can include

detection of vSNPs at lineage-defining positions, calculation of biased allele

ratios [223] or Bayesian statistical modelling [224].

Based on our findings we call for the inclusion of contamination control as a

basic quality parameter and the use of validated contamination-aware pipelines

in any bacterial WGS study. These analyses pipelines should be capable of, at

least, report the contaminated samples and their contaminants to be later

interpreted by the researcher. Ideally, they should be able to produce accurate

results regardless of the extent of contamination of a sample. Pipelines capable

of accurately analyze contaminated WGS data will soon become essential, since

the improvement of laboratory protocols allows the sequencing of an increasing

number of bacterial species directly from clinical specimens [186, 225].

Particularly, the taxonomic filter implemented in this chapter is central to the

computational analysis of MTB dWGS samples from Chapter 4 and is now applied

by default to any sample sequenced in our laboratory.
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Enabling genomic surveillance of MTB by direct
whole-genome sequencing from clinical specimens

During the last five years, whole-genome sequencing of MTB directly from

clinical specimens has gained momentum. Previous to our work, the

contributions of Brown et al. in 2015 [185], and Votintseva et al. in 2017 [187],

have provided methodological advances that enabled the use of dWGS of MTB

for the accurate prediction of drug resistance. Prediction of drug-resistant

phenotypes is one of the cornerstones of WGS-based TB control, together with

transmission inference [101]. Drug resistance profiles are determined based on

the detection of known high-confidence resistance-conferring mutations that

have been established by identifying genotype to phenotype associations from

large sets of MTB clinical data. Therefore, DR prediction from genomic data is

straightforward as it requires the detection of well-characterized variants that are

known beforehand. This means that, when enough data is obtained for a

position associated to drug-resistance, a prediction can be made disregarding

the rest of the genome. Thus, WGS-based DR prediction is conceptually the

same problem than strain typing, and only differs from molecular assays, such

as the PCR, in the number of mutations than can be tested in a single assay. In

contrast, transmission inference is based on the accurate identification of novel

genomic variation and thus requires that enough quality data is obtained across

the genome. In its simpler version, genomic epidemiology can also be

conducted following a genome-based typing approach like core-genome

multi-locus sequence typing (cgMLST) [220]. In this case, a canonical MLST

analysis is performed extending the scheme of the loci interrogated thanks to the

use of WGS. However, it is clear that by analyzing a reduced set of genes

instead of the complete genome the resolution achieved will be lower [226]. This

can be particularly relevant for MTBC bacteria given their low genetic variability,

and also in high-burden settings, where transmission events occur more

frequently and thus the genetic differences between strains of the same

transmission cluster are significantly lower [227, 87].

109



General discussion

In this chapter, we present key methodological improvements to show, for the

first time, the use of dWGS in both cornerstones of TB control: DR prediction

and high-resolution genomic epidemiology. We implement an end-to-end

workflow that allows us to provide a complete genomic analysis of the infecting

MTB strain in a week since specimen receipt at a cost of approximately C217

per sample. Up to date, our implementation has provided the best sensitivity

result applying dWGS, with 85% of smear-positive samples and 55% of

smear-negative successfully sequenced. It is worth noting, however, that several

implementations of this workflow are possible to fit the necessities of different

laboratories and settings. For example, diluting the RNA-baits, which are the

most expensive reagent, or multiplexing more samples per sequencing run can

decrease the cost at the expense of obtaining less quality data and vice versa.

Using different sequencing platforms would also allow to adjust both turnaround

times and costs.

Our results should be interpreted taking into account that we tried to follow

some of the constraints of a clinical scenario in a low-burden country like Spain.

Under this scenario, we processed the remainders of clinical specimens used for

diagnosis and only performed a single sequencing run per sample. Moreover, for

some samples we only used half of the volume to perform protocol comparisons.

However, it is very likely that dWGS would achieve better results when clinical

samples are dedicated primarily to sequencing. Similarly, in other scenarios such

as in a research context, enough data could have been obtained for some of

the samples that failed QC by performing a second sequencing run or additional

rounds of bait-enrichment.

Importantly, many of the methodological improvements presented in this work

are related to the computational analysis of dWGS samples. Previous studies

have used their own pipelines but lacked any assessment of whether the steps

followed and thresholds used provide enough accuracy for dWGS samples. The

need for such evaluation has been previously recognized [228, 229, 185], since

analyzing dWGS samples requires specific considerations due to the challenges
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imposed by the data obtained. Here, we evaluate our analysis pipeline showing,

together with the results from Chapter 3, that we achieve an outstanding

accuracy for dWGS samples. Possible modifications might include, for example,

a contamination-control method with lower computational requirements or

different thresholds for transmission inference in high-burden countries.

Notwithstanding the application, our pipeline provides a solid computational

foundation for analysis of dWGS samples in almost every possible scenario.

An interesting application of dWGS is to evaluate whether clinical specimens

harbour a higher bacterial diversity than the culture, which is expected to entail a

bottleneck in the population. So far, to what extent culture reduces the actual

MTB genetic diversity is still unclear. Overall, in agreement with the results of

Votintseva et al., we do not find differences between dWGS and WGS from

cultures. However, other studies have identified more genetic diversity in sputum

samples [230, 186]. We believe that these discrepancies are mainly due to

relevant differences between the analysis pipelines. Analyzing low-frequency

variants is very challenging, particularly when dealing with dWGS data, and up

to date a reliable pipeline for such a purpose is completely lacking. In our work,

we follow a similar strategy than that of Brown et al.: we set very stringent

parameters to call vSNPs and then we do a manual curation so we can

discriminate them from errors. However, manual curation is incompatible with

automatization and, by performing such a stringent analysis, some vSNPs can

be lost. Further investigations will be required to provide a reliable and

automated analysis of low-frequency variants from both dWGS and standard

WGS data.

Should dWGS has to be finally adopted as an effective tool for the diagnosis

and surveillance of tuberculosis, there are still several challenges to overcome.

Building sequencing capacities requires a considerable effort and investment

since, beyond the sequencing platform, the costs associated with additional

equipment, reagents and specialized staff, including the bioinformatic capacity,

are high. This is particularly relevant given that countries that would benefit most
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from this technology are those with a higher disease burden and, not by

coincidence, those with less resources. However, disruptive technologies have

always been of difficult adoption at the beginning, and progressive improvements

have allowed them to be most widely used. The best example in TB is the qPCR

technology. When developed two decades ago, it was a rudimentary technique

that had yet to face many hurdles to become fully quantitative [231]. Today, the

Gene Xpert MTB/RIF is a fully automated platform that performs an heminested

qPCR on a sputum sample, and is capable of detecting MTB and resistance to

first-line drugs. As of December 2019, the Xpert test is available in most

low-income countries at an approximate cost of 10$ per test [232]. Similarly,

since the first genomes were ever sequenced, involving large consortia and big

investments, sequencing technology has advanced in such a way that, today, we

are awaiting for the first genome to be sequenced in a personal smartphone

[233].

Over the last years, we have witnessed how sequencing the complete genome

of M. tuberculosis in a culture-independent manner became a possibility. Here,

we provide the solid grounds for dWGS to become the next-generation tool in TB

diagnosis and surveillance.
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Conclusions

• We identify 30 loci specific to the MTBC, that are highly conserved in

circulating strains, and that can be used as diagnostic markers. None of

the loci used up to date as MTBC-specific in experiments and diagnostic

tests are actually unique to the complex.

• Taking into account all experiments, our qPCR targeting Rv2341 shows

94% sensitivity and 100% specificity and can be used to quantify MTBC

DNA from complex biological samples.

• Contamination with undesired DNA is a common issue in sequencing

studies, present even in samples sequenced from pure-culture isolates.

• Far from innocuous, contaminant DNA can greatly bias genomic analyses.

The magnitude of this bias is barely dependent on the amount of

contamination but rather on the genetic relationship between the

contaminant and the target organism.

• Standard pipeline filters based on read mapping quality or stringent variant

calling thresholds are not enough to prevent the bias introduced by

contamination.

• A taxonomic filter is an effective approach to avoid the bias introduced by

contamination. However different organisms and applications will require
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specific implementations that are thoroughly validated, as we did for MTB.

• Our DNA extraction protocol for clinical specimens greatly enriches MTBC

DNA in the samples enhancing the capacity to perform dWGS.

• Genomic analysis of MTB by dWGS requires specific considerations in both

the sample processing and the computational analysis. We provide such

methodology.

• dWGS enables high-resolution transmission inference of MTB strains as

well as accurate DR prediction.

• dWGS was possible for at least 85% of the smear-positive samples and

55% of sputum-negatives, including non-sputum samples such as feces and

bronchoaspirates.

• Sensitivity of dWGS remains limited as compared to culture. Further

laboratory improvements will be needed before it can replace culture as

gold-standard diagnostic.

• Meanwhile, dWGS can be used already to guide prompt and tailored

treatments for TB as well as in TB surveillance.
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S. High resolution discrimination of clinical Mycobacterium tuberculosis complex
strains based on single nucleotide polymorphisms. PLoS One, 2012: 7(7):e39855.

[81] Lipworth S, Jajou R, de Neeling A, Bradley P, van der Hoek W, Maphalala
G, Bonnet M, Sanchez-Padilla E, Diel R, Niemann S et al. SNP-IT tool for
identifying subspecies and associated lineages of Mycobacterium tuberculosis
complex. Emerg Infect Dis, 2019: 25(3):482–488.

[82] Walker TM, Merker M, Knoblauch AM, Helbling P, Schoch OD, van der Werf MJ,
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A. Whole-genome sequencing elucidates epidemiology of nosocomial clusters of
Acinetobacter baumannii. J Clin Microbiol, 2016: 54(9):2391–2394.

[164] Stone NE, Sidak-Loftis LC, Sahl JW, Vazquez AJ, Wiggins KB, Gillece JD, Hicks
ND, Schupp JM, Busch JD, Keim P et al. More than 50% of Clostridium difficile
isolates from pet dogs in Flagstaff, USA, carry toxigenic genotypes. PLoS One,
2016: 11(10):e0164504.

[165] Tyson GH, Sabo JL, Rice-Trujillo C, Hernandez J and McDermott PF.
Whole-genome sequencing based characterization of antimicrobial resistance in
Enterococcus. Pathog Dis, 2018: 76(2).

[166] Holt KE, Wertheim H, Zadoks RN, Baker S, Whitehouse CA, Dance D, Jenney
A, Connor TR, Hsu LY, Severin J et al. Genomic analysis of diversity, population
structure, virulence, and antimicrobial resistance in Klebsiella pneumoniae, an
urgent threat to public health. Proc Natl Acad Sci U S A, 2015: 112(27):E3574–
81.

[167] Timms VJ, Rockett R, Bachmann NL, Martinez E, Wang Q, A Chen SC, Jeoffreys
N, Howard PJ, Smith A, Adamson S et al. Genome sequencing links persistent
outbreak of legionellosis in Sydney (New South Wales, Australia) to an emerging
clone of Legionella pneumophila sequence type 211. Appl Environ Microbiol, 2017:
84(5).

[168] Halbedel S, Prager R, Fuchs S, Trost E, Werner G and Flieger A. Whole-
genome sequencing of recent Listeria monocytogenes isolates from Germany
reveals population structure and disease clusters. J Clin Microbiol, 2018: 56(6).

[169] Yahara K, Nakayama SI, Shimuta K, Lee KI, Morita M, Kawahata T, Kuroki
T, Watanabe Y, Ohya H, Yasuda M et al. Genomic surveillance of Neisseria
gonorrhoeae to investigate the distribution and evolution of antimicrobial-resistance
determinants and lineages. Microb Genom, 2018: 4(8).

[170] Marvig RL, Sommer LM, Molin S and Johansen HK. Convergent evolution and
adaptation of Pseudomonas aeruginosa within patients with cystic fibrosis. Nat
Genet, 2015: 47(1):57–64.

[171] Gymoese P, Sørensen G, Litrup E, Olsen JE, Nielsen EM and Torpdahl M.
Investigation of outbreaks of Salmonella enterica serovar typhimurium and its
monophasic variants using whole-genome sequencing, denmark. Emerg Infect Dis,
2017: 23(10):1631–1639.

[172] Aanensen DM, Feil EJ, Holden MTG, Dordel J, Yeats CA, Fedosejev A, Goater
R, Castillo-Ramı́rez S, Corander J, Colijn C et al. Whole-genome sequencing for
routine pathogen surveillance in public health: a population snapshot of invasive
Staphylococcus aureus in Europe. MBio, 2016: 7(3).

132



[173] Pinto M, Borges V, Antelo M, Pinheiro M, Nunes A, Azevedo J, Borrego MJ,
Mendonça J, Carpinteiro D, Vieira L et al. Genome-scale analysis of the non-
cultivable Treponema pallidum reveals extensive within-patient genetic variation. Nat
Microbiol, 2016: 2:16190.

[174] Greig DR, Schaefer U, Octavia S, Hunter E, Chattaway MA, Dallman TJ and Jenkins
C. Evaluation of whole-genome sequencing for identification and typing of Vibrio
cholerae. J Clin Microbiol, 2018: 56(11).

[175] Wood DE and Salzberg SL. Kraken: ultrafast metagenomic sequence classification
using exact alignments. Genome Biol, 2014: 15(3):R46.

[176] Lu J, Breitwieser FP, Thielen P and Salzberg SL. Bracken: estimating species
abundance in metagenomics data, 2017.

[177] Li H and Durbin R. Fast and accurate short read alignment with Burrows-Wheeler
transform. Bioinformatics, 2009: 25(14):1754–1760.

[178] Huang W, Li L, Myers JR and Marth GT. ART: a next-generation sequencing read
simulator. Bioinformatics, 2012: 28(4):593–594.

[179] McIntyre ABR, Ounit R, Afshinnekoo E, Prill RJ, Hénaff E, Alexander N, Minot SS,
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MTBC marker Fold-change after
NO treatment

Fold-change after transcription factor overexpression

20’ 2h 24h Overexpressed transcription factor : fold change

Rv2929 -1.43 -1.01 -1.51 Rv0324:0.33; Rv0967:0.23; Rv1990c:0; Rv3681c:0.35;
Rv3830c:0.35; Rv3849:-0.06

Rv1046c -0.81 -2.51 -0.72 Rv2250c:-0.42
Rv0035 -0.53 0.57 -0.63 NA
Rv0034 -1.01 0.78 -0.95 Rv0324:1.41; Rv0678:0.56; Rv0967:0.08; Rv1473A:-0.14
Rv0033 -1.06 -0.94 -1.43 Rv0081:0.76; Rv3849:-1.95
Rv0610c -0.42 -0.49 -1 Rv0047c:0.2; Rv1956:-0.08
Rv2817c 0.3 1.29 0.87 NA
Rv3424c -0.64 1.15 0.27 Rv1033c:0.49; Rv1423:0.61
Rv1725c 0.79 1.3 2.29 Rv0967:-0.62
Rv2003c 2.92 1.52 1.94 NA
Rv2269c -1.51 2.69 01.04 Rv0081:0; Rv0081:0; Rv0678:-0.02
Rv0112 -0.88 -1.49 -0.95 Rv0042c:-0.15; Rv0757:0.37; Rv1033c:0.84; Rv2034:-0.01;

Rv3681c:0.24; Rv3765c:0.97
Rv2432c -0.45 -2.18 -2.9 Rv0081:0.18; Rv0081:0.18; Rv0981:-0.13; Rv2034:0.7;

Rv2034:0.7
Rv2274c 0.24 0.88 -0.49 Rv3219:0.49; Rv3219:0.49
Rv0698 0.07 -0.29 -0.86 NA
Rv2341 -0.03 1.49 -0.63 NA
Rv2820c 0.4 1.6 1.17 NA
Rv3770c 0.44 0.6 -1.23 Rv0023:-0.09; Rv0047c:0.15; Rv0081:0.31
Rv2819c 0.09 -0.94 -0.51 NA
Rv2336 -0.08 0.39 0.28 Rv0047c:0; Rv0324:-0.37; Rv0465c:0.14; Rv0576:-1.37;

Rv0678:-0.56; Rv1985c:-0.13; Rv2324:-0.12; Rv2989:0.53;
Rv3133c:-0.82; Rv3736:-0.38

Rv3322c -0.03 1 -0.18 NA
Rv3566A 0.14 0.6 0.7 Rv2011c:-0.71
Rv2816c 0.04 0.76 0.31 Rv0324:-0.25; Rv1985c:0.34; Rv3133c:0.44; Rv3830c:-0.5
Rv2142c -0.53 0.22 0.42 NA
Rv3472 -0.6 -0.29 -0.64 NA
Rv2960c -0.4 -0.66 -2.03 Rv0967:-0.37; Rv0967:-0.37
Rv2822c -0.24 0.68 0.81 Rv0324:-0.65; Rv1033c:-0.27
Rv2307A 0.02 -0.32 0.56 Rv0047c:0.66; Rv0081:1.71; Rv1033c:0.71; Rv1033c:0.71;

Rv2034:0.4; Rv3133c:-0.73; Rv3849:-1.15
Rv2767c -1.11 0.54 -0.07 Rv1049:0.21
Rv1374c -1.17 0.2 -0.66 Rv0081:-0.66; Rv0465c:-0.2; Rv0678:-0.42; Rv1033c:0.29;

Rv1033c:0.29; Rv1189:0.21; Rv1353c:-0.31; Rv1404:-0.23;
Rv1675c:0.09; Rv1985c:0.36; Rv2324:-0.04; Rv2989:-0.31;
Rv3219:0.32; Rv3574:-0.45; Rv3597c:-0.51

Rv1049 0.55 1.97 04.05 Rv1049:4.59
Rv2492 -0.47 1.45 0.64 NA
Rv2491 -0.27 1.41 1.13 Rv0047c:0.02; Rv0678:0.08
Rv2821c -0.04 0.88 0.87 NA
Rv2818c -0.18 0.42 -0.36 NA
Rv2309A -0.81 02.05 0.78 NA
Rv2662 -0.11 1.33 -0.09 NA
Rv1499 0.96 1.3 0.27 Rv1049:-0.03
Rv1669 -1.15 0.63 1.61 Rv0678:0.36; Rv0967:-0.19; Rv1675c:0.01; Rv1816:-0.09
Rv2823c 0.14 1.17 0.68 NA

Table 8.1: Expression fold-change for the 40 MTBC-specific loci in response to
overexpression of 206 transcription factors [132] and response to nitric oxide (NO) stress
at different time-points [134]. In response to different genotoxic stresses [133] (DETA/NO,
Hydrogen peroxide, Mitomycin C, Alkylation, and Paraquat), only Rv2003c showed a
25.7 fold-change expression in response to DETA/NO. For proteomic data in response
to nutrient starvation [135], Rv2003c, Rv2142c, and Rv3472 showed 6.19, 3.6 and 100
fold-change respectively.
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IS1081 IS6110 MPT64

M. abscessus M. abscessus M. decipiens
M. angelicum M. aromaticivorans M. gastri
M. aromaticivorans M. arosiense M. haemophilum
M. avium M. asiaticum M. kansasii
M. bouchedurhonense M. avium M. persicum
M. brisbanense M. canariasense M. riyadhense
M. canariasense M. mantenii
M. celatum M. pallens
M. chlorophenolicum M. rutilum
M. crocinum M. sp.
M. gilvum M. abscessus
M. lentiflavum M. aromaticivorans
M. pallens M. canariasense
M. rutilum M. fortuitum
M. septicum
M. sherrisii
M. smegmatis
M. sp.
M. vaccae
M. xenopi
M. abscessus
M. chelonae
M. franklinii
M. koreensis
M. engbaekii
M. aromaticivorans
M. brisbanense
M. canariasense
M. chlorophenolicum
M. elephantis
M. flavescens
M. fortuitum
M. iranicum
M. mucogenicum
M. septicum
M. vaccae
M. vulneris
M. nonchromogenicus

Table 8.2: Non-tuberculous mycobacteria in which the IS1081, IS6110 and MPT64 were
found.
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Dataset Organism Reference

Acinetobacter A. baumannii CP 000521.1
Clostridium C. difficile NC 009089.1
Enterococcus E. faecalis NC 004668.1
Enterococcus E. faecium NC 017960.1
Klebsiella K. pneumoniae AP006725.1
Listeria L. monocytogenes NC 003210.1
Legionella L. pneumophila NC 002942.5
Neisseria N. gonorrhoeae GCF 900087815.1
Pseudomonas P. aeruginosa NC 002516.2
Staphylococcus S. aureus NC 007795.1
Salmonella S. enterica NC 003197.2
Treponema T. pallidum NZ CP003679.1
Vibrio V. cholerae NC 002505.1 & NC 002506.1

Table 8.3: Reference genomes of the bacterial dataset.
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Species RefSeq Assembly Accession Version

Homo sapiens GRCh38, Ensembl release 81

Acinetobacter baumannii GCF 000746645.1 ASM74664v1

Actinomyces oris GCF 001553935.1 ASM155393v1

Atopobium parvulum GCF 000024225.1 ASM2422v1 V2

Bacillus cereus GCF 000007825.1 ASM782v1

Bacillus thuringiensis GCF 000497525.1 ASM49752v2

Bifidobacterium dentium GCF 001042595.1 ASM104259v1

Campylobacter concisus GCF 003049735.1 ASM304973v1

Corynebacterium

pseudodiphtheriticum

GCF 000688415.1 ASM68841v1

Enterobacter cloacae GCF 000025565.1 ASM2556v1

Enterococcus faecalis GCF 000007785.1 ASM778v1

Eubacterium aggregans GCF 900107815.1 IMG-taxon 2642422588

Fusobacterium sp. GCF 900015295.1 clos 1 1

Gemella sp. GCF 001553915.1 ASM155391v1

Granulicatella elegans GCF 000162475.2 Gran ele

ATCC 700633 V2

Klebsiella pneumoniae GCF 000240185.1 ASM24018v2

Micrococcus luteus GCF 000023205.1 ASM2320v1

Mycobacterium abscessus GCF 000069185.1 ASM6918v1

Mycobacterium avium GCF 000240505.1 ASM24050v2

Mycobacterium chimaera GCF 900116695.1 ASM90011669v1

Mycobacterium fortuitum GCF 001307545.1 ASM130754v1

Mycobacterium haemophilum GCF 000340435.2 ASM34043v3

Mycobacterium kansasii GCF 000157895.3 ASM15789v2

Mycobacterium phlei GCF 001583415.1 ASM158341v1

Mycobacterium sinense GCF 001667945.1 ASM166794v1

Mycobacterium smegmatis GCF 000015005.1 ASM1500v1

Continued

144



Species RefSeq Assembly Accession Version

Negativicoccus massiliensis GCF 900155405.1 PRJEB18760

Neisseria perflava GCF 002863305.1 ASM286330v1

Nocardia brasiliensis GCF 000250675.2 ASM25067v3

Nocardia farcinica GCF 001182745.1 NCTC11134

Nocardia nova GCF 000523235.1 ASM52323v1

Porphyromonas sp. GCF 000292995.1 Psp279F0450v1.0

Prevotella sp. GCF 000163055.2 ASM16305v2

Propionibacterium sp. GCF 001717565.1 ASM171756v1

Pseudomonas aeruginosa GCF 000006765.1 ASM676v1

Pseudomonas fluorescens GCF 000237065.1 ASM23706v1

Rothia mucilaginosa GCF 000011025.1 ASM1102v1

Staphylococcus aureus GCF 000013425.1 ASM1342v1

Streptococcus mitis GCF 000027165.1 ASM2716v1

Streptococcus oralis GCF 002871315.1 ASM287131v1

Streptococcus parasanguinis GCF 000164675.2 ASM16467v2

Streptococcus pneumoniae GCF 000007045.1 ASM704v1

Streptococcus salivarius GCF 000785515.1 ASM78551v1

Veillonella sp. GCF 000221605.1 ASM22160v1

Yersinia enterocolitica GCF 000009345.1 ASM934v1

Table 8.4: Non-MTB species included in the simulated sequencing experiments to
evaluate the impact of contamination in MTB samples

.
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Organism Species
level
(MiSeq)

Genus level
(MiSeq)

Species
level
(HiSeq)

Genus level
(HiSeq)

A. baumannii 99.07% 99.61% 97.98% 99.07%
C. difficile 99.39% 99.39% 98.95% 98.95%
E. faecalis 90.59% 92.01% 89.72% 91.17%
E. faecium 98.27% 98.92% 97.53% 98.62%
K. pneumoniae 97.86% 98.96% 94.20% 98.00%
L. pneumophila 99.80% 100% 99.61% 99.98%
L. monocytogenes 98.49% 99.21% 97.76% 99.10%
N. gonorrhoeae 99.16% 100% 94.96% 99.99%
P. aeruginosa 99.95% 99.99% 99.85% 99.95%
S. enterica 99.58% 99.73% 98.83% 99.25%
S. aureus 94.98% 95.37% 94.56% 95.34%
T. pallidum 92.96% 100% 71.25% 100%
V. cholerae 99.59% 99.83% 98.90% 99.74%

Table 8.5: Evaluation of the performance of Kraken classifying reads at genus and species
level for the reference genomes after excluding the reference genomes from the Kraken
database.

Study Proportion of fSNPs removed by the
taxonomic filter (median)

A. baumannii 0.22%
C. difficile 0.72%
E. faecalis 0.52%
E. faecium 0.16%
K. pneumoniae 0.81%
L. pneumophila 0.00%
L. monocytogenes 0.03%
N. gonorrhoeae 0.00%
P. aeruginosa 0.00%
S. enterica 5.58%
S. aureus 1.89%
T. pallidum 0.00%
V. cholerae 0.32%

Table 8.6: Proportion of fSNPs removed per sample in the bacterial dataset.
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Figures
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Figure 8.1: Implementation of the similarity mapping filter. Simulated reads from
organisms of the Mycobacterium tuberculosis complex (MTBC) and non-MTBC organisms
were mapped to the MTB reference genome and alignments were then filtered using
different parameters. Looking for the parameters that maximized the removal of non-MTBC
mappings without filtering true MTBC alignments, we implemented a similarity mapping
filter that removes alignments with identities, lengths and mapping qualities below 97%, 40
bp and 60 respectively.
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Figure 8.2: Effects of contaminating reads and taxonomic filtering in variant calling.
In this figure we exemplified possible effects of contaminant reads (in red) in variant
calling (a-c) and the inability of Kraken classifying some reads (d). a) Contaminant reads
make G to be called as vSNP instead of fSNP an introduce a false positive vSNP (A) b)
Contaminant reads make A to be called as vSNP instead of a fSNP and make one vSNP
(T) to be lost due to SNP calling cutoffs (10% frequency for vSNPs). c) Contaminant reads
make A to be called as fSNP instead of a vSNP. d) The read coloured in blue cannot be
classified by Kraken up to the level of genus. This occurs despite the fact that this read
is 100% identical to the reference and that surrounding reads, with several SNPs, can be
classified even to the level of species.
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Figure 8.3: Percentage of MTB DNA as calculated by Kraken depending on the
total number of reads analyzed. We chose samples of different MTB DNA proportions
according to the estimation of MTB DNA by Kraken based on a high number of sequencing
reads: S20 (79% MTB based on 767,748 total reads), S17 (67% MTB based on 846,497
total reads), S21 (34% MTB based on 989,955 total reads), S02 (16% MTB based on
1,590,883 total reads), S01 (1.6% MTB based on 1,701,020 total reads).
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Figure 8.4: Counts for the four different nucleotides observed across read positions.

152



Figure 8.5: vSNPs called within vapC31 gene for sample P20-C30 of cluster 5 from
Figure 4.6. SNPs are highlighted in colour. Multiple vSNPs are called in a single read,
what could be the consequence of spurious alignments or contaminations. However, we
considered these vSNPs to be true since: reads passed MAPQ60 filter, and therefore
did not align to any other region. Reads were classified as MTBC by Kraken and as M.
tuberculosis by NCBI BLAST. All vSNPs always conserve the phasing in reads, and paired
reads mapping to the same positions always show the same vSNPs.
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Figure 8.6: Normalized sequencing depth across the MTB genome using different
sequencing strategies for all the clinical specimens with a respective matching
culture. Values represent the average sequencing depth across 1,000 bp windows
normalized by the overall median sequencing depth of the sample. For some specific
regions the RNA-bait capture enrichment leads to a much greater sequencing depth. Hard
to map regions show no coverage due to the stringent mapping quality filter (minimum
MAPQ = 60).
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Appendix: computational analysis

General analysis pipeline

Here it is described in detail the general analysis pipeline used to analyze

sequencing samples. Details on specific analyses and steps used in each

chapter are also provided in separate subsections.

Given that in this thesis we had to analyze thousands of samples, we

implemented a pipeline using a Python wrapper that allowed us to execute the

multiple software, scripts and steps needed to complete the analysis in a

convenient fashion. This wrapper was called ThePipeline and is meant to

abstract the main sequence analysis operations (cleaning, mapping and calling)

from rough code that usually runs with unchanged parameters. ThePipeline

though, is modular and completely customizable and thus can be used it for

different purposes. The following pages contain a flowchart describing the use of

ThePipeline in this thesis. In this flowchart, PREFIX refers to the sample name,

REFERENCE to the reference genome and DB to the custom Kraken database

described. Some parts of ThePipeline run custom Python, Bash and/or R code.

ThePipeline, all its modules and custom code are available at

https://gitlab.com/tbgenomicsunit/ThePipeline.
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Raw
sequencing

reads
(.fastq)

Cleaned
reads

(.fastq)

ThePipeline
trimclean

Trimmomatic v0.36

java	-jar	trimmomatic-0.36.jar		\
PE	-phred33	-trimlog	${PREFIX}.trimlog	\

${PREFIX}.R[12].fastq	\
${PREFIX}.P1.clean.fastq	\
${PREFIX}.U1.clean.fastq	\
${PREFIX}.P2.clean.fastq	\
${PREFIX}.U2.clean.fastq	\

TRAILING:10	\
SLIDINGWINDOW:25:20	\

MINLEN:50

MTBC-only 
reads

(.fastq)

ThePipeline
kraken

Kraken v0.10.5

kraken	--db	${DB}	--fastq-input	\
--paired	${PREFIX}.P[12].clean.fastq	>	

${PREFIX}.kraken
&

kraken-translate	--db	${DB}	\
${PREFIX}.P[12].kraken	>	
${PREFIX}.P[12].labels

SeqTK v1.2

fgrep	"Mycobacterium	tuberculosis	complex"	\
${PREFIX}.P[12].labels	|	

cut	-f1	>	${PREFIX}.P[12].filtered.readlist
&

seqtk	subseq	\
${PREFIX}.P[12].clean.fastq	\

${PREFIX}.P[12].filtered.readlist	>	
${PREFIX}.P[12].filtered.fastq

Kraken v0.10.5

kraken-report	--db	${DB}	${PREFIX}.kraken	>
${PREFIX}.report

Taxonomic
profile

(.report)

Read	cleaning	and	contamination	removal
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Mapped
MTBC
reads
(.bam)

ThePipeline
mapping

bwa v0.7.12

bwa	mem	${REFERENCE}	\
${PREFIX}.P[12].filtered.fastq	|
awk	'$1	~	/^@/	||	$5	==	60'	|

samtools	view	-bt	${REFERENCE}	-	|
samtools	sort	-o	${PREFIX}.sort.bam

MTBC-only 
reads

(.fastq)

Picard v2.18

java	-jar	picard.jar	MarkDuplicates	\
I=${PREFIX}.sort.bam	\

O=${PREFIX}.nd.sort.bam	\
M=${PREFIX}.dup.metrix	\

ASSUME_SORTED=true	\
REMOVE_DUPLICATES=true	\	

VALIDATION_STRINGENCY=LENIENT

Bedtools v2.26.0

genomeCoverageBed	-ibam	\
${PREFIX}.nd.sort.bam	-d	-g	${REFERENCE}	>

${PREFIX}.coverage

Per-position
sequencing

depth
(.coverage)

Custom Python code

Calculation:

median	and	mean	sequencing	depth
genomic	coverage.

Written	to	${PREFIX}.meancov	file

Coverage
statistics

(.meancov)

ThePipeline
coverage

Read	mapping	and	coverage	calculation
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Mapped
MTBC
reads
(bam)

ThePipeline
calling

Samtools v1.3.1

samtools	index	${PREFIX}.nd.sort.bam
samtools	mpileup	-AB	\

-f	${REFERENCE}	${PREFIX}.nd.sort.bam >
${PREFIX}.mpileup

VarScan v2.3.7

	java	-jar	VarScan.jar	pileup2snp	\
${PREFIX}.mpileup	\

--p-value	0.01 \
--min-reads2	6	\

--min-coverage	10	\
--min-avg-qual	25	\
--min-strands2	2	\

--min-var-freq	0.1	>
${PREFIX}.vSNPs

Variant	calling

VarScan v2.3.7

	java	-jar	VarScan.jar	pileup2snp	\
${PREFIX}.mpileup	\

--p-value	0.01 \
--min-reads2	20	\

--min-coverage	20	\
--min-avg-qual	25	\
--min-strands2	2	\

--min-var-freq	0.9	>
${PREFIX}.fSNPs

VarScan v2.3.7

	java	-jar	VarScan.jar	pileup2snp	\
${PREFIX}.mpileup	\

--p-value	0.01 \
--min-reads2	3	\
--min-coverage	3	\

--min-freq-for-hom	0.9	\
--min-var-freq	0.05	>

${PREFIX}.snp

Low-quality
raw snps

(.snp)

Raw fSNPs
(.fSNPs)

Raw vSNPs
(.vSNPs)
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Mapped
MTBC
reads
(bam)

Indel	calling	

GATK v4.0.2.1

	java	-jar	gatk	-T	HaplotypeCaller	-R	\
${REFERENCE}	-I	${PREFIX}.nd.sort.bam	\

-ploidy	1	-o	${PREFIX}.gatk.vcf
&

	java	-jar	gatk	-T	SelectVariants	-R	\
${REFERENCE}	-V	${PREFIX}.gatk.vcf	\

-selectType	INDEL	-o	${PREFIX}.gatk.indel.vcf
&

java	-jar	gatk	-T	VariantFiltration	\
-R	${REFERENCE}	-V	${PREFIX}.gatk.indel.vcf	\

--filterExpression	"QD<2.0"	\
--filterName	"LowQD"	\

--filterExpression	FS>200.0	\
--filterName	"HighFS"	\

--filterExpression	SOR>3.0	\
--filterName	"HighSOR"	\

--filterExpression	MQ<40.0	\
--filterName	"Low40MQ"	\

--filterExpression	ReadPosRankSum<-20.0	\
--filterName	"LowReadPRS"	\
--filterExpression	DP<20	\
--filterName	"LowDepth"	\
-o	${PREFIX}.gatk.indel

GATK
indels

(.gatk.indel)

VarScan v2.3.7

	java	-jar	VarScan.jar	pileup2indel	\
${PREFIX}.mpileup	\
--p-value	0.01	\

--min-freq-for-hom	0.9	\
--min-var-freq	0.1	>
${PREFIX}.vscan.indel

VarScan
indels

(.vscan.indel)

ThePipeline
calling

Per-position
sequencing

depth
(.coverage)

Indels
(.snp.indel)

Positions	with	

less	than	3X	depth
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Variant	filtration

Custom Python code

Uses	H37Rv	annotation	to	discard	SNPs	in:

PPE/PGRS	genes
Mobile	elements
Repetitive	elements

Raw vSNPs
(.fSNPs)

Raw fSNPs
(.vSNPs)

vSNPs filtered
by

annotation

fSNPs filtered
by

annotation

ThePipeline
annotation_filter

Custom Python code

Discards	SNPs	that	are	at	most	
4	bp	away	from	an	indel

ThePipeline
del_filter

vSNPs filtered
by

annotation/
indels

fSNPs filtered
by

annotation/
indels

ThePipeline
density_filter

fSNPs filtered
by

annotation/
indels/
density

Custom Python code

Discards	SNPs	that	are	near	2	or	more	SNPs	
in	a	10	bp	sliding	window
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Chapter 2

In chapter two, we used blast to search H37Rv genes in non-MTBC organisms

present in the NCBI nr database and in a custom database of NTM assemblies.

The nr database was downloaded directly in BLAST format from the NCBI.

The custom NTM database was built from a concatenated fasta file containing all

the NTM assemblies donwloaded from the NCBI with the following command:

makeblastdb -in 4000NTM.fasta -out 4000NTM -dbtype nucl \

-parse_seqids -hash_index

Blast searches were performed as described using the following command:

blastn -task blastn -word_size 7 -query query.fna -db [ nr|4000NTM ] \

-out query_vs_DB.tab -max_target_seqs 3 -max_hsps 3 \

-outfmt "6 qseqid sseqid length pident qcovus qcovhsp evalue bitscore"

Chapter 3

In chapter three, we used ART to simulate sequencing experiments. The

command line used for such simulations was the following:

art_illumina -ss [ MSv3|HS20 ] --rcount 2000000 -l 250 --mflen 800 \

--paired --minQ 25 -s 300

We used Bracken to estimate the proportion of incorrectly unclassified and

misclassified reads. The command line for running Bracken was the following:

bracken -d ${DB} -i ${PREFIX}.report -o ${PREFIX}.species.bracken -r 250

bracken -d ${DB} -i ${PREFIX}.report -o ${PREFIX}.genus.bracken -r 250 \

-l G # for estimation at the genus level

When using the NCBI web-based BLAST application, we always searched in

the nr and RefSeq databases using the blastn algorithm and specifying a word

size of 7.
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The mapping filter described was implemented as a module of ThePipeline

using samtools and custom Python code. It can be downloaded from

https://gitlab.com/tbgenomicsunit/ThePipeline. The module is called

ThePipeline map filter.

Chapter 4

In chapter 4, an additional trimming step was applied to remove the first 10 bp of

each read apart from the last 10 bp using trimmomatic:

java -jar trimmomatic-0.36.jar PE -phred33 \

-trimlog ${PREFIX}.trimlog ${PREFIX}.R[12].fastq \

${PREFIX}.P1.clean.fastq ${PREFIX}.U1.clean.fastq \

${PREFIX}.P2.clean.fastq ${PREFIX}.U2.clean.fastq \

TRAILING:10 \

LEADING:10 \

SLIDINGWINDOW:25:20 \

MINLEN:50

Also, an additional filter during the mapping step was applied to remove

alignments with more than 5 softclipped bases using samclip:

samclip --ref ${REFERENCE} < ${PREFIX}.sort.sam > ${PREFIX}.sclip.sam
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Abbreviations

AFB Acid-Fast Bacilli

AMK Amikacin

BAC Bacterial Artificial Chromosome

BCG Bacillus Calmette-Guérin

BSL Biosafety Laboratory

cgMLST Core-Genome Multilocus Sequence Typing

CPR Capreomycin

CTAB Cetrimonium Bromide

DR Drug Resistance

DST Drug-Susceptibility Testing

dWGS Direct Whole-Genome sequencing (sequencing from

clinical samples)

EDTA Etilen Diamino Tetra Acetic Acid

EMB Ethambutol

ETH Ethionamide

FQ Fluoroquinolones

fSNP Fixed SNP

GTC Guanidinium Thiocyanate

HIV Human Immunodeficiency Virus

IGRA Interferon Gamma Release Assay

IS Insertion Sequence

LAM Lipoarabinomannan

LAMP Loop-Mediated Isothermal Amplification

LTBI Latent Tuberculosis Infection

LZD Linezolid

MDR-TB Multidrug-Resistant Tuberculosis

MGIT Mycobacterial Growth Indicator Tube

MIRU-VNTR Mycobacterial Interspersed Repetitive-Unit-Variable-Number
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Tandem-Repeat

MTB Mycobacterium tuberculosis

MTBC Mycobacterium tuberculosis Complex

NAAT Nucleic Acid Amplification Test

NTM Non-Tuberculous Mycobacteria

PCR Polymerase Chain Reaction

PZA Pirazinamide

qPCR Quantitative PCR

QR Interquartile Range

RD Region of Difference

RFLP Restriction Fragment Length Polymorphism

RIF Rifampicin

SM Streptomycin

SNP Single-Nucleotide Polymorphism

SPRI Solid-Phase Reversible Immobilization

TB Tuberculosis

TST Tuberculin Skin Test

vSNP Variable SNP

WGS Whole-Genome Sequencing

WHO World Health Organization
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Resumen en castellano

Introducción

La tuberculosis

La tuberculosis (TB) es una enfermedad infecciosa de transmisión aérea

caracterizada por sı́ntomas que incluyen fatiga, pérdida de peso, fiebre,

sudoración nocturna y tos continua con expectoración ocasional de esputos

sanguinolentos (hemoptisis). A lo largo de los siglos, la tuberculosis ha matado

a más personas que cualquier otra enfermedad infecciosa y, a dı́a de hoy, sigue

siendo una pandemia que se sitúa, mundialmente, entre las 10 causas más

comunes de muerte. La tuberculosis está causada por la bacteria

Mycobacterium tuberculosis (MTB), un patógeno obligado cuya transmisión se

produce a través de los aerosoles producidos por la tos. Tras la inhalación, la

bacteria puede ser eliminada por el sistema inmune o persistir dentro de

lesiones pulmonares cavitarias conocidas como granulomas. MTB puede

persistir dentro de estos granulomas durante largos perı́odos de latencia sin

producir ningún tipo de sı́ntoma. La duración de dichos perı́odos varı́a de meses

a décadas y, de hecho, sólo entre un 5% y un 15% de las personas infectadas

desarrolla tuberculosis activa en algún momento. Durante la tuberculosis activa

las bacterias se replican y, tras una compleja interacción con el sistema inmune
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de la que todavı́a se conoce poco, se forma un granuloma necrotizante que

acaba por romperse. Esta ruptura libera la bacteria que, acompañada de un

absceso, el organismo trata de eliminar mediante el reflejo tusı́geno, momento

en que el ciclo infeccioso se completa al transmitir de nuevo los bacilos

tuberculosos. Los motivos por los que la tuberculosis pasa de fase latente a

activa son todavı́a desconocidos. Además, la tuberculosis es una enfermedad

compleja que comprende múltiples manifestaciones clı́nicas. Por ejemplo, un

porcentaje de pacientes con tuberculosis activa son asintomáticos, aunque

pueden transmitir la enfermedad, mientras que un 20% de todos los casos de

tuberculosis son extrapulmonares afectando, potencialmente, cualquier lugar del

cuerpo.

La alta incidencia y mortalidad de la tuberculosis se da a pesar del hecho de

que existe un tratamiento efectivo. El tratamiento estándar para la TB consiste

en la administración de rifampicina, isoniazida, pirazinamida y etambutol durante

un perı́odo de 6 meses. Esta terapia combinada fue necesaria desde los inicios

de la era de los antibióticos, dada la rápida aparición de cepas resistentes a los

medicamentos. Sin embargo, ya en la década de los ochenta, poco después de

la implementación de la terapia combinada, aparecieron cepas resistentes a

varios antibióticos. Las cepas multidrogorresistentes (MDR) son aquellas

resistentes al menos a la isoniazida y la rifampicina, las piedras angulares del

tratamiento estándar contra la tuberculosis. Como sucede con otras

enfermedades infecciosas, la rápida aparición y propagación de la resistencia a

los antibióticos es ahora un importante problema de salud pública, y complica

enormemente el control de una enfermedad ya de por sı́ complicada. A nivel

mundial, la incidencia de tuberculosis resistente (TB-MDR) es del 4% para los

nuevos casos de TB y del 17% para los casos tratados previamente. Esto refleja

que la mayorı́a de los casos de TB-MDR se originan a partir de la adquisición de

mutaciones de resistencia en lugar de por transmisión, con la excepción de los

paı́ses con alta incidencia de cepas resistentes, donde la transmisión es el

factor principal que impulsa la epidemia de TB-MDR. Los tratamientos para la
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TB-MDR existen, pero son largos, presentan severos efectos secundarios y son

caros, motivo por el que sólo el 50% de los pacientes completan el tratamiento.

Además, ya han aparecido cepas extremadamente resistentes (resistentes a

antibióticos de primera y segunda lı́nea) e incluso cepas totalmente resistentes.

La aprobación de nuevos medicamentos antituberculosos para el tratamiento de

la TB-MDR, particularmente bedaquilina y delamanida, ha supuesto una nueva

esperanza para el control de la tuberculosis. No obstante, a dı́a de hoy ya

existen cepas resistentes a ambos fármacos.

Mycobacterium tuberculosis

La bacteria causante de la tuberculosis pertenece al género Mycobacterium, un

grupo que comprende más de 170 especies. Son bacilos inmóviles, aerobios y

presentan una pared celular gruesa, rica en lı́pidos e hidrófoba. Esta pared

celular confiere a las micobacterias una alta resistencia, incluyendo a muchos

desinfectantes y antibióticos. Las micobacterias que causan TB se clasifican

dentro del complejo Mycobacterium tuberculosis (MTBC), mientras que las

micobacterias que no son MTBC, y que no son Mycobacterium leprae (el agente

causante de la lepra), se conocen como micobacterias no tuberculosas (NTM).

Las bacterias MTBC son de crecimiento lento, 99% idénticas genéticamente y,

por lo tanto, se consideran de la misma especie, aunque las distintas variantes

presentan tropismos por huéspedes distintos. La tuberculosis en humanos es

causada por M. tuberculosis sensu stricto y M. africanum, mientras que otras

variantes causan TB en otros animales. Las bacterias MTBC asociadas a

humanos se clasifican en 7 linajes principales según sus diferencias genéticas,

que son predominantemente mutaciones puntuales y grandes deleciones

conocidas como regiones de diferencia (RD). Dado que MTB es un patógeno

obligado, las bacterias MTBC y los humanos parecen haber coevolucionado a lo

largo de la historia, hecho que se refleja actualmente en la distribución

filogeográfica de los distintos linajes.
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A pesar de no producir TB, las micobacterias no tuberculosas también son

relevantes en el tratamiento de la enfermedad. Este grupo de micobacterias

ambientales puede causar infecciones oportunistas que generalmente se

vuelven crónicas y presentan muchas complicaciones, incluı́da la falta de

tratamientos estandarizados. Es importante destacar que la gran mayorı́a de las

infecciones por NTM son pulmonares, y muchas veces parecen ser TB. De

hecho, la mayorı́a de las infecciones por NTM se diagnostican en el contexto de

una sospecha clı́nica de TB. Además, varias herramientas de diagnóstico de

TB, particularmente la microscopı́a, que es la más utilizada en todo el mundo,

no pueden distinguir entre las infecciones por MTB y NTM. Teniendo todo esto

en cuenta, y dado que algunas NTM son naturalmente resistentes a varios

medicamentos antituberculosos, está claro que las infecciones por NTM no sólo

tienen relevancia clı́nica por sı́ mismas, sino también en el control, diagnóstico y

tratamiento de la TB.

Diagnóstico de tuberculosis

La mayorı́a de las muertes por tuberculosis podrı́an prevenirse mediante un

diagnóstico temprano que permitiera un tratamiento rápido y adecuado.

Podemos distinguir entre diagnósticos destinados a detectar infección latente de

tuberculosis (LTBI) y TB activa. En la actualidad, se utilizan dos pruebas

principales para detectar LTBI. La prueba de la tuberculina (TST) consiste en la

inyección intradérmica de derivado de proteı́na purificada de bacilos

tuberculosos. Si una persona ha generado una respuesta inmune a estos

antı́genos, generalmente se observa una reacción cutánea en 48h-72h. Sin

embargo, factores como haber sido vacunado, haber tenido contacto con otras

micobacterias, o haber tenido TB en el pasado, hacen que la TST dé positivo y,

por tanto, no pueda, en realidad, distinguir entre TB activa y latente. A pesar de

ello, la TST es ampliamente usada como herramienta diagnóstica,

particularmente en paı́ses con pocos recursos y alta incidencia, ya que es

barata y no requiere ningún tipo de infraestructura. Alternativamente, el ensayo
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de liberación de interferón gamma (IGRA), disponible desde principios de 2000,

es un ensayo in vitro que mide la liberación de interferón gamma por células T

reactivas a MTB. Dado que la respuesta inmune de estas células es muy

especı́fica para MTB, la principal ventaja sobre el TST es que no muestra

reacción cruzada con NTM ni con la vacuna, que se basa en una cepa de MTB

diferente (Bovis-BCG). Sin embargo, en realidad, tanto la TST como el IGRA no

pueden distinguir entre TB activa y latente y, por ello, el diagnóstico de LTBI se

basa en una combinación de pruebas positivas de TST/IGRA con la ausencia

de sı́ntomas clı́nicos y lesiones pulmonares mediante radiografı́a.

Para el diagnóstico de TB activa, el método de referencia es el cultivo sólido

o lı́quido. Es el método más sensible, prueba definitiva de TB activa, y

proporciona los aislados necesarios para realizar pruebas de susceptibilidad a

antibióticos (DST). Sin embargo, MTB requiere largos tiempos de incubación

para crecer, lo que retrasa una intervención médica efectiva. En cultivos sólidos,

al menos cuatro semanas son necesarias para observar el crecimiento de

bacterias MTBC. Como alternativa, los tubos indicadores de crecimiento de

micobacterias (MGIT), permiten detectar el crecimiento de micobacterias

mediante técnicas de fluorimetrı́a de manera automatizada. Este sistema acorta

el tiempo necesario para la detección a dos semanas. En ambos casos, cultivos

sólidos y lı́quidos, los resultados de DST requieren perı́odos de incubación más

largos con los antibióticos a probar (28 dı́as en promedio desde la positividad

del cultivo). Además de un diagnóstico diagnóstico tardı́o, un problema del

cultivo de MTB es el alto coste asociado a la infraestructura necesaria y el

personal especializado para garantizar condiciones mı́nimas de bioseguridad.

Por ello, la microscopı́a en lugar del cultivo es la prueba microbiológica más

usada para detectar MTB.

Un diagnóstico positivo de TB basado en microscopı́a requiere la

observación de los bacilos en un frotis de esputo, dentro de un contexto clı́nico

congruente con enfermedad de tuberculosis. La microscopı́a es barata, fácil de

realizar, requiere poco equipo y puede realizarse el mismo dı́a de la toma de la
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muestra. Sin embargo, no puede discriminar entre distintas especies

micobacterianas, epecialmente relevante para las infecciones por NTM, ni entre

cepas susceptibles o resistentes a antibióticos. Su sensibilidad es muy limitada,

variando entre el 20% y el 80% según quién, cómo y dónde se lleve a cabo y,

además se estima que alrededor del 40% al 50% de los esputos cuyo cultivo es

positivo, son microcopı́a negativos.

Dadas las limitaciones de las pruebas microbiológicas, los tests moleculares

han tenido una gran relevancia durante la última década. Sus rápidos tiempos de

respuesta, junto con el hecho de que permiten detectar con precisión resistencias

a varios antibióticos, posibilitan el inicio de un tratamiento personalizado desde

el primer momento. Pese a ello, los tests molecular actuales presentan varias

limitaciones, motivo por el cual decenas de compañı́as están involucradas en el

desarrollo de nuevos diagnósticos para TB a dı́a de hoy.

A parte del diagnóstico, pero ı́ntimamente relacionado, los ensayos

molecular permiten realizar epidemiologı́a molecular, clave en el control y la

vigilancia de la TB. El genotipado de aislados de MTB permite estudiar brotes

de la enfermedad y detectar transmisión entre pacientes con una resolución

infinitamente superior al mero estudio de contactos. La epidemiologı́a molecular

de la tuberculosis se realiza principalmente mediante el tipado basado en

MIRU-VNTR (por sus siglas en inglés). Sin embargo, esta técnica carece de

poder discriminatorio para distinguir cepas estrechamente relacionadas, como

en el caso de la transmisión reciente, y que son además frecuentes en entornos

de alta incidencia o geográficamente aislados.

Todos estos ensayos moleculares se basan en “interrogar” un conjunto

predefinido y limitado de posiciones genómicas. Por ejemplo, detectar si existe

una mutación concreta que se sabe asociada a resistencia a antibióticos. Sin

embargo, existe otra estrategia, incluı́da dentro de los métodos moleculares,

que permite identificar las bacterias MTBC hasta el nivel de cepa, predecir con

precisión el perfil de resistencias a antibióticos, y detectar los eventos de

transmisión, todo ello a la vez y con una resolución sin precedentes: la
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secuenciación genómica (WGS).

Secuenciación genómica de M. tuberculosis

En 1998, el cromosoma de M. tuberculosis fue uno de los primeros

secuenciados de la era genómica. El genoma de MTB tiene un tamaño de 4,4

megabases y codifica aproximadamente 4,000 genes. Tiene un alto contenido

de guanina / citosina (65%) y abundantes regiones repetitivas ası́ como

secuencias de inserción. Es importante destacar que las bacterias del MTBC no

tienen plásmidos y que la transferencia horizontal es prácticamente inexsistente.

Como consecuencia, la evolución del MTBC se produce casi exclusivamente

por mutaciones puntuales y algunos reordenamientos genómicos como grandes

deleciones y duplicaciones de genes. La variabilidad genética de estas

bacterias es extremadamente baja, con una tasa de sustitución media de

aproximadamente 0.2 SNPs por genoma por año. Las bacterias del MTBC son,

en términos genéticos, 99% idénticas entre ellas y, de hecho, la distancia

máxima entre cepas del complejo es de aproximadamente 1,800 SNPs. Dos

décadas después de la publicación del primer genoma de MTB, el auge de las

plataformas de secuenciación masiva, junto con la disponibilidad de

ordenadores de alto rendimiento, permiten a un laboratorio de investigación

modesto como el nuestro secuenciar docenas de genomas de MTB en cuestión

de unos pocos dı́as. Mientras escribo estas lı́neas, 71.891 genomas están

disponibles en el “Sequence Read Archive” bajo el nombre ”Mycobacterium

tuberculosis complex”.

Más allá de su utilidad en el contexto de la investigación, durante los últimos

cinco años, la WGS se ha convertido en una herramienta clave para el control

de la TB, abriendo la puerta a la denominada medicina de precisión. La WGS

puede identificar inequı́vocamente la bacteria infecciosa y discriminar entre

diferentes linajes e incluso cepas. Gracias a su alta resolución, la WGS es ahora

una herramienda fundamental en la vigilancia de la tuberculosis, ya que permite
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delinear la transmisión entre pacientes durante un brote con una precisión

extraordinaria. Además, la WGS permite predecir la susceptibilidad de las

bacterias a los antibióticos ası́ como monitorizar la adquisición de resistencias y

su evolución dentro de un mismo paciente. Dada la ausencia de transferencia

genética horizontal dentro del MTBC, la adquisición de resistencias se debe casi

exclusivamente a mutaciones puntuales y, por lo tanto, la susceptibilidad a

antibióticos en TB se predice usando catálogos de mutaciones con asociaciones

conocidas genotipo-fenotipo. Además, las aplicaciones basadas en WGS son

complementarias, permitiendo realizar un análisis pormenorizado de la cepa

infecciosa usando un único método. En otras palabras, la WGS es rápida,

extremadamente precisa, y es capaz de guiar todos los componentes

necesarios para el control de la TB: diagnóstico, tratamiento y vigilancia. Por

ello algunos paı́ses como el Reino Unido u Holanda están implementando esta

técnica como la herramienta principal para el diagnóstico de TB, y la OMS ya la

usa para el estudio y vigilancia de la incidencia de resistencia a antibióticos.

Sin embargo, implementar la WGS como herramienta eficaz para el

diagnóstico y la vigilancia de la TB presenta varias complicaciones. Si bien el

coste de secuenciar un genoma completo de MTB es barato, la inversión inicial

para establecer la infraestructura necesaria es muy alta. Esto supone un

problema especialmente para aquellos paı́ses con recursos limitados, que es

precisamente donde el diagnóstico y la vigilancia genómica reportarı́a los

mayores beneficios. Una alternativa más rentable serı́a realizar la secuenciación

de manera centralizada, en laboratorios de referencia a los que se enviarı́an las

muestras para su análisis. Sin embargo, esta estrategia requerirı́a protocolos

seguros y eficientes para el manejo y envı́o de muestras ası́ como conexiones

estables a internet para la transferencia de datos. No obstante, la principal

barrera que impide el uso de la WGS como una herramienta de control eficaz

para la TB es la total dependencia del proceso de cultivo de la bacteria. Las

muestras clı́nicas de pacientes de TB, principalmente esputo, presentan pocos

bacilos de MTB que coexisten en la muestra con otras bacterias y grandes
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cantidades de ADN humano extracelular. Como consecuencia, la secuenciación

no puede realizarse directamente a partir de extracciones de ADN de muestras

clı́nicas, ya que la cantidad de lecturas de secuenciación obtenidas del bacilo

tuberculoso es extremadamente baja. Por esta razón, la WGS de MTB requiere

un cultivo previo para poder obtener ADN de la bacteria puro y en suficiente

cantidad. Sin embargo, como ya hemos explicado, el cultivo de bacterias MTBC

es un proceso largo que puede llevar varias semanas e inlcuso meses.

Este retraso es el principal impedimento para usar la WGS como una

herramienta clı́nica efectiva. Por ello, la posibilidad de secuenciar el genoma

completo de MTB directamente a partir de muestras clı́nicas, sin un cultivo

previo, ha sido considerado en los últimos años como el próximo gran avance en

el diagnóstico genómico de tuberculosis.

Fundamento de la tesis

A pesar de la disponibilidad de ensayos moleculares rápidos para la

tuberculosis, las herramientas actuales para el diagnóstico y la vigilancia de la

enfermedad son insuficientes para controlar su propagación. En este contexto,

la secuenciación del genoma completo de MTB ha demostrado proporcionar

muchas ventajas, pero su uso se ha limitado principalmente a los laboratorios

de investigación. Desde una perspectiva general, la motivación de esta tesis es

transferir las técnicas de vanguardia y los avances cientı́ficos que brinda la

investigación básica, al diagnóstico y la epidemiologı́a de la tuberculosis.

El objetivo principal de la tesis es desarrollar una metodologı́a asequible e

independiente del cultivo para secuenciar el genoma completo de MTB

directamente a partir de muestras clı́nicas. De ahora en adelante nos

referiremos a ella como dWGS (de WGS “directa”). Como veremos en el

Capı́tulo 4, conseguir un análisis genómico completo a partir de una muestra de

esputo es un desafı́o muy complicado, cuyo éxito depende en gran medida del

análisis bioinformático. Los análisis deben estar optimizados para lidiar con
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datos de dWGS y, en particular, deben ser capaces de producir resultados

fiables a pesar de la presencia de secuencias contaminantes que provienen de

otros organismos presentes en la muestra clı́nica. En el Capı́tulo 3

analizaremos en profundidad el impacto de dichos contaminantes en los

resultados finales del análisis, no sólo para MTB, sino para otros 13 patógenos

bacterianos. Tras comenzar mi doctorado, nos dimos cuenta de la necesidad de

contar con una herramienta para detectar y cuantificar con precisión el ADN de

MTB en muestras complejas, como los esputos. Esta herramienta me permitirı́a

monitorizar y optimizar los protocolos desarrollados para la extracción de ADN

de muestras de esputo. La elección obvia fue un ensayo de PCR cuantitativa

(qPCR) que amplificara un a región genómica especı́fica del MTBC. Dado que la

mayorı́a de los ensayos desarrollados hasta la fecha estaban basados en

marcadores que habı́an sido descritos como especı́ficos del MTBC hace

décadas, consideramos que el análisis de la vasta cantidad de datos genómicos

disponibles podrı́a ayudarnos a identificar nuevos marcadores diagnósticos del

complejo. En el Capı́tulo 2, nuestro objetivo fue identificar dichos marcadores

mediante genómica comparativa a gran escala y desarrollar un ensayo de qPCR

para cuantificar con precisión el ADN de MTBC.

Objetivos

De manera resumida, los objetivos de esta tesis son:

• Identificar nuevos marcadores especı́ficos del MTBC basados en genómica

comparativa a gran escala. Desarrollar una qPCR totalmente especı́fica

del MTBC. Esta parte del trabajo se presenta en el Capı́tulo 2 y ha sido

publicada en Bioinformatics.

• Evaluar cómo de frecuente es encontrar muestras contaminadas en

proyectos de secuenciación genómica y cuál es el sesgo introducido por

tales contaminaciones en el análisis bioinformático. Desarrollar un método
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de análisis genómico capaz de producir resultados fiables y precisos a

partir de muestras contaminadas, como es el caso de las muestras de

dWGS. Esta parte del trabajo se describe en el Capı́tulo 3 y ha sido

aceptada para ser publicada en BMC Biology.

• Desarrollar un método de análisis genómico optimizado y automatizado

para muestras de dWGS de MTB. Descrito en el Capı́tulo 4.

• Desarrollar una metodologı́a para secuenciar el genoma completo de MTB

a partir de muestra clı́nica e implementar en el laboratorio un protocolo

completo de dWGS. Este es el objetivo principal de la tesis y se describe

en el Capı́tulo 4.
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Capı́tulo 2. Desarrollando nuevos diagnósticos para
la tuberculosis: identificación de marcadores del
MTBC mediante genómica comparativa a gran
escala

Introducción

Como hemos mencionado en la introducción, los ensayos moleculares para la

detección de ADN de MTB, estan basados en la amplificación por PCR de

regiones que se describieron como especı́ficas del MTBC hace décadas. Si

dichos marcadores son en realidad especı́ficos o no es algo que no se ha

investigado en profunidad. Por ejemplo, la secuencia de inserción multiple

IS6110 se ha usado siempre como el marcador por antonomasia del MTBC. De

hecho la nueva generación del Xpert MTB/RIF, la versión “Ultra”, un test

diagnóstico para tuberculosis basado en qPCR y que está respaldado por la

OMS, incorpora este marcador con el objetivo de aumentar su sensibilidad. Sin

embargo, diversos estudios han reportado que la amplifiación de la secuencia

IS6110 puede dar falsos positivos con otras micobacterias no tuberculosas. El

hecho de que un test diagnóstico tan importante como el Xpert MTB/RIF Ultra

siga basándose en marcadores que no son realmente especı́ficos del MTBC

evidencia la necesidad de evaluar la especificidad de los marcadores usados

hasta la fecha y, sobre todo, de descubir nuevos marcadores que sean

totalmente especı́ficos del complejo.

En este capı́tulo usamos la gran cantidad de datos genómicos disponibles

en las bases de datos públicas para realizar un análisis de genómica

comparativa a gran escala con el objetivo de identificar qué genes del MTBC

son únicos de esta especie. Gracias a nuestro análisis somos capaces de

evaluar la diversidad genética de cada uno de los marcadores identificados ası́

como sus caracterı́sticas fisiológicas más importantes.
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Resultados

Identificacion de genes marcadores especı́ficos del MTBC
Identificamos 40 genes que son totalmente especı́ficos del MTBC. Basado en

un análisis de más de 4.700 cepas del MTBC, calculamos que la mediana de

SNPs por base para cada marcador es de 0,07. Es importante destacar que

aunque la mayorı́a de los polimorfismos son especı́ficos de cepa, también

observamos polimorfismos muy prevalentes en la población. Por ejemplo, el

marcador Rv0610c muestra un SNP en 4.182 cepas ası́ como Rv2823c muestra

una inserción en 4.345 cepas. De los 40 marcadores especı́ficos del MTBC, 9

se descartaron como marcadores de diagnóstico al estar incluidos en regiones

con grandes deleciones genómicas, en regiones genómicas inestables

asociadas a elementos CRISPR, o duplicados en el genoma. Por lo tanto, la

lista final de marcadores de diagnóstico especı́ficos del MTBC consta de 30

genes. De estos, algunos presentan caracterı́sticas fenotı́picas interesantes.

Por ejemplo, las proteı́nas de Rv2003c, Rv2142c y Rv3472 se producen en

niveles mayores (6,19, 3,6 y 100 veces, respectivamente) en ausencia de

nutrientes y Rv2003c se sobreexpresa tras el tratamiento con óxido nı́trico

Desarrollo de una qPCR especı́fica del MTBC
Basado en nuestro análisis genómico desarrollamos una qPCR basada en la

amplificación de Rv2341. Este gen está situado en una región genómica

estable, entre el tRNA de la asparagina y el gen de la ADN primasa. El diseño

de los cebadores se hizo evitando polimorfismos prevalentes en la población. La

especificidad del ensayo fue del 100% ya que no se observó ningún falso

positivo para muestras que no fueran del MTBC. Tras medir la sensibilidad con

un pequeño conjunto de muestras clı́nicas de pacientes de tuberculosis (n=12),

observamos que ésta es del 100%, ya que pudimos detectar el ADN de MTBC

en todos los pacientes con tuberculosis, incluyendo 2 casos con microscopı́a

negativa. La reacción mostró una eficiencia del 100% (2,01) con un lı́mite de

detección de 10 femtogramos (Cq = 34,43), lo que corresponde a 2 equivalentes
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genómicos. En base a estas observaciones, cualquier resultado más allá de Cq

35 debe considerarse negativo y, por tanto, la configuración final de nuestro

ensayo de qPCR consiste en 35 ciclos de amplificación.

Discusión

La identificación de marcadores del MTBC ha sido un área activa de

investigación en las últimas décadas. Es sorprendente que, para una

enfermedad tan relevante, para la cual hay disponible una abrumadora cantidad

de datos genómicos, la identificación de marcadores especı́ficos del MTBC se

haya relegado a un segundo plano. Hasta ahora, los esfuerzos se han centrado

en el diseño de cebadores especı́ficos y la optimización de las condiciones de

amplificación. Algunos trabajos han desarrollado ensayos moleculares basados

en genes que se suponen especı́ficos del MTBC, mientras que otros han tratado

de identificar genes especı́ficos del MTBC mediante el uso de diferentes

estrategias, incluida la genómica comparativa. Sin embargo, los genes descritos

hasta ahora están lejos de ser especı́ficos, probablemente debido a que los

análisis realizados han usado técnicas y conjuntos de datos muy limitados.

En este capı́tulo abordamos este problema mediante la genómica

comparativa a gran escala, lo que nos permite proporcionar un catálogo diverso

de marcadores totalmente especı́ficos del MTBC que servirán de base para el

desarrollo de nuevos ensayos moleculares para la tuberculosis. Es importante

destacar que, en comparación con estudios previos, en este trabajo también

analizamos la diversidad genética de cada uno de estos marcadores usando

una base de datos con miles de cepas del MTBC.

Sorprendentemente, ninguno de los marcadores considerados especı́ficos

hasta la fecha, incluidos en la mayorı́a de las pruebas de diagnóstico actuales,

está en nuestra lista de marcadres. Por ejemplo, al examinar en qué otras

especies se puede encontrar la IS6110, observamos varias bacterias,

incluyendo 14 NTM, que tienen al menos una copia. Lo mismo ocurre con
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IS1081 y mpt64, presente en 38 y 6 NTM respectivamente.

Basándonos en este minucioso análisis, desarrollamos un ensayo de qPCR

capaz de cuantificar el ADN de MTBC con una especificidad del 100% y una

sensibilidad de hasta 2 equivalentes genómicos. Esta qPCR es actualmente el

ensayo predeterminado para cuantificar el ADN de MTBC en cualquier tipo de

muestra en nuestro laboratorio y, lo más importante, ha sido fundamental en el

desarrollo del trabajo descrito en el Capı́tulo 4. Nuestra qPCR también tiene un

gran potencial de diagnóstico dada su alta sensibilidad y especificidad. Aunque

su precisión en muestras clı́nicas se evaluó con un pequeño conjunto de

especı́menes clı́nicos, los resultados del Capı́tulo 4, en el que además

comparamos los resultados de la qPCR con los obtenidos de la secuenciación

masiva, confirmaron su alta especificidad y sensibilidad. No obstante, el uso de

nuestra qPCR para fines de diagnóstico requerirá evaluaciones adicionales con

conjuntos de muestras mucho más grandes.

Cabe destacar que el objetivo de nuestro trabajo no era comparar nuestro

ensayo con las pruebas de diagnóstico actuales, sino proporcionar marcadores

nuevos y completamente especı́ficos del MTBC para el diseño de los futuros

tests diagnósticos. Además, algunos de los marcadores que identificamos

podrı́an servir para determinar el estado fisiológico de MTB bajo ciertas

condiciones. Por ejemplo, Rv2003c, está sobreexpresado durante la latencia.

De la misma manera, Rv1374c contiene un pequeño ARN que se expresa

durante el crecimiento exponencial. Ensayos basados en ARN de genes

asociados a latencia y/o a replicación, que son especı́ficos del MTBC, podrı́an

usarse para evaluar el estado replicativo de los bacilos y ası́ distinguir entre TB

latente y activa, lo que serı́a un gran avance en el diagnóstico de TB.
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Capı́tulo 3. La contaminación con ADN es una de
las principales fuentes de error en los experimentos
de secuenciación genómica.

Introducción

Los análisis bioinformáticos de datos de resecuenciación rara vez tienen en

cuenta la posibilidad de que los datos analizados puedan contener ADN de

organismos que no sean el que, a priori, se ha secuenciado. Sin embargo,

analizar datos que estan contaminados puede llevar a sacar conclusiones

incorrectas sobre los fenómenos biológicos subyacentes. Hasta la fecha, no se

ha realizado una evaluación exhaustiva para evaluar cómo de frecuente es

encontrar ADN contaminante en experimentos de resecuenciación y cuál es su

impacto en el análisis bioinformático.

En este capı́tulo analizamos más de 4.000 muestras de WGS de 14

bacterias patógenas diferentes provenientes de 20 estudios diferentes para

evaluar el grado de contaminación en dichos experimentos y su impacto en el

análisis de SNPs. Entre estas muestras, más de 1.500 corresponden con

muestras de MTB de 8 estudios. Además, usando estas muestras ası́ como

experimentos de secuenciación simulados in silico desarrollamos dos

metodologı́as de análisis bioinformático para evitar los errores producidos por

dichas contaminaciones.

Resultados

Las contaminaciones son frecuentes en experimentos de secuenciación,
incluso al sencuenciar de cultivos puros.
En primer lugar clasificamos taxonómicamente las lecturas de secuenciación de

4.194 muestras de WGS de 20 estudios usando Kraken, un clasificador

taxonómico que que se ha utilizado y evaluado ampliamente en estudios de
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metagenómica. Observamos que la presencia de ADN contaminante es

frecuente en los experimentos de secuenciación. En diversos estudios el perfil

taxonómico era el esperado cuando se secuencia a partir de cultivos puros, ya

que prácticamente todas las lecturas se clasifican en su respectivo género. Sin

embargo, en la mayorı́a de estudios pudimos encontrar ADN contaminante, con

un promedio del 45% de las muestras que tienen al menos un 10% de ADN

contaminante. En los estudios donde se realiza dWGS, se observa una gran

cantidad de contaminación. Por ejemplo, en el estudio de Treponema pallidum

analizado, las muestras tienen más de un 60% de contaminación en promedio.

Es importante destacar, sin embargo, que también encontramos muestras

secuenciadas a partir de cultivos puros con altos niveles de contaminación. En

el caso particular de los estudios de MTB, observamos que además de los

experimentos de dWGS, las secuenciaciones a partir de cultivo lı́quido también

contienen altos niveles de contaminación, debido a que estos cultivos

normalmente se inoculan con muestra primara (esputo mayoritariamente).

Sorprendentemente, 17 de las 73 muestras de un estudio realizado en Nigeria

correspndı́an con secuenciaciones de Staphylococcus aureus aunque están

descritas como MTB.

Un filtro taxonómico para eliminar lecturas de ADN contaminante.
Para analizar cuál es el impacto que tienen las contaminaciones en el análisis

genómico, comparamos los resultados obtenidos al seguir un análisis estándar

antes y después de eliminar las lecturas contaminantes según Kraken. Puesto

que Kraken puede cometer errores de clasificación, haciendo que eliminemos

las lecturas incorrectas, estimamos la magnitud de dicho error en nuestro

análisis. Para ello, usamos secuenciaciones simuladas ası́ como las

estimaciones de Bracken, un programa que estima el número de lecturas que

Kraken ha clasificado incorrectamente. Los resultados mostraron que nuestro

análisis incurre en errores extremadamente bajos, con una mediana de tan solo

un 0.11% de lecturas que se clasifican incorrectamente.

Las contaminaciones tienen un gran impacto en el análisis genómico
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El efecto esperado de los mapeos de lecturas contaminantes es el de producir

SNP variables (vSNPs; que no están fijados en la población). A su vez, estos

falsos vSNPs alterarı́an las frecuencias calculadas en una posición

determinada, lo que también podrı́a producir falsos negativos en términos de

SNPs fijados (fSNPs) al reducir la frecuencia por debajo del umbral requerido

para llamar a variantes fijas. Observamos que al eliminar las lecturas

contaminantes, efectivamente, hay una alta correlación entre eliminar falsos

vSNPs y recuperar fSNPs (coeficiente de correlación de Pearson = 0,76). El

hecho de que este coeficiente no sea mayor es probablemente porque tampoco

se espera que todos los falsos vSNPs se produzcan en una posición donde hay

un verdadero fSNPs. No observamos correlación entre el número de errores

introducidos por la contaminación y la cantidad de esta (coeficiente de

correlación de Pearson = -0,06). Este resultado sugiere que el sesgo introducido

en el análisis depende en gran medida de la relación genética entre el

contaminante y el organismo estudiado, en lugar de la cantidad de

contaminación.

En nuestro trabajo, analizamos el impacto de la contaminación en 20

estudios distintos. En general, el impacto de las contaminaciones fue muy

variable entre estudios. Por ejemplo, no se observa prácticamente ningún sesgo

en el estudio sobre Neisseria gonorrhoeae, mientras que en el estudio sobre

Acinetobacter baumannii se observó de media 89 vSNPs falsos positivos y 57

fSNPS falsos negativos. El mayor cambio se observó en los estudios de

Klebsiella pneumoniae, S. aureus y Salmonella enterica. Sin embargo, en estos

casos, podrı́amos haber sobreestimado el error, debido a la dificultad de hacer

una clasificación taxonómica de lecturas correcta en organismos con una alta

variabilidad genética y/o que estan sujetos a fenómenos de transferencia

genética horizontal. En promedio para todos los estudios, el número total de

posiciones polimórficas falsas debidas a la contaminación se redujo un 1.51%

en el caso de los fSNPs (rango 0% - 6%) y un 8.67% en el de los vSNPs (0% -

41%)
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Implementación de un protocolo de análisis genómico a prueba de
contaminaciones para Mycobacterium tuberculosis
Dado que el objetivo de la tesis es realizar dWGS de MTB, y dado que las

muestras de dWGS, tal y como mostramos, presentan un alto grado de

contaminación que puede conllevar un sesgo considerable del análisis

genómico, en esta parte implementamos y evaluamos dos estrategias para

analizar datos de secuenciación de MTB a prueba de contaminaciones. Por un

lado, evaluamos el filtro taxonómico, el cual elimina del archivo de

secuenciación cualquier lectura que no haya sido clasificada como

“Mycobacterium tuberculosis complex”. Por otro lado, evaluamos un filtro de

similaridad, el cual elimina de los mapeos producidos con el genoma de

referencia cualquier alineamiento con una similaridad, longitud, y calidad de

mapeo por debajo del 97%, 40 pb y 60 respectivamente. Ambas estrategias se

probaron usando tanto datos de swcuenciación reales, provenientes de los 8

estudios de MTB, como datos simulados.

En primer lugar alineamos lecturas de secuenciación simuladas de 45

organismos distintos al genoma de referencia de MTB. Observamos que,

naturalmente, los genes conservados tales como el 16S, el rpoB o los ARNt,

reclutan alineamientos contaminantes con frecuencia. Sin embargo, también

observamos que las lecturas contaminantes pueden alinearse a lo largo del

genoma de referencia en función de la relación filogenética del organismo

contaminante con MTB. A continuación, evaluamos el rendimiento del filtro

taxonómico y el filtro de similaridad utilizando muestras que habı́amos

contaminado nosotros in silico. Ambas estrategias fueron capaces de reducir en

gran medida el número de errores producidos en el análisis de variantes. Sin

embargo, el filtro taxonómico fue el que mostró, con gran diferencia, el mejor

rendimiento. Tras aplicar el filtro taxonómico, sólo las contaminaciones con

Mycobacterium avium introdujeron SNPs falsos en el análisis. Pese a ello, los

errores observados fueron notablemente más bajos que cuando sólo se usaba

un filtro basado en la calidad de mapeo (60 en este trabajo). Por ejemplo, con
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un 5% de contaminación de M. avium, el filtro taxonómico redujo los 3.325

vSNPs falsos positivos y 51 fSNPs falsos negativos a 24 y 9 respectivamente.

Es importante destacar que incluso un 5% de las lecturas contaminantes

pueden introducir una gran cantidad de vSNP falsos positivos y aunque este

efecto se produce principalmente en regiones conservadas, los SNPs erróneos

pueden producirse a lo largo de todo el genoma. Por otro lado, precisamente

porque muchos de los errores son en regiones conservadas, los errores llevaron

a predecir numerosas resistencias a antibióticos que eran falsas, incluyendo

mutaciones bien conocidas de tratamientos de primera lı́nea para TB.

También evaluamos si estos filtros eliminan sistemáticamente las lecturas de

secuenciación de regiones genómicas concretas, conduciendo por tanto a

sesgos producidos por la metodologı́a en sı́ misma. Observamos que el filtro

basado en similaridad eliminaba una proporción notable de lecturas, lo que se

tradujo en una disminución de la profundidad de secuencación en varias

regiones genómicas. El filtro taxonómico, sin embargo, no mostró prácticamente

ningún sesgo, exceptuando únicamente el gen asociado al ARN ribosomal 16S.

Por ello, en el resto de análisis en los que cuantificamos el sesgo producido por

las contaminaciones usando el filtro taxonómico, no se tuvo en cuenta ningún

SNP detectado en esta región.

Cuantificación del sesgo producido por las contaminaciones en
experimentos de secuenciación de M. tuberculosis
Si realmente el filtro taxonómico no introduce errores por sı́ mismo, y dado que

no se espera que todas las muestras estén afectadas por la contaminación,

cabrı́a observar que en un porcentaje alto de muestras, tras aplicar dicho filtro,

no se produjera ningún cambio en el análisis. Esto concuerda con el hecho de

que, de las 1.553 muestras analizadas de MTB, el 62% de ellas no mostró

absolutamente ningún cambio en el análisis. Es muy importante destacar que

esto es cierto tanto para muestras con contaminaciones leves (menos del 1%),

como para muestras con contaminaciones severas (hasta el 31%). Tal y como

se observó previamente, el número de SNPs eliminados o recuperados después

190



de aplicar el filtro taxonómico fue independiente del grado de contaminación de

una muestra (coeficiente de correlación de Pearson = 0,03). En conjunto, estos

resultados respaldan firmemente que los cambios observados en el análisis de

variantes después de aplicar el filtro taxonómico se pueden atribuir al ruido

introducido por contaminantes en lugar de a un sesgo metodológico. Por el

contrario, el filtro de similaridad siempre elimina SNPs, incluso en las 984

muestras con menos de un 1% de contaminación.

Mediante el filtro taxonómico observamos que las contaminaciones

introducen una variabilidad promedio del 42% en la frecuencia de los alelos. Del

38% de las muestras para las que se observó al menos un cambio, el filtro

taxonómico eliminó en promedio 761,7 vSNPs (mediana = 18) y 4 fSNPs

(mediana = 1), y se recuperó 1,7 vSNPs (mediana = 1) y 5,9 fSNPs (mediana =

2). En promedio, el número total de posiciones polimórficas dentro de cada

estudio se redujo en un 0,4% para los fSNPs (rango 0% - 2%) y 43% para los

vSNPs (3% - 95%). Aplicando el filtro de similaridad se eliminó en promedio

129,1 vSNPs (mediana = 20) y 6,1 fSNPs (mediana = 5) y se recuperó 2,6

vSNPs (mediana = 2) y 2,3 fSNPs (mediana = 2).

La dWGS está sujeta a mayores alteraciones en el análisis de variantes ya

que esta estrategia generalmente produce muestras altamente contaminadas y

una profundidad de secuenciación limitada. En estos casos, las frecuencias de

SNPs son más sensibles a las lecturas contaminantes, ya que sólo unas pocas

lecturas pueden ser responsables de un cambio en las frecuencias que hagan

que una posición caiga por debajo o por encima de los umbrales requeridos

para llamar a una variante. Sin embargo, una alta profundidad de secuenciación

tampoco garantiza un análisis libre de errores. Este efecto se puede observar

en uno de los estudios analizados, en el cual se lleva a cabo una secuenciación

de alta profundidad (1000X) para analizar variantes de baja frecuencia. En este

estudio, 7 muestras de 63 mostraron cambios en el análisis de SNPs después

de aplicar el filtro taxonómico. En promedio, se eliminaron 16,9 vSNPs falsos

positivos (rango de 2 a 42 vSNPs) y para una muestra se recuperaron 3 fSNPs
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falsos negativos y 2 vSNPs. Sorprendentemente, ninguna de estas muestras

tenı́a un grado de contaminación alto (oscilando entre 3,14% y el 0,16%). Por

ejemplo, en una muestra con un 0,16% de contaminación, el filtro taxonómico

eliminó 13 vSNP falsos positivos en 12 genes diferentes.

Discusión

En este capı́tulo mostramos que la presencia de ADN contaminante en

experimentos de secuenciación es un fenómeno frecuente, incluso cuando la

secuenciación se realiza a partir de aislados de cultivo puro. Demostramos que,

independientemente de cual sea el origen de la contaminación, la consecuencia

común es que tales contaminaciones pueden introducir grandes sesgos en el

análisis genómico. El impacto de las contaminaciones que observamos entre

los distintos estudios analizados, que difieren no sólo en el organismo que se

está secuenciando sino también en la fuente de muestreo y los protocolos de

laboratorio, fue muy variable. Por ejemplo, en el estudio de T. pallidum, donde

las muestras están muy contaminadas, se observan muy pocas diferencias en el

análisis de SNPs. Esto se debe al hecho de que la mayor parte de la

contaminación en este estudio proviene de lecturas de ADN humano, que es

poco probable que sean alineadas al genoma de T. pallidum debido a la

distancia genética. Por el contrario, en el estudio de L. pneumophila,

observamos una muestra con un 96,27% de Legionella para la cual 79 vSNPs y

5 fSNPs fueron eliminados, y 17 fSNPs recuperados después de filtrar un 3% de

lecturas. Según la herramienta BLAST del NCBI, dichas lecturas correspondı́an

con Legionella spiritensis.

El sego observado para los vSNPs, tanto en términos de números absolutos

como de frecuencias, puede tener grandes implicaciones en aplicaciones

basadas en el análisis del espectro de frecuencias alélicas, por ejemplo en el

estudio de dińamica de poblaciones bacterianas.

Es importante destacar que, a partir de nuestros resultados, se deduce que
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los diferentes protocolos de análisis bioinformático deben ser evaluados y

validados para cada organismo y aplicación concreta. Nosotros llevamos a cabo

tal evaluación para el análisis de MTB, y proporcionamos una metodologı́a de

análisis cuyos resultados son totalmente fiables independientemente del grado

de contaminación de una muestra. Sin embargo, el filtro taxonómico, que está

basado en Kraken, requiere de la disponibilidad de un servidor de alto

rendimiento, un recurso que podrı́a no estar disponible en todos los grupos de

investigación. Esto es importanto ya que se espera que la WGS de MTB se

conviertan en una herramienta fundamental de diagnóstico y vigilancia en el

futuro cercano. Por esta razón se deberı́a explorar otras metodologı́as capaces

de eliminar contaminaciones en experimentos de secuenciación. Esto podrı́a

incluir metodologı́as basadas en el filtrado de regiones muy conservadas o en el

espectro de frecuencias de k-meros de las lecturas de secuenciación. Sin

importar qué tipo de estrategia se siga, las diferentes implementaciones

necesitarán encontrar el balance entre las necesidades de la investigación y los

recursos disponibles.

La metodologı́a implementada en este capı́tulo, el filtro taxonómico, es

fundamental para el análisis computacional de las muestras de dWGS del

Capı́tulo 4 y ahora se aplica, por defecto, a cualquier muestra secuenciada en

nuestro laboratorio.
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Capı́tulo 4. Implementación de un protocolo
integral para epidemiologı́a genómica de alta
resolución, vigilancia y predicción de resistencias
de M. tuberculosis basado en secuenciación
genómica directa.

Introducción

En este capı́tulo abordamos el objetivo principal de esta tesis: desarrollar un

método que permita la secuenciación del genoma completo de MTB

directamente de muestras clı́nicas. Llegados a este punto, ya hemos discutido a

fondo sobre el gran potencial de la WGS, particularmente para MTB. Sin

embargo dicho potencial ha estado siempre limitado por el largo y engorroso

proceso de extracción de ADN, que requiere del cultivo de MTB, un proceso que

abarca semanas e incluso meses. Dada esta limitación, la capacidad de realizar

dWGS de MTB era el paso lógico para poder aplicar de manera efectiva la

genómica en el control y vigilancia de la tuberculosis.

En los últimos años, otros grupos han conseguido realizar dWGS de MTB.

Sin embargo, dichos estudios han estado siempre limitados al genotipado y

predicción de resistencias de muestras con baciloscopia positiva. Hasta la

fecha, la dWGS nunca se ha utilizado en epidemiologı́a genómica, a pesar de

que identificar rápidamente la cadena de transmisión de la enfermedad serı́a

una gran herramienta para realizar una intervención médica efectiva. Esto se

debe en parte a la mala calidad de los datos obtenidos de dWGS, combinado

con la falta de metodologı́as de análisis especı́ficas capaces de lidiar con los

problemas asociados a este tipo de secuenciación: altos niveles de

contaminación y bajas profundidades de secuenciación, entre otros. A

diferencia de la identificación de resistencias o SNPs filogenéticos, conocidos

de antemano, la epidemiologı́a genómica, que se basa en la distancia genética

entre las cepas infectantes, necesita de la capacidad de detección de nuevas

194



variantes a lo largo de todo el genoma para poder asignar cepas con precisión a

distintos grupos de transmisión. La capacidad de la dWGS para identificar

nuevas variantes epidemiológicas no ha sido demostrada y, por tanto, se

desconoce si su precisión es suficiente para poder delinear grupos de

transmisión. Además, los trabajos publicados hasta la fecha se han centrado en

muestras de esputo con baciloscopia positiva, mientras que muchos casos son

paucibacilares, como en niños o pacientes de VIH, y otros provienen de

muestras sin esputo.

En este capı́tulo implementamos un protocolo integral para epidemiologı́a

genómica de alta resolución, vigilancia y predicción de susceptibilidad a

antibióticos de M. tuberculosis basado en dWGS. Abordamos muchos de los

obstáculos inherentes a la dWGS tanto de la parte de laboratorio como del

análisis computacional. Nuestro protocolo incluye una metodologı́a de

extracción de ADN de MTB optimizada y segura, cuantificación precisa del ADN

de MTB en muestras complejas, estrategias alternativas para realizar dWGS y,

muy importante, un análisis de alta precisión que permite detectar transmisión

de TB con alta resolución a partir de muestras de dWGS. Mostramos que al

menos el 85% de las muestras con baciloscopia positiva pueden secuenciarse

de esta manera y, notablemente, también el 55% de las muestras con

baciloscopia negativa. Validamos una metodologı́a de análisis bioinformático

especı́fica de dWGS y utilizamos la información genómica obtenida de muestras

clı́nicas para predecir resistencias a antibióticos con total precisión y asignar

cepas a grupos de transmisión conocidos usando, además, un análisis de más

de 750 muestras secuenciadas a partir de cultivos puros durante 3 años en la

Comunidad Valenciana.

Resultados

Extracción de ADN de MTB desde muestra clı́nica y resultados de la dWGS
Aplicamos nuestro protocolo de extracción a 37 muestras de esputo de

195



Resumen en castellano

pacientes de tuberculosis y 9 muestras de pacientes infectados con

micobacterias no tuberculosas. Mediante el uso de la qPCR descrita en el

Capı́tulo 2, se identificaron 30 muestras como MTB positivas (con un Cq menor

a 35). Las 16 muestras negativas para la qPCR comprendı́an las nueve

muestras de NTM, cinco de once esputos con baciloscopia negativa y dos

esputos con baciloscopia positiva. La proporción media de ADN de MTB en las

muestras, calculada mediante clasificación taxonómica de lecturas con Kraken

fue del 18% (mediana = 3%), con 16 muestras con más del 10%.

En nuestro protocolo, decidimos secuenciar cualquier muestra con más de un

10% de ADN de MTB puesto que, multiplexando 12 muestras en una plataforma

Illumina MiSeq, se obendrı́a una profunidad de secuenciación de al menos 30X.

En muestras con menos de un 10% se procedió a capturar el ADN de MTB

mediante sondas de ARN biotiniladas. Por lo tanto, de las 37 muestras clı́nicas,

16 (43%) se secuenciaron directamente después de la extracción de ADN y 21

(57%) se capturaron con sondas antes de la secuenciación.

La cobertura genómica media para las muestras secuenciadas directamente

fue del 97% (rango 95% - 97%) con una profundidad de secuenciación media

de 30X (rango 10X - 71X). Para las muestras capturadas con sonda, la

cobertura genómica media fue del 91.5% (rango 0% - 97%) con una

profundidad de secuenciación promedio de 11.5X (rango 0X - 112X). Las

muestras que se capturaron con sonda presentaron una alta proporción de

lecturas duplicadas (mediana = 80%, rango 43% a 98%) en comparación con

las muestras secuenciadas directamente (mediana 3%, rango 1% a 42%). El

número de lecturas útiles (tras eliminar adaptadores, secuencias de baja

calidad, duplicados y lecturas contaminantes) fue mayor para las muestras

secuenciadas directamente (mediana = 25,3%; rango 7 a 78%) que para las

muestras capturadas con sondas (mediana = 6%; rango 0 a 50%). Por dWGS,

35 de 37 muestras (95%) fueron clasificadas como TB positivas. Aunque se

detectó MTB en todos los casos, se descartaron dos muestras con sólo 2.427 y

1.058 lecturas de MTB respectivamente, para evitar posibles falsos positivos
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debido al fenómeno conocido como “index hopping”. De 37 muestras, 28 (76%

en total; 85% de las muestras con baciloscopia positiva; 55% de las muestras

con baciloscopia negativa) cumplieron con los criterios de calidad para los

análisis posteriores (mı́nimo de 90% de cobertura genómica a 3X de

profundidad después de la eliminación de duplicados). La cobertura genómica

de las muestras de dWGS, comparada con WGS de cultivo, fue uniforme tanto

para las secuenciaciones directas como para las capturadas con sondas.

Nuestro análisis bioinformático para dWGS mostró una precisión del 99% y una

sensibilidad del 98%.

La dWGS permite realizar epidemiologı́a genómica de alta resolución
Tras el análisis de distancias genéticas, todas las muestras de dWGS agruparon

con muestras del mismo paciente o con sus respectivas secuenciaciones de

cultivo. La distancia mediana entre las muestras de esputo y sus respectivos

cultivos fue de 0 SNPs. La distancia mediana entre muestras del mismo grupo

fue de 2 SNPs mientras que entre muestras de diferentes grupos fue de 647

SNPs. La distancia más corta entre una muestra de dWGS perteneciente a un

grupo de transmisión y la muestra más cercana fuera del grupo fue de 23 SNPs,

que es claramente superior a cualquier valor de corte epidemiológico usado

para considerar transmisión (5 - 12 SNPs). La reconstrucción de las redes de

distancia genética que involucran las muestras dWGS, sus respectivos cultivos,

y las 776 muestras de la Comunidad Valenciana, resultó en una topologı́a

totalmente resuelta.

De las 28 muestras clı́nicas analizadas, se predijo que 25 serı́an susceptibles

a todos los fármacos y 3 resistentes a al menos un antibiótico. La concordancia

entre nuestro análisis y los resultados de susceptibilidad fenotı́pica basada en

cultivo llevados a cabo en el hospital fue del 100%.

Al analizar la variabilidad genética en las muestras clı́nicas y sus respectivos

cultivos, observamos que en la mayorı́a de casos dicha variabilidad se mantiene.

En algunos casos, sin embargo, algunas variantes sólo podı́an observarse en las

muestras clı́nicas.
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Nuestro protocolo permite la secuenciación del genoma completo de MTB a

partir de la recepción de un especimen en menos de una semana a un coste

aproximado de C217 por muestra.

Discusión

En este capı́tulo implementamos un protocolo integral para epidemiologı́a

genómica de alta resolución, vigilancia y predicción de susceptibilidad

antibióticos de M. tuberculosis basado en dWGS. Es importante destacar que

varias implementaciones de dicho protocolo son posibles, pudiéndose adaptar a

las distintas necesidades de cada laboratorio. La piedra angular del protocolo es

la alta precisión de nuestro análisis computacional. Estudios anteriores han

utilizado sus propias metodologı́as de análisis, pero nunca han evaluado su

precisión analizando muestras de dWGS. La necesidad de dicha evaluación ha

sido reconocida previamente por varios grupos puesto que analizar muestras de

dWGS requiere consideraciones muy particulares debido a la dificultad de

analizar éste tipo de datos. Nosotros evaluamos nuestra metodologı́a,

demostrando que obtenemos una altı́sima precisión. Los pasos clave de dicho

análisis son la eliminación de lecturas contaminantes como se describe en el

Capı́tulo 3, la eliminación de duplicados, la eliminación de alineamientos

ambiguos y el paso de “recuperación de SNPs” que se lleva a cabo antes de

construir el alineamiento mútiple para el cálculo de las distancias genéticas. En

nuestro estudio, esta alta precisión se traduce en una concordancia del 100%

tanto para las predicciones epidemiológicas como de resistencia a antibióticos

lo que, además, se cumple también para muestras de heces y broncoaspirados

y para 6 (55%) esputos negativos. Nuestro análisis bioinformático puede usarse

ahora como una referencia en el análisis de muestras de dWGS.

La principal limitación de la dWGS sigue siendo la baja sensibilidad en

comparación con el cultivo. Hasta ahora, el nuestro es el mejor resultado, donde

el 85% de muestras con baciloscopia positiva y el 55% de muestras con
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baciloscopia negativa se han secuenciado con éxito. Sin embargo, pese a que

un porcentaje considerable de muestras sigue sin poder secuenciarse, esta tasa

de éxito puede ser lo suficientemente elevada para algunas aplicaciones. Por

ejemplo, podrı́a usarse para la vigilancia epidemiológica de resistencias en

paises de pocos recursos donde no se realizan cultivos debido a su alto coste.

Igualmente, en aquellos pacientes donde se pudiera conseguir obtener datos de

secuencación genómica, podrı́a usarse para administrar tratamientos

personalizados. Sin embargo, para que la dWGS se convierta en una

herramienta efectiva en el diagnóstico y vigilancia de la tuberculosis todavı́a

quedan varios retos por superar. La creación de infraestructuras de

secuenciación requiere una inversión de esfuerzo y dinero considerables ya

que, más allá de la plataforma de secuenciación, los costos asociados con la

equipación auxiliar, reactivos y personal especializado, incluido el análisis

bioinformático, son elevados. Esto es particularmente relevante dado que los

paı́ses que se beneficiarı́an más de esta tecnologı́a son aquellos con una mayor

carga de enfermedad y, no por casualidad, aquellos con menos recursos. Sin

embargo, las tecnologı́as disruptivas siempre han sido de difı́cil adopción al

principio y han requerido de progresivas mejoras para que pudieran

popularizarse. El mejor ejemplo en TB es la tecnologı́a de qPCR. Cuando se

desarrolló hace dos décadas, era una técnica cara y rudimentaria que aún tenı́a

mucho por mejorar para llegar a ser completamente cuantitativa. Hoy, el Gene

Xpert MTB/RIF es una plataforma totalmente automatizada que realiza una

qPCR semianidada en una muestra de esputo y es capaz de detectar tanto la

presencia de MTB como la resistencia a los antibióticos de primera lı́nea. A

diciembre de 2019, este test diagnóstico está disponible en la mayorı́a de los

paı́ses de alta incidencia (y bajos recursos) a un coste de aproximadamente 10$

por test. De manera similar, desde que se secuenciaron los primeros genomas,

con la participación de grandes consorcios en proyectos millonarios, la

tecnologı́a de secuenciación ha avanzado de tal manera que, a dı́a de hoy, ya

pensamos en secuenciar genomas en un teléfono móvil.
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Resumen en castellano

En los últimos años, hemos sido testigos de cómo la secuenciación del

genoma completo de M. tuberculosis desde muestra directa se convertı́a en una

posibilidad. En esta tesis, proporcionamos las bases para que la dWGS se

convierta en la herramienta de nueva generación para el diagnóstico y vigilancia

de la tuberculosis.
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Conclusiones

• Identificamos 30 genes especı́ficos del MTBC, altamente conservados en

cepas circulantes, que pueden usarse como marcadores de diagnóstico.

• Ninguno de los marcadores utilizados hasta la fecha como especı́ficos del

MTBC en experimentos y pruebas de diagnóstico son realmente

especı́ficos.

• Nuestra qPCR basada en la amplificación de Rv2341 muestra una

sensibilidad del 94% y una especificidad del 100% y puede usarse para

cuantificar ADN de MTBC a partir de muestras biológicas complejas.

• La presencia de ADN contaminante es un problema frecuente en los

estudios de secuenciación bacteriana, incluso cuando se secuencia a

partir de cultivos puros.

• Dicha contaminación puede introducir grandes sesgos en los análisis

genómicos. La magnitud de este sesgo depende, principalente, de la

relación genética entre el organismo contaminante y el organismo

estudiado.

• Un filtro taxonómico es un método eficaz para evitar dicho sesgo.

Diferentes organismos y aplicaciones requerirán implementaciones

especı́ficas de este método que sean previamente validadas.

• Nuestro protocolo de extracción de ADN para muestras clı́nicas consigue

aumentar la proporción de ADN de MTB, mejorando en gran medida la

capacidad de realizar dWGS.

• El análisis genómico de MTB por dWGS requiere consideraciones

especı́ficas tanto en el procesamiento de la muestra como en el análisis

computacional. En esta tesis se proporciona dicha metodologı́a.
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Resumen en castellano

• La dWGS permite detectar transmisión de cepas de MTB con una alta

resolución, ası́ como predecir de manera precisa las resistencias a

antibióticos.

• La sensibilidad de la dWGS sigue siendo limitada en comparación con el

cultivo. Serán necesarias mejoras adicionales antes de que pueda

reemplazar al cultivo como método de diagnóstico estándar.

• Sin embaro, la dWGS ya permite aplicar medicina de precisión, siendo

capaz de guiar tratamientos personalizados contra la TB y realizar

estudios de vigilancia epidemiológica de alta resolución.
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